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ABSTRACT 

With the global need for psychological help long exceeding the supply, finding ways 
of increasing and better allocating mental health support is paramount. Digital Mental 
Health Interventions (DMHIs) are an effective way of complementing current mental 
healthcare measures. However, their effectiveness depends on engagement with the 
interventions and users prematurely dropping out are a significant problem across 
DMHIs. While it is known that measures such as human guidance can lower dropout, 
it remains unclear which user would most benefit from such measures. With health 
staff’s time being scarce and costly, the question arises of how to best allocate it. Ma-
chine Learning (ML) models are a powerful tool for predicting individual behaviour 
and have the potential to identify those patients most in need of support. However, 
translating ML methods into the field of DMHIs has presented challenges, as 1) da-
tasets tend to be small, 2) the gathered data is noisy, and 3) little insight into how to 
translate predictions into care exists. This thesis addresses these problems by system-
atically exploring these hurdles across six papers. In cooperation with clinical psy-
chologists from three universities, a total of >11.000 individual users’ data are ana-
lysed in four Machine Learning papers. Further, a randomised trial investigates thera-
pists’ opinions on explainable predictions, and a systematic review defines and quan-
tifies the prevalence of personalization in DMHIs. The contributions 1) quantify and 
address the limitations of small data sets in DMHIs, 2) provide proofs-of-concept for 
common and innovative data types and model combinations, and 3) explore ways to 
increase trust and actionability of predictions to facilitate the adaption of ML-based 
Decision Support Tools in DMHIs. Beyond that, this PhD contributes to the very lim-
ited body of research on intervention dropout predictions by analysing a variety of 
large datasets and, hence, advancing a highly relevant academic and practical topic. 
 
 
  



 

ii Machine Learning Dropout Predictions for Personalizing Digital Mental Health Interventions 

 

DECLARATION OF AUTHORSHIP 

- This work was done wholly while in candidature for a research degree at 
this university and no part of this thesis has previously been submitted for 
a degree any other than the qualification at this university. 

- Where published work of others has been consulted, it is clearly attributed. 
Where work of others has been cited, the source is always given. With the 
exception of such quotations, this work is entirely my own work. 

- Where the thesis is based on work done in collaboration with others, it has 
been made clear what I have contributed myself. 

 



 

Machine Learning Dropout Predictions for Personalizing Digital Mental Health Interventions iii

ACKNOWLEDGEMENTS 

To my husband, Nils: The last four years have challenged me in ways I could never 
have anticipated, and you were right there with me at every step – Thank you for being 
so amazing.  
 
Now, I should probably thank my parents for raising me to believe I can do anything 
I set my mind to - But look at all the trouble that has gotten me into. I do, however, 
thank them for supporting me unconditionally through it all. I also want to thank my 
sisters, Stephanie, Eline, and Arlette, for, each in their own way, being a great inspira-
tion to me. Further, I want to thank the rest of my (chosen) family and friends, espe-
cially the Feldmanns, Oma and Kristín –– I am so fortunate to have you in my life. 
Next, I want to express my deep gratitude to my first supervisor, Burkhardt Funk, for 
giving me the opportunity to pursue this thesis and for shaping my understanding of 
academic work. I have greatly enjoyed the possibility of following in your footsteps 
with leveraging Data Science to do something that really matters. Further, I want to 
thank my second supervisor, Viktor Kaldo, for his patience in explaining the world of 
psychological interventions and for allowing me to benefit from the incredible 
knowledge and data sets in his research group. I have greatly enjoyed my time in 
Stockholm and the ability to work with and learn from everyone there. I also extend 
my gratitude to Annet Kleiboer, my third evaluator, for the time and expertise she 
dedicated to reviewing my work. Further, I want to thank Madlen Schmaltz for her 
help with all the administrative questions – You are greatly appreciated.  
 
Next, I want to express my deepest gratitude to all my coauthors – thank you for eve-
rything I was able to learn from and achieve with you. From this group, I want to 
specifically thank Silvan Hornstein: Your unbreakable optimism and advice pushed 
me through the most challenging moments in academia and most definitely made this 
PhD so much more fun. Likewise, I want to thank my fellow PhD students at Leuphana 
and Karolinska Institutet: Learning side by side has made all the difference. Thank you 
also to Jenny, for helping me design the cover of this PhD.  
Finally, I would like to thank all the people and institutions involved in gathering the 
data sets I had the privilege to work with. Your time, effort, and resources made this 
thesis possible, and I am deeply appreciative of your work aiming at helping people to 
improve their mental health. 
  



 

iv Machine Learning Dropout Predictions for Personalizing Digital Mental Health Interventions 

 

TABLE OF CONTENT 

Abstract ...................................................................................................................................... i 

Declaration of Authorship ........................................................................................................ ii 

List of Figures ....................................................................................................................... viii 

List of Tables ............................................................................................................................ ix 

Acknowledgements ................................................................................................................. iii 

Chapter I: Introduction ...................................................................................... 1 

1 Key Concepts .................................................................................................................. 2 
1.1 Intervention Dropout ............................................................................................ 2 
1.2 Predictive Modelling ............................................................................................ 3 

2 Related Work and Research Questions ........................................................................... 4 
2.1 RQ1: Small Data Set Sizes ................................................................................... 5 
2.2 RQ2: Feature and Model Combinations ............................................................... 7 
2.3 RQ3: User Adaption Hurdles ............................................................................... 8 

3 Included Articles ............................................................................................................. 9 

4 Discussion ..................................................................................................................... 12 
4.1 RQ 1: Small Data Set Sizes ................................................................................ 12 
4.2 RQ 2: Feature and Model Combinations ............................................................ 13 
4.3 RQ 3: User Adaption Hurdles ............................................................................ 16 
4.4 Open Questions and Outlook .............................................................................. 17 

5 Conclusion .................................................................................................................... 18 

Chapter II: Learning Curves ............................................................................. 21 

1 Introduction ................................................................................................................... 22 

2 Results ........................................................................................................................... 23 
2.1 Final Values ........................................................................................................ 23 
2.2 Predictive Power of Feature Groups ................................................................... 24 
2.3 Overfitting on Small Data Set Sizes ................................................................... 25 
2.4 Variance of Results ............................................................................................. 26 
2.5 Performance Convergence per Model ................................................................ 27 
2.6 Marginal Value and Convergence of Additional Features ................................. 29 
2.7 Model and Feature Combinations ...................................................................... 29 

3 Discussion ..................................................................................................................... 30 

4 Methods ........................................................................................................................ 33 
4.1 Case Study Background – everyBody Study ...................................................... 33 



 

Machine Learning Dropout Predictions for Personalizing Digital Mental Health Interventions v

4.2 Definition of Outcome ........................................................................................ 34 
4.3 Feature Groups and Pre-Processing .................................................................... 34 
4.4 Algorithms .......................................................................................................... 37 
4.5 Learning Curves and Training Set-up ................................................................ 37 
4.6 Evaluation and Result Analysis .......................................................................... 38 

Chapter III: Intervention Data Pooling .............................................................. 39 

1 Introduction ................................................................................................................... 40 

2 Methods ........................................................................................................................ 41 
2.1 Interventions and Participants ............................................................................ 41 
2.2 Features ............................................................................................................... 42 
2.3 Exploration of Heterogeneity Between Interventions ........................................ 43 
2.4 Dropout Prediction ............................................................................................. 44 

3 Results ........................................................................................................................... 45 
3.1 Data Heterogeneity ............................................................................................. 45 
3.2 Prediction ............................................................................................................ 47 

4 Discussion ..................................................................................................................... 50 

5 Limitations .................................................................................................................... 51 

6 Conclusion .................................................................................................................... 51 

Chapter IV: Computer Mouse Trajectory ......................................................... 53 

1 Introduction ................................................................................................................... 54 

2 Mouse Trajectory Data ................................................................................................. 55 
2.1 Gathering Mouse Trajectories ............................................................................ 55 
2.2 Processing of Mouse Data .................................................................................. 56 
2.3 Data Science Methodology ................................................................................. 57 

3 Case Study .................................................................................................................... 58 
3.1 Interventions and Participants ............................................................................ 58 
3.2 Dropout Definition ............................................................................................. 58 
3.3 Baseline Data ...................................................................................................... 59 
3.4 Mouse Data ......................................................................................................... 59 
3.5 Prediction Models and Experiment Set-up ......................................................... 59 

4 Results ........................................................................................................................... 60 
4.1 Final Data Set ..................................................................................................... 60 
4.2 Prediction Results ............................................................................................... 61 

5 Discussion ..................................................................................................................... 61 

Chapter V: Intervention Text Features ............................................................ 63 

1 Introduction ................................................................................................................... 64 

2 Background ................................................................................................................... 66 



 

vi Machine Learning Dropout Predictions for Personalizing Digital Mental Health Interventions 

2.1 Pre-Intervention Text Data ................................................................................. 66 
2.2 Intervention Text Data ........................................................................................ 67 

3 Study Set-Up ................................................................................................................. 70 
3.1 Data Description ................................................................................................. 70 
3.2 Non-Text Data .................................................................................................... 72 

4 Text Representation ...................................................................................................... 73 
4.1 Metadata ............................................................................................................. 73 
4.2 Bag-of-words ...................................................................................................... 74 
4.3 Embeddings ........................................................................................................ 75 

5 Machine Learning Models ............................................................................................ 75 
5.1 ML Models for Non-Sequential Data ................................................................. 76 
5.2 Recurrent Neural Network ................................................................................. 77 
5.3 BERT .................................................................................................................. 78 

6 Results ........................................................................................................................... 79 
6.1 Intervention Failure ............................................................................................ 79 
6.2 Dropout ............................................................................................................... 80 
6.3 Discussion of Clinical Usefulness ...................................................................... 82 

7 Conclusion .................................................................................................................... 86 

Chapter VI: Explainable AI and Trust .............................................................. 89 

1 Introduction ................................................................................................................... 90 

2 Hypotheses .................................................................................................................... 91 
2.1 Understandability ............................................................................................... 92 
2.2 Trust .................................................................................................................... 92 
2.3 Clinical Usefulness and Actionability ................................................................ 93 

3 Methodology ................................................................................................................. 93 
3.1 Predictions .......................................................................................................... 93 
3.2 Patient Case Selection ........................................................................................ 94 
3.3 Case Presentation ................................................................................................ 94 
3.4 Randomisation .................................................................................................... 95 
3.5 Participants Screening and Inclusion .................................................................. 96 
3.6 Questionnaires .................................................................................................... 96 
3.7 Statistical Analysis ............................................................................................. 98 

4 Results ........................................................................................................................... 98 
4.1 Final Cohort ........................................................................................................ 98 
4.2 Hypotheses Testing ............................................................................................ 99 
4.3 Other Responses ............................................................................................... 101 

5 Discussion ................................................................................................................... 101 
5.1 Evaluation of Hypotheses ................................................................................. 102 



 

Machine Learning Dropout Predictions for Personalizing Digital Mental Health Interventions vii

5.2 Further Insights and Limitations ...................................................................... 103 

Ethical Approval ................................................................................................................... 104 

Chapter VII: Personalization Strategies ........................................................... 105 

1 Introduction ................................................................................................................. 106 

2 Methods ...................................................................................................................... 107 
2.1 Search Strategy ................................................................................................. 108 
2.2 Selection Criteria .............................................................................................. 108 
2.3 Selection Procedure .......................................................................................... 108 
2.4 Development of the Conceptual Framework .................................................... 108 
2.5 Data Extraction ................................................................................................. 109 

3 Results ......................................................................................................................... 110 
3.1 Study Selection ................................................................................................. 110 
3.2 Intervention and Study Characteristics ............................................................. 111 
3.3 Conceptual Framework .................................................................................... 111 
3.4 Results on Personalization ................................................................................ 113 
3.5 Use of Automated Decisions for Personalization ............................................. 114 
3.6 Empirical Comparison of More and Less Personalized Interventions ............. 114 

4 Discussion ................................................................................................................... 115 

Bibliography ........................................................................................................... 119 

Appendix incl. published version of articles ........................................................ 143 

 

 

  



 

viii Machine Learning Dropout Predictions for Personalizing Digital Mental Health Interventions 

 

LIST OF FIGURES 

Figure 1: Related work’s data set sizes and feature types per publication year ........... 5 

Figure 2: Histogram of 10.000 area under the curve scores per test data set size ........ 6 

Figure 3: Training and test learning curves per feature type ...................................... 25 

Figure 4: Result variance per feature type ................................................................. 27 

Figure 5: Test learning curve and convergence points per model type ...................... 28 

Figure 6: Random Forest training (CV) and test learning curve ................................ 29 

Figure 7: Dropout curves per intervention arm with cutoff ....................................... 34 

Figure 8: Distribution of patients per intervention and cluster .................................. 46 

Figure 9: Training and test data sample per pooled run ............................................. 47 

Figure 10: Balanced accuracy for training and test results ........................................ 48 

Figure 11: Example of mouse data representation of a single user on interface ........ 56 

Figure 12: Raw mouse trajectories to feature examples ............................................ 57 

Figure 13: Architecture of the 1-dimensional convolutional neural network ............ 60 

Figure 14: Task-specific LSTM-based model architecture ........................................ 78 

Figure 15: Histogram failure prediction output .......................................................... 85 

Figure 16: Decision Support Tool interface example case for both conditions ......... 95 

Figure 17: Overview of trial set-up in dependence of the SHAP condition. ............. 97 

Figure 18: Overview test strategy .............................................................................. 98 

Figure 19: Histogram quiz errors ............................................................................. 101 

Figure 20: PRISMA flowchart of study inclusion ................................................... 110 

Figure 21: Delineation of personalization from other forms of adaptation. ............. 111 

Figure 22: Dimensions of personalization ............................................................... 112 

Figure 23: Mechanisms of personalization .............................................................. 112 

Figure 24: Number of studies per personalization type and mechanism ................. 113 

 



 

Machine Learning Dropout Predictions for Personalizing Digital Mental Health Interventions ix

LIST OF TABLES 

Table 1: Overview paper characteristics and contributions ....................................... 10 

Table 2: Overview area under the curve (AUC) per feature type .............................. 14 

Table 3: Overview feature groups .............................................................................. 36 

Table 4: Descriptive statistics for a) baseline data and b) mouse data set ................. 61 

Table 5: Overview of the intervention studies included in this analysis. ................... 71 

Table 6: Result table intervention failure prediction .................................................. 80 

Table 7: Result table dropout prediction .................................................................... 82 

Table 8: Cohort descriptives ...................................................................................... 99 

Table 9: Analysis results with descriptive and p-values .......................................... 100 

Table 10: Personalization mechanisms per dimension in the intervention .............. 114 

 

  



 

x Machine Learning Dropout Predictions for Personalizing Digital Mental Health Interventions 

 



 

1 

Chapter I: Introduction 
Mental disorders are a highly prevalent global health problem (Richter et al., 2019; 
Santomauro et al., 2021). Beyond their significant impact on the ones suffering from 
them, mental disorders put immense pressure on health and social care systems (Arias 
et al., 2022). While efficient treatments exist for many disorders, estimates are that in 
high-income countries, merely a third of those impacted receive the help they need 
(Rommel et al., 2017; Wang et al., 2005). With the demand for help continuously in-
creasing, easing the tension on this overwhelmed system is paramount for individuals 
and societies as a whole (Andersson et al., 2019; Richter et al., 2019).  
Digital Mental Health Interventions (DMHIs) complement current treatment options 
due to their accessibility, scalability, and personalizable design. DMHIs, including In-
ternet-based Cognitive Behaviour Therapy (ICBT), follow similar goals as traditional 
face-to-face therapy but centre around time- and location-independent self-help via 
digital means. Many of them are supplemented by different levels of human guidance, 
such as via messages or phone calls (Andersson et al., 2019; Haller et al., 2023). Meta-
analyses demonstrate their efficacy in treating mental health problems like depression 
(Karyotaki et al., 2021; Reins et al., 2019), anxiety (Andrews et al., 2018), and eating 
disorders (Linardon et al., 2020). At the same time, the amount of completed treatment 
is decisive for health outcome success (Donkin et al., 2013; Gan et al., 2021; Haller et 
al., 2023; Lipschitz et al., 2023). However, up to 50-80% of users drop out before 
completing the intervention (Lipschitz et al., 2023; Richards & Richardson, 2012). 
Even though dropout can be lowered through targeted measures such as human guid-
ance (Baumeister et al., 2014; Gan et al., 2022; Hilvert-Bruce et al., 2012; Lipschitz et 
al., 2023), that comes at high marginal costs (Forsell et al., 2019; Lutz et al., 2022). In 
the current situation, adding or increasing human guidance for all is infeasible and 
inefficient (Forsell et al., 2020; Lutz et al., 2022). This trade-off raises the question of 
how participants needing additional measures can be identified to keep them in the 
intervention and maximize overall health outcomes. 
The field of supervised Machine Learning (ML) has been dedicated to predicting fu-
ture outcomes from various input features for more than 70 years (Breiman, 2001; 
Bzdok & Meyer-Lindenberg, 2018). Despite the continuous permeation of ML in 
many fields, psychological and psychiatric applications have been very limited 
(Eloranta & Boman, 2022). In contrast to face-to-face therapy, DMHIs’ medium al-
lows the efficient, scalable, and automated recording of treatment engagement and 
psychological data. Nevertheless, of the papers that apply ML in mental health set-
tings, only 1% deal with the actual time during therapy, according to Shatte et al. 
(2018). One of the critical challenges proposed to explain these low numbers is the 
persistent lack of large datasets (Aafjes-van Doorn et al., 2021; Bzdok & Meyer-Lin-
denberg, 2018; DeMasi et al., 2017; Sajjadian et al., 2021; Squires et al., 2023). Shatte 
et al.’s (2018) analysis also showed that newer model and feature approaches, such as 
deep learning or text data, are strongly underrepresented. Although further studies 
have been published since, there is little doubt about the considerable remaining 
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research potential in this area (Chekroud et al., 2021; Lutz et al., 2023; Squires et al., 
2023). Further, the studies that exist are proof-of-concepts and only very few discuss 
the implementation of ML-based Decision Support Tools (Cruz Rivera et al., 2023; 
Higgins et al., 2023; Triantafyllidis & Tsanas, 2019; Yin et al., 2021). Aiming to pro-
gress the effective use of dropout predictions in DMHIs, this thesis, therefore, investi-
gates the following research questions:  
RQ 1: How does a) data set size influence the results in intervention dropout pre-

diction, and how can b) the resulting problems be addressed? 
RQ 2: What combinations of features and models best predict dropout? 

RQ 3: How can the user adaption of ML predictions in DMHIs be facilitated? 
This thesis focuses on intervention dropout instead of health outcome predictions for 
two main reasons: Firstly, the absence of activity can unequivocally be categorised as 
dropout. In contrast, in outcome predictions, missing target variables have to be im-
puted or lead to the exclusion of patients (Prasad et al., 2023; Spineli et al., 2015). 
Thus, dropout predictions circumvent the challenge of missing target values and offer 
actionable insights into a user group suspected to be most in need of additional re-
sources (Eysenbach, 2005; Lipschitz et al., 2023). Secondly, with first meta-studies 
published (Lee et al., 2018; Sajjadian et al., 2021; Vieira et al., 2022), research on ML 
outcome predictions is further advanced (Chekroud et al., 2021). On the contrary, de-
spite Eysenbach’s (2005) landmark paper soon passing its 20th anniversary, dropout – 
and its continuous inverse analogous, adherence – in DMHIs remain to be understud-
ied and underreported (Beintner, Vollert, et al., 2019; Lipschitz et al., 2023).  
Thus, this PhD aims to investigate how to best use Machine Learning models to predict 
and ultimately influence intervention dropout. To this end, the following section mo-
tivates the key concepts of intervention dropout and predictive modelling. Afterwards, 
the current state of research on dropout predictions in DMHIs is succinctly outlined to 
derive the research questions from the identified gaps. The last section discusses the 
contributions of this thesis and gives an outlook on the remaining open questions and 
possible next steps. The chapters following this introduction are the six individual 
studies contributing to this thesis. 

1 Key Concepts 
This section introduces the key concepts and working definitions used in this thesis, 
primarily based on Eysenbach (2005) and Beintner, Vollert et al. (2019), as well as 
Yarkoni & Westfall (2017), and Breiman (2001). 

1.1 Intervention Dropout 
In terms of the operationalisation of dropout in DMHIs, not starting is differentiated 
from discontinuing the intervention after start (intervention dropout), and not respond-
ing to study assessments (study dropout) (Beintner, Vollert, et al., 2019; Eysenbach, 
2005; Lipschitz et al., 2023). This PhD focuses on intervention dropout, as the most 
promising concept for data-driven adaptation of ongoing treatment.  
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Commonly, intervention discontinuation is turned into binary dropout by considering 
the intervention completed as of a certain minimum (Bremer et al., 2020; Cote-Allard 
et al., 2022). As discussed by Beintner, Vollert et al. (2019), the proposal of minimal 
content considered necessary to benefit so far lacks standards, resulting in a research 
question itself. In this thesis, dropout operationalisations are based on intervention-
specific clinical criteria combined with pragmatic concerns such as class balance. 
Grounded in the findings and subsequent suggestions of Donkin et al. (2013) and Gan 
et al. (2021), all minima are defined in the number of completed modules. The core 
modules deemed necessary to improve are defined by the clinical experts who devel-
oped and evaluated the respective intervention. At the same time, some patients may 
drop out because they require less than the average content – so-called good leavers. 
Allocating more resources to these patients would be detrimental to resource effi-
ciency. Thus, even when focusing on intervention dropout and not outcome, neither 
concept can be assessed without the other (Gan et al., 2021). Outcomes will, therefore, 
be accounted for where available and applicable. 
In conclusion, in the following, dropout refers to the start and subsequent discontinu-
ation of an intervention before completing the best estimate of the minimal content 
considered necessary for users to benefit. 

1.2 Predictive Modelling 
Statistical modelling aims to derive generalisable rules from past problems to solve 
future ones. Within this field, the classical statistical (CS) approach differs from the 
algorithmic or Machine Learning (ML) approach in its goals, requirements, and out-
puts (Breiman, 2001).  
Given a specific problem, the CS approach seeks to mechanistically mimic the data 
generation process. To this end, theory-driven hypotheses result in the postulation of 
a humanly understandable model whose goodness-of-fit is evaluated on a data sample 
often collected for that very purpose. CS approaches attempt to ensure generalisability 
through methodological rigour but seldom test for it explicitly. Ultimately, this process 
yields cohort-based insights to be interpreted; hence, it aims to explain (Yarkoni & 
Westfall, 2017).  
In contrast, the ML approach places limited emphasis on causal hypotheses. Instead, 
the goal is to accurately predict the future by agnostically connecting the input to the 
output data (Eloranta & Boman, 2022; Yarkoni & Westfall, 2017). Instead of explain-
ing, it provides the possibility to inform individual decisions. With no intent to depict 
causality, equifinality and pluralism are central to Data Science epistemology. Conse-
quently, widely varying model types are typically tried and tested to determine which 
yields the best prediction performance.  
Prediction performance varies depending on model complexity and the subsequent 
bias-variance trade-off, which is influenced by the form and number of parameters and 
features. For example, linear regression is simple and understandable but may miss 
non-linear relationships. More flexible models, however, can better approximate 
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realities’ complexity but are prone to mimicking noise in the data, hence overfitting 
(Hastie et al., 2017; Yarkoni & Westfall, 2017).  
Just as in CS, a larger number of features increases the risk of overfitting in ML. How-
ever, to reduce theory dependence and subsequent human bias, features are (semi-)au-
tomatically selected by, again, exploring and comparing different options (Yarkoni & 
Westfall, 2017). Deep Learning, a newer subcategory of ML, advances this even fur-
ther as neural networks automatically extract features from unstructured data with lim-
ited to no human involvement (Piccialli et al., 2021; Shrestha & Mahmood, 2019). 
To select the best model, including features, ML models are trained on part of the data 
and evaluated on a previously set-aside test set. If the model is overfitted, it is not 
expected to generalise on the test set. If it is underfitted, it is expected to be outper-
formed by more sophisticated models. While this approach allows an empirical eval-
uation of different models, it comes with the downside that only a fraction of the data 
set is available for evaluation. So-called cross validation (CV) splits the data set in k 
equal folds and increases power by evaluating a model on each. CV is often combined 
with grid-search, a systematic evaluation of hyperparameters, for example, for feature 
regularisation. However, choosing the hyperparameters in the same step as evaluating 
the model still leads to overfitting, thus necessitating separation (Bates et al., 2022; 
Cabitza & Campagner, 2021).  
Predictions can be evaluated on balanced accuracy (BACC), where the accuracy of 
both classes is weighted equally regardless of the ratio in the data. However, this re-
quires setting a threshold to decide as of when a prediction becomes a dropout or com-
pleter. While this makes sense when implementing a model, different thresholds come 
with context-dependent up- and downsides that cannot always be fully overseen at the 
time of the decision. The area under the curve (AUC), on the other hand, evaluates the 
model’s ability to differentiate classes across all possible thresholds. Regarding the 
evaluation of AUCs, Kraemer et al.’s (2003) propose to differentiate between no (0.50-
0-0.56 AUC), low (0.57-0.64), moderate (0.65-0.70), good (0.71-0.75) and very good 
(>0.75) predictive power. 
In summary, the Data Science approach is inductive in nature and data- instead of 
theory-driven. It optimises predictive accuracy by iterating over options and testing 
their generalisability on an unseen test set. Evaluating on only a fraction of data and 
approximating complex relationships requires much larger data than CS approaches. 
In the end, ML infers an often-opaque decision logic to produce the outcome from a 
set of features and yields individual predictions. 

2 Related Work and Research Questions 
Research papers using ML methods to predict dropout or adherence are limited but 
promising (Chekroud et al., 2021). To ensure an up-to-date and exhaustive related 
work section, the papers discovered during this PhD were supplemented through a Pub 
Med search on 26.06.24 (("Machine learning" OR "ML" OR "artificial intelligence" 
OR "AI" OR "predict*") AND ("dropout" OR "adherence" OR "attrition") AND 
("mental" OR "psycho*" OR "psychia*") AND ("Internet-based" OR "ICBT" OR 
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"DMHI")). From the resulting papers, those were included that predict DMHI dropout 
or adherence using an ML approach according to the definitions introduced above.  
The number of studies predicting dropout for DMHIs has greatly increased from three 
at the start of this PhD in 2020 (Bremer et al., 2020; Pedersen et al., 2019; Wallert et 
al., 2018) to twelve (Figure 1). Yet, as demonstrated in this section, the research gaps 
and challenges remained largely unsolved. Therefore, in each of the following subsec-
tions (Chapter I:2.1-2.3), the applicable characteristics, strengths, and limitations of 
these twelve related works are synthesised and expanded upon to motivate the respec-
tive research question (RQ1-3). A table with the overview of the discussed details per 
study is provided in the Appendix. 
Figure 1: Related work’s data set sizes and feature types per publication year 

 

2.1 RQ1: Small Data Set Sizes 
As explained in Chapter I:1.2, the Data Science paradigm proposes to shift from the-
ory-rich and data-poor to theory-poor and data-rich scientific discoveries (Yarkoni & 
Westfall, 2017). However, large datasets are a prerequisite hard to satisfy in healthcare 
settings where data are costly (Pasini, 2015). Consequently, the median data set size 
of the twelve related works is 342, with a minimum of 45 (Kim et al., 2021) and a 
maximum of 22,796 (Günther et al., 2023) users. As Figure 1 indicates, large DMHI 
datasets remain uncommon (Cote-Allard et al., 2022; Ebert et al., 2019). Conse-
quently, many related work studies specifically name their small data set sizes as prob-
lematic in the limitation section (Bremer et al., 2020; Kim et al., 2021; Linardon et al., 
2022; Wallert et al., 2018). Unstable, overfitted, and thus not generalisable results are 
an inherent risk of small datasets that remain seldomly accounted for in clinical set-
tings (Bates et al., 2022; Cabitza & Campagner, 2021; DeMasi et al., 2017). 
To illustrate the problem of result instability on small data sets, the plots in Figure 2 
(based on Regenthal, 2022) show the variation of prediction scores on balanced data 
sets sized 100, 300, 1000, and 3,500. Assuming a 20% test set, this corresponds to test 
set sizes of 20, 60, 200, and 700, respectively. The labels and predictions are generated 
randomly; hence, the supposed model has no predictive power and should produce an 
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AUC of 0.5. This simulation was repeated 10.000 times per test set size to infer the 
likelihood of producing any certain value. 
Figure 2: Histogram of 10.000 area under the curve scores per test data set size 

  
Having a test set of 20 data points (N=100) implied an immensely high variance with 
the 95%-confidence interval (CI) of 0.27 and 0.73 AUC. At a maximum AUC of 1 and 
almost a 4th of values above a good result of 0.6, accepting this model is not unlikely 
despite its uselessness. With a data set close to the median of related work (N=300), 
the maximum is still at 0.79, and almost 10% of AUCs are above 0.60 (CI: 0.37-0.62). 
At 200 test data points (N=1,000), this uncertainty drops significantly (CI=0.43-0.57) 
and is further narrowed down (CI=0.46-0.54) when increasing the test set size to 700 
(N=3,500).  
Regarding overfitting, single cross-validation (CV) or train-test split results are often 
reported when dealing with small data (Sajjadian et al., 2021). Such practices have 
repeatedly proven to lead to inflationary results (Bates et al., 2022; Hastie et al., 2017; 
Lateh et al., 2017). Insufficient data samples make it likely for models to focus on 
meaningless noise. As a result, especially more flexible models produce high training 
performances but fail to reproduce them on larger independent test sets (Atla et al., 
2011; Rodriguez-Galiano & Chica-Rivas, 2014; Saseendran et al., 2019). Beyond 
overfitting, neural networks and many other ML methods require large data sets to 
perform well (Alzubaidi et al., 2023; Bzdok & Meyer-Lindenberg, 2018; Piccialli et 
al., 2021). Even for simpler models such as Logistic Regression, data set sizes can 
have a large influence on performance, dependent on the nature and number of predic-
tors used (Smeden et al., 2019). In addition, prediction performance converges at a 
certain data set size, meaning that the marginal benefit of adding more data points is 
not constant, even for a single model (Perlich et al., 2004).  
Despite their undebated relevance, which data set sizes or approaches are best suited 
to mitigate these problems remains unclear for ML research in DMHIs. Considering 
their decisive importance for the integrity and value contribution of this field of re-
search, the first research question is, therefore: 
 
RQ 1: How does a) data set size influence the results in intervention dropout pre-

diction, and how can b) the resulting problems be addressed? 
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2.2 RQ2: Feature and Model Combinations 
Beyond the question of how many data points are collected, the related works differ in 
the nature and number of features and models they are paired with. Regarding features, 
self-reported questionnaire answers are commonly gathered as baseline data before 
treatment start and often comprise socio-demographic and clinical variables. They can 
further be collected as treatment goes on, as often seen for symptom scores (Forsell et 
al., 2020). As the intervention starts, user intervention behaviour data in the form of 
log files become available. These automatically collected files usually comprise 
timestamps, user identifiers, and event types and can be transformed into a myriad of 
features (Bremer et al., 2020). Further, DMHIs regularly include asynchronous text-
driven communication with participants, generally involving open-text intervention 
exercises and communication with e-coaches (Calvo et al., 2017).  
Three of the twelve related works, including the one with the largest data set, only had 
pre-treatment questionnaire features available (Gonzalez Salas Duhne et al., 2022; 
Günther et al., 2023; Kim et al., 2021) as displayed in Figure 1. They all reported low 
(Kraemer et al., 2003) predictive power (AUC=0.57, R2=0.42). One related work study 
focused on only intervention behaviour data with much higher results (BACC up to 
0.79) (Cote-Allard et al., 2022). Most other related works (N=6) investigated socio-
demographic, clinical, and user behaviour data in combinations with moderate to very 
good results (AUCs=0.60-0.94/ BACC=0.61-0.73) (Bremer et al., 2020; Bricker et al., 
2023; Linardon et al., 2022; Linnet et al., 2023; Moshe et al., 2022; Pedersen et al., 
2019). However, the three settings achieving an AUC of more than 0.90 had no or very 
little time between the point of prediction and dropout (Bremer et al., 2020; Bricker et 
al., 2023; Pedersen et al., 2019). Hence, the time left to intervene is an important aspect 
when evaluating the usefulness of features. The remaining two studies attempted to 
combine extracting information from text data through simple meta- and dictionary-
based methods with limited success (BACC=0.54, accuracy=0.64 at 52% dropouts) 
(Smink et al., 2021; Wallert et al., 2018).  
As explained in Chapter I:1.2, ML models can efficiently process a high number of 
features, and automated feature selection is a cornerstone of Data Science methodol-
ogy (Bzdok & Meyer-Lindenberg, 2018; Yarkoni & Westfall, 2017). At the same time, 
data protection concerns require data scientists to limit themselves to the minimally 
necessary features, especially concerning sensitive health data (Cote-Allard et al., 
2022). For the related works, the number of features used was not always reliably de-
rivable from the manuscript but is estimated to be between seven (Bricker et al., 2023) 
and 401 (Bremer et al., 2020). The latter study concluded that their 25 hand-crafted 
features were the most predictive ones (Bremer et al., 2020), which is in line with 
findings on outcome predictions (Hentati Isacsson et al., 2023). Accordingly, authors 
such as Forsell et al. (2019), Côte-Allard et al. (2022), and Bricker et al. (2023) deter-
minately argue for a focus on a limited number of features.  
Whenever evaluating the predictive power of a group of features, the type of model 
used to extract it has to be considered. As introduced in section Chapter I:1.2, algo-
rithms differ in their ability to handle feature characteristics such as non-linearity, 



 

8 Chapter I: Introduction 

interaction effects, multicollinearity, sparseness, or noisiness (Atla et al., 2011; 
DeMasi et al., 2017; Kwon & Sim, 2013; Nettleton et al., 2010; Rodriguez-Galiano & 
Chica-Rivas, 2014; Saseendran et al., 2019). Mismatching, for example, a complex 
non-linear feature type with a too simple model or overfitting a flexible model type on 
noisy data will lead to inferior results.  
In the related work, the by far most commonly implemented models were Logistic 
Regression (N=8 of 12), Random Forest models (N=5), followed by different tree-
based boosting models (N=3) and Support Vector Machines (N=2). To feed data into 
these non-sequential models, the features were aggregated (e.g., means or sums) or all 
kept as independent features. Neural networks leveraging the time-dependence of fea-
tures were only used twice; Cote-Allard et al. (2022) implemented a Self-attention 
network for sequential login data without benchmarking it to any other model type. 
Smink et al. (2021) compared a task-specific neural network fed with one email’s fea-
tures at a time with several non-sequential models and concluded that neither approach 
was superior.  
In summary, so far, no successful DMHI predictions before treatment start have been 
published, the marginal value of adding further features is unclear, and the focus of 
related work is on simple feature and model types. These three prospects are gathered 
under the second research question: 

RQ 2: What combinations of features and models best predict dropout? 

2.3 RQ3: User Adaption Hurdles 
So far, the focus has been on optimising dropout prediction accuracy, including gen-
eralisability. However, in order to add value, ML predictions must be implemented in 
practice, commonly done through so-called Decision Support Tools (DSTs) (Jacobs et 
al., 2021). 
Yet, none of the twelve related works implemented, let alone prospectively evaluated, 
the clinical use of their ML model. One study argues that their RF model was too 
expensive to implement and provided their staff with a simple activity index instead 
(Pedersen et al., 2019). While the impact was not measured methodologically, they 
report dropout to have lowered from 54% (N=2,684) to 19% (N=6,402) after this ad-
dition. The other eleven studies discuss translating the predictions into care very 
briefly or not at all. The most named use case motivating the studies in the introduction 
is adapting human support levels (Bricker et al., 2023; Günther et al., 2023; Kim et al., 
2021). However, most other mentions just refer to “personalizing” or “tailoring” treat-
ment without further clarification of what this entails.  
While other studies implement outcome predictions in DMHIs (Forsell et al., 2019) or 
face-to-face therapy (Lutz et al., 2022; Popescu et al., 2021), they are very few (Hig-
gins et al., 2023; Triantafyllidis & Tsanas, 2019). This lack of adaption is attributed to 
the challenges of integrating predictions into the complex, time-constrained and user-
driven healthcare processes (Devaraj et al., 2014; Jacobs et al., 2021; Khairat et al., 
2018; Maslej et al., 2023). Ethical and legal constraints place human oversight and 
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accountability as a prerequisite for AI applications in health care, thus precluding au-
tomated decisions (Diprose et al., 2020; Duffourc & Gerke, 2023). As a result, predic-
tions are offered to human decision-makers who retain the decision autonomy over if 
and how to use them. While good prediction accuracy is undoubtedly a prerequisite 
for confidence in such DSTs, it alone does not suffice to prompt usage. Instead, the 
users’ lack of confidence is a critical hurdle in the adaption of ML-driven DSTs 
(Devaraj et al., 2014; Higgins et al., 2023; Jacobs et al., 2021; Maslej et al., 2023).  
Several authors have postulated that decision intransparency causes a lack of trust in 
ML-based DSTs and subsequently lowers the behavioural intention to act on predic-
tions (Devaraj et al., 2014; Gille et al., 2020; Higgins et al., 2023). As described in 
Chapter I:1.2, the strength of more sophisticated models is their ability to formalise 
complex non-linear relationships, often through advanced architecture and a myriad of 
parameters. It is precisely these characteristics that make it difficult, if not impossible, 
for humans to understand how they arrived at their prediction (Gille et al., 2020; Pic-
cialli et al., 2021). But even if trust is established and clinicians want to use the DST, 
Jacobs et al. (2021) and Lutz et al. (2022) report that healthcare staff often do not know 
what to do with the predictions. In these cases, time constraints seem to force them to 
disregard the additional information from the DST and revert to previous decision pat-
terns (Jacobs et al., 2021; Lutz et al., 2022). Further, Jacobs et al. (2021) and Toneka-
boni et al. (2019) report that interviewed clinicians required evidence-based recom-
mendations in order to be willing to act on them. 
Consequently, even when finding a model with good prediction accuracy, user adap-
tion through trust and actionability remains a decisive impediment in the adaption of 
DSTs in DMHIs. These aspects result in the last, more explorative and not only drop-
out-specific question: 

RQ 3: How can the user adaption of ML predictions in DMHIs be facilitated? 

3 Included Articles 
This thesis investigates the three introduced research questions through six studies em-
ploying various methodologies. Four studies are ML use cases, each analysing data 
from one to five interventions. Their focus ranges from learning curves over data pool-
ing to investigating newer feature types. The fifth study is a randomised trial examin-
ing how explainable AI affects therapists’ trust in and intended use of an ML-based 
DST. The final study is a systematic review providing insights into the concept, use, 
and evaluation of personalization in DMHIs for depressive symptoms.  
Table 1 offers an overview of the studies’ content, characteristics, and findings. The 
first table column corresponds to the chapter number of this thesis, which is used for 
reference throughout this discussion and, hence, starts at II. Chapters VI and VII are 
not solely focused on dropout predictions but concern DSTs and ML applications in 
general. 
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4 Discussion 
Assuming timely publication, 25% of studies on dropout predictions in DMHIs will 
originate from this thesis. Including these studies increases the median dataset size 
from 342 to 770, introduces three additional feature types, and doubles the number of 
studies utilising sequential neural networks. In total, the four ML studies analyse data 
from 11,329 distinct patients across ten DMHIs and include the second and fourth 
largest data sets among related work up to date. Additionally, the randomised trial 
contributes the first quantitative evidence for the role decision transparency plays for 
clinicians in DMHIs. Lastly, the comprehensive evaluation of 138 studies involving 
92 DMHIs for depressive symptoms contributes reliable evidence on the use of per-
sonalization in DMHIs among one of the most prevalent mental disorders. 
A key strength of this thesis is its stringent and systematic investigation of a singular, 
complex and relevant problem. Exploring the research questions with different foci 
across articles yielded complementary and corroborating	insights. At the same time, a 
key limitation of this thesis is that it does not provide empirical evidence to what extent 
dropout predictions improve clinical results and outcomes in DMHIs. Given that this 
PhD thesis is written in the Department of Information Science, and considering that 
RCTs require extensive clinical resources, conducting such trials was beyond the scope 
of this work. 
The investigated interventions cover the most common psychological disorders effec-
tively addressed with DMHIs (i.e., depression, anxiety, and eating disorders). As such, 
the insights add up to a possible global target group of up to 595 million (W.H.O., 
2022). Moreover, the data sets range from dissemination trials and RCTs of prevention 
measures to psychiatric routine care treatment for severe symptom levels. Despite the 
reported differences in dropout patterns (Lipschitz et al., 2023), this thesis suggests 
similar tendencies in terms of dropout predictions, thus providing insights across a 
range of settings. 
In the following, the contributions made to each of the introduced research questions 
are synthesised and evaluated. Table 1 indicates which article is discussed in which 
section.  

4.1 RQ 1: Small Data Set Sizes 
Chapters II and III contribute to the knowledge on how data set sizes influence dropout 
prediction performance (RQ1.a) and what strategies can be used to mitigate the prob-
lem (RQ1.b). In terms of commonalities, both articles attest to the problems inherent 
in the commonly used small data set sizes (N≤300) in DMHI predictions. As such, the 
risk of mistaking validation results from small datasets for adequate performance 
measures is quantified for two unrelated data sets at up to 0.12 in AUC. Both articles 
further provide insights into when dataset sizes negatively correlate with prediction 
performance, a phenomenon previously reported for outcome predictions (Sajjadian et 
al., 2021). Chapter III proposes that this happens in single-intervention settings but can 
be prevented through pooling interventions. Chapter II shows that– despite pooling 
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interventions – this phenomenon may still occur in the case of simple and uninforma-
tive features.  
Further, Chapter II extensively discusses domain-specific learning curves – not only 
considering performance levels and variance but also their convergence. The provided 
evidence that complex features and models require larger data sets to converge in per-
formance contextualises the heterogeneity of previous findings. The findings on high 
result variance corroborate the theoretical and simulated assumptions from Chapter 
I:2.1, proving that reporting a single test or CV results carries an immense risk of result 
oscillation. Following the learning curve approach led to a proposed minimum dataset 
size of N=500-1,000, which is currently only met by 50-33% of related work. Chapter 
II is the first work comprehensively investigating sample size adequacy in DMHI pre-
dictions. Recommendations to mitigate overfitting include minimally necessary data 
set sizes (N≥500) but also measures such as nested CV and selecting appropriate 
model, hyperparameter and feature combinations.  
Chapter III introduces a different and pragmatic approach to improve prediction results 
and mitigate overfitting when facing small data set sizes - Pooling different interven-
tions to one data set. Despite three different target disorders and dropout rates, the 
results from pooled data sets were twice as likely to achieve clinically relevant predic-
tion levels (Forsell et al., 2022) and more stable than those of single interventions. As 
it is not uncommon for providers to have different but similarly setup interventions, 
this paper proposes a simple way to double or multiply data set sizes and simultane-
ously lower costs for model training and maintenance.  
In conclusion, these studies leverage two of the largest intervention behaviour data set 
sizes so far (N=3,654-6,418) to comprehensively discuss the role of data set sizes in 
DMHI dropout predictions. Their results challenge the current standards of (dropout) 
predictions in DMHIs and provide an empirical reference for authors, clinicians and 
reviewers alike. The strengths of the papers are that they not only flag and quantify 
problems but also offer actionable insights and recommendations to mitigate them. 
Further, they replicate similar results despite significant differences in set-ups (pre-
vention dissemination trial vs routine care treatment), countries (Germany vs Sweden), 
and target disorders (eating vs affective disorders). However, they still only offer case-
based insights into a heterogeneous and complex question. A variety of changes in 
methodological decisions, data types and settings could influence results. Moreover, 
the fact that despite these insights, this thesis presents a study on only 181 users (Chap-
ter IV) attests to the difficulties of implementing the minimal data set requirements. 
At the same time, Chapter IV also serves as evidence that using nested CV as proposed 
validation method mitigates overfitting. 
In summary, the discussed articles provide the first empirical reference for the role of 
data set sizes in producing and interpreting ML dropout predictions in DMHIs. 

4.2 RQ 2: Feature and Model Combinations 
The four ML case studies of this thesis contribute insights into a variety of feature and 
model combinations of different sophistication levels. Features range from socio-
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demographic, symptom scores, psychological measures, intervention behaviour, eval-
uation, and linguistic features to computer mouse trajectories. The ML models range 
from simple non-sequential Naïve Bayes and Logistic Regression over Support Vector 
Machines to tree-based models such as Random Forest, AdaBoost, and XGBoost. The 
second category comprises sequential models, i.e., recurrent and convolutional neural 
networks and a pre-trained BERT model. Table 2 summarises the AUC per feature 
type and paper. The results of the sequential neural networks are reported in the “other” 
column. 
Table 2: Overview area under the curve (AUC) per feature type 

Short Title Dropout and Pre-
diction Time 

Baseline Ques-
tionnaire 

Intervention Be-
haviour Other 

Chapter II:  
Learning Curves 

63% dropouts with 
<4 modules  
After first week  

Simple: 0.53  
Extended: 0.66 

Simple: 0.72  
Selected: 0.80 
 Extended: 0.77  

 

Mixed behaviour and ques-
tionnaire: 0.81 

Chapter III: Inter-
vention Data 
Pooling 

44% dropouts with 
<7/10 modules 
After four weeks  

- - Mixed user behaviour and 
questionnaire: 0.77 

Chapter IV: 
Computer Mouse 
Trajectories 

48% dropouts with 
<7 or <6/10 modules  
Preintervention 

0.56  - Hand-crafted mouse features: 
extended: 0.56  
simple: 0.58  

1D-CNN + temporal mouse 
features: 0.50  

Chapter V: Inter-
vention text Fea-
tures 

25% dropouts with 
<6/8 modules 
After two modules 

0.60  Text metadata: 
0.65 

Evaluation + simple text 
metadata: 0.69  

Word2Vec + baseline data: 
0.70 

BERT + evaluation data: 
0.67 

Notes: All metrics are reported as AUCs. In case of several options, only the most 
promising set-up (e.g., the largest data set size investigated) is reported; where appli-
cable different interventions are averaged. 
A key commonality across findings is that theory-driven feature and simpler model 
combinations are preferable in their cost-benefit ratio. In Chapter II, the twelve se-
lected behaviour features outperformed the seven simple and 129 extended ones. In 
Chapters IV and V, neither simple feature-model combination was significantly out-
performed by neural networks trained on sequential data. In Chapters II and V, adding 
features partly deteriorated results. This finding starkly contrasts what would be ex-
pected in the field of Data Science (Chapter I:1.2).  
However, exhaustive relational data is the cornerstone of the Data Science epistemol-
ogy (Kitchin, 2014; Yarkoni & Westfall, 2017). In contrast, data sets in DMHI tend to 
be small, static and poorly relational and, thus, seem to not yet meet the requirements 
to fully move to a theory-poor, data-rich approach (Yarkoni & Westfall, 2017). Fur-
ther, features within a specific setting are often highly multicollinear (Patel et al., 2008; 
Sander et al., 2021; Tomitaka & Furukawa, 2021) as – contrary to multimodal big data 
– larger numbers of features in DMHIs often stem from few underlying processes (e.g., 
log files Bremer et al. (2020)). Consequently, the decreasing marginal benefit of 
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additional features may be easier outweighed by the added noise. The conclusion is, 
therefore, that applying conjuncture to identify the most promising features improves 
results as it increases the information-to-noise ratio (Piccialli et al., 2021; Yarkoni & 
Westfall, 2017).  
At the same time, Chapter V provides evidence contrary to previous findings (Funk et 
al., 2020; Gogoulou et al., 2021) that complex features such as word embeddings yield 
competitive results when paired with adequate sequential models. It is also the first 
work contributing evidence for the potential of pre-trained transformer models in 
DMHIs. Moreover, in Chapter II, the extended feature groups showed a strong growth 
trajectory, and the deteriorating effect of combining baseline and intervention features 
on small data was reversed on larger data sets. Combined with the clear superiority of 
larger feature numbers and Deep Learning models in other areas of medicine (Piccialli 
et al., 2021), these findings foster the expectations that increasing data set sizes may 
tip the scale towards the expected superiority of more sophisticated model-feature 
combinations. 
In terms of more specific findings, Chapters II, IV, and V corroborate the previously 
reported difficulty of predicting intervention dropout with baseline data only. While 
mouse trajectories could not solve the problem of pre-intervention dropout predictions 
in the investigated set-up, Chapter IV contributes to the field of research by introducing 
a new and innovative feature type. While its key limitation is the small data set size 
caused by the high number of mobile users, its strength lies in the rigorous methodol-
ogy aimed at producing generalisable results (Hullman et al., 2022; Yarkoni & 
Westfall, 2017). Further, publishing the tracker and code to process mouse trajectories 
advances the dissemination of this novel data type and adheres to open science princi-
ples. 
However, at 0.66 AUC, the baseline prediction in Chapter II is higher than the other 
two studies (0.60 and 0.56), and related work (0.57) (Gonzalez Salas Duhne et al., 
2022; Günther et al., 2023; Linardon et al., 2020). Investigating the feature importance 
reveals that whether a user filled out the optional baseline questionnaire parts was by 
far the most predictive feature group. Additionally, in Chapter V the number of useless 
(e.g., “x” or “-”) answers was among the most predictive meta-text features for dropout 
(AUC=0.60). As such, recording questionnaire non-response as additional variables 
before imputing missing values is a promising approach that emerged from this thesis. 
The three ML case studies using intervention behaviour data further emphasise its im-
portance and predictive power for dropout predictions. The studies at hand do not suf-
ficiently compare to be able to identify reasons for the differences in predictive power. 
How users evaluated the intervention after the first two sessions regarding time ade-
quacy and usefulness combined with the lengths of their answers yielded the best drop-
out predictions in Chapter V. So far, none of the related work has discussed the user’s 
answers about their experience with the intervention as a data type. Such question-
naires are standard in many non-clinical settings and can be easily implemented. Fi-
nally, adding baseline data to the intervention data improved results, though only 
slightly (Chapters II and IV). In summary, all models using data from the intervention 
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time achieved good or very good prediction power (Kraemer et al., 2003) while leaving 
enough time to act on the prediction information. Further, evaluation data was pro-
posed as a promising new and low-cost feature type for dropout predictions. 
In conclusion, the four ML case studies contribute detailed insights into a variety of 
feature and model pairs and their respective performance. Beyond increasing the avail-
able evidence on the predictive power of baseline and intervention behaviour data, it 
proposes two new (mouse trajectory, evaluation data) and provides evidence for a so-
far unsuccessful (word embeddings) complex feature type. However, the advantages 
of sequential neural networks are non-existent or negligible in the current data sets and 
are arguably outweighed by the increase in requirements for Deep Learning models. 
Thus, simple models and feature types are concluded to be preferable for the data sets 
at hand.  

4.3 RQ 3: User Adaption Hurdles 
Chapters VI and VII explore two hurdles identified in the user adaption of ML-based 
DSTs in DMHIs. Chapter VI shows that explainability, in the form of local SHAP 
values, significantly increased therapists’ trust (p=0.01, d=0.43, 95%-CI [0.07-0.76]) 
and the perceived transparency (p<0.001, RBC=0.69), and usefulness (p=0.003, rank 
biserial correlation=0.66) of individual predictions with noteworthy effect sizes. At the 
same time, the more extensive and validated Human-Computer Interaction Trust Score 
(Gulati et al., 2019) was not significantly higher, and the study failed to support the 
underlying assumption of change in behavioural intention, at least for intended support 
levels. Further, it has relatively low power (N=35), but as data collection is still ongo-
ing, this limitation will be mitigated in the final manuscript. That final manuscript will 
also investigate to what extent therapists interpret SHAP causally, as this is a common 
and potentially risky pitfall (Lundberg & Lee, 2017). It, however, does not measure 
the final impact on patient outcomes but instead serves as an exploration of how to 
lower the widely reported adaption hurdle of DSTs (Devaraj et al., 2014; Gille et al., 
2020; Jacobs et al., 2021). Ultimately, how ML algorithms arrive at their predictions 
and to what extent this should and does matter to clinicians using the predictions re-
mains an epistemic question. At the same time, Chapter VI contributes to the 
knowledge necessary to translate ML predictions from theory into clinical practice. 
Beyond local SHAP values, Chapter IV uses global SHAP values to provide additional 
insights into the inner workings of the models’ decision processes. It further applies 
the checklist of Scott et al. (2021) to extensively discuss the clinical usefulness and 
implementation-relevant aspects of the proposed model. Among the discussed aspects 
are data quality, use cases, the effect of changing thresholds, and ways to display the 
predictions to clinicians. This discussion gives interested clinicians a much more de-
tailed picture of the algorithm and its possible use cases. At the same time, it added 
three pages of text to the article, making it an arguably unfeasible standard for most 
Data Science publications. In terms of model implementation, however, it is a struc-
tured and comprehensive way of ensuring that the models’ strengths and weaknesses 
are discussed and communicated.  
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Lastly, Chapter VII contributes to the question of how personalization can be (and is) 
implemented in DMHIs through the example of depressive symptoms. The key con-
tributions are the proposed framework and the systematic analysis of 138 articles to 
quantify the current use of personalization, including studies evaluating its value-add. 
A common logic to classify the activity of interest is a necessity when aiming to syn-
thesise and evaluate research. Defining personalization as purposefully designed indi-
vidual variation and differentiating it from other forms of adapting interventions offers 
such a categorisation. Researchers or clinicians designing a DST can use the categories 
and mechanisms to recommend what to do with a prediction. Chapter VII, therefore, 
sets a milestone for future (meta) research on personalization in DMHIs. Further, prov-
ing that 66% of interventions already apply some form of personalization, most of 
them as rule-based mechanisms, shows the theoretical potential for ML-based appli-
cations. Lastly, only three studies currently implement ML-based personalization, and 
only two investigated the value-add of personalization with null results on very small 
(N<60) samples, clearly showing the need for further research. Providing transparency 
to the state of research raises the issue that the amount of empirical evidence mis-
matches the commonly assumed value of personalization.  
In conclusion, the contributed articles shine a light on the current state of knowledge 
regarding the role of trust and personalization options in DMHIs. Further, they propose 
and discuss different aspects necessary to translate proof-of-concept predictions into 
complex, high-stake and user-driven clinical processes.  

4.4 Open Questions and Outlook 
Despite this thesis’ extensive and systematic engagement with a single problem, sev-
eral decisive questions remain open regarding the value-enhancing implementation of 
dropout predictions in DMHIs. This section, therefore, attempts to elucidate the dif-
ferent levels at which ML applications in DMHIs could be furthered in the future.  
First and foremost, any claim of the revolutionary paradigm change induced by ML-
based DSTs bases on the conjuncture that personalization can improve outcomes and 
dropout at scale. However, much more evidence is necessary to investigate the extent 
and nature of this claim, as good predictions do not necessarily translate to useful clin-
ical actions. A decisive aspect of future work is, thus, the prospective evaluation of the 
effects of Machine Learning-based DSTs on patients. 
Secondly, several of the key problems discussed in this thesis originate from the mis-
match between the ontological view of Data Science and the reality of DSTs in clinical 
mental health. In the end, most studies pair less favourable prerequisites with much 
higher stakes while often not adhering to the methodological standards of Data Science 
methodology (Cabitza & Campagner, 2021; DeMasi et al., 2017; Hullman et al., 2022; 
Yarkoni & Westfall, 2017). The consequences are possible contradictory or pluralistic 
results that often do not suffice to derive generalisable rules. Relevant aspects concern 
data set sizes, validation set-up and target leak (Hullman et al., 2022; Yarkoni & 
Westfall, 2017). Considering the availability of various domain-specific checklists 
(Cabitza & Campagner, 2021; Olczak et al., 2021; Scott et al., 2021), the field of 
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research would benefit from their enforcement as it is commonly done in classical 
statistical analysis (Hullman et al., 2022).  
Thirdly, many more feature types and model options are possible and promising in 
predicting dropout. Examples are data from mobile phones, for example, GPS data 
(Terhorst et al., 2023). As an example, a recent study leveraged Large Language Mod-
els with multi-sensor mobile data to identify possible areas of interest, such as trends 
in sleep or movement (Englhardt et al., 2024). Adding aspects from outside the inter-
vention could possibly enhance predictions and their actionability. Additionally, the 
research at hand only considers a limited number of supervised ML algorithms. While 
these are the most-used choice for the problem at hand, other modelling alternatives 
can be considered. A key example of such an alternative is recommender systems to 
directly personalize messages (Sadasivam et al., 2016) or content. Generally, more 
data-driven industries, such as e-commerce or entertainment, may serve as a source of 
inspiration.  
However, as commonly said, more data is better than a better algorithm or feature type 
(Hullman et al., 2022). Therefore, fourthly, the availability of larger data set sizes de-
termines much of the future success of more sophisticated approaches (Hullman et al., 
2022; Yarkoni & Westfall, 2017). 
As a fifth point, the ML approach assumes that the individual level of insights (predic-
tions) renders population-based insights unnecessary. However, if high accuracy is not 
what drives adaption, this field of research risks ending up with what Hullman et al. 
(2022) call “the worst of both worlds”. For instance, if therapists need causal infor-
mation to trust and know how to act on predictions, local SHAP values are a bad proxy 
as they do not provide that information (Lundberg & Lee, 2017). Instead, simpler and 
easier-to-explain models may be preferable in their impact, even if they are not as 
accurate. This development is not unique to mental health, as data-driven researchers 
are moving from purely empirical towards critical realism (Hullman et al., 2022). 
Sixth, and more specifically concerning dropout, as discussed by Beintner, Vollert, et 
al. (2019) and mentioned in Chapter I:1.1, many different dropout definitions are pos-
sible and may influence results. Standardisation is necessary to further this area of 
research by allowing comparisons and meta-analytic evaluations of findings.  
In summary, moving away from context-specific and static proof-of-concepts on RCT 
data is imperative. Instead, prospective comparative studies in continuously used rou-
tine-care data settings are paramount in the reasonable advancement of the field. 
While some such studies are currently ongoing (e.g., Bjurner et al., 2024, PERSONAE 
at Region of Southern Denmark), they are still few. Further, for this development to 
be successful at scale, the legal frameworks and technological infrastructure must be 
developed, and interdisciplinary groups are necessary to ensure the domain knowledge 
to determine usefulness and the methodological rigour to ensure generalisability.  

5 Conclusion 
While DMHIs are an effective way of increasing and improving mental health care, 
such interventions are often plagued by high dropout rates (Beintner, Vollert et al., 



 

19 

2019; Gan et al., 2021; Lipschitz et al., 2023). Leveraging the power of Machine 
Learning promises to efficiently allocate resources to those most at risk. However, 1) 
small data set sizes, 2) a plethora of features and model types, and 3) the gap between 
merely accurate and factually used predictions may be hindering this progress.  
This PhD contributes to the field of research in various ways. First, it quantifies the 
risk of overfitting on small datasets and proposes a minimal necessary data set size of 
N=500-1000 in dependence on the setting. It further offers insights into several 
measures to mitigate this problem and provides evidence that pooling interventions 
improves and stabilises results. The systematic investigation of learning curves shows 
that complex models and feature types converge later. Moreover, all experiments ex-
cept the mouse data were conducted on data set sizes between two and 19 times as 
high as the median data set size of the twelve related works. Thus, this thesis signifi-
cantly increased the number of reliable publication results for dropout predictions in 
DMHIs.  
Secondly, the four ML studies investigated the predictive power of both established 
and, in this setting, innovative data types. A critical common finding is that hand-
crafted theory-driven features paired with simple models prevail over more complex 
ones. At the same time, more sophisticated features and model types show promise as 
data set sizes increase. 
Thirdly, this thesis investigated how the user adaption of ML-based DSTs could be 
facilitated. To that end, it found that local SHAP values increase the perceived trust 
and assumed usefulness of ML predictions. However, this did not translate into a big-
ger change in intended behaviour when therapists were asked to decide who should 
get increased human guidance levels. Further, the systematic review revealed that per-
sonalization is common in DMHIs for depressive symptoms, but very few studies use 
ML or provide evidence for the value of personalization. As such, the paper offers an 
extensive list of personalization options researchers and practitioners can draw from 
and improve on and calls for more evidence for the value of personalization. 
At the same time, the synthesis of the findings reveals several unanswered questions. 
Many of the problems are enate in the attempt to translate the revolutionary success of 
AI from areas such as e-commerce into the very different and complex healthcare 
world. In the long run, it is unlikely that the often-proclaimed paradigm shift will be 
realised without larger data sets and the systematic measurement of the value-add of 
ML predictions in ongoing care. Despite these challenges, ML-based precision care 
remains a crucial lever in advancing mental health care, ultimately aiming to improve 
patients’ lives in an overwhelmed system. 
In summary, this PhD not only increases the body of research available but also fur-
thers the academic and practical use of dropout predictions in DMHIs by addressing 
the three identified key problems. Beyond the exploration of research gaps, the find-
ings challenge existing standards and provide critical insights, resulting in the provi-
sion of substantial empirical references to guide future research design and clinical 
use.  
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Abstract: Artificial Intelligence promises to revolutionize mental health care, but 
small dataset sizes and lack of robust methods raise concerns about result generalisa-
bility. As insights into minimal necessary data set sizes are scarce, this study explores 
domain-specific learning curves for intervention dropout predictions. Prediction per-
formance is analysed based on dataset size (N=100-3,654), feature groups (F=2-129), 
and algorithm choice (from Naive Bayes to neural networks). The results substantiate 
the concern that small datasets (N≤300) overestimate predictive power. For unin-
formative feature groups, prediction performance was negatively correlated with da-
taset size. Sophisticated models overfitted in small datasets but were crucial for max-
imizing test results in larger datasets. While N=500 mitigated overfitting, performance 
did not converge until N=750-1500. Consequently, we propose a minimum dataset 
size of N=500-1,000, depending on feature complexity and information value. As 
such, this study offers an empirical reference for researchers designing or interpreting 
AI studies on Digital Mental Health Intervention data. 
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1 Introduction 
The rapid advancement of artificial intelligence (AI) in various industries has spurred 
great anticipation for its transformative power in health care (Ben-Israel et al., 2020; 
Cruz Rivera et al., 2023). One area that particularly stands to benefit from AI-based 
improvements is mental health (Aafjes-van Doorn et al., 2021; Shatte et al., 2018). 
With 16% of global disability-adjusted life years attributed to them and staggering 
economic costs, mental disorders are immensely burdensome for individuals and so-
cieties alike (Arias et al., 2022). Further, mental disorders are heterogeneous in their 
treatment needs, and AI promises a resource-efficient way to personalize, scale and 
improve mental health care (Aafjes-van Doorn et al., 2021; DeMasi et al., 2017; Horn-
stein et al., 2023; Squires et al., 2023). However, among the central challenges in re-
alizing AI’s envisioned potential within mental health interventions (MHIs) is the lim-
itation of data set sizes (Aafjes-van Doorn et al., 2021; Bzdok & Meyer-Lindenberg, 
2018; DeMasi et al., 2017; Sajjadian et al., 2021; Squires et al., 2023).  
In contrast to diagnostics or public health data (Shatte et al., 2018), median data set 
sizes of Machine Learning (ML) application studies with MHI data barely exceed 100-
150 patients (Aafjes-van Doorn et al., 2021; Sajjadian et al., 2021; Squires et al., 2023; 
Vieira et al., 2022). Digital mental health interventions (DMHIs) allow for an easier 
collection of datasets than face-to-face (f2f) therapy (Bremer et al., 2020; Hornstein et 
al., 2023), but median data set sizes are still only 155-350 (Hornstein et al., 2023; 
Karyotaki et al., 2021; Zantvoort, Hentati Isacsson, et al., 2024). This is problematic 
because prediction power is notoriously known to be overestimated in such small data 
set sizes (Bates et al., 2022; Hastie et al., 2017; Lateh et al., 2017).  
Sajjadian et al. (2021) found that MHI studies with small data set sizes reported sig-
nificantly higher performance metrics than methodologically sound studies (p=0.005). 
Similarly, Zantvoort et al. (2024) reported that DMHI dropout prediction models 
trained on small data sets produced the highest cross-validation (CV) results but per-
formed worst on the larger test set. As a result, several authors caution the interpreta-
tion of the current state of results and warn about possible consequences. Deploying 
an ungeneralisable model risks suboptimal care, deteriorating patient outcomes, 
wasted resources, and, thus, ultimately leads to the opposite of the intended effects 
(Chekroud et al., 2024; DeMasi et al., 2017; Hilbert et al., 2024; Sajjadian et al., 2021; 
Zantvoort, Hentati Isacsson, et al., 2024).  
Despite their undebated relevance, minimal necessary sample sizes, as they are stand-
ard in classical statistical settings, are uncommon in ML applications (Balki et al., 
2019). While no all-encompassing solution is available, a key approach for better un-
derstanding them are learning curves (Balki et al., 2019; Giesemann et al., 2023; 
Smeden et al., 2019). A recent study by Giesemann et al. (2023) produced such learn-
ing curves for dropout predictions in f2f psychotherapy and suggested 300 data points 
as a minimal necessary sample size. However, they only used eight patient-reported 
features and did not investigate overfitting or result variance. Further, only minimal 
insights are available into the interaction effect of sample sizes, model types and the 
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number and type of features in DMHI data. Flexible models approximate realities’ 
complexity well, however, they risk overfitting, especially on small data sets (Bzdok 
& Meyer-Lindenberg, 2018; Perlich et al., 2004; Zantvoort, Hentati Isacsson, et al., 
2024). Simple models tend to produce more stable results but risk disregarding valua-
ble information (Atla et al., 2011; Fernandez-Delgado et al., 2014; Kwon & Sim, 
2013). Additionally, the effectiveness of any model significantly depends on the nature 
and number of predictors (Kwon & Sim, 2013; Smeden et al., 2019). Especially for 
DMHIs, feature numbers can quickly grow into hundreds of variables (Bremer et al., 
2020; Zantvoort et al., 2023). At the same time, data protection and adherence con-
cerns call for a data minimalism approach (Bremer et al., 2020; Cote-Allard et al., 
2022; Forsell et al., 2020). Moreover, several papers have reported that fewer hand-
crafted variables improved their results (Bremer et al., 2020; Bricker et al., 2023; Hen-
tati Isacsson et al., 2023). 
In conclusion, the key questions repeatedly arising in ML studies in DMHIs are 1) how 
the dataset size influences the results (Bremer et al., 2020; Giesemann et al., 2023; 
Sajjadian et al., 2021), 2) which of the ample algorithms to implement (Bricker et al., 
2023; Cote-Allard et al., 2022; Fernandez-Delgado et al., 2014; Giesemann et al., 
2023; Linardon et al., 2022; Zantvoort et al., 2023), and 3) which of the abundant 
possible variables to use (Bremer et al., 2020; Bricker et al., 2023; Zantvoort et al., 
2023). The current study aims to investigate the interdependence of these questions by 
analysing the learning curves for dropout predictions across six models with varying 
levels of flexibility and six feature groups differing in their predictive power and ex-
tent. To derive insights into minimal necessary data set sizes, the results will be inves-
tigated not only regarding their performance level but also their variance, generalisa-
bility and trajectory. To this end, we leverage 3,654 users’ data from digital eating 
disorder prevention interventions provided to the general public in Germany (Nacke 
et al., 2019). Eating disorders are highly prevalent (Galmiche et al., 2019) and associ-
ated with immense levels of suffering (American Psychiatric Association, 2006). 
While DMHIs are effective in preventing and treating EDs, intervention dropout is a 
substantial issue among them (Linardon et al., 2020). Measures such as guidance can 
mitigate dropout but are costly (Hilvert-Bruce et al., 2012; Pedersen et al., 2019). Us-
ing AI to identify users at risk of dropping out allows for optimising resource allocation 
and improving outcomes regardless of the availability of final symptom scores (Bri-
cker et al., 2023; Hilvert-Bruce et al., 2012; Pedersen et al., 2019). As such, within a 
case study’s limits, this paper seeks to provide insights to improve the design and in-
terpretation of ML studies on DMHI data. 

2 Results 

2.1 Final Values 
The final data set comprised 3,654 users, of whom 63% were classified as dropouts. 
Feature groups ranged from 2 features (F) (simple questionnaire), over 7 (simple be-
haviour), 13 (selected behaviour), 51 (extended questionnaire), and 64 (mixed) to a 
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maximum of 129 features (extended behaviour) in addition to the intervention infor-
mation. The descriptive statistics, including for the training and test set, can be found 
in Supplementary Table 1. 
Naïve Bayes (NB), Logistic Regression (LR), Support Vector Machines, (SVM) Ran-
dom Forest (RF), adaBoost and Multilayer Perceptron Neural Network (NN) models 
were trained with 10-fold CV on 80% of the assumed data set sizes between 100 and 
3,654 users and evaluated on the test set of 731 users. Hyperparameters differed across 
settings (e.g., regularisation for 7 vs 129 features), and are published in this study’s 
GitHub repository. For clarity and brevity, the results are discussed on the area under 
the curve (AUC) score only, but the further metrics, including balanced accuracy, f1-
score, and recall are published in Supplementary Table 2. Supplementary Table 3 holds 
the p-values for the DeLong tests.  

2.2 Predictive Power of Feature Groups 
Approximating the prediction performance via the best model on N=3,654, the as-
sumed predictive power across feature types was confirmed. There was no information 
in the simple (0.53 test AUC) and only moderate (0.66 AUC) in the extended ques-
tionnaire data. The simple behaviour data already achieved an AUC of 0.72, which 
was increased to 0.77 for the extended and 0.80 for the selected behaviour data. From 
there, the mixed features only slightly increased results to 0.81 AUC. Since the simple 
questionnaire data had no predictive power, its results will only be discussed in the 
context of overfitting.  
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Figure 3: Training and test learning curves per feature type 

 
Notes: Each panels shows the respective mean AUC score for the cross validation on 
the training data (solid line) on the respective left and mean test data performance 
(dotted line) on the right side 

2.3 Overfitting on Small Data Set Sizes 
Overfitting was a substantial problem for the small data set sizes (N≤300), as they were 
prone to produce much larger CV results than test results —however, the extent varied 
across the model and feature types. 
Regarding models, at N=100, the share of CV results with at least +0.10 higher AUC 
than the test results was by far the lowest for NB (avg. 13%). The NNs, LR and SVMs 
followed with 25%, 33%, and 38%, respectively. On the highest end of the spectrum 
were the tree-based models, on average, overestimating predictive power by more than 
+0.10 AUC in 42% (adaBoost) and 45% (RF) of the cases. These numbers dropped 
substantially to an average of 7-8% for N=300. Increasing to 500 data points eventu-
ally lowered the share to 0% for all models and runs but the simple questionnaire data 
and the NB for selected behavioural data.  
In terms of feature types, low-information feature groups (simple and extended ques-
tionnaire) were the most likely to overfit. For data set sizes of N≤300, the avg. differ-
ence between the training and test scores without NB was -0.07 (max. -0.12 AUC). 
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Choosing the winning model based on CV scores for the simple questionnaire data led 
to up to 70% of the results being >0.61 AUC despite a useless model. While the over-
fitting decreased for N>300 (avg. -0.02 AUC) in the extended questionnaire data, it 
continued to be -0.05 AUC for all models but the NB for the simple questionnaire data. 
Further, for these two feature types, up to N=300 training results got worse with in-
creasing data set size (avg. -0.03, max. -0.06 AUC) as seen in Figure 3 a. and b. The 
same was visible in the simple behavioural data (Figure 3 c.) but less severe and only 
for RF and SVM (avg. and max. -0.02 AUC for N≤500).  
For the extended behaviour, selected behaviour and mixed data, gaps between training 
and test set performance for N≤300 were also prevalent but less severe (avg. -0.05, 
max. -0.09 AUC). For these three most informative feature groups, both training and 
test results increased with data set sizes, and the models winning in the training scores 
consistently also produced the highest test scores.  

2.4 Variance of Results 
The results of the individual validation folds were highly unstable for small data set 
sizes. The AUCs’ standard deviation (S.D.) steeply declined as the data set size in-
creased. As such, the variability of AUC results was by far highest for N=100 (avg. 
S.D. 0.20 AUC) but quickly fell to half that value by N=400, as seen in Figure 4. After 
that, it continued to drop, with the lowest average value in our results being S.D. 0.03 
AUC at N=3,654. The test set of 731 users also had a downward trajectory, however, 
with much smaller values (0.036-0.002 AUC for N=100-3654). Parallel to the obser-
vations in overfitting, the result variance was highest for the unpredictive feature 
groups. The single validation folds of N=100 in the simple questionnaire data covered 
the entire AUC score range from very bad to very good (AUC mean 0.60, ±S.D. 0.37-
0.83, min. 0.00, max. 1.00). Variance was lowest but still very high for the selected 
behaviour data (AUC mean 0.70, ±S.D. 0.52-0.94, min. 0.10, max. 1.00). 
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Figure 4: Result variance per feature type 

 
Notes: Mean standard deviation of the single folds’ area under the curve score as 
dotted lines, mean across all features in black solid line. 

2.5 Performance Convergence per Model 
The convergence points of the test set performance differed per model type and are 
shown in Figure 5. The simple questionnaire results are shown in the graphs but ig-
nored in the calculations as there was no predictive power to converge towards.  
The simpler models NB, LR and SVMs all had a median convergence point of N=750. 
The more sophisticated tree-based models converged later at N=1,000, followed by 
the NN at N=1,500. The NB had no performance improvement (+0% AUC) when 
provided with large data set sizes (N=3,654 instead of 750), whereas LR and RF, on 
average, grew +2%. SVMs and NNs could slightly better leverage the largest data set 
(+3%) but were surpassed by adaBoost on average increasing the AUC between 
N=750 and 3,654 by +5%.  
It is noticeable that the NN showed oscillation and larger variability in the results for 
much longer than the other models, where this only occurred for very small data sets. 
Training it on the small data sets partly gave convergence warnings. 
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Figure 5: Test learning curve and convergence points per model type 

 
Learning curves on the test data per model: a) Naive Bayes, b) Logistic Regression, c) 
Support Vector Machines, d) Random Forest, e) adaBoost, and f) Multilayer Percep-
tron Neural Network. The colours indicate the different feature types, i.e., simple ques-
tionnaire (dark blue), extended questionnaire (light blue), simple behaviour (tur-
quoise), extended behaviour (light green), selected behaviour (dark green), mixed fea-
tures (yellow). The respective mean area under the curve score is shown as sold hori-
zontal line and their S.D. as shaded area around it. Knee points indicate point of per-
formance convergence as coloured scatter points for the individual and grey dotted 
line as median across feature types. Knee points are not shown for simple question-
naire due to lack of predictive power. 
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2.6 Marginal Value and Convergence of Additional Features 
The marginal benefit of complex features was highest for large data set sizes, and more 
predictive feature groups tended to converge among the latest. 

Adding the extended question-
naire features to the simple ones 
(F=51) continuously improved 
results as the data set size grew 
(avg. 0.51-0.53 versus 0.55-0.66 
test AUC for N=100-3,654). The 
same was the case for increasing 
the simple to the extended behav-
iour data (avg. 0.63-0.70 versus 
0.64-0.75 test AUC). Due to 
overfitting on N=100, the best 
CV results for the simple behav-
iour were equal to those of the 
extended behaviour data 

(AUC=0.74), despite being lower on the test set (0.64 vs 0.68 AUC), as shown in Fig-
ure 6. This effect faded with increasing data set size, and at N=500, even the test set 
performance of the extended group surpassed the simple one’s CV scores.  
Similarly, using selected instead of extended behavioural data was most beneficial on 
the small data sets (+0.08-0.03 test AUC difference at N=100-3,654). Generally, for 
all models but the NB, the extended behaviour data curve was the steepest after 
N=1,000, such that it was closing the gap to the selected behaviour features. For LR, 
it even had already matched the selected behavioural data’s performance at N=3,654 
(Figure 5. b.).  
Adding more than 50 questionnaire features to the selected behaviour data for the 
mixed data set first led to slightly less (N≤200, avg. difference in test AUC -0.02), then 
equal (N=300-500, 0.00), and ultimately slightly better performance (N>500, +0.01). 
As the only exception, using selected (F=13) instead of simple (F=7) behavioural data 
was always beneficial, but most so on the small data sets (avg. +0.12-0.08 test AUC 
difference for N=100-3,654).  

2.7 Model and Feature Combinations 
Naive Bayes (NB) obtained competitive test results (top3 models) for smaller data set 
sizes, specifically for the extended questionnaire (N≤750), mixed features (N≤400), 
selected behaviour (N≤200), and simple behaviour (N=100). However, NB never out-
performed the respective other top3 models (p>0.05). Furthermore, as shown in Figure 
3 c.-e., NB significantly underperformed compared to the other models for behaviour 
data, particularly for extended features and larger data set sizes (p<0.05). 
Logistic Regression (LR), on the other hand, performed very well in almost all settings. 
It consistently outperformed most models for the extended questionnaire data for 

Figure 6: Random Forest training (CV) and test 
learning curve  
 



 

30 Chapter II: Learning Curves 

N=200-500 (p<0.05). For N>500, LR continued performing well but was first matched 
by RF and later (N>2,500) by adaBoost. In the extended behaviour data, LR was below 
or equal to RF for N≤200 but significantly outperformed all models (p<0.05) with few 
exceptions after that. 
Support Vector Machines (SVMs) mainly performed in the mid-field but were most 
competitive with a linear kernel in the two extended feature types. As such, they per-
formed similarly to the top model LR on extended behaviour data for N>2500 (p=0.06-
0.08) and regularly outperformed (p<0.05) NB, NN and adaBoost.  
Similarly to LR, Random Forest models (RFs) performed very well, especially for the 
highest information feature types. They consistently outperformed all models for se-
lected behaviour and mixed features, with the only regular exception being adaBoost 
for N>750 in selected behaviour and N>1,000 in mixed features. 
adaBoost tended to perform better with larger data set sizes. For the highest infor-
mation features, it progressively caught up to RF as of N>400. Additionally, adaBoost 
performed very well in the simple behaviour data (N>100) and the extended question-
naire data (N>1,500). 
Multilayer Perceptron Neural Networks (NN) were among the top3 models for simple 
behaviour (N>750) and selected behaviour (N>200) data and occasionally performed 
well for extended behaviour data. NN’s most competitive results were for data set sizes 
of 1,500 or more, where it was most likely to outperform NB, LR, or SVMs. 

3 Discussion 
Sophisticated ML models promise to disrupt mental healthcare through resource opti-
misation and personalization (Hornstein et al., 2023; Sajjadian et al., 2021), for exam-
ple by lowering dropout (Pedersen et al., 2019) and improving health outcomes (For-
sell et al., 2019). However, in DMHI settings, median data set sizes barely reach 155-
350 (Hornstein et al., 2023; Sajjadian et al., 2021; Zantvoort et al., 2023). While such 
data set sizes are known to overfit and not suffice for many sophisticated models (Bates 
et al., 2022; Hastie et al., 2017; Lateh et al., 2017), very limited insights are available 
at what data set size these problems are mitigated. Therefore, the current study lever-
aged a dataset 10-24-times as big as the reported medians to evaluate performance 
levels, generalisability and variance across different feature groups (i.e., low to high 
predictive power with F=2-129) and six model types (Naïve Bayes, Logistic Regres-
sion, Support Vector Machines, Random Forest, adaBoost, and Multilayer Perceptron 
Neural Network models). 
Our first key finding confirms that CV results on small, thus most common, data set 
sizes overestimate the prediction performance. Especially worrisome is that the effect 
was exacerbated for uninformative features, such that a useless model had up to a 70% 
likelihood of returning seemingly good CV scores. Further, we reproduced the nega-
tive correlation between data set sizes and CV results (Sajjadian et al., 2021; Zantvoort, 
Hentati Isacsson, et al., 2024) for N≤300 and partly N≤500 for the least predictive 
features. In these settings, such high training results were associated with the worst 
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test results (Chekroud et al., 2024; Zantvoort, Hentati Isacsson, et al., 2024). While 
overfitting was also prevalent in N≤300 for the more predictive features, it was lower, 
and the best training translated to the best test results. Further, among all features, the 
individual validation scores were highly unstable for N≤300 (S.D. 0.13-0.20 AUC). 
Evaluating on a single fold is common (Chekroud et al., 2024; Sajjadian et al., 2021), 
and publication bias risks an overrepresentation of the higher end of that variance in 
published studies (Andaur Navarro et al., 2021; Squires et al., 2023). Thus, we con-
clude that results from data set sizes of N≤300 imply a substantial risk of being infla-
tionary and ungeneralisable, especially for features with low predictive power. 
A second, closely related key result is that CV scores on small data sets risk underes-
timating the superiority of complex versus simple features. This is caused by, firstly, 
large data being necessary to leverage additional features and, secondly, simple fea-
tures overfitting more. For the largest feature group (F=129), our data set size even 
may have been too small as it continued catching up to the already converged selected 
feature’s performance. However, more research on larger data sets is necessary to in-
vestigate this hypothesis. Therefore, we tentatively confirm previous findings (Bremer 
et al., 2020; Hentati Isacsson et al., 2023) that hand-crafted and theoretically driven 
selected features are preferable, especially for small data sets.  
The third key result confirms that simpler models are less likely to overfit but converge 
earlier and are less competitive for higher data set sizes. More flexible models, on the 
other hand, heavily overfit small data sets but produce the best results on the high 
information features, especially for large data set sizes. Consistent with theory and 
empirical evidence (Atla et al., 2011; Nettleton et al., 2010), particularly NB gave ro-
bust results but was not very competitive overall. On the other end of the spectrum, 
especially RF and SVMs seemed very competitive on noisy and small data sets but 
actually overfitted (Atla et al., 2011; Rodriguez-Galiano & Chica-Rivas, 2014; Sa-
seendran et al., 2019). adaBoost performed badly on small but was most effective in 
leveraging large data sets. RF was one of the two most competitive algorithms across 
settings, already efficiently leveraging mid-sized data sets for predictive features (Atla 
et al., 2011). LR was the second competitive algorithm, confirming its balance of over-
fitting less on small data sets (Saseendran et al., 2019) but only partly being outper-
formed in large data sets. The fact that LR is easier to interpret and faster to train than 
the tree-based models emphasises its essential role as a staple baseline model to beat 
(DeMasi et al., 2017; Hentati Isacsson et al., 2023; Zantvoort et al., 2023).  
The fourth key finding is that prediction performance in our study did not converge 
until N=750 for simpler and 1,000-1,500 for more sophisticated models. Both are sub-
stantially above Giesemann et al.’s findings that their results stopped improving at 
N=300. A possible explanation is that their study on f2f-therapy investigated only eight 
features, which all fall within our extended baseline definition. As a result, their max-
imum test AUC score (N=10.000) was 0.62, which our extended baseline data also 
achieved at N=300. Further, in our data, more predictive features partly converged 
later than those with less information value. One possible hypothesis could, therefore, 
be that their earlier convergence point may be due to the limited predictive information 
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in the features used. Thus, we conclude that more sophisticated models paired with 
larger data set sizes (N>750) are necessary to approximate the true potential for the 
common feature groups in DMHIs. 
Beyond the potentially still too-small sample size of 3,654, this paper has several lim-
itations. Firstly, it is only one case study, and while concurring with previous 
knowledge, this study per design does not suffice to reliably differentiate between set-
ting-specific and generalisable tendencies. Regarding sample bias, the interventions 
considered are preventative and the sample only comprises self-referred female par-
ticipants. Further, the five study arms were heterogeneous in their content, lengths, and 
user symptom strength (Nacke et al., 2019). As pooling interventions already mitigates 
overfitting (Zantvoort, Hentati Isacsson, et al., 2024), results may differ if repeated on 
a single intervention. However, this also implies that overfitting in this study may be 
underestimated, making the proposed increase of minimal data set sizes even more 
critical. Hence, the current study presents first insights, but more research is necessary 
to confirm the proposed minimal data set sizes. As a second limitation, while the op-
erationalisation of the outcome and feature groups was empirically and theoretically 
founded, many other options (Bremer et al., 2020; Smink et al., 2021; Zantvoort et al., 
2023) are possible and may influence results. We proposed six different feature groups 
representing low to high predictiveness for intervention dropout, but they would, for 
example, differ in health outcome predictions (Hornstein et al., 2021; Zantvoort et al., 
2023). Further, although recent works substantiate the assumption that our findings 
still apply (Hilbert et al., 2024; Sajjadian et al., 2021; Vieira et al., 2022), features such 
as neuroimaging or biological data are not considered in the current study. The same 
limitation applies to pre-processing steps and model choice, including more sophisti-
cated neural networks than the MLP used. Fourthly, while using the elbow method 
allows an analytical approach to determining convergence, it does not consider the 
trade-off of the cost that additional data points induce. Further, oscillations can influ-
ence elbow points, though mitigated by choosing the global instead of local elbow 
point.  
In terms of recommendations, we, firstly, strongly discourage mistaking CV or, even 
less so, single test set results for suitable performance measures on small data set sizes 
(N=100-300). Doing so exacerbates publication bias and causes ungeneralisable result 
expectations (Andaur Navarro et al., 2021; Chekroud et al., 2024; Hilbert et al., 2024; 
Zantvoort, Hentati Isacsson, et al., 2024). A key step against overfitting is separating 
the validation set for the hyperparameter decision from the model choice, for example, 
through nested CV (Bates et al., 2022). Further, especially for complex features or 
ones with unknown or low information value, having a reasonably sized test set is 
indispensable (Beleites et al., 2013; Chekroud et al., 2024). Based on our results and 
previous suggestions (Beleites et al., 2013), we, therefore, propose a minimal data set 
size of N=500 for predictions in DMHIs to mitigate overfitting.  
Secondly, even though N=500 started producing reliable results, it did not suffice to 
approximate many of our feature groups’ maximum predictive power. Performance 
did not converge until N=750 for LR, SVM and NB, and for the more flexible models, 
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it even required N=1,000-1,500. Further, the predictive power of additional and mixed 
features increased in higher data set sizes. We, therefore, suggest N=1,000 as a mini-
mal data set size when comparing simple to more complex feature groups.  
Lastly, and closely related to the other points, we recommend being mindful of the 
interaction between the nature and number of features, data set sizes and models. 
While ML methods can theoretically handle many features, for small data set sizes, 
the noise of additional features and the models’ ability to overfit it must be considered 
(Atla et al., 2011; Kwon & Sim, 2013; Nettleton et al., 2010; Saseendran et al., 2019). 
Further, the hyperparameters, especially those concerning regularisation, need to be 
chosen accordingly. To determine the adequacy of the set-up, we suggest implement-
ing and reporting a learning curve approach leading up to the maximum available data 
set size. On the one hand, a downward CV trajectory suggests substantial overfitting. 
On the other hand, a continuously steep upward trajectory of both CV and test results 
suggests an underestimation of the predictive power due to a lack of data. 
In summary, this paper contributes to the field of research by providing insights to aid 
the design and interpretation of predictions in DMHI settings. As such, it aims to com-
bat unrealistic result expectations and the consequent disenchantment in a field where 
AI can be of great value but is only gradually gaining a foothold.  

4 Methods 

4.1 Case Study Background – everyBody Study 
The everyBody dissemination study (ISRCTN13716228) provided evidence-based 
eating disorder (ED) prevention and health promotion programs (Beintner, Emmerich, 
et al., 2019; Jacobi et al., 2007, 2012, 2022) in Germany (Nacke et al., 2019). Partici-
pants (N=3,654) were adult women without full-syndrome EDs recruited from the gen-
eral population between November 2016 and May 2019. All participants gave in-
formed consent to participate in the study, and participation was anonymous. This pri-
mary study was a stratified, nonrandomised, parallel-group interventional design 
where intervention content matched risk and symptom levels. From the total sample, 
452 users were allocated to the Basic intervention, 397 to Original, 1,386 to Plus, 80 
to AN, and 1,339 to Fit. The interventions comprised 4 to 12 weekly online sessions 
(20 to 60 minutes) based on cognitive-behavioural principles, including psychoeduca-
tion, exercises to promote body image and balanced eating, and—if applicable—to 
reduce ED symptoms. Four out of five interventions were supplemented with daily or 
weekly online diaries. Four interventions had access to moderated peer group discus-
sions, and two included weekly coach feedback messages.  
Questionnaires were completed at screening, baseline, mid-intervention, post-inter-
vention, 6-month, and 12-month follow-up. Analysis of pre-post changes of weight-
related concerns within the completer subset revealed notable decreases in weight-
related concerns across four of the five study arms (effect sizes d = -0.45 to d = -0.94) 
(Nacke et al., 2024). 
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The screening and allocation process, individual intervention design and data genera-
tion is described in detail in Supplementary Note 1. Additional information can be 
found in the pre-registration protocol of the study (Nacke et al., 2019) and its primary 
publication (Nacke et al., 2024). 

4.2 Definition of Outcome  
Session completion was chosen to operationalise dropout, as it was found to be the 
most closely connected to intervention outcome (Donkin et al., 2013). While the dif-
ferent interventions had variable numbers of sessions (4-12), they presented similar 
dropout patterns, as seen in Figure 7. 
Therefore, completing less than four sessions was defined as dropout to account for 
the minimum length of four weeks in the shortest intervention. This definition led to 
56% dropout in the Basic intervention, 64% in Original, 70% in Plus, 61% in AN, and 
58% in Fit. While many other dropout definitions are possible (Beintner, Vollert, et 
al., 2019), this operationalisation presents the possibility of identifying the users most 
at risk of leaving across interventions while ensuring sufficient time left to intervene 
(Forsell et al., 2019). 

Notes: Dropout curves per intervention arm defined by the share of users that finished 
each number of sessions across intervention, i.e., Fit (green), basic (yellow), Plus 
(dark blue), original (red), AN (turquoise). Vertical blue line indicates the cutoff point 
of four models, 
 

4.3 Feature Groups and Pre-Processing 
The most common overarching categories for dropout predictors are questionnaire data 
and intervention user behaviour data (Bremer et al., 2020; Zantvoort et al., 2023). For 
the current study, feature groups were categorised based on the number of features and 
their empirically proposed predictive power regarding dropout. The categories 

Figure 7: Dropout curves per intervention arm with cutoff 
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considered and their key details are shown in the overview in Table 3 and briefly de-
scribed in the text below. Across all feature groups, the basic information of which 
intervention the user participated in, its lengths in weeks, and the starting year was also 
added. 
The translated original questions and units can be found in Supplementary Table 1. An 
overview of the almost 200 features’ description including their number of missing 
values is provided in Supplementary Note 2. All data processing was done in Python, 
primarily relying on the NumPy (Harris et al., 2020) and Pandas (McKinney, 2010) 
libraries. Missing values were imputed with a multivariate iterative imputer (Roderick 
& Rubin, 2002) using the training sets questionnaire and weekly aggregated user be-
haviour variables described below. 
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Table 3: Overview feature groups 
Name Description Key Aspects # 
Simple  
Questionnaire 

Primary symptom scores (WCS) 
(Killen et al., 1994) at screening and 
baseline  

Assumed low predictive power 
(Bricker et al., 2023; Günther et al., 
2023; Linardon et al., 2022; 
Zantvoort et al., 2023), available be-
fore intervention start 

2 

Extended 
Questionnaire 

Variety of self-report questionnaires 
incl. WCS (Killen et al., 1994) and 
further eating disorder (Fairburn & 
Beglin, 2008; Tylka, 2006), depres-
sion (Kroenke et al., 2001), and anx-
iety (Spitzer et al., 2006) symptoms 
and behaviour patterns, personality 
(Rammstedt et al., 2012), self-regu-
lation (Carey et al., 2004) and self-
esteem scores (Rosenberg, 1979), 
psychiatric and weight loss history, 
alcohol use (Bush et al., 1998), so-
cio-demographic information, and 
user expectations. 

Assumed low predictive power 
(Bricker et al., 2023; Günther et al., 
2023; Linardon et al., 2022; 
Zantvoort et al., 2023), theoretically 
available before intervention start 
but with high time-invest from users 

51 

Simple User 
Online Behav-
iour 

Sum of logins per day of the first 
week 

Assumed high predictive power, 
very simple to obtain 

7 

Selected User 
Online Behav-
iour 

Single aggregation for the first week 
of time to complete sessions, sec-
onds spent, number of logins, num-
ber and length of answers, diary en-
tries and messages to coaches and 
group chat 

Assumed high predictive power 
(Bremer et al., 2020; Hentati 
Isacsson et al., 2023; Zantvoort et 
al., 2023; Zantvoort, Hentati 
Isacsson, et al., 2024) with effort 
into researching and choosing most 
promising options and aggregation 
measures 

13 

Extended User 
Online Behav-
iour 

Variables from log files aggregated 
per day of the first week, incl. ses-
sions completed, seconds spent, log 
ins, time spent in beginning/ mid/ 
end of the week and morning/ day/ 
evening, session completion, count 
and number of characters of diaries, 
group, and coach messages, exer-
cises, answers to the sixteen most 
common closed questions as mean, 
min and max 

High predictive power but possible 
loss due to complexity (Bremer et 
al., 2020; Hentati Isacsson et al., 
2023; Pedersen et al., 2019), auto-
matically collected during first week 
of intervention with limited time in-
vest  

129 

Mixed  
Features 

Extended questionnaire + selected 
user online behaviour 

Mixed, with reported increase of 
predictive value (Zantvoort et al., 
2023) 

64 

 

Questionnaire Data: For the primary dissemination trial, various questionnaire data 
were collected before intervention start, ranging from the standard primary symptom 
data up to less common measures such as personality scores. As pre-intervention ques-
tionnaire data has limited predictive power regarding dropout by itself (Bricker et al., 
2023; Günther et al., 2023; Linardon et al., 2022; Zantvoort et al., 2023), it was used 
to investigate a low predictive power setting.  
For the simple questionnaire data, only the screening and baseline primary symptom 
questionnaires (Weight Concern Scale (Killen et al., 1994)) were used. For the 
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extended questionnaire data, another 49 measures on psychological symptoms and 
characteristics, socio-demography, and user expectations were chosen based on their 
availability from the primary study and assumed usefulness. As a result, missing data 
was minimal, with five variables with <1.5% and six variables with <15% missing 
entries. The six latter were voluntary, and most users either answered all or none. 
Therefore, an additional variable was added to indicate this choice.  
User Intervention Behaviour Data: For the intervention user behaviour data, log files 
and user submissions were aggregated into a set of simple, selected, and extended fea-
tures. Only data from the first week of the intervention was used to leave sufficient 
time to intervene against dropout. The simple behaviour data followed related work 
on generalisable features in DMHIs and counted the users’ number of logins per day 
for the first week of the intervention (Bricker et al., 2023; Cote-Allard et al., 2022). 
For the selected user behaviour, features were selected based on the related work 
(Bremer et al., 2020; Hentati Isacsson et al., 2023; Hornstein et al., 2021; Zantvoort et 
al., 2023; Zantvoort, Hentati Isacsson, et al., 2024) and aggregated per week, mitigat-
ing sparsity, multicollinearity, and complexity. For the extended user behaviour, the 
same raw data instead was separately aggregated per day and included additional less 
known or theoretically less informative features as well as more aggregation forms 
(e.g., mean, minimum and maximum). 
Mixed Features: To consider possible interaction effects between the two types of fea-
tures (Zantvoort et al., 2023), the selected behaviour and extended questionnaire data 
were added together for the last group. 

4.4 Algorithms 
Six common ML algorithms (Fernandez-Delgado et al., 2014; Hastie et al., 2017) were 
included in a trade-off of investigating different models while maintaining a reasona-
ble computational load and ability to present results. For the simple algorithms, Naïve 
Bayes (NB) (Zhang, 2004), Logistic Regression (LR), and Support Vector Machines 
(SVMs) (Cortes & Vapnik, 1995) with a linear and radial kernel option and classifier 
were trained. In terms of more sophisticated tree-based models, first, Random Forest 
(RF) models were used due to their high flexibility and good performance in similar 
settings (Fernandez-Delgado et al., 2014; Zantvoort et al., 2023; Zantvoort, Hentati 
Isacsson, et al., 2024). Second, to leverage the upsides of sequentially combining sev-
eral tree learners, adaBoost decision trees were included. Lastly, a Multilayer Percep-
tron covered the family of deep neural networks. These models have been extensively 
discussed in various sources (Hastie et al., 2017; James et al., 2021) and will, therefore, 
not be further detailed here. 

4.5 Learning Curves and Training Set-up 
To estimate training performance, 10-fold cross validation (CV) with grid search was 
implemented. The best resulting estimator was re-trained on the entire training dataset 
and evaluated on the previously set aside test set of 20% of the data. A standard scaler 
was incorporated into the pipeline. Regarding the hyperparameter ranges, default 
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values were expanded upon if the outermost values appeared insufficient or excessive 
within the training data results.  
Following authors such as Giesemann et al. (2023), Balki et al. (2019), and Perlich, 
Provost, & Simonof (2004), learning curves were used to provide insights into the 
effect of sample size on prediction performance. For the data set sizes, the space of 
100, 200, 300, 400, 500, 750, 1,000, 1,500, 2,000, 2,500, 3,000, and 3,654 was ex-
plored to balance a comprehensive investigation with computational costs. Samples 
were stratified for dropout, and the models were trained on 80% of the respective N to 
represent the data set sizes. Further, training was repeated on samples drawn with dif-
ferent seeds ten times for small data set sizes (≤500), five times for the mid data set 
sizes (≤2,000), and three times for the remaining large dataset sizes (Giesemann et al., 
2023). The model training was implemented with the scikit-learn (Pedregosa et al., 
2011) library in Python, and the code is publicly available in this paper’s GitHub re-
pository. 

4.6 Evaluation and Result Analysis  
The area under the curve (AUC) score was used to compare results across all settings 
without depending on a threshold. In terms of evaluation, the scores were classified 
into no (0.50-0-0.56 AUCs), low (0.57-0.64), moderate (0.65-70), good (0.71-0.75) 
and very good (>0.75) predictive power (Kraemer et al., 2003). Predictive power per 
feature group was approximated through the test score for the model type with the 
highest training scores at N=3654. A two-tailed DeLong test (DeLong et al., 1988; Sun 
& Xu, 2014) with a significance threshold of α=0.05 was used to compare the test 
AUCs between models. The DeLong test was chosen because it is non-parametric, 
aimed at comparing AUCs and sufficiently computationally efficient (Sun & Xu, 
2014). The test returns the p-value for the null hypothesis of equal performance, hence 
the assumption that no model performs better than the other. Failing to reject the null 
hypothesis (p>0.05) leads to possible differences in the AUC being assumed to be due 
to random chance. 
The variability of results was determined through the standard deviation of single val-
idation results across repetitions. To determine overfitting, first, the difference be-
tween the mean training and test score was considered. Next, the per centage of CV 
scores at least +0.10 AUC higher than the mean test set was investigated. The threshold 
0.10 was chosen as it is a step that definitively jumped one results categorisation in-
troduced above, meaning, for example, a “low” score would become “good”. Perfor-
mance convergence was investigated by considering the diminishing marginal benefit 
of adding more data through the so-called elbow method. To this end, the kneed algo-
rithm (Satopaa et al., 2011) Python implementation was used and set to find the global 
convergence point.  
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Chapter III: Intervention Data Pooling 
 
 
 

Zantvoort, K., Hentati Isacsson, N., Funk, B., & Kaldo, V. (2024). Data set size vs 
homogeneity – A Machine Learning study on pooling intervention data in E-Mental 

Health dropout predictions. SAGE Digital Health, 10, 1–11. 
 
Objective: This study proposes a way of increasing dataset sizes for Machine Learning 
tasks in Internet-based Cognitive Behavioural Therapy through pooling interventions. 
To this end, it (1) examines similarities in user behaviour and symptom data among 
online interventions for patients with depression, social anxiety, and panic disorder 
and (2) explores whether these similarities suffice to allow for pooling the data to-
gether, resulting in more training data when prediction intervention dropout. 
Methods: A total of 6418 routine care patients from the Internet Psychiatry in Stock-
holm are analysed using (1) clustering and (2) dropout prediction models. For the lat-
ter, prediction models trained on each individual intervention’s data are compared to 
those trained on all three interventions pooled into one dataset. To investigate if results 
vary with dataset size, the prediction is repeated using small and medium dataset sizes. 
Results: The clustering analysis identified three distinct groups that are almost equally 
spread across interventions and are instead characterized by different activity levels. 
In eight out of nine settings investigated, pooling the data improves prediction results 
compared to models trained on a single intervention dataset. It is further confirmed 
that models trained on small datasets are more likely to overestimate prediction results. 
Conclusion: The study reveals similar patterns of patients with depression, social anx-
iety, and panic disorder regarding online activity and intervention dropout. As such, 
this work offers pooling different interventions’ data as a possible approach to counter 
the problem of small dataset sizes in psychological research. 
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1 Introduction 
Modern societies struggle to provide adequate mental health care (Becker et al., 2018; 
Ebert et al., 2019; Lancet Global Health, 2020), as traditional therapy alone is not 
meeting the increasing need (Lamo et al., 2022). Internet-based Cognitive Behavioural 
Therapy (ICBT) promises to improve care levels by achieving similar goals as face-
to-face therapies through efficient digital means (Becker et al., 2018; Cuijpers et al., 
2014). With the rise of ICBTs, a large variety of user online activity data becomes 
recordable. Applying advanced analytics to this data holds great promise to individu-
alise and improve care (Bremer et al., 2020; DeMasi et al., 2017; Hornstein et al., 
2023). One task that presents itself to be solved with Machine Learning (ML) is that 
of intervention dropout predictions (Bremer et al., 2020; Lamo et al., 2022). A patient 
dropping out of an intervention is significantly less likely to have positive outcomes 
(Donkin et al., 2011). Yet, upon starting the intervention, costs occur, and scarce re-
sources are occupied (Kaltenthaler, Sutcliffe, et al., 2008). Measures such as guidance 
from therapists lower dropout rates (Baumeister et al., 2014), but are often too costly 
to be provided to all patients (Forsell et al., 2022). Identifying patients at risk of drop-
out early on allows for the personalized allocation of measures. If more individuals’ 
needs for support are met, resource allocation is optimised, and health benefits increase 
(Forsell et al., 2019). In contrast to the direct prediction of health outcomes, dropout 
predictions include patients who otherwise tend to be ignored due to missing symptom 
data (Barrett et al., 2008; Wu et al., 2022).  
Initial studies using ML to predict dropout based on user behaviour data show promise 
(Bremer et al., 2020; Cote-Allard et al., 2022; Linardon et al., 2022; Moshe et al., 2022; 
Pedersen et al., 2019; Smink et al., 2021; Wallert et al., 2018). Nevertheless, there are 
still few ML applications in ICBTs, especially dropout predictions (Bzdok & Meyer-
Lindenberg, 2018; Lee et al., 2018; Moshe et al., 2022; Pedersen et al., 2019; Symons 
et al., 2019). A recent systematic literature review found that, despite the widespread 
consensus about its value, only three out of 94 digital interventions use ML to person-
alize interventions for depression (Hornstein et al., 2023). This scarcity of work is 
attributed to the small size of available data sets for training (Bzdok & Meyer-Linden-
berg, 2018; Hornstein et al., 2023), as it limits the accuracy and generalisability of 
predictions (Dietterich, 1998; Lateh et al., 2017; van Smeden et al., 2019). Collecting 
large health data sets is costly (Pasini, 2015), and the median data set size across 59 
studies using ML for outcome predictions in depression treatments was found to be 
only 115 patients (Sajjadian et al., 2021). Similarly, the median for related work pre-
dicting dropout in online interventions was 342 patients (Bremer et al., 2020; Cote-
Allard et al., 2022; Linardon et al., 2022; Moshe et al., 2022; Pedersen et al., 2019; 
Smink et al., 2021; Wallert et al., 2018). Thus, with ML approaches in ICBTs, the 
question arises of how to produce accurate predictions despite small data sets (Aafjes-
van Doorn et al., 2021; DeMasi et al., 2017; Symons et al., 2019). 
Albeit the lack of large data sets, the number of smaller data sets available was already 
reported to be in the hundreds five years ago (Carlbring et al., 2018). Data sharing 
between providers creates larger training data sets but poses significant challenges 



 

41 

regarding data privacy, data interoperability, and conflicting interests (Loftus et al., 
2022). However, many providers themselves offer similar interventions for different 
but related primary symptoms, such as depression and anxiety disorders (Smink et al., 
2021). As symptoms and behaviour are interconnected (Beard et al., 2016), common 
behavioural patterns between patients could be leveraged by pooling several interven-
tions into one data set. If successful, this not only improves prediction results but also 
lowers model maintenance efforts. However, pooling the data may be detrimental if 
contexts and user behaviours differ significantly. Most papers predicting dropout focus 
on a single intervention (Bremer et al., 2020; Moshe et al., 2022; Pedersen et al., 2019; 
Smink et al., 2021; Wallert et al., 2018), while one gathers two different interventions 
for the same symptoms (Linardon et al., 2022), and one gathers interventions for three 
different symptoms (Cote-Allard et al., 2022). While this shows that different options 
are possible, no study comparatively evaluates the approaches. It, generally, remains 
unclear how patients with different but related target symptoms vary in their online 
intervention behaviour. Clustering analyses have successfully identified user arche-
types in mental health apps in general (Aziz et al., 2023) and within specific interven-
tions (Chien et al., 2020). Applying such a clustering analysis to users of different but 
related ICBTs could offer valuable insights into the similarities in user behaviour. 
In this study, we use demographic, symptom, and online user behaviour data of 6,418 
routine care patients from the Internet Psychiatry in Stockholm, Sweden. The main 
research question is if the value of pooling intervention data for social anxiety, depres-
sion, and panic disorder outweighs the downside of losing data homogeneity when 
predicting intervention dropout. The goal is to identify patients who will end up leav-
ing the intervention early without benefiting, already in intervention week four of 12. 
For this, four different supervised ML methods (i.e., Logistic Regression, Support 
Vector Machines, Random Forest, and AdaBoost classifiers) are compared. We further 
investigate the relationship between prediction performance and data set size. To this 
end, the training on individual versus pooled data sets is repeated on samples of the 
median data set sizes of related work. A clustering analysis is the intermediate step to 
understanding the differences and similarities between the interventions’ data. 
Through these proposed steps, this study aims at 1) exploring the heterogeneity of 
online intervention data across three highly prevalent mental disorders and 2) provid-
ing insights into what pooling these different intervention data sets into one data set 
yields for dropout prediction. Finally, this work adds to the limited body of research 
investigating dropout predictions across three large routine care interventions. 

2 Methods 

2.1 Interventions and Participants  
This study uses routine care outpatient data from the Internet psychiatric clinic in 
Stockholm, Sweden from 2008 to 2020 (Titov et al., 2018). The data comprises all 
available patients undergoing treatment while the platform in question was used. The 
data sets consist of 1633 panic disorder (PD), 1907 social anxiety disorder (SAD), and 
2902 major depressive disorder (MDD) patients. The treatments have previously been 
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evaluated with positive results (El Alaoui et al., 2015; Hedman et al., 2013, 2014). 
After a psychiatric assessment, each patient received 12 weeks of disorder-specific 
intervention. The assessment and treatment evaluation are based on established patient 
self-rating measures; For PD, the Panic Disorder Severity Scale-Self Report (Houck 
et al., 2002); for SAD, the Liebowitz Social Anxiety Scale-Self Report (Baker et al., 
2002), and for MDD, the Montgomery–Åsberg Depression Rating Scale-Self Report 
(Montgomery & Asberg, 1979; Svanborg & Asberg, 1994) were used. Each of the 
three interventions was administered in the same clinical context where patients self-
refer and then went through a web-based screening and the established semi-structured 
M.I.N.I diagnostic assessment interview (Sheehan et al., 1998) with a psychiatrist. 
During the interview, the clinician provides information about (I)CBTs in general, and 
the expected effort required from the patient to complete treatment. As such, all pa-
tients are ensured to have a relevant diagnosis as well as being informed about the 
treatment, and sufficiently motivated to engage in it.  
Included patients receive the same therapist support routine across all three interven-
tions. The interventions reside on the same technical platform and are very similar in 
structure, but clearly differ in therapeutic content. All interventions start with psy-
choeducation and consist of cognitive behavioural therapy techniques specific for each 
condition divided into 10 modules. For example, the SAD and PD interventions in-
clude symptom-specific exposure exercises, whereas the MDD has a focus on behav-
ioural activation. Each intervention’s modules consist mainly of exercises, including 
homework, messages from and to a therapist and weekly symptom assessments. More 
detailed information about the interventions is summarised in Appendix 1 and has pre-
viously been published for social anxiety (El Alaoui et al., 2015), depression (Hedman 
et al., 2014), and panic disorder (Hedman et al., 2013). 

2.2 Features 
The prediction is based on the first four weeks of data as a trade-off between gathering 
sufficient data versus maintaining sufficient time to intervene to prevent dropout 
(Bremer et al., 2020). A previous study has shown personalizing the support level in 
week 4 to have a positive effect on patients at risk (Forsell et al., 2019). For the fea-
tures, thus, all data gathered after week 4 is disregarded to prevent target leak. First, 
we include the common socio-demographic variables, age and gender (Moshe et al., 
2022). Second, given their importance (8,44), the symptom measures at screening and 
at the beginning of weeks 1, 2, 3 and 4, respectively are included. In addition to the 
actual scores, the time needed to fill out the questionnaires is included. Third, we use 
the basic information of the intervention set-up (i.e., year of start, start in winter or 
summer, and target disorder) (Moshe et al., 2022). Fourth, the character length of the 
homework assignments and messages are each summed per week, which has previ-
ously been found to be predictive of both dropout and health outcomes (Zantvoort et 
al., 2023). To account for the therapist messages, the per centage of characters sent in 
the conversation produced by the therapist is included. Following the insights from 
Bremer et al. (2020), several features are generated from patients’ log data (Bremer et 
al., 2020). This includes the sum of time spent on the intervention, the number of pages 
clicked, the number of sessions, and number of days that patient logged in. In addition, 
the time patterns of the login behaviour are gathered across all weeks by looking into 
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the per centage of sessions per weekdays and daytimes. Further, we record how many 
days a patient needed to finish each module. Further information on the pre-processing 
and feature engineering steps can be found in Appendix 2.  
The operationalisation of the dropout variable is aimed at identifying the patients who 
are most likely to leave the intervention too early to sufficiently benefit (Beintner, 
Vollert, et al., 2019). The intended symptom improvement is determined by either the 
final symptom score below the absolute cutoff for remittance (8 for PDSS-SR (Fu-
rukawa et al., 2009), 35 for LSAS-SR (von Glischinski et al., 2018), and 11 for 
MADRS-S (Fantino & Moore, 2009)) or a 50% improvement since the start of treat-
ment (Karin et al., 2018). If no symptom score after week 8 is available, their symptom 
improvement is classified as “unknown”. Module completion has been found to be the 
adherence measure with most consistently positive power towards explaining therapy 
outcome (Donkin et al., 2013). For this study, we use module eight of ten as it contains 
all unknown leavers, includes all of the content introductions, as the last two modules 
are repetition and maintenance (52), and produces considerably balanced classes. A 
more detailed explanation of the dropout variable can also be found in Appendix 2. 
The averages, SD and units of the resulting data set can be found in Appendix 3. All 
steps, including the subsequent modelling, are implemented in Python, using the pan-
das (McKinney, 2010), Numpy (Harris et al., 2020), Kneed algorithm (Satopaa et al., 
2011) and Scikit-learn (Pedregosa et al., 2011) libraries. 

2.3 Exploration of Heterogeneity Between Interventions 
This analysis addresses the first goal; The exploration of heterogeneity in patients 
across the three interventions using the demographic, intervention, symptom, online 
activity, and character counts variables. The general purposes of clustering are to gain 
insight into the data, identify natural groups, and be able to summarise them based on 
segment prototypes (Jain et al., 1999). First proposed in 1967, k-means algorithms are 
among the most used clustering approaches due to their computational efficiency and 
easy implementation (Jain et al., 1999; Sinaga & Yang, 2020). The k-means algorithm 
is an optimisation algorithm that iteratively finds a set of k centroids, such that the total 
sum of distance between each point and its nearest centroid is minimized (Hastie et al., 
2017). As such, it optimises for groups that are as similar as possible within themselves 
but as different as possible from each other. (Hastie et al., 2017). The number of 
clusters needs to be decided apriori and is inferred using the Elbow (or Knee) Method 
(Bholowalia & Kumar, 2014). In essence, this method uses the explained data variance 
to reveal where the marginal gain of a new cluster is outbalanced by the increasing 
number of clusters. As commonly done, a Principal Component Analysis (PCA) is 
conducted prior to the clustering to lower the number of dimensions, reduce multicol-
linearity and facilitate the visualisation of clusters (James et al., 2021). The number of 
principal components is also automatically identified by using the Kneed algorithm 
(Satopaa et al., 2011). The critical question is whether the algorithm will rely on the 
target disorder variable identifying each intervention as primary splitting criteria. If 
the different target symptoms result in different online behaviour, the clustering algo-
rithm would be expected to reproduce the three intervention groups. Only if patients 
behave sufficiently similar across interventions, mixed clusters can be expected. To 
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ensure comparability, this process is done only on the first four weeks of data also 
available to the prediction models. This excludes the dropout and health outcome var-
iable for all patients, which will, however, be added after completing the clustering for 
the evaluation of clusters.  

2.4 Dropout Prediction 
The second goal is investigating the effects of pooling patients from interventions for 
depression, social anxiety, and panic disorder to one data set when predicting dropout. 
To this end, models trained on each of the interventions’ data individually are com-
pared to models trained on all three interventions pooled. As the data has almost twice 
as many MDD as PD patient, we add a pooled run where we under sample the large 
interventions to have balanced ratios of one-third each. The training data set sizes at 
hand are in the four digits, which is already unusually big (Sajjadian et al., 2021). To 
increase the usefulness of results for future studies, the training process is repeated on 
smaller samples - The median data set sizes of related work for outcome prediction 
(115) (Sajjadian et al., 2021) and dropout prediction (342) (Bremer et al., 2020; Cote-
Allard et al., 2022; Linardon et al., 2022; Moshe et al., 2022; Pedersen et al., 2019; 
Smink et al., 2021; Wallert et al., 2018). Taking away an assumed 15% data for a 
holdout test set results in training data of 98 and 291 patients per single intervention.  
While the training data differs in data set size, all models are evaluated on the same 
20% stratified test set to maintain comparability across runs. The final evaluation is 
done 1) relatively and 2) absolutely, both focusing on balanced accuracy (BACC). For 
the relative evaluation, the single vs pooled data results are compared. For the absolute 
comparison, the benchmark of 1) better than chance and 2) 67% balanced accuracy as 
minimally necessary to be valuable in an ICBT to adapt treatment as proposed by For-
sell et al. (2022) are used (Forsell et al., 2022). Further, to adhere to the standards of 
medical ML studies, accuracy, balanced accuracy, specificity, recall, and Area Under 
the Curve (AUC) are provided for the test set performances (Cabitza & Campagner, 
2021). 
In terms of algorithms, Logistic Regression (LR), Support Vector Machines (SVMs) 
(Cortes & Vapnik, 1995), Random Forest (RF) and AdaBoost (Schapire, 2013) classi-
fiers are chosen as they cover a range from simple and robust to more sophisticated 
and flexible options (Aafjes-van Doorn et al., 2021; James et al., 2021). As extensively 
argued (Bates et al., 2022; Cawley & Talbot, 2017), choosing the algorithm to use in 
the same step as optimising the hyperparameters comes with a significant risk of over-
fitting. Therefore, the model selection will be done through 5x10 nested-cross valida-
tion (CV). The inner cross validation optimises hyperparameters via grid search, and 
the outer CV score determines the one algorithm to use. That algorithm is then re-
trained on the whole training data with a 10-fold CV, returning a single model to be 
evaluated on the test set. An intervention-based scaler is added to the pipeline, such 
that a standard scaler is fitted to the training data per intervention and then applied on 
the respective holdout fold (Cabitza & Campagner, 2021). 
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To choose the range of hyperparameters, initial values are run and added to if the outer 
points seem too low or high. For the algorithms that allow for balancing class weights, 
the class weights are balanced. For the LR, the choice of L1 and L2 feature selection 
is optimised as a hyperparameter for the liblinear solver (Fan et al., 2008). The C value 
is searched across the range [0.001, 0.01, 0.05, 0.1, 0.20, 1]. The SVMs optimise over 
an RBF and a linear kernel with respective C values [0.001, 0.01, 0.1, 0.25, 0.5, 1]. 
The RF model searches across the number of estimators [5, 10, 25, 50, 500, 1200], the 
minimum samples [10, 25, 50, 100, 200], the maximum depths [5, 25, 50, 100, 500, 
750], and a binary indicator for bootstrapping. Lastly, the AdaBoost Classifier trades 
off the number of estimators [1, 2, 5, 10, 25, 100, 1500] with their respective learning 
rate [0.001, 0.01, 0.1, 1, 2, 2.5].  

3 Results 

3.1 Data Heterogeneity 
To better understand the differences in online behaviours, user characteristics and 
symptom patterns, the 1631 PD, 1906 SAD, and 2881 MDD patients and their 57 input 
variables that result from pre-processing as described in Appendix 2 are clustered. The 
kneed method suggests four principal components to represent the input data. Feeding 
these components into the k-means algorithm with k ranging from one to 11 suggests 
three most prevalent clusters. However, this optimal value only coincides with the 
number of interventions, as each intervention spreads comparatively evenly across 
clusters (Figure 8). The biggest intervention group, MMD, makes up 42-51% of each 
cluster, SAD accounts for 29-30%, and the smallest intervention, PD, spreads at 20-
28% per cluster. To facilitate understanding, the clusters will be referred to as active, 
middle, and inactive clusters from now on for the reasons explained below. The middle 
cluster is by far the biggest as it contains 46% of all patients, with the inactive cluster 
following at 35% and the very active cluster tailing at 19%. All cluster means reported 
in this section can also be found in the overview table in Appendix 3.  
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Figure 8: Distribution of patients per intervention and cluster 

 
Notes: PD = Panic Disorder, MDD = Major Depression Disorder, SAD = Social 
Anxiety Disorder 
Inactive patients are more than six times as likely to have missing symptom scores 
(0.84/5) in the first four weeks as active patients (0.13), who are similar to the middle 
cluster (0.16). Further, the average lengths of messages and homework in the first 
weeks are six times as high for the active cluster (459/ 1331 characters) as for the 
inactive cluster (81/ 224 characters), with the middle clusters averaging at 157/ 1008 
characters. Similarly, login data such as sessions, pages and duration per week are 
almost all 2-4 times as high for active as inactive patients, with the middle cluster 
somewhere in-between. The most extreme differences are in the durations where inac-
tive patients, on average, spent one-third or -fourth of the time (12,071, 6698, 6198, 
and 6878 seconds per week 1-4) that active patients (32,393, 25,850, 24,738, and 
24,171) spent. This is also reflected in the average number of modules completed in 
the first four weeks, with 2.7 for inactive, 4.2 for the middle and 4.7 for the active 
patients. 
While the starting symptom scores barely differ, inactive patients have a higher aver-
age symptom improvement between screening and treatment start (-12%) than middle 
(-9%) or active (-8%) patients. However, this changes in the following weeks.; While 
inactive patients still see 12% improvement in week 2, they have next to no change 
(0%, -1%) in week 3 or 4. While the strength of change also lessens for middle and 
active patients, they still continuously improve (middle: -16%, -3%, -4% and active: -
15%, -4%, -5%). The least differentiating variables are the start year, time variables 
(e.g., time and weekday of intervention use), symptom questionnaire duration, if they 
started the intervention in the winter, and the patient’s age and sex. Retrospectively 
joining the dropout variable to the clustered data shows that patients from the active 
cluster are less than half as likely to drop out (25%) as patients from the inactive cluster 
(65%), with the middle cluster being closer to the active cluster (36%). Despite the 
dropout rates heavily differing across interventions (PD 28%, MDD 45%, and SAD 
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57%), the differences in dropout probability per cluster remain. Dropout ratios for the 
inactive, middle, and active groups are 68%, 36% and 24% for MDD, 41%, 23%, and 
16% for PD, and 80%, 49%, and 33% for SAD. Doing the same for the health out-
comes shows that 53% of active and middle patients are treatment successes while 
only 34% of inactive patients are. For 15% of inactive patients, their health outcome 
is unknown, whereas the middle cluster has 5% and the active cluster only 2%. As a 
result, the per centage of not successful treatments is close together between active 
(45%), middle (43%), and inactive (50%) patients. 

3.2 Prediction 
The train-test split leads to a maximum of 5132 training data points and 1289 test data 
points, for which the averages of all variables can be found in Appendix 3. Of these 
data points, 45% are MDD, 30% are SAD, and 25% are PD patients, resulting in the 
unbalanced pooled training data sets in Figure 9. The small and medium balanced 
pooled training data have the same total as the unbalanced run; however, they have 
balanced ratios of one-third per intervention. For the large data, balancing is dictated 
by the smallest intervention (PD), resulting in a sample size of 1304 each. The nine 
single intervention runs (three per disorder) with 98, 291, and 1304/ 1524/ 2303 are 
not separately shown in Figure 9.  
Figure 9: Training and test data sample per pooled run 

 
Figure 10 presents the BACC results for each intervention, data set size, and type of 
training data. The box plots show the 10 outer CV scores of the training data, while 
the single bullet point shows the performance on the test set. An ideal result graph has 
a high y-axis value (balanced accuracy) with a narrow boxplot (low variance in train-
ing results). The boxplot’s horizontal stripe (median) should be close to the test set 
point (neither overfitting nor unexpectedly high results). For pooled data results in the 
following, the unbalanced (UB) results are mentioned first, followed by the balanced 
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(B) results. To answer the main research question, the single data set runs are compared 
to their respective pooled counterparts (e.g., 98 datapoints single intervention vs 3*98 
= 294 datapoints pooled run). All results, including the numbers discussed here, accu-
racy, recall, specificity, AUC score, and the model type chosen in the CV can be found 
in the result table in Appendix 4.  
Figure 10: Balanced accuracy for training and test results 

 
Notes: Box plot of outer CV balanced accuracy of the training data with test balanced 
accuracy as single bullet point and clinical threshold as dotted grey line. 
Training data results. Only looking at training results, single runs outperform the 
pooled data sets in predicting dropout. The single intervention runs have a higher me-
dian outer CV score than both pooled runs in six out of nine cases with an average 
advantage of 0.037 BACC. Further, single runs are higher than at least one pooled run 
in two more cases. Hence, the only exception is the small (98 data points) PD data set, 
where training results for the single run are lower than both pooled data BACCs. For 
MDD, the median CV score increases as the data set size increases from small to me-
dium to large, with a total difference of +0.04 BACC. The opposite pattern is visible 
for PD, such that the training scores decrease as more data is added with -0.05 BACC. 
Similarly, SAD has the highest score for the small data but then has the smallest score 
for the medium and an average score for the large data with a total range of -0.08. 
Considering the range between the first (Q1) and third (Q3) quartile of the CV scores, 
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pooled runs have a lower average range than single interventions. The spread of the 
training results (Q3-Q1) is lowest for the large data sets at an average of 0.045 in 
BACC. For the small data sets, it is more than four times as much (avg. at 0.202), with 
the medium data set size in-between (avg. 0.101). 
Test data results. Which setting (single vs pooled) performs best is reversed when 
looking at the test instead of training results. Here, in seven out of nine cases, both 
pooled runs outperform the single intervention. Additionally, the unbalanced pooled 
data outperforms the single intervention for the smallest MDD run (0.64 vs UB 0.66/ 
B 0.62). Hence, the single intervention is only superior in one case, the medium PD 
run. As such, PD patients have both one of the biggest gains and biggest loss (+0.063/-
0.044 BACC) when using the pooled model instead of one trained on the PD patients 
alone. The runs with all available PD data barely differ (+0.007 for pooled). For SAD 
patients, the small data gains somewhat from pooling (UB +0.046/ B +0.026), the me-
dium data set size has an average and the highest gain (+0.037/ +0.072), and there is 
barely any difference in the large data (+0.000/ 0.002). On the contrary, MDD patients 
almost always benefit from pooling the data, and the gains grow with the data set size 
(small data UB +0.021/ B -0.016, medium data +0.032/ +0.028, large data +0.045/ 
+0.040). Keeping the natural ratio is superior for all three small data runs and the me-
dium and large data MDD runs. Balancing the data is favourable for all medium and 
large data sets of SAD and PD. The largest impacts of balancing the data are -0.037 
BACC for the small MDD and +0.035 for the medium SAD data sets. For MDD and 
SAD, the pooled data’s higher BACC also means a higher recall than the single inter-
vention data sets. However, in the case of PD, the pooled data sets have high specificity 
(avg. 0.80) but lower recall (avg. 0.46) whereas the single intervention runs are more 
balanced (avg. specificity: 0.57, recall: 0.67).  
Difference between training and test results. In terms of potential overfitting, the 
pooled runs have a smaller absolute difference between the test and training results in 
seven out of nine cases. The only exceptions are the medium and large PD data sets. 
This results in an average absolute train-test difference in BACC of 0.063 for single 
and much lower 0.034/ 0.037 (UB/B) for pooled data. The smallest data set of SAD 
has the largest gap (-0.14) with the highest training results out of all runs but the lowest 
test results of all SAD models. Similarly, the training and test results of the MDD 
models are twice as much apart for the single data as for the pooled data, and the pooled 
model achieves better test results in all cases. The only exception to this rule is the 
medium PD data set, where the single model achieves better and closer test and train-
ing results. However, if pooled runs outperform the single interventions in the training 
data, they consistently also outperform it in the test set.  
Absolut evaluation. Regarding the absolute evaluation, all models achieve a balanced 
accuracy of more than 0.5 BACC, and are, therefore, better than chance. Further, 13 
of the 27 models achieve a BACC on the test set of 0.67 or higher, with results differing 
across interventions and settings. For SAD, all but the single intervention small patient 
models achieve the threshold, with a maximum BACC of 0.74. For PD and MDD, not 
one model trained on the single intervention achieves clinically relevant prediction 
results. However, for MDD, both pooled model for the medium (0.67/ 0.67) and large 
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(0.69/ 0.68) data achieve the threshold. For PD, only the largest balanced pooled model 
achieves clinically relevant prediction results on the test set. 

4 Discussion  
Researching the heterogeneity in patient data for ICBTs for MDD, SAD, and PD, we 
found intervention-overarching patient groups in the first four weeks of the interven-
tions. Despite differing dropout rates per intervention (28-57%), the algorithm identi-
fied the respective most likely and least likely clusters to dropout. The active, middle 
and inactive clusters’ correspondence to low, middle and high dropout is in line with 
previous findings (Beintner, Vollert, et al., 2019). Our first finding, that SAD, PD and 
MDD patients have similar clusters of activity patterns may help the design and deliv-
ery of both individual and transdiagnostic interventions.  
The answer to the first research question already hints towards the answer to the sec-
ond; Pooling the data was almost always favourable and doubled the likelihood of 
achieving clinically relevant test results. Most noticeably, having 873 mixed interven-
tion training data points outperformed having 2304 individual intervention MDD or 
1524 SAD patients. A possible hypothesis for this is that pooling different interven-
tions forces the model to focus on general patterns rather than intervention-specific 
noise. Beyond better results, pooling data comes with the upside of less resources nec-
essary for deploying and maintaining one versus three models. PD patients’ overall 
low results might partly be explained by their high class imbalance regarding dropouts 
and completers. 
Two further interrelated key findings are the importance of independent test sets and 
risk of overfitting on small data sets. If the decision about whether to pool the data was 
made on the training CV scores, single intervention runs would have been preferred. 
Further, even with pooled data, in two out of three interventions the small data sets 
seemingly outperform the much larger datasets in the training score. This aligns with 
Sajjadian et al.’s (2021) findings that data set size is significantly negatively correlated 
to the reported prediction accuracy (Sajjadian et al., 2021). Our study’s large test sets 
of 327-577 patients provides evidence that these good training results are biased as 
they fail to generalise. Sajjadian et al. (2021) further find that many studies do not even 
use an adequate training set-up, instead relying on a single train-test split (Sajjadian et 
al., 2021). As can be seen in the box plots, this can result in extremely high or low 
results, neither of which represent the expectable prediction performance. Making a 
deployment decision on such ungeneralisable training results comes with a myriad of 
problems: Risk of suboptimal care, wasted resources and ultimately the corrosion of 
trust in the use of ML in clinical care (Cabitza & Campagner, 2021; DeMasi et al., 
2017; Sajjadian et al., 2021). As this paper shows, pooling different interventions en-
ables providers to mitigate at least some of the risks when presented with the challenge 
of limited data availability.  
The paper, thus, contributes to e-mental health care by exploring the trade-off between 
data heterogeneity and data set size and discussing the risk of overfitting (Sajjadian et 
al., 2021).  
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5 Limitations 
At the same time, several limitations apply. For one, the routine care data in this study 
only includes self-referred patients, which leaves it unclear if the insights generalise 
to different patient selection methods. Further, it is yet to be investigated if the simi-
larities between patients translate to the same clinical actions against dropout being 
effective. Third, using k-means for the clustering analysis is an industry standard (Jain 
et al., 1999), but generative (Hastie et al., 2017), or density-based methods (Kotu & 
Deshpande, 2014) may allow different insights. For the prediction task, the arguably 
biggest challenge in scaling the proposed approach is the availability of comparable 
interventions. While differing in content, the interventions at hand have a lot in com-
mon, the technical platform, the structure of treatments, the clinical routines for refer-
ral, assessment, therapist support, and the clinical staff. Therefore, our results do not 
warrant any prognosis about how the absence of these similarities would affect results. 
Lastly, this paper neither compares the gains of pooled data to other options such as 
federate learning (Loftus et al., 2022), nor offers definitive insights on what minimal 
data set size is necessary to produce generalisable results. In the end, pooling data in 
the proposed way is only one possible tool in the attempt to produce more generalisable 
and useful prediction models in psychological research. 

6 Conclusion 
Using ML to improve mental health care is a promising and growing research field. 
However, the lack of large data sets available hamper generalisability and cause biased 
results. This paper addresses this issue by investigating the effects of pooling data from 
different interventions together to increase the training dataset size available. 
A total of 6,418 routine care patients’ data from ICBTs for depression, social anxiety, 
and panic disorder is used to 1) investigate heterogeneity in patient online behaviour 
between interventions and 2) analyse the benefits of data pooling when predicting in-
tervention dropout. Regarding the first question, the cluster analysis suggests three 
intervention-overarching groups that are defined more by their online behaviour and 
other clinical characteristics than by which ICBT-program they are in. The finding that 
patients across the three interventions have similar behavioural patterns is further sup-
ported in the prediction results. Ultimately, data pooling doubles the number of results 
that reach the threshold of clinical usefulness on the test set results. We, therefore, 
answer the second research question by concluding that data pooling is the superior 
approach based on our data set.  
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Abstract: With the impetus of Digital Mental Health Interventions (DMHIs), complex 
data can be leveraged to improve and personalize mental health care. However, the 
majority of work relies on a limited number of often costly data types. Computer 
mouse trajectories are an unintrusive, cost-efficient and scalable data type that can be 
seamlessly integrated into current baseline processes. Empirical evidence suggests that 
how one moves their mouse holds information on motivation and attention, both val-
uable aspects otherwise difficult to measure at scale. Further, mouse trajectories can 
already be collected on pre-treatment questionnaires, making them a promising candi-
date for early predictions informing treatment allocation. Therefore, this paper dis-
cusses how to gather and process mouse trajectory data on questionnaires in DMHIs. 
Covering different levels of requirements, hand-crafted features analysed with a non-
sequential model and the temporal-spatial raw mouse data analysed with a specific 
sequential neural network are proposed. The pipeline for the latter includes task-spe-
cific pre-processing to convert the variable length trajectories into a single prediction 
per user. As a feasibility study, we collected mouse trajectory data from 183 patients 
filling out a pre-intervention depression questionnaire. While the hand-crafted features 
slightly improved baseline predictions, the temporal-spatial model did not succeed. 
However, considering the evidence in contrast to our small data set size, we propose 
more research to investigate the potential value of this novel and promising data type. 
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1 Introduction 
Digital Mental Health Interventions (DMHIs) are pivotal in expanding much-needed 
psychological treatment (Andersson et al., 2019). However, high dropout and moder-
ate success rates make it unclear for whom this treatment form is best suited (Haller et 
al., 2023; Lipschitz et al., 2023). Machine Learning (ML) models show promise in 
individualising care, with most papers focusing on questionnaire or treatment data 
(Bricker et al., 2023; Cote-Allard et al., 2022; Prasad et al., 2023; Sajjadian et al., 
2021).  
Self-reported measures are a central information source in psychological research. 
However, they suffer from human bias in their design, selection and answer patterns 
(Breakwell et al., 2020; van Berkel et al., 2020). Further, adding measures increases 
patients’ time requirements with an often limited marginal informational gain due to 
high multicollinearity (Patel et al., 2008; Sander et al., 2021; Tomitaka & Furukawa, 
2021). Lastly, despite a plethora of attempts to predict or explain how treatment will 
go on pre-treatment questionnaire data only, no successful approach is known (Forsell 
et al., 2020; Gonzalez Salas Duhne et al., 2022; Günther et al., 2023; Haller et al., 
2023; Linardon et al., 2022; Zantvoort et al., 2023). Other data types, such as medical 
imaging, genetic or heart rate variability data, have not shown much better results, and 
many of them are resource-intensive to obtain (Hilbert et al., 2024; Hornstein et al., 
2022; Sajjadian et al., 2021). Identifying patients at risk before treatment starts would 
allow the allocation of more promising treatment, thus saving substantial resources for 
patients and providers (Günther et al., 2023; Kaltenthaler, Parry, et al., 2008). Further, 
even after treatment start, most ways of measuring relevant concepts such as adherence 
(e.g., time spent) are known to be noisy and poorly related to health outcomes (Donkin 
et al., 2011; Gan et al., 2021; Lipschitz et al., 2023).  
Despite the patients’ possibly lengthy decision processes and time on the page, so far, 
only the final answer to each questionnaire item or click off the page is recorded 
(Bremer et al., 2020). While methods such as eye-tracking have provided valuable 
insights into decision processes (Aimone et al., 2016; Gidlöf et al., 2013; Vachon & 
Tremblay, 2019), they are costly and difficult to scale to real-world settings. However, 
computer mouse cursor movements are highly correlated with gaze and can be unob-
trusively and automatically gathered, making them a low-cost, scalable alternative 
(Chen et al., 2001; Milisavljevic et al., 2021).  
Ample studies investigate the insights computer mouse dynamics offer into user’s 
emotional state (Cepeda et al., 2021; Fu et al., 2017; Lepora & Pezzulo, 2015; Mat-
thiesen & Holte, 2019; Tzafilkou & Protogeros, 2018; Yamauchi & Xiao., 2018; Zim-
mermann et al., 2003). Further, mouse trajectory data has been leveraged as a proxy 
for attention and motivation (dos Santos & Santana, 2022; Gledson et al., 2021; Leiva 
& Arapakis, 2020; Yusupova, 2021). Given this information value, mouse trajectories 
are a promising candidate for predictions in DMHIs. However, considering the com-
plexity of temporal-spatial data, the question is whether and in what form information 
can be efficiently extracted from it. This article, therefore, discusses the collection of 
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mouse trajectory data in DMHIs and different ways of processing it (i.e., temporal, 
spatial and hand-crafted features).  
To account for the requirements of DMHI settings where sequences are long and only 
one prediction per patient is needed, we propose a task-specific time-series pre-pro-
cessing method. To illustrate the process along an exemplary use case, we leveraged 
mouse movement data from 183 patients filling out a pre-treatment depression symp-
tom questionnaire to predict treatment dropout. This paper aims to introduce a novel 
data type in DMHIs and disseminate the mouse tracker and modelling code necessary 
to leverage it. 

2 Mouse Trajectory Data 
Whenever using a computer mouse, users move the cursor across the screen to reach 
the displayed option of choice. This dynamic decision-making process involves sen-
sorimotor control subsystems to progress the hand towards the desired location 
(Yamauchi & Xiao, 2018). Previous research emphasised the cerebral connections be-
tween motor control and emotions, motivation and decision-making (Mendoza & 
Foundas, 2008; Mink, 2008; Wichmann & DeLong, 2014; Yamauchi & Xiao, 2018). 
As a result, computer mouse dynamics are influenced by users’ mood (Zimmermann 
et al., 2003), state of confusion (Hucko et al., 2019), level of satisfaction or frustration 
(Cepeda et al., 2021; Matthiesen & Holte, 2019; Tzafilkou & Protogeros, 2018), stress 
and anxiety (Pepa et al., 2021; Yamauchi, 2013) and other emotional experiences 
(Yamauchi & Xiao, 2018).  

2.1 Gathering Mouse Trajectories 
Collecting the above-described information via the computer mouse does not require 
additional hardware and does not affect the user experience. A tracker to gather mouse 
trajectories on web applications is publicly available on GitHub1. It is based on JavaS-
cript and PHP and can be implemented by inserting the initialisation script into any 
website. The tracker records a mouse cursor’s position on the page (x- and y-coordi-
nates) every 40 milliseconds until the page is closed or a pre-set limit of seconds has 
passed. The tracker further records scroll speed and event names, i.e., (1) whether the 
mouse is moving, 2) if the user is scrolling, and 3) clicking recorded as mouse-up and 
mouse-down events (see Figure 11). Next to the page coordinates, the client’s screen 
coordinates are tracked to reflect the mouse’s movement to the interface and the user’s 
screen, which allows for normalisation. 

 
 
1 https://github.com/jjmatthiesen/evtrack/tree/setup_karolinskaInstitutet 
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Figure 11: Example of mouse data representation of a single user on interface 

Notes: User screen coordinates are not displayed 

2.2 Processing of Mouse Data 
Mouse trajectories are a time-ordered series of x- and y-coordinates such that the raw 
data holds the temporal-spatial information of a user’s decision process. Three over-
arching ways of leveraging them are focusing 1) on the temporal sequence, 2) the spa-
tial shape, or 3) aggregation to hand-crafted features. 
Firstly, mouse trajectory data are commonly modelled as a time series, hence, a se-
quence of coordinates representing the change of x and y over time. Accordingly, the 
models used are the likes of Long-Term-Short-Term memory models (Arapakis & 
Leiva, 2020) or one-dimensional convolutional neural networks (1D-CNN) (Antal et 
al., 2021; Chong et al., 2018, 2019). As neural networks require fixed input sizes, a 
key challenge with the time-series approach is how to use differently sized inputs. 
Typical approaches pad short and truncate longer sequences (Arapakis & Leiva, 2020) 
and produce a prediction for each chunk (Antal et al., 2021; Chong et al., 2019). How-
ever, this approach is wasteful on highly variable lengths of trajectories. Further, pro-
ducing several predictions per user has been suspected to be subject to target leak 
(Leiva & Arapakis, 2020). Consequently, we propose to first split the trajectories 
across lengths but rejoin them before updating the network (see further details in Ap-
pendix A.2). Additionally, using a sliding window approach retains the context of each 
data point when fed into the model (Chong et al., 2019). 
Secondly, the focus can be put on the spatial aspect (e.g., shape and patterns such as 
loops) of mouse trajectories by plotting them on a two-dimensional positioning plane, 
thus representing them as images. Accordingly, image processing models such as two-
dimensional convolutional neural networks (2D-CNN) are paired with this form of 
data representation (Arapakis & Leiva, 2020; Chong et al., 2018, 2019). A vital draw-
back of this method is the lack of consideration of the underlying user interface, such 
that differently-sized screens yield varying images of the same trajectories. Further, 
creating images from the mouse trajectories is a resource-intensive step. 
Thirdly, raw mouse trajectories can be aggregated into different hand-crafted features. 
Subsequently, the variables are processable for simpler, non-sequential models such 
as Logistic Regression or tree-based models. As shown in Figure 12, ample hand-
crafted feature options are possible. Many have proven beneficial in producing insights 
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and predictions (Arapakis & Leiva, 2016; Feher et al., 2012; Matthiesen & Brefeld, 
2020; Yamauchi, 2013).  
Figure 12: Raw mouse trajectories to feature examples 

 
A first common group is the temporal information of a given event, for example, 
pauses occurring due to hesitation (Arapakis & Leiva, 2016; Feher et al., 2012; 
Matthiesen & Brefeld, 2020). Second, events, such as the number of clicks, may reflect 
aspects such as a patient changing their answer many times. Third, speed measures 
how much distance the mouse crosses in a given time (Gamboa & Fred, 2004; Pepa et 
al., 2021). Fast movement could, for example, be an indication of frustration or lack 
of patience (Yamauchi, 2013). Further, the movement patterns can be formalised 
through characteristics such as angles, curvature or jitter (Hassan Hosny et al., 2022), 
which can, for example, reflect a user’s stress level (Martín-Albo et al., 2016; Naegelin 
et al., 2023). 
Parallel to intervention login data, hand-crafted mouse features can be aggregated in 
different ways, such as sums, means or minimum and maximum values (Bremer et al., 
2020). Which of these options makes the most sense depends on the nature of the fea-
ture at hand. For example, average and maximum speed could be interesting, while the 
minimum will likely be 0 for all users. In the end, the number of such multicollinear 
features must be appropriate for the data set size and model used (Zantvoort, Nacke, 
et al., 2024). A key drawback of hand-crafted features is the time-intensive manual 
pre-processing and consequent bias in their selection. However, a critical upside is the 
transformation into meaningful, humanly interpretable features that require less com-
putational resources. A detailed overview of exemplary calculation of the features can 
be found in Appendix A.1, and the code to produce them on data sets from the above-
mentioned tracker is available in this study’s GitHub repository. 

2.3 Data Science Methodology 
As common in the medical domain, DMHI data sets tend to be small, with median data 
set sizes of 155-350 (Hornstein et al., 2023; Karyotaki et al., 2021; Zantvoort, Hentati 
Isacsson, et al., 2024). Small data sets risk overfitting, especially when paired with 
inadequate validation methods and flexible models (Bates et al., 2022; Cawley & Tal-
bot, 2017; Hastie et al., 2017; Lateh et al., 2017; Piccialli et al., 2021). Further single 
test sets and even cross-validation (CV) results vary widely, with higher, improbable 
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results likely being overrepresented in publications (Ahmed & Lofstead, 2021; Hull-
man et al., 2022; Piccialli et al., 2021). Consequently, concerns about the generalisa-
bility of prediction results in mental health are increasing (Hilbert et al., 2024; 
Sajjadian et al., 2021; Vieira et al., 2022; Zantvoort, Nacke, et al., 2024). 
We, therefore, propose using nested CV, such that the inner CV optimises hyperpa-
rameters, and the mean outer CV score estimates the model performance (Bates et al., 
2022). Further, repeating the experiment and reporting the mean score, including the 
confidence interval, accounts for the variance of results due to randomness in the 
model (Ahmed & Lofstead, 2021; Cabitza & Campagner, 2021; Scott et al., 2021). 

3 Case Study 
In the following, an exemplary case study on gathering and processing mouse trajec-
tories at baseline to predict intervention dropout in DMHIs in Sweden is discussed.  

3.1 Interventions and Participants  
The data was gathered from a subgroup of two ongoing studies at the Karolinska In-
stitutet in Stockholm, Sweden, between the beginning of March 2023 and mid-March 
2024. The data gathering ended when the treatment platform the tracker was imple-
mented to was taken out of service. All participants gave informed consent to partici-
pate in the studies. As pooling different interventions has been shown to decrease over-
fitting and improve results (Zantvoort, Hentati Isacsson, et al., 2024), all patients will 
be considered as one data set. Both studies concern Internet-based cognitive behav-
ioural therapy (ICBT), a form of DMHI. 
The first trial (SOPHIA) evaluates the clinical benefits of an ML-based Decision Sup-
port Tool for ICBT for depression, social anxiety, and panic disorder. Patients receive 
twelve weeks of the respective treatment program, all three of which have previously 
been described in detail and were evaluated with positive results (El Alaoui et al., 
2015; Hedman et al., 2013, 2014). The screening and randomisation process is further 
described in the original studies pre-registration (Bjurner, Isacsson, et al., 2024). The 
second trial (DANA) includes women in pregnancy weeks 8-29 with mild or moderate 
major depression. Patients receive 10-week therapist-guided pregnancy-adapted ICBT 
for depression, partly including supportive counselling sessions with perinatal health 
staff. The screening, randomisation, and treatment processes are further detailed in 
Appendix A.3.  

3.2 Dropout Definition 
The number of modules completed is used to operationalise dropout in this study as it 
is most associated with symptom outcomes (Donkin et al., 2013; Gan et al., 2021). The 
goal is to identify patients at risk of prematurely leaving the intervention before as-
sumingly sufficiently benefiting (Beintner, Vollert, et al., 2019). For the treatments in 
the Sophia trial, seven modules have previously been identified as suitable dropout 
measures (Zantvoort, Hentati Isacsson, et al., 2024). As the Dana trial comprised dif-
ferent content, target groups, and treatment design, the cutoff is set to six modules. 
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3.3 Baseline Data 
To ensure the evaluation of the mouse data against a minimal baseline approach 
(DeMasi et al., 2017), depression scores at screening and pre-intervention, age and 
gender, and target disorder are used as baseline variables. 

3.4 Mouse Data 
As they are routinely gathered across all interventions, all mouse dynamics were gath-
ered on the Montgomery–Åsberg Depression Rating Scale-Self Report (Montgomery 
& Asberg, 1979; Svanborg & Asberg, 1994). The MADRS-S questionnaire comprises 
nine questions regarding depressive symptoms (0-6 scale) and, in the setting at hand, 
is spread over three different pages. The inactivity limit to stop tracking is based on 
the 95%-per centile (1000 seconds) of 2500 patients who had previously filled out the 
questionnaire (Zantvoort, Hentati Isacsson, et al., 2024).  
Time-series data: Considering previous success and its lower computational require-
ments (Antal et al., 2021), time-series representation is chosen for the case study. Thus, 
each trajectory comprises a one-dimensional time series with two-dimensional ele-
ments (x, y). As tracking pauses do not serve a purpose in the time series, they are 
removed. To 1) encompass the time instance into the spatial information and 2) to 
ensure translation invariant sequences, the derivatives of the coordinates (δx/ δt, δy/ 
δt) are calculated.  
Hand-crafted features: While ML models can theoretically handle large and complex 
feature groups, in DMHI settings, fewer hand-crafted features have been shown to im-
prove results, especially for small data sets (Bremer et al., 2020; Hentati Isacsson et 
al., 2023; Zantvoort, Nacke, et al., 2024). Therefore, based on related literature, we 
select a subset of a small (three) and mid-sized (ten) group of the most promising ones. 
The small group only focuses on the basics, temporal aspects: Average speed, total 
time of pauses and scrolling speed. The ten further comprise those three temporal fea-
tures but also the moved distance, the number of data points, and more abstract features 
(i.e., the average change in angle, the amount of acute and obtuse angles, and jitter).  

3.5 Prediction Models and Experiment Set-up 
To mitigate the risk of overfitting on the small data set (Bates et al., 2022; Cawley & 
Talbot, 2017), the models are trained and evaluated through 5x5 nested-cross valida-
tion (CV) with five different seeds. Further, both pipelines include a standard scaler. 
The evaluation of the outer CV score is done in three steps: Firstly, following Occam’s 
razor principle, to warrant the additional effort needed, more sophisticated features 
need to outperform simpler ones. Secondly, we externally evaluate based on the above-
cited paper that reported an AUC of 0.57 for baseline predictions (Günther et al., 
2023). Lastly, we use Kraemer et al.’s (2003) evaluation categories for clinical signif-
icance, classifying no (0.50-0-0.56 AUCs), low (0.57-0.64), moderate (0.65-0.70), 
good (0.71-0.75) and very good (>0.75) predictive power. 
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Sequential Neural Network: Following related work (Antal et al., 2021; Chong et al., 
2018, 2019), a one-dimensional convolutional neural network (1D-CNN) is imple-
mented. The architecture comprises the concatenation of two towers of each two con-
volutional filters, one dropout layer and two fully connected layers, and a sigmoid 
activation function (see Figure 13). A fixed window size is used with an overlap of 
50% with the previous sequence to contain the context of every mouse sequence. Dif-
ferent block sizes [100, 128, 265] are tested within the inner fold. The network outputs 
for each block are aggregated to one prediction per user before providing feedback to 
the network. Further, the model is trained for 35 epochs with a learning rate of 0.001. 
We use the Adam optimiser and the binary cross entropy as a loss function. 
Figure 13: Architecture of the 1-dimensional convolutional neural network  

 
 
Non-sequential models: 
To analyse the hand-crafted features, a Random Forest model is trained in a trade-off 
between simple but flexible enough to detect non-linear and interaction effects. Miss-
ing depression scores are imputed, assuming the mean change between screening and 
pre-treatment from the training data with the patient’s respective symptom level. The 
RF model searches across the number of estimators [3, 5, 10, 25], minimum samples 
for a split [5, 15, 25, 50], the maximum depths [3, 5, 10, 25, 50], and a binary indicator 
for bootstrapping.  

4 Results 

4.1 Final Data Set 
The final baseline data set comprises 408 patients, but 55% of them used a mobile 
device and, hence, did not produce mouse trajectories. Therefore, the mouse trajectory 
analysis includes only 184 desktop computer or laptop users. One user had insufficient 
mouse data points (<10) and was therefore excluded. The final descriptive numbers 
across studies can be seen in Table 4. For the screening and pre-intervention MADRS-
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S scores, there are 13 (2.5%) and 17 (4.2%) missing values, but no patient misses both 
time points.  
Table 4: Descriptive statistics for a) baseline data and b) mouse data set 
a) Mouse data Target Disorder N Dropout in %  Mean Age (SD) Females (%) 
Dana  Depression 75 48% 34.67 (3.83) 100% 

Sophia  Depression 52 44% 42.25 (10.51) 54% 

Social Anxiety 36 50% 35.97 (10.30)  78% 

Panic Disorder 20 31% 42.40 (12.58) 50% 

b) Baseline data      

Dana  Depression 144 56% 34.28 (3.95) 100% 

Sophia  Depression 115 54% 41.54(10.59) 66% 

 Social Anxiety 85 63% 36.21 (9.72)  74% 

 Panic Disorder 64 38% 41.09 (10.98) 58% 

4.2 Prediction Results 
Providing the model with only baseline data resulted in an average inner CV (training) 
score of 0.59 and outer (test) score of 0.56 (95%-CI 0.54-0.57) AUC. Adding the ten 
hand-crafted mouse features increased the inner CV score to 0.65 but did not improve 
the outer CV score 0.56 AUC (95%-CI 0.52-0.61). Only adding the average speed, 
pause time and scroll speed, on the other hand, increased the inner CV to 0.66 and the 
outer CV score to 0.58 (95%-CI 0.55-0.62). The NN produced an inner CV score of 
0.51 and an outer CV score of 0.50 (95%-CI 0.44-0.54). 

5 Discussion  
Considering their information power regarding users’ mindset and emotional state (Fu 
et al., 2017; Lepora & Pezzulo, 2015; Maldonado et al., 2019; Yamauchi, 2013), 
mouse trajectories are a promising candidate for predictions in mental health care. 
However, they are complex in nature, and no insights into their use in DMHIs exist. 
Therefore, the study at hand discusses how to gather and process mouse trajectory data 
and provides an exemplary use case for intervention dropout predictions.  
Mouse trajectories can easily and unobtrusively be gathered through the provided 
tracker. They can then be transformed into time series, images of hand-crafted features 
and paired with the respective model type.  
In the case study, while adding the three simplest selected hand-crafted mouse features 
negligibly increased prediction results, the time-series approach did not succeed on the 
data set at hand. As such, this paper is in line with several works finding more sophis-
ticated models to fail on small-sized e-mental health data (Bremer et al., 2017; Funk 
et al., 2020; Gogoulou et al., 2021; Hentati Isacsson et al., 2023; Smink et al., 2021; 
Zantvoort et al., 2023; Zantvoort, Nacke, et al., 2024). Neural networks are known to 
require larger data sets (Alzubaidi et al., 2023; Piccialli et al., 2021), especially as the 
task of predicting behaviour several weeks in the future is a challenging one (Gogoulou 
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et al., 2021). Future research should, therefore, be conducted on larger mouse trajec-
tory datasets.  
Despite the small data set comprising four heterogeneous interventions, the baseline 
prediction of 0.56 AUC is comparable to related work (Gonzalez Salas Duhne et al., 
2022; Günther et al., 2023; Linardon et al., 2022). However, overfitting is clearly a risk 
for the mouse features as the inner CV score increased by up to 0.09 AUC but did not 
generalise to the outer CV score. Overfitting is presumably also the issue of the neural 
networks, as the training accuracy of 0.90 did not generalise to the CV scores (0.50 
AUC). Relying on an inadequate validation set-up with the data set size at hand would 
have led to an overestimation of the performance (Hilbert et al., 2024; Sajjadian et al., 
2021).  
Beyond the data set size, this study has several limitations. Firstly, the recorded data 
neither accounted for the devices used (e.g., touchpad, vertical or normal mouse) nor 
non-accurate movement caused by the hardware. Secondly, albeit proposed to increase 
prediction accuracy and stability (Zantvoort, Hentati Isacsson, et al., 2024), the heter-
ogeneity of the different interventions could be too pronounced considering the small 
data set size at hand. Thirdly, we only explore the prediction power of mouse trajecto-
ries on the pre-treatment depression questionnaires, which is a very limited part of the 
assessment, especially as it is not the primary symptom for all patients. Future research 
could explore the second proposed use case of leveraging mouse trajectories to im-
prove adherence measures, for example, through pauses, the explored content or pre-
dicted attention (Leiva & Arapakis, 2020). Lastly, more than half of the patients ac-
cessed the questionnaire via mobile devices, which emphasises the importance of also 
investigating touch data (Yang et al., 2021). Only by combining both input channels 
can predictions for all patients be made.  
In conclusion, the paper at hand introduces mouse trajectory data, a tracker to gather, 
and the process and code necessary to leverage them. While the case study results show 
that hand-crafted features slightly increase prediction results, 183 patients are arguably 
too few to leverage complex feature and model combinations. Considering their suc-
cessful implementation in other domains, more research on larger data sets is necessary 
to determine the predictive value of mouse trajectories as unobtrusive and rich data 
type in DMHI predictions.  
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Chapter V: Intervention Text Features 
 
 
 

Zantvoort, K., Scharfenberger, J., Boß, L., Lehr, D. & Funk, B. (2023). Finding the 
Best Match — a Case Study on the (Text-)Feature and Model Choice in Digital Men-

tal Health Interventions. J. Healthcare Informatics Research 7, 447–479. 
 
 
Abstract: With the need for psychological help long exceeding the supply, finding 
ways of scaling, and better allocating mental health support is a necessity. This paper 
contributes by investigating how to best predict intervention dropout and failure to 
allow for a need-based adaptation of treatment. We systematically compare the pre-
dictive power of different text representation methods (metadata, TF-IDF, sentiment 
and topic analysis, and word embeddings) in combination with supplementary numer-
ical inputs (socio-demographic, evaluation, and closed-question data). Additionally, 
we address the research gap of which ML model types – ranging from linear to sophis-
ticated deep learning models – are best suited for different features and outcome vari-
ables. To this end, we analyse nearly 16.000 open-text answers from 849 German-
speaking users in a Digital Mental Health Intervention (DMHI) for stress. Our research 
proves that – contrary to previous findings - there is great promise in using neural 
network approaches on DMHI text data. We propose a task-specific LSTM-based 
model architecture to tackle the challenge of long input sequences and thereby demon-
strate the potential of word embeddings (AUC scores of up to 0.7) for predictions in 
DMHIs. Despite the relatively small data set, sequential deep learning models, on av-
erage, outperform simpler features such as metadata and bag-of-words approaches 
when predicting dropout. The conclusion is that user-generated text of the first two 
sessions carries predictive power regarding patients’ dropout and intervention failure 
risk. Further, the match between the sophistication of features and models needs to be 
closely considered to optimise results, and additional non-text features increase pre-
diction results. 
  



 

64 Chapter V: Intervention Text Features 

1 Introduction 
Estimates suggest that even before 2020, only a third of people affected by mental 
health problems received the help they needed (Rommel et al., 2017; Wang et al., 
2005). This unmet need is accelerated by the psychological aftermath of the COVID-
19 crisis, with estimated growth rates in the prevalence of major depression and anxi-
ety disorders of more than 25% (Santomauro et al., 2021). Consequently, offering ef-
fective help on a larger scale is of paramount importance for individuals and, consid-
ering costs and devastating impacts, for societies as a whole (Ebert et al., 2019).  
Digital Mental Health Interventions (DMHIs) help to provide psychological treatment 
as they are easily accessible, economical, and scalable (Karyotaki et al., 2015). DMHIs 
pursue related goals to face-to-face therapy but are conducted through the means of 
online education formats. They mainly consist of self-help texts, video or audio man-
uals, and exercises and can be accessed independently of time and location. DMHIs 
can be unguided self-help interventions or can include guidance by e-coaches, for ex-
ample, via calls or messages (Andersson et al., 2019). Meta-analyses demonstrate their 
efficacy in treating various mental health problems like stress (Heber et al., 2017) and 
stress-related disorders such as depression (Karyotaki et al., 2015; Reins et al., 2020) 
and anxiety (Domhardt et al., 2020). At the same time, to be effective, a participant 
must finish at least a certain amount of the intervention to show health benefits 
(Donkin et al., 2011; Gan et al., 2021). However, it is estimated that in unguided 
DMHIs, three out of four participants drop out too early. At one in three participants, 
the odds are better, yet still problematic, in guided DMHIs (Richards & Richardson, 
2012). Such dropout is a key factor identified for participants’ variance in response 
rates, causing Gan et al. (2021) to call for strategies to help those who struggle. 
Measures such as e-coaches’ guidance, reminders, and personalization positively in-
fluence overall completion rates and health outcomes (Baumeister et al., 2014; Gan et 
al., 2021; Hilvert-Bruce et al., 2012). However, the extent of guidance necessary dif-
fers among individuals and many complete and benefit from interventions with little 
or none of the usually costly support. Hence, in order to optimally allocate the limited 
resources and effectively help as many as possible, participants in need of attention 
must be identified (Forsell et al., 2019).  
Machine learning (ML) models can make individual predictions and have previously 
been used to estimate intervention dropout and failure probabilities (Shatte et al., 
2018). Most of these attempts focus on user journey data, including log-in data and 
other indicators of online behaviour (Bremer et al., 2020; Chekroud et al., 2021; 
Pedersen et al., 2019). At the same time, human language is the primary tool in psy-
chiatry and psychology (Abbe et al., 2016; Funk et al., 2020). Accordingly, DMHIs 
often include asynchronous text-driven communication with participants, generally in-
volving (1) open-text intervention exercises and (2) direct communication with e-
coaches (Calvo et al., 2017). Such texts are known to hold valuable information re-
garding a user’s mental state and intentions that e-coaches can use to best support their 
participants (Bone et al., 2017). Extracting information from these texts is a promising 
but time-consuming task and thus poses a major challenge with respect to scalability. 
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Natural Language Processing (NLP) is a field of computer science specifically de-
signed to handle text data. Using NLP methods to automate or augment parts of the e-
coaches’ work is a largely unexplored field of research (Shatte et al., 2018). First ad-
vances train ML models on the users’ text to predict binge eating behaviour (Funk et 
al., 2020) as well as intervention outcomes for social anxiety (Hoogendoorn et al., 
2017), and depression interventions (Gogoulou et al., 2021). NLP methods are ample 
and differ in both their complexity and their requirements. Obtaining descriptive num-
bers (e.g., length of the text) and simple counts of words (i.e., bag-of-words ap-
proaches) is straightforward from a technical point of view. However, the amount of 
human decision-making and manual pre-processing is high, and the contextual mean-
ing captured is essentially non-existent. Word embeddings based on neural networks 
can account for the context of words (Devlin et al., 2019) and have set various NLP 
prediction performance benchmarks outside of DMHI text data (Nobles et al., 2018). 
However, first applications to intervention text data are disenchanting when paired 
with simple classifiers (Funk et al., 2020; Gogoulou et al., 2021). With some results 
worse than random chance, Gogoulou et al. (2021) conclude that “the task of predict-
ing treatment outcome based on patient text is very difficult” [28, p. 578]. These results 
notwithstanding, word embedding features are successfully combined with more com-
plex ML models in the related field of mental health diagnostics (Cohan et al., 2018; 
Nobles et al., 2018). As these conflicting findings show, deciding on a suitable com-
bination of text representation techniques and ML models remains a largely unex-
plored problem in DMHIs. In addition, the predictive power of newer deep learning 
models, such as bidirectional encoder representations from transformers (BERT) 
(Devlin et al., 2019) is yet to be explored in the context of intervention text data. Be-
yond the issues discussed thus far, Funk et al. (2020) point out that the isolated 
investigation of text data overlooks the likely interaction with non-text features such 
as the age of participants – a hypothesis supported by several other authors’ findings 
(Calvo et al., 2017; Hoogendoorn et al., 2017; Howes et al., 2014). Hence, the main 
motives driving this research are (1) the open question of how to best combine auto-
mated text analysis with non-text features to optimise resource allocation in DMHIs, 
(2) the hypothesis that previous performances of word embeddings in DMHIs are lim-
ited by the subsequent classification models used, not the word embeddings them-
selves, and (3) the proposition that a BERT model pre-trained on a general corpus will 
have predictive power in the intervention setting as well. 
Joining the rising efforts of ML applications and automatization in the health sector 
(Oesterreich et al., 2020; Wołk et al., 2021), we tackle the problem of machine-learn-
ing-aided decision-making in E-Mental health research. Within this research area, our 
clinical application is optimising resource allocation to relieve an overstrained system 
by identifying those that most need additional support. The findings of our case study 
on 849 participants allow for the derivation of more concrete hypotheses for the further 
investigation of empirical generalisation (Tsang, 2014). More precisely, our contribu-
tion is threefold: First, we systematically compare the predictive power of different 
text representation methods (i.e., metadata, TF-IDF, topic analysis, sentiment analysis, 
and word embeddings) in combination with supplementary numerical inputs (socio-



 

66 Chapter V: Intervention Text Features 

demographic, evaluation, and closed-question data) for intervention dropout and fail-
ure. We complement related work by investigating which ML model types – ranging 
from linear to sophisticated deep learning models – are best suited for different features 
and outcome variables. Second, we account for the relatively long and sequential input 
texts by designing a task-specific neural network architecture which (in many settings) 
outperforms existing word embedding approaches on intervention text. Third, we 
demonstrate the potential of BERT models (Devlin et al., 2019) pre-trained on generic 
text corpora in dropout prediction. To this end, this paper is structured as follows: we 
summarise related work (Section 2), describe our research approach (Section 3), pre-
sent the text representation techniques (Section 4) and ML models (Section 5), and 
thoroughly evaluate different combinations of text representation methods and ML 
models (Section 6). Finally, we discuss the limitations of our study and highlight future 
research directions (Section 7). 

2 Background  
In medical research, the number of ML applications has greatly increased in recent 
years as they promise improved care, scalability, and cost efficiency (Eloranta & 
Boman, 2022). Such improvements are particularly needed in mental health care, 
where patients often go undiagnosed (Cepoiu et al., 2008), and require long-time mon-
itoring and care (DeMasi et al., 2017). While many data types (e.g., log-in or question-
naire data) are available (Shatte et al., 2018), text data presents itself as a propitious 
option in a field that has always primarily relied on language for diagnosis and treat-
ment (Becker et al., 2018; Funk et al., 2020). Several research branches emerged to 
leverage text data’s vast occurrence in the context of mental health (Calvo et al., 2017). 
As their nature, accessibility, and use significantly differ, Becker et al. (2018) call for 
differentiation between research on pre-intervention and intervention data. This chap-
ter briefly explains both and outlines related work to derive the research gaps ad-
dressed in this study. 

2.1 Pre-Intervention Text Data 
Pre-intervention data is gathered before and, thus, outside of a clinical intervention. 
Use cases focus on diagnosing mental health disorders and generating insights. For 
this purpose, much attention has been placed on social media data (Becker et al., 2018; 
Masino et al., 2018; Paul et al., 2021; Yeruva et al., 2019). These datasets gather users’ 
natural communication with each other on platforms like Twitter or Reddit. One ex-
ample are Cohan et al. (2018), who tackle a multi-class diagnosis problem on a dataset 
of 20.406 self-reportedly diagnosed and 335.952 control users’ social media posts. 
They find that sequential neural network approaches outperform their non-sequential 
models trained on Term-frequency Inverse Document Frequency (TF-IDF) (Spärck 
Jones, 1972) features in eight out of nine conditions. Yeruva et al. (2019) compare 
insights on obesity and healthy eating - topics related to eating disorders (Marcus & 
Wildes, 2012) - from 103.609 Tweets versus 6.602 academic abstracts from PubMed. 
They propose a pipeline to construct social and contextual word embeddings, which 
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produce valuable insights. Wongkoblap et al., (2021) predict depression diagnoses for 
4.169 Twitter users. On the one hand, they compare the dictionary-based Linguistic 
Inquiry and Word Count (LIWC) tool (Pennebaker et al., 2015), a language model, 
topic analysis, and Usr2Vec (Amir et al., 2017) features paired with Logistic Regres-
sion (LR) or Support Vector Machines (SVMs). On the other hand, they pair word 
embeddings with a one-dimensional convolutional neural network (CNN), as well as 
two task-specific (attention-based) neural network architectures. At AUCs of 0.91-
0.93, their sequential models outperform their non-sequential models with AUCs of 
0.79-0.88. They explain this gap with the information loss non-sequential models suf-
fer when features are aggregated across words. More recent studies in Mental Health 
diagnostics go one step further by using a more novel pre-trained BERT model (Devlin 
et al., 2019), which yields good results (Bucur et al., 2021; Wołk et al., 2021) and thus 
shows promise for other areas of text data in E-Mental Health research. As much more 
work exists than can be discussed here, reviews such as Chekroud et al., (2021), Calvo 
et al., (2017), or Le Gaz et al., (2021) can be referred to for a more detailed picture.  
While pre-intervention text data is usually publicly and easily accessible on large 
scales (e.g., through crawlers), it lacks health labels such as a reliable clinical diagnosis 
and must depend on self-published information. Further, anonymity and limited infor-
mation verification options can cause issues with data quality (Calvo et al., 2017; 
Eloranta & Boman, 2022). In summary, pre-intervention text data was produced in a 
non-clinical setting and primarily generates diagnoses and epidemiological insights.  

2.2 Intervention Text Data 
In contrast, intervention data comes from a clinical setting designed to help an already 
diagnosed user. Here, text is produced by health staff (e.g., Electronic Health Records 
(Ewbank et al., 2020; Le Glaz et al., 2021)) or by the users themselves (Becker et al., 
2018). In DMHIs, users primarily produce answers to open-text questions or conver-
sation data with health staff. Because of the controlled setting, high-quality socio-de-
mographic, longitudinal symptom, and user behaviour data is usually available. How-
ever, gathering intervention data requires resource-intensive steps such as screening, 
diagnosis, and the assurance of weeks-long (guided) interventions. Consequently, such 
data points tend to be costly, and data sets stay small (Pasini, 2015). Additionally, 
access to existing datasets is extremely limited due to privacy concerns (Andersson et 
al., 2019; Gan et al., 2021). As a result, Shatte, Hutchinson and Teague (2018) find 
that only 1% of studies investigating ML in a Mental Health setting investigate inter-
vention data, and barely any consider NLP methods. In agreement with these findings, 
several authors conclude that NLP on intervention data is vastly understudied despite 
its substantial potential (Calvo et al., 2017; Funk et al., 2020; Le Glaz et al., 2021; 
Shatte et al., 2018).  
In mental health interventions, lack of adherence and responsiveness to treatment are 
major concerns (Andersson et al., 2019; Donkin et al., 2011; Eysenbach, 2005). As 
shown by Forsell et al. (2019), Pedersen et al. (2019), and Pihlaja et al. (2020), targeted 
measures such as human guidance can improve upon these problems but, in an already 
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overstrained system, cannot be offered to all participants. Here, supervised ML models 
provide great value by identifying those users that require additional care and allowing 
for individually targeted measures (Forsell et al., 2019). To present a comprehensive 
picture of previous work of NLP for dropout and intervention failure prediction, we 
search PubMed with the query (“Natural Language Processing” OR “NLP”) AND 
(“Psychology” OR “Psychiatry” OR “DMHI*”) AND (“Predict*” OR “Machine 
Learning”) AND (“Outcome” OR “Dropout” OR “Adherence”). We include papers 
that used ML models to make individual dropout or outcome predictions based on 
user-generated open-text data in DMHIs. We then follow the citations in the related 
work section for more relevant papers. Further, a PubMed search including a similar 
query with the term “BERT” did not lead to any studies including user-generated in-
tervention data. 
Howes et al. (2014) predict intervention outcomes based on chat data between thera-
pists and 167 English-speaking users of a depression and anxiety intervention. Simple 
LR, linear SVMs, and Decision Tree (DT) models are trained for classification. The 
authors conclude that a combination of demographic and metadata yields better results 
than the slightly more sophisticated sentiment and topic analysis. The best-reported f1 
measure improves the baseline from 0.57 to 0.7. However, as they point out, they split 
several messages of one patient between test and training set in their 10-fold cross 
validation. With limited patients available, the combination of age, gender, and thera-
pist can already allow a model to identify an individual participant and infer the result 
from the training example.  
Hoogendorn et al. (2016) retrieve information about sentiment, topics, writing style, 
and word usage from German emails written by 69 social anxiety patients, together 
with meta and demographic data. They investigate 1) averages and 2) trends per per-
son. They choose the 20 features most correlated with their outcome variable – symp-
tom levels at week twelve – mainly covering single words (17), topics (2), and writing 
style (1). For classification, they train LR, DT, and random forest (RF) models, arguing 
that these model types give reasonably good and understandable results. While socio-
demographic data alone has no predictive value, complementing it with text data up to 
week six significantly enhances the prediction performance of their RF model (AUC 
0.83).  
Smink et al. (2021) use 770 participants’ first four out of an average of 20 emails 
written in a DMHI for alcohol abuse to predict dropout. They retrieve word count and 
LIWC (Pennebaker et al., 2015) features and combine them with socio-demographic 
data. The classifiers used are LR, a neural network, XGBoost, and a Mixed-effect RF 
model. First, they aggregate the features as means across all four emails for the non-
sequential models. Second, they input the features per email into their sequential neu-
ral network and RF. Hence, while sequential models are included, they only consider 
the order of emails, not the sequentially of language itself. The winning XGBoost 
model performs worse than their baseline, leading to the conclusion that they could 
not associate their simple email text features with intervention dropout.  
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Funk et al. (2020) use 372 participants’ English messages and intervention text snip-
pets to predict binge eating episodes in the next 24 hours. A total of 100 of these par-
ticipants also have the 6-month follow-up health outcome. The authors compare an 
array of different methods of text representation: metadata, bag-of-words models in-
cluding topic and sentiment scores, word embeddings, and Part-of-Speech tagging. To 
predict short-term symptom severity, they train an LR and an RF model, resulting in a 
maximum AUC of 0.57 for new users. Additionally, they use LASSO regression to 
determine the best out of their 220 variables for the long-term outcome prediction. 
None of the 50 element-wise averaged embedding dimensions are among the most 
informative features. 
Gogoulou et al. (2021) compare TF-IDF, Word2Vec, FastText (Bojanowski et al., 
2017), and Doc2Vec (Le & Mikolov, 2014) text representation on Swedish homework 
reports of 1.986 users of a depression intervention. The three word embeddings are 
trained in advance on an additional 4.835 users’ texts from other interventions. In their 
approach, TF-IDF outperforms the word embeddings in almost all settings, and in 
some cases, the latter even perform worse than the naïve baseline. With a maximum 
f1 score of 0.69 (baseline of 0.58), they conclude there is a signal in intervention text 
data regarding outcome prediction, but word embeddings do not serve to extract it. 
While their paper has the by far largest sample for intervention text data and considers 
three different methods of word embeddings, it only uses a simple linear classifier. As 
such, they do not put their focus on leveraging the sequential nature of word embed-
dings (Mikolov et al., 2017).  
In conclusion, only one paper investigates the prediction of dropout based on interven-
tion text data, with little success. However, as the authors propose, features other than 
the two simple ones included should be investigated (Smink et al., 2021). For outcome 
prediction, several studies find that combining text features with non-text features such 
as socio-demographic data leads to the best results (Calvo et al., 2017; Hoogendoorn 
et al., 2017; Howes et al., 2014). This results in the first research focus of this paper 
presented in the introduction; the question of how to best combine text analysis with 
non-text features to optimise resource allocation in DMHIs. The works so far suggest 
that simpler text representation features are superior in their predictive performance. 
However, datasets were almost always smaller than 250 users, and the focus has been 
on linear and simpler tree-based classifiers. Those papers including more sophisticated 
models, only used simple features. Thus, the performance of more sophisticated mod-
els, such as ensemble methods and deep neural network classifiers in combination with 
complex features, remains to be investigated in typical DMHI prediction tasks. This 
leads us to our second research proposition: Previous performance of word embed-
dings in DMHIs is limited by the subsequent classification models used, not the word 
embeddings themselves. Further, successful examples from research on pre-interven-
tion data (Bucur et al., 2021; Wołk et al., 2021) let us arrive at our third proposition 
for this paper: That a BERT model pre-trained on a general corpus will have predictive 
power in the intervention setting as well. 
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3 Study Set-Up   
This study addresses the gap in existing research by systematically exploring the pre-
dictive power of text (i.e., different metadata, TF-IDF, sentiment and topic analysis, 
Word2Vec and FastText word embeddings) and non-text data types (i.e., socio-demo-
graphic and symptom data, evaluation data, and closed-question data) and their inter-
play with different model types (i.e., LR, SVMs, XGBoost, AdaBoost, LSTMs and 
BERT). We investigate these results for intervention dropout and outcome to provide 
insights into the use of ML methods to optimise resource allocation. The final goal is 
better outcomes with equal or lower costs (Forsell et al., 2019; Pedersen et al., 2019). 
A key focus of this paper is the investigation of the gap between the word embeddings’ 
theoretical power and the lack of its manifestation when used on intervention text data. 
To this end, two different word embeddings are trained and then (1) averaged for non-
sequential models and (2) used as they are with a sequential model. Furthermore, we 
employ BERT to make predictions based on the intervention text data, which – to the 
best of our knowledge – has not yet been investigated. At the same time, Occam’s 
razor principle suggests that – ceteris paribus – the simplest model is preferable 
(Blumer et al., 1986). Because of this, feature extraction methods and models of dif-
ferent sophistication levels are pit against each other in this exploratory study of how 
to best predict intervention failure and dropout. With 849 participants, the dataset at 
hand is larger than all but one of the previous works on intervention text. 

3.1 Data Description  
For our case study, we consider the data of 927 participants from six randomised con-
trolled trials (Table 5) of an internet-based stress management intervention called 
GET.ON Stress (Heber et al., 2017). The training program comprises seven sessions, 
planned to be held on a weekly schedule. Each session consists of general information, 
quizzes, audio and video files, downloadable worksheets, and interactive exercises. 
The interactive exercises are the most important element in each session. Users work 
through the exercises by reading or listening to short instructions and then writing their 
answers into text boxes. In subsequent sessions, many of the text inputs are picked up 
and displayed again to the user by the system. The core stress coping strategies in-
cluded in the training program are problem-solving (D’Zurilla & Nezu, 2001) and 
emotion regulation (Berking & Whitley, 2014). At the beginning of the program, par-
ticipants write about their stressors, goals, and motivations. In each subsequent ses-
sion, the participants are asked to choose pleasant activities, plan to implement them 
into their lives, and to reflect on how it went in the subsequent session. In the second 
and third sessions, participants learn a systematic six-step problem-solving method 
that can be applied to their problems, again reflecting on it in the subsequent sessions. 
In sessions four to six, participants learn and practice different emotion regulation 
techniques, such as muscle and breathing relaxation (Berking & Whitley, 2014). In the 
seventh session, participants reflect on their goals for the training and plan how to 
continue practising stress coping in the future. Four weeks after completing session 
seven, an optional booster session eight is provided. Depending on the trial, 
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participants went through the program as a self-help intervention, were able to ask for 
feedback, or automatically received written feedback by e-coaches after every session. 
For more detailed information on the set-up of the intervention and each of the studies, 
please refer to the primary publications cited in Table 5. 
Table 5: Overview of the intervention studies included in this analysis. 
Study German Clinical Trial No. Publication Level of human support 
1 DRKS00004749 Heber et al., (2016) Intensive guidancea 

2 DRKS00005112 Ebert, Lehr, et al., (2016) Guidance on demandb 

3 DRKS00005384 Ebert, Heber, et al., (2016) No guidancec 

4 DRKS00005687 Nixon et al., (Preprint) Guidance on demand 

5 DRKS00005990 Ebert et al., (2021) Guidance on demand 

6 DRKS00005699 Nixon et al., (2022) No guidance 

Notes: a participants receive written feedback (avg. 30 minutes) after each session; b 
participants receive feedback on demand; c participants receive technical support only 
In this study, intervention dropout is defined as having finished less than the six core 
sessions out of eight total sessions. Sessions 7 and 8 are not considered core sessions 
as they do not convey new material but instead serve as a reflection and repetition 
session, respectively. As such, the dropout definition follows the consensus of opera-
tionalising dropout reported by Donkin et al. (2011) and is recommended to use by 
Gan et al. (2021). The second session is chosen as the point of prediction due to the 
trade-off between text gathered and time left to intervene (Bremer et al., 2020). Choos-
ing this prediction point results in 849 German-speaking participants who completed 
exercises in the first two sessions – 25% of whom are considered dropouts. Interven-
tion failure is defined as an improvement of fewer than 5.16 points on the Perceived 
Stress Scale (PSS) (Jacobson & Truax, 1991; Schneider et al., 2020), the primary 
health outcome metric. This threshold value of 5.16 is based on the reliable change 
index indicating a clinically meaningful change in symptomatology introduced by Ja-
cobson and Truax (1991). The average baseline PSS score is 25 and, after finishing an 
average of 6.6 sessions, ends at 17. In total, 37% of users considered are intervention 
failures. A total of 40 participants did not fill out the PSS questionnaire after finishing 
the intervention and, therefore, cannot be considered for intervention failure predic-
tion. Losing many data rows because participants did not fill out the final symptom 
questionnaire is a common problem when predicting intervention outcome. For exam-
ple, Gogoulou et al. (2021) disregard 38% of their participants because their low ad-
herence prevents the calculation of the target features. Attempting to predict the 6-
month follow-up, Funk et al. (2020) even lose 73% of their data. In this dataset, from 
those with unknown outcomes, 85% dropped out. Excluding these participants runs 
the risk of ignoring those most in need of additional support. Therefore, we provide 
insights into both, dropout (keeping more participants) and intervention failure (the 
more exact outcome measure) predictions. 
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3.2 Non-Text Data 
Related work suggests that a combination of text and non-text features is most prom-
ising when retrieving information about a user’s mental state (Calvo et al., 2017). 
Thus, unsurprisingly, a myriad of the above-mentioned studies includes non-text var-
iables in their analysis. We train benchmark models on each of the non-text and text 
feature types by themselves and then combine them to be able to differentiate between 
individual, and interaction effects. 
Baseline variables such as socio-demographics or symptom data have been thoroughly 
investigated in terms of their predictive power for dropout and intervention failure, 
howbeit with limited consensus in results (e.g., (Christensen et al., 2009; Hedman et 
al., 2014)). We include these variables in our analysis based on the assumption that 
ways of expressing oneself are dependent on users’ characteristics such as age and 
gender (Calvo et al., 2017). Asking users to fill out a baseline questionnaire before 
starting the intervention is common, as seen in the related work section. Our eleven 
socio-demographic variables cover different information about the participants’ age, 
gender, educational background (2 features), occupation (5), and family status (2). 77 
participants did not indicate their income level, they are accounted for in an additional 
feature. The descriptive statistics and data types of all included socio-demographic 
features can be found in the Supplementary Material 1. The majority of participants 
identify as female (78%), hold a college degree (60%) and are on average 42 years old, 
where the age distribution is bimodal with two peaks around 30 and 50 years. In addi-
tion to the socio-demographic variables, five symptom-related variables provide the 
baseline PSS subscores of Helplessness and Self-Efficacy (Christensen et al., 2009), 
and carry information about previous experiences with training and therapy (3 fea-
tures). The mean values of the PSS subscores before the intervention are 16 and 9, 
respectively. The aforementioned variables are supplemented by the intervention sup-
port level and an indicator of whether the user found out about the intervention via 
their health insurance company.  
Evaluation data providing information on the user’s attitude towards the intervention 
can easily be argued to be an evident factor for their intention to continue it. Therefore, 
this data proposes a promising alternative to the resource-intensive process of text-
analysis. At the same time, it requires an additional questionnaire after each session, 
hence straining the limited user attention available. To investigate this trade-off, it will 
be included in the analysis. The users evaluate the (1) easiness and (2) usefulness of 
each session on a scale of 1 (very useful/very easy) to 5 (not useful at all/very difficult). 
Furthermore, the users were asked to estimate the time they needed to complete the 
respective session on a rating scale from 1 (less than 30 minutes) to 4 (more than 90 
minutes). On average, users rate the easiness with 2.3, the usefulness at 1.8 and the 
time required between 30 and 90 minutes. Furthermore, users have the chance to ar-
ticulate well-liked and improvable aspects of each session in an open-text format. For 
the text representation, we append this text to the rest of the user’s generated text of 
the corresponding session. In total, 735 participants answered the evaluation questions 
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for at least one of the first two sessions, and missing values are accounted for in an 
additional feature.  
Closed-question data is structured data in the form of questionnaire items that have a 
limited set of pre-defined answer options, which Cook et al., 2016 found to have better 
performance than open-text questions when predicting suicidal intentions. Such closed 
questions are often inherent in the intervention design and are easier to handle than 
unstructured text data from a technical standpoint. Exemplary impressions of how the 
users saw such questions can be found in the Supplementary Material 2. In our dataset, 
three closed-form intervention exercises sum up to an additional 13.298 user entries. 
These questions address the perceived stress levels, the per centage of successfully 
implemented goals from the previous session, and the intended day of finishing the 
upcoming session. We extract the relevant numbers and – depending on the nature of 
the question – include them as they are or aggregate them (i.e., sums, averages, or 
counts). We fill missing values with 0s and create additional features indicating miss-
ing values. 

4 Text Representation  
In total, the 849 users produced 61.290 open-text answers to intervention exercises and 
another 3.647 answers to the open-text evaluation questions. Given the point in time 
of the prediction, only the text from sessions one and two are used. This leaves 15.773 
entries, 1.597 of which are open-text evaluation answers. As a first step, 1.064 entries 
that do not contain any relevant information (e.g., “xxx”, “…”, “-”) are deleted, which 
are found via the investigation of the answers with less than five characters. A feature 
counting the number of such entries is included in the simple metadata. Since text 
representation techniques typically cannot handle numbers well [26], digits are re-
placed by ‘#’. Second, we scrape a list of commonly used German abbreviations and 
manually adjust and supplement them to better fit the context of this intervention. The 
abbreviations are replaced with their long-form, and special characters, as well as smi-
leys, are deleted. A spell check based on the Hunspell package is tried but does not 
increase cross-validation scores and, therefore, is not used in the final results. Third, 
we lemmatize the participants’ text using the Python library SpaCy. As upper-case 
letters carry significant meaning in German (Fehle et al., 2021), the texts are only 
lower-cased after lemmatization. Since bag-of-words methods usually benefit from 
lemmatized texts (Fehle et al., 2021), while neural network approaches are not ex-
pected to(Camacho-Collados & Pilehvar, 2018), we keep both. Lastly, we aggregate 
the text per user and session, resulting in a concatenated string of all user text inputs 
that can be used as-is or be further aggregated across sessions 1 and 2.  

4.1 Metadata 
Especially when thinking about dropout as the binary manifestation of engagement, 
the effort invested in the exercises is a promising candidate for its prediction 
(Karyotaki et al., 2015). Assuming that a longer answer to a given task requires more 
effort than a short one, the arguably most straightforward measure is the length of the 
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answer. Hence, we create a simple metadata representation of the participants’ texts 
by measuring the word and character count. An average intervention text in sessions 1 
and 2 together contain 617 words in 4.105 characters and an additional 48 words in 
313 characters for the evaluation questions. To account for the participants’ willing-
ness to answer the intervention questions, a feature counting the number of useless 
(defined as above) entries is added. Additionally, the usage of upper cases, exclama-
tion, question marks, and positively or negatively connoted smileys are counted before 
they are deleted in the text cleaning. The advanced metadata is based on Ewbank et 
al.’s (2020) finding that different therapeutic intentions and topics have different im-
pacts on outcomes in face-to-face intervention. In sessions 1 and 2, tasks aim to gather 
information about the user’s motivation and build skills in problem-solving, stress 
analysis, behaviour reflection, and behavioural planning. Thus, all text snippets are 
categorised, and text lengths per category are retrieved to investigate whether this ad-
ditional information can improve predictions. 

4.2 Bag-of-words 
Bag-of-words approaches count the occurrences of each word in a document (i.e., in-
tervention answers) in an attempt to extract similarities or differences in texts. A pop-
ular bag-of-words method is Term Frequency-Inverse Document Frequency (TF-IDF) 
(Spärck Jones, 1972). The word occurrence count is rescaled based on the relative 
occurrence of all documents. The scikit-learn TF-IDF vectorizer is used on the word 
level, considering uni- and bigrams to produce the vector per participant. This ap-
proach results in a very large and highly sparse matrix; both attributes that many ML 
models cannot handle well. To reduce the size of the matrix, features used by more 
than 70% of documents are discarded, as they are assumed to be stop words. In order 
to keep fewer features than data points (Funk et al., 2020), the number of TF-IDF 
features kept is determined by the number of users minus the number of additional 
non-text features. In two additional steps, sentiment and topic analysis are used to re-
duce the matrix dimensionality by grouping similar words. Sentiment properties of 
polarity and subjectivity are retrieved per text snippet to extract variation in sentiments 
depending on the exercise (e.g., “What stressed you today?” vs “What makes you feel 
good?”). The German version of the text blob package - a rule-based approach – is 
used on the lemmatized text, as per the recommendation of Fehle, Schmidt and Wolff 
(2021). Sentiment polarity is recorded on a scale from [-1,1], with the minimum indi-
cating a negative and the maximum indicating a positive connotation. In addition, the 
subjectivity variable indicates the level of opinion, emotions, or judgments between 0 
(objective) and 1 (subjective). As both the average sentiment and the range of senti-
ment are considered valuable information (Funk et al., 2020), the mean, max, and min-
imum scores across sessions are included as features. Another way of reducing the 
dimensions is Latent Dirichlet Allocation (LDA), which tries to identify latent topics 
in the documents. LDA assumes that a document touches upon different topics opera-
tionalised by a list of common words associated with each topic (Blei, 2003). Consid-
ering the number of relatively small entries and the likely tendency that similar exer-
cises produce similar answers, this step is done on the already aggregated text, and the 
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number of topics considered is set to 10 (Funk et al., 2020). The topic model is calcu-
lated on the training data corpus only and then applied to the test data text.  

4.3 Embeddings 
Based on the assumption that similar words appear in similar contexts, word embed-
dings attempt to analyse word co-occurrences and represent each word by n-dimen-
sional vectors of real numbers. Thus, words used in akin contexts tend to be mapped 
to vectors with small distances. Word2Vec (Mikolov et al., 2017) and FastText 
(Bojanowski et al., 2017) are frequently used word embedding techniques based on 
neural networks. Word2Vec offers two different network architectures to learn word 
representations by (1) predicting a current word based on its surrounding words 
(CBOW) or (2) predicting the surrounding words based on a current word (Skip-gram). 
While the learned representations of the words in the training corpus are mostly mean-
ingful, unseen words cause difficulties. In order to find a vector representation of these 
words, a fraction of rare words is typically mapped to an out-of-vocabulary (OOV) 
token during training allowing unseen words to be mapped to this generic OOV vector. 
FastText (Bojanowski et al., 2017) is an extension of Word2Vec, which tries to tackle 
the problem of unseen words by building embeddings for each word in the corpus as 
well as the n-grams each word consists of. Hence, word vectors for unseen words can 
be generated based on the n-grams in a more meaningful way. Both word embeddings 
can be trained from scratch on custom datasets or word embeddings pre-trained on 
large text corpora in languages (e.g., Wikipedia or News articles) can be used. Since 
the text produced by the study participants is different in its structure from generic 
corpora, we follow related work (Funk et al., 2020; Gogoulou et al., 2021) and train 
the word embeddings on an extended dataset using the Gensim library. To enhance 
our small training dataset, we also use the texts generated by control group users and 
train the word embeddings at the sentence level. We treat the vector dimension n and 
the model architecture (i.e., CBOW or Skip-gram) as hyperparameters which are opti-
mised during the training of our recurrent neural network (Section 5.2). To compare 
the sequential approach to results from related work (Funk et al., 2020; Gogoulou et 
al., 2021), we process the generated word embeddings by calculating the element-wise 
averages of every participant’s text and use these averaged word embeddings as inputs 
for non-sequential models (Section 5.1). 

5 Machine Learning Models  
In the following, we present the different ML models that are trained to predict dropout 
and intervention failure. To match the complexity of the text representation methods, 
we consider three different model categories: (1) traditional ML models for non-se-
quential data, (2) deep learning models for sequential data, and (3) advanced pre-
trained transformer-based models. While non-text features, metadata, bag-of-words, 
and averaged word embeddings are combined with traditional ML models, we extend 
related work in this field by additionally maintaining the sequential nature of text by 
training recurrent neural networks as well as a BERT classification model. We set apart 
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a hold-out test set (20% of the participants) beforehand to evaluate the models’ out-of-
sample performance (Chapter 6). 

5.1 ML Models for Non-Sequential Data  
We use four different classification models: LR, SVMs, AdaBoost, and XGBoost. The 
corresponding model hyperparameters are optimised in a 5-fold cross validation (CV), 
where each hyperparameter space is defined by initially choosing small intervals 
around the default values and incrementally considering adjustments if the boundaries 
perform best in the CV. For each data input (i.e., combinations of text representations 
and supplementary numerical inputs), one final model, chosen based on the CV scores, 
is trained on the entire training data, and evaluated on the hold-out test data. To account 
for the class imbalance in the dropout data, we create synthetic data of the minority 
classes by using SMOTE oversampling (Chawla et al., 2002). The sampling ratio is 
treated as a hyperparameter for all four models and is optimised during the CV. 
Logistic Regression as a linear model for binary classification is very popular due to 
its fast training times, good explainability, and reasonably good results. In light of the 
dataset size, the liblinear solver is chosen. Given the partially high number of predic-
tors, L1 or L2 regularisation are optimised as a hyperparameter in the CV, together with 
the respective penalization strength (0.01-10). Support Vector Machines classify by 
drawing decision boundaries between classes. SVMs can either use the feature space 
as is or use a non-linear kernel to map it into a higher dimensional space to make 
classes linearly separatable (Cortes & Vapnik, 1995). The use of a linear or a Radial 
Basis Function kernel is optimised as a hyperparameter, each with their own set of 
regularisation parameters (C: 0.1-1000, gamma: 0.001-1) to balance over- and under-
fitting. For both, LR and SVMs, a scaler is added to the ML pipeline. XGBoost is a 
fast and efficient implementation of a Gradient Boosting Tree that also allows for the 
regularisation of features and thus avoids overfitting on smaller datasets (Chen & 
Guestrin, 2016). As the XGBoost classifier has many non-trivial hyperparameters, 
Bayesian Search CV is used to allow a less computationally expensive grid search 
(Guyon et al., 2011). To constrain the architecture of the trees, the max. depth (3-5), 
and the minimum weight of a child (0.5-1) are optimised. Further measures against 
overfitting are the per centage of rows (0.5-1), and columns (0.5-1) used to build each 
tree, as well as the regularisation parameters gamma (0/1) and lambda (1/2). The num-
ber of estimators (50-1000) is also investigated with the learning rate for each step 
(0.01-0.5). AdaBoost classifiers leverage the advantages of ensemble learning by com-
bining a variety of weak learners to achieve better predictions (Schapire, 2013). The 
number of estimators (3-2000) used stands in a trade-off to the learning rate (0.001-2) 
– the weight given to each estimator – because of which these are optimised together. 
We implement our models in Python using the Scikit-learn and xgboost libraries. The 
non-sequential models can be trained on a standard laptop, and training times partially 
depend on the number of features. Including grid search, LR and SVMs usually need 
mere seconds while the AdaBoost model, on average, takes several minutes. Training 
times are the longest for the XGBoost models, where iterating through the entire 
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hyperparameter space often takes longer than for the AdaBoost model, despite the use 
of Bayesian Search CV. Including the large number of TF-IDF features implies the 
longest training times at one or two hours each for the Ensemble models.  

5.2 Recurrent Neural Network 
Related work in this field demonstrates the inferior performance of word embeddings 
when element-wise averaged and used as inputs for models from the previous section 
(Funk et al., 2020). Due to the relatively long input sequences in the second session 
(on average 370 words respectively 392 with evaluation texts), we assume that a care-
fully designed recurrent neural network can better leverage the potential of word em-
beddings than averaged word vectors and thus possibly achieve better results on our 
two classification tasks. To avoid enlarging the input sequence length further, we do 
not include text generated in the first session. 
A naïve bidirectional LSTM-based (Hochreiter & Schmidhuber, 1997; Schuster & 
Paliwal, 1997) model architecture, which consists of one input containing all text in-
puts of a given participant, barely achieves baseline performance on our validation set. 
This may be grounded in challenges arising from these long input sequences. There-
fore, we decide to design a more sophisticated, task-specific model (Figure 14) for our 
problem. The core model has four different blocks which aim to encode the partici-
pants’ texts with respect to one of the four categories used in the second session – 
problem solving, reflection, stress analysis, and behavioural planning – and thus natu-
rally reduces the input sequences’ lengths. Each block consists of an input layer, an 
embedding layer (i.e., our pre-trained word embedding matrix), and two bidirectional 
LSTM layers. All outputs from the last bidirectional LSTM layers are concatenated 
and passed to a fully-connected neural network with dropout. Adding a further bidi-
rectional LSTM layer after concatenation does not improve performance on our vali-
dation set. We consider the embedding dimension (FastText: 10, 25, 50, 100; 
Word2Vec: 25, 50, 100, 300), input sequence length (30, 50, 100, 200 words), number 
of units per LSTM layer (First layer: 0, 16, 32; Second layer: 16, 32), number of neu-
rons per dense layer (16, 32), and the dropout rates (0.1, 0.2) as hyperparameters which 
are optimised during training. If further text inputs are considered (i.e., evaluation 
texts), we extend our core model by two blocks processing the two different evaluation 
categories (i.e., feedback about liked contents and suggested improvements). If numer-
ical inputs are considered (i.e., demographical data, numerical evaluation data, or ex-
tracted numbers from text), we extend our core model by another input layer which is 
normalised and directly passed to the concatenation layer. We try to account for the 
imbalanced class distribution by using a weighted binary cross-entropy loss function. 
The class weights are considered hyperparameters which are optimised during train-
ing. The Adam optimiser is used to train this network architecture where the learning 
rate (0.01, 0.001, 0.0005) yields the final hyperparameter. To tune all hyperparameters, 
we use 20% of the training data as a validation set and re-train our tuned models on 
the entire training set for 25 epochs with early stopping. Since the performance does 
not increase when fine-tuning the embedding layers, we freeze the embedding weights 
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and only train the remaining weights of the network. The network is implemented in 
TensorFlow, and the hyperparameter tuning is executed on an Nvidia Tesla P100, 
which takes approximately six hours for each of the four different data inputs. 
Figure 14: Task-specific LSTM-based model architecture 

 

5.3 BERT 
To represent the more complex recent transformer model architectures, we investigate 
the prominent bidirectional encoder representations from transformers (BERT) model 
(Devlin et al., 2019) to predict dropout and intervention failure. In contrast to the pre-
vious approaches of separating the steps of text representation and training classifica-
tion models, the BERT model combines these tasks (Devlin et al., 2019). While train-
ing BERT from scratch requires a substantial amount of data, BERT models pre-
trained on large datasets can be leveraged and are easily adaptable to new NLP tasks. 
On NLP benchmark tasks, pre-trained BERT models that are fine-tuned on custom 
datasets achieve better results than carefully crafted task-specific model architectures. 
Therefore, we also follow this approach to both maintain the sequential structure of 
the texts and to reduce the manual effort in designing an appropriate architecture. 
We build our classification model based on the BERT model pre-trained on three large 
German datasets (bert-base-german-cased from Huggingface’s model repository) and 
fine-tune it on our dataset. To adapt this model to our two classification tasks, we 
slightly modify the model architecture: we use the 768-dimensional representation 
vector produced by the BERT model and feed it into a new classification head consist-
ing of two hidden layers and a sigmoid output layer. When considering additional nu-
merical inputs (i.e., baseline, evaluation, or closed-question variables), we concatenate 
the 768-dimensional vector with the supplementary variables. The design of the clas-
sification head is optimised during training where the number of neurons per hidden 
layer (16, 32, 64) and the dropout rate (0.1, 0.2) are considered hyperparameters. De-
spite BERT’s ability to handle input sequences up to 512 words, we only consider 
shorter lengths (64 and 128 words) due to the required computational resources. To 
compensate for the class imbalances, we make use of a weighted binary cross-entropy 
loss function and treat the class weights as additional hyperparameters. The aforemen-
tioned hyperparameters and the learning rate (5 ∙ 10!", 10!#, 5 ∙ 10!#, 10!$) of the 
Adam optimiser are optimised during training using a validation set of 20% of the 
training data. The final model is trained on the entire training data for 20 epochs with 
early stopping. 
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6 Results  
We evaluate our final models on the test set of 170 (dropout) and 163 (intervention 
failure) participants. Although our test set is large when compared to most related 
work, this size still implies the risk of unrepresentative results. Since the area under 
the receiver operating characteristics (AUC) accounts for class imbalance and thus 
eases the comparison of results of the two classification tasks, we choose this evalua-
tion metric (Bradley, 1997). The two result tables for intervention failure (Table 6) and 
intervention dropout (Table 7) summarise the AUC scores on our test set, where col-
umns represent different text representation methods and rows define supplementary 
non-text features. The benchmark model (BM) column provides a reference score 
trained exclusively on the corresponding numerical features. To identify the most pre-
dictive features, we calculate SHAP values (Lundberg & Lee, 2017) or use included 
feature importance measures for the non-sequential models.  

6.1 Intervention Failure 
Exclusively considering text variables, sentiment analysis (AUC of 0.65) outperforms 
the other text representation techniques on our test set. Other methods, such as 
Word2Vec combined with our LSTM architecture and advanced metadata with an LR 
model, achieve solid results (0.61 resp. 0.59) as well. While averaged word vectors 
combined with boosting classifiers perform very poorly (0.50-0.52), leveraging the 
sequential nature of the texts by using deep learning architectures yields benefits (AUC 
0.55-0.61). Thus, also performing equally or better than TF-IDF features with an Ada-
Boost model (0.55). 
Our benchmark model (BM) trained on the numerical baseline data achieves an AUC 
score of 0.69 and, hence, is not outperformed by the vast majority of text representation 
techniques. This is most likely due to the initial PSS subscores included in the baseline 
data, which are expected to be important variables in predicting intervention failure 
(Forsell et al., 2019). While the additional baseline variables increase the performance 
of all text representation methods (compared to text-only models), only advanced 
metadata and sentiment analysis (both combined with LR) achieve better AUC scores 
(0.71 and 0.72) than our baseline benchmark. In both cases, age is the most important 
feature, followed by the baseline PSS subscores and income category. While PSS sub-
scores are among the five most important variables of our benchmark model as well, 
age and income are not, which possibly indicates a moderating function for text fea-
tures. The deep learning approaches are the only approaches that do not benefit from 
adding baseline data and perform worse than the averaged word vectors combined with 
LR. Similar to baseline data, additional evaluation data (both textual and numerical) 
enhances the performance of nearly all representations. Besides the winning task-spe-
cific Word2Vec LSTM architecture (0.68), advanced metadata, sentiment analysis, 
and LDA (all using LR) achieve better results than the evaluation data benchmark by 
itself (0.62). TF-IDF, averaged word vector, and the remaining deep learning ap-
proaches cannot attain the benchmark scores, suggesting that more variables can have 
a harmful effect on the information-to-noise ratio. Closed-question data adds little 
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value and, in some cases, even decreases the model performance when compared to 
text-only results. Only the task-specific FastText LSTM model leverages this addi-
tional information and achieves an AUC result of 0.62. While this clearly outperforms 
the benchmark (0.53) as well as the averaged word vectors on this task, various other 
approaches on different data inputs achieve better results.  
To predict intervention failure, baseline data containing initial PSS subscores clearly 
benefits the models’ performances. On our test set, sentiment analysis and advanced 
metadata approaches yield solid results which perform better than benchmark models 
and other approaches considered. On average, advanced metadata (0.63) performs 
slightly better than simple metadata (0.60), offering evidence that the nature of the 
exercise done matters for the intervention outcome. Analysing the model coefficients 
of our advanced metadata reveals that the largest coefficients are assigned to the text 
length of tasks concerning problem reflection, behavioural planning, and motivation. 
Since this model aims to predict rather than to explain, further research is necessary to 
investigate the causality. Among the two best-performing non-sequential approaches, 
LR and SVM are most frequently chosen (6 out of 8). BERT, TF-IDF (primarily used 
with boosting classifiers), and averaged word embeddings often perform below our 
benchmark. Although we demonstrate, on our test data, that word embeddings com-
bined with our task-specific architecture often outperform the averaged word vector 
approaches, the deep learning models fail to achieve benchmark scores in many cases. 
Table 6: Result table intervention failure prediction 

AUC BM Sim. 
MD 

Adv. 
MD 

TF-
IDF 

Sent-
iment 

LDA W2V 
Avg. 

FT 
Avg. 

W2V 
NN 

FT NN BERT 

Pure Text 0.500 0.546 0.588 0.545 0.649 0.550 0.500 0.522 0.605 0.553 0.550 

Baseline 0.688 0.687 0.710 0.687 0.719 0.687 0.687 0.687 0.635 0.617 0.581 

Eval. 0.624 0.623 0.631 0.520 0.649 0.629 0.615 0.596 0.676 0.592 0.591 

Closed-Q. 0.529 0.524 0.578 0.554 0.577 0.534 0.508 0.530 0.572 0.623 0.564 

Average  0.614 0.595 0.627 0.577 0.649 0.600 0.578 0.584 0.622 0.596 0.572 
 

Notes: BM = Baseline; Sim./ Adv. MD = Simple or advanced Metadata; W2V = 
Word2Vec; FT = FastText; NN = Task-Specific neural network; Eval. = Evaluation 
Data; Closed-Q = Closed Questions 

6.2 Dropout 
Despite the theoretically assumed interrelation between dropout and intervention fail-
ure (Barrett et al., 2008; Donkin et al., 2011; Gan et al., 2021), well-performing text 
representation approaches and ML models differ significantly on our dataset. While 
TF-IDF and the deep learning approaches perform poorly in many settings when pre-
dicting intervention failure, these approaches, as well as the simple metadata approach, 
dominate the results for dropout prediction. On pure text data, simple metadata com-
bined with a non-linear kernel SVM classifier yield the best AUC score (0.65), closely 
followed by TF-IDF combined with XGBoost (0.63) as well as the Word2Vec (0.64) 
and FastText (0.63) task-specific LSTM models. Word embeddings combined with 
our LSTM architecture increase performance in comparison to averaged word embed-
dings and an SVM classifier (0.53 and 0.61). Previously well-performing approaches 
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such as advanced metadata and sentiment analysis score mediocre results (0.54 resp. 
0.56) on the task of dropout prediction. Akin to the intervention failure prediction, 
model performances generally benefit from additional baseline and evaluation varia-
bles. Yet, for dropout prediction, evaluation data has a stronger impact, supporting the 
hypothesis that a participant’s opinion on the intervention is a good predictor for dis-
continuation. The task-specific LSTM-based approach on the Word2Vec embeddings 
scores the best results (0.70) when using additional baseline variables, and other deep 
learning approaches also perform well (0.65) in this setting. TF-IDF features used with 
LR likewise achieve an AUC score (0.64) well above the benchmark (0.60) on this 
task. Simple metadata combined with LR (0.69), and our fine-tuned BERT model 
(0.67) yield the best results when harnessing supplementary evaluation data. SHAP 
values, calculated for the evaluation benchmark and simple metadata model, suggest 
that the number of useless entries, the session’s perceived usefulness, and time ade-
quacy are the most important features in this setting. Our FastText approach slightly 
surpasses the benchmark of 0.65 on the evaluation data. Using additional closed-ques-
tion data mostly enhances the performance. BERT (0.67), FastText (0.66), Word2Vec 
(0.64), and SVM trained on TF-IDF features (0.65) clearly outperform the benchmark 
model (0.58). Averaged FastText (0.63) features combined with SVM achieve solid 
results, however, they cannot reach the results of our LSTM architecture.  
In most cases, adding non-text data increases the model performance, most evidently 
in the case of evaluation data. The most basic approach considered (simple metadata) 
outperforms all other approaches when working on pure text data as well as in combi-
nation with evaluation data. Thus, a participants’ attitude in combination with how 
much they write is an easily attainable and well-performing prediction set-up. Among 
the non-neural approaches, at nine times, SVMs with the non-linear kernel are the most 
commonly chosen classifiers, with an additional two wins for linear SVMs. At six or 
seven each, LR, AdaBoost and XGBoost do not differ much in how often they were 
chosen. The more sophisticated approaches (TF-IDF, word embeddings in combina-
tion with task-specific LSTM architectures, and BERT) constantly achieve good re-
sults, and on average yield the best AUC scores on our test set. We notice a pattern in 
the embedding dimension and input sequence length hyperparameters: the most prom-
inent embedding dimension among Word2Vec models is 25 with a maximum input 
sequence length of 100, whereas FastText models prefer shorter sequences of 50 words 
and embedding dimensions of 10 or 25. These findings also hold when predicting in-
tervention failure, thus indicating the need to treat these numbers as hyperparameters 
instead of choosing default values. Furthermore, most models do not benefit from the 
second (optional) LSTM layer, which points towards an overwhelming model com-
plexity considering our dataset size. 
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Table 7: Result table dropout prediction 

AUC BM Sim. 
MD 

Adv. 
MD 

TF-
IDF 

Sent-
iment 

LDA W2V 
Avg. 

FT 
Avg. 

W2V 
NN 

FT NN BERT 

Pure Text 0.500 0.651 0.541 0.626 0.559 0.547 0.531 0.610 0.644 0.630 0.618 
Baseline 0.596 0.614 0.633 0.642 0.588 0.617 0.662 0.551 0.696 0.645 0.646 
Eval. 0.649 0.686 0.592 0.651 0.636 0.643 0.639 0.601 0.636 0.656 0.668 
Closed-Q. 0.584 0.554 0.563 0.652 0.599 0.606 0.575 0.632 0.639 0.663 0.668 
Average  0.610 0.626 0.582 0.643 0.596 0.603 0.610 0.607 0.654 0.649 0.650 

Notes: BM = Baseline; Sim./ Adv. MD = Simple or advanced Metadata; W2V = 
Word2Vec; FT = FastText; NN = Task-Specific neural network; Eval. = Evaluation 
Data; Closed-Q = Closed Questions. 

6.3 Discussion of Clinical Usefulness 
As discussed by several authors such as Olczak et al. (2021), Cabitza and Campagner 
(2021), and Scott, Cater and Coiera (2021), prediction performance metrics are only 
one subdimension when evaluating ML models in healthcare settings. Therefore, we 
use the ten questions proposed by Scott, Cater and Coiera (2021) to summarise and 
evaluate the prospective clinical value of the proposed winning models. 
(1) What is the purpose and context of the algorithm? The pain points the respective 
algorithms address are (1) high dropout rates and (2) low response rates in DMHIs in 
light of limited resources. The proposed models provide insights into who will likely 
drop out or not benefit after two out of eight sessions. As such, these predictions serve 
to adapt individual treatment plans (e.g., through additional guidance, sessions, or re-
minders) only if and where necessary.  
(2) How good were the data used to train the algorithm? We use the five categories 
(i.e., completeness, correctness, concordance, plausibility, and currency) to assess data 
quality for clinical research proposed by the review of Weiskopf & Weng (2013). Re-
garding completeness, the data consists of all information else provided to the inter-
ventions’ e-coach for decision-making. Further, it spans a large variety of what previ-
ous work found relevant for intervention dropout and outcome. While additional out-
side information, such as previous health records or expert assessments, could possibly 
improve the predictions, the effort necessary to collect them requires extensive steps, 
deteriorating the cost-value ratio. Since the data stems from RCTs, research staff mon-
itored the completeness of entries and missing data was very low, as seen in Supple-
mentary Material 1. As for correctness, all non-text dimensions were manually inves-
tigated by the two first authors to find mistakes, and data quality was found to be high. 
The fact that spelling-mistake correction did not increase cross-validation scores indi-
cates a good quality of the text data. Concordance of the data was, for example, inter-
nally validated by cross-checking modules completed with the submitted answers, run-
ning pivot tables for related variables (e.g., current employment status and leadership 
responsibility), and ensuring the correct time sequence of the entries. To check for 
plausibility, every feature’s range and distribution were manually checked by two au-
thors. Questions and findings, including averages and ranges, were discussed with the 
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third author, who was involved in the data collection to check for plausibility, and no 
issues remained open. The currency of the data is high as the nature of the online set-
up allows the instant use of the data as soon as the patient submits their answers. As 
such, a deployed model could inform clinical decisions immediately.  
(3) Were there sufficient data to train the algorithm? The data set at hand is compara-
tively small for Data Science applications in general, thus presenting one of the major 
limitations of this study. Especially deep neural networks usually require large 
amounts of data to perform well. At the same time, this is a prerequisite that is rarely 
met in E-Mental Health research (Pasini, 2015), and with almost 850 participants, the 
data set is large for DMHI standards. As seen in the related work section, only one 
other paper considering intervention data exceeds the dataset size presented in this 
work. A literature review found a dataset size of 100 to be minimally adequate for 
outcome predictions in DMHIs (Sajjadian et al., 2021), but only 44% of the 56 studies 
investigated complied with this criterion. Further, they found that only 29% used a 
hold-out test set or adequate cross-validation method. At a test set size of 163/170 that 
was not used for training at any point, the results at hand can be considered among the 
more generalisable of the works currently available (Sajjadian et al., 2021). To address 
the small dataset size, we extend the pre-training corpus with texts generated by control 
group users and train the word embeddings at the sentence level. Further, our use of a 
pre-trained BERT model comes with the significant advantage that - as researchers 
from a field struggling with data collection - we can leverage large unrelated but avail-
able data sets (Pedersen et al., 2019). The results for the deep learning models are 
stable and good within and across different settings. This suggests an at least minimally 
adequate data set size for them to compete with classical Machine Learning models. 
(4) How well does the algorithm perform? With almost all average AUC scores well 
above 0.5, it can be concluded that the considered features have predictive power re-
garding intervention outcome and dropout. With the best scores reaching an AUC of 
0.70 (dropout) and 0.72 (intervention outcome) after just two weeks, results are com-
petitive with related work. For example, Bremer et al. (2020) achieved an AUC of 0.6 
when using the user journey data (e.g., time spent) of their first two out of seven ses-
sions to predict dropout. The best prediction models proposed by us achieve a balanced 
accuracy of 0.66 and 0.67. Forsell et al. (2019) did not reach similar balanced accuracy 
scores predicting outcome with only symptom data until week 3 or 4. The comparison 
to other related works is limited due to differences in baselines and time horizons. The 
performance in the sense of clinical usefulness will be discussed in question 8. 
(5) Is the algorithm transferable to new clinical settings? The specific models with 
their respective (hyper)parameters and, in the case of the NNs, task-specific architec-
ture, can likely not be deployed on a different intervention. However, the proposed 
process to train the two best-performing models can be replicated on any dataset in-
cluding intervention text and socio-demographic data. As can be seen in the related 
work section, these are very common data types to be collected in a standard DMHI 
setting. The text pre-processing steps are generalisable for any German text and would 
only have to be slightly adapted for English text (i.e., different handling of capital 
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cases). Transferring models from one language to another in the clinical context has 
been shown to be possible in other tasks, especially for languages from the same family 
(Névéol et al., 2018). The fact that pre-trained neural networks for English text are 
more in number and more specific in problem-fit (Ji et al., 2021) indicates that the 
prediction results of the neural networks could even improve for the English Language. 
Once text features are produced, they can easily serve a variety of outcome measures. 
The related work section shows several options, ranging from 24-hour symptom pre-
diction to 6-month follow-ups. Other options could be to use it to personalize content 
or adapt the time of intervention.  
(6) Are the outputs of the algorithm clinically intelligible? Considering the transpar-
ency of the decision process, neural networks’ black-box nature is one of their major 
drawbacks. For the non-sequential models, SHAP values and built-in feature im-
portance measures give first insights into the decision-making process. These efforts 
can easily be extended per the suggestions made by Yang (2022) but are left for future 
research as interpretability is not the focus of this paper. However, the actual outputs 
of both models are binary and easily understandable as they represent dropout vs. com-
pleters and intervention successes vs. failures per the above-given definitions.  
(7) How will this algorithm fit into and complement current workflows? As of now, e-
coaches receive general guidelines on how much time to spend with their allocated 
participants. Within a given RCT, these suggestions did not differ across participants. 
Once implemented, the models’ predictions could prompt individual suggestions. For 
example, a stop-light system could indicate green (no risk), yellow (moderate risk), or 
red (high risk of dropout) (Forsell et al., 2019). With this information, therapists or e-
coaches can decide or be instructed as to which participant is most in need of their 
time. Pedersen et al. (2019) report this approach to have been positively received by 
therapists in their study. Such risk profiles could also prompt automatic reminders, 
personalized feedback loops to identify the problem, or additional content (e.g., a mod-
ule regarding motivation or goal setting).  
(8) Has use of the algorithm been shown to improve patient care and outcomes? The 
next step to evaluating the practical value of the proposed model is the implementation 
within a live intervention. However, this exceeds the limits of this paper. At the same 
time, studies such as Forsell et al. (2019) and Pedersen et al. (2019) have empirically 
proven the superiority of adaptive care for both dropout and outcome predictions. In 
the baseline, the limited resources are currently being distributed at random. Empirical 
evidence shows that many patients benefit from unguided interventions (Richards & 
Richardson, 2012) and Forsell et al (2019) show that at-risk patients – while signifi-
cantly benefiting – even with enhanced care, barely reach the same health outcomes 
as not at-risk counterparts. 
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The best model predicting outcome 
recognises 93% of intervention fail-
ures (recall) while avoiding over-
spending on 41% of the most likely 
completers (specificity). The same 
calculations for the slightly less bal-
anced dropout predictions lead to 
55% correctly identified dropouts 
while avoiding overspending on 80% 
of completers. These metrics can be 
off-traded through the threshold de-

ciding between a dropout or failure, as exemplarily shown in Figure 15. The histo-
grams show the intervention failure probability as predicted by the winning model for 
each group – intervention failures and successes. As expected, successes have a higher 
probability of being recognised as such (right side), failures are more prevalent in the 
low probabilities (left side), and there is a bulk of hard-to-identify participants in the 
middle. Changing the threshold from T1 (highest balance accuracy) to T2 decreases 
the recall to 53%; however, it avoids overspending on 75% of successes. Conse-
quently, not much more than one-third of all participants receive enhanced care, low-
ering costs significantly while still addressing those most likely participants to benefit 
from support. The threshold can be adapted to fit the available resources and can even 
inform the number of participants accepted in the intervention. Considering the pre-
ventive nature of the stress intervention at hand, one application of the model could be 
to make the intervention available without guidance to reach as many participants as 
possible and only offer the available guidance to those who most need it. In the T2 
scenario in Figure 15, this increases the number of participants reached by threefold. 
 (9) Could the algorithm cause patient harm? The purpose is to optimise resource al-
location while maintaining or improving the level of care over the entire population of 
participants. If it were used to reduce the average care level, it could harm those incor-
rectly classified as completers or successes through decreased levels of care. Such as 
prospect is especially worrisome when working with a population with severe symp-
toms. Depending on the importance of avoiding such false negatives, the recall can be 
increased at higher costs of resources. It, thus, must always be closely considered how 
to implement such a decision-support tool in which setting. At the same time, consid-
ering that right now, very limited resources are available, and many sick people are 
not being helped at all, increasing the total number of participants treated is a factor to 
weigh in with individual effects.  
(10) Does use of the algorithm raise ethical, legal or social concerns? Albeit the focus 
of early research being on establishing the overall feasibility, bias in the data must be 
considered early on. With primarily female participants that hold a university degree, 
the data at hand is - while typical for mental health interventions – not representative 
of the general population. Implementing such a model in routine care could disad-
vantage those groups with the already most extensive unmet needs and must be 

Figure 15: Histogram failure prediction out-
put 
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adjusted to ensure the best possible care for all (Gianfrancesco et al., 2018). In addi-
tion, the ethical and legal aspects of an automated decision to change the level of care 
must be closely considered, especially in cases where the reason for the prediction is 
not transparent (Yang, 2022). 

7 Conclusion 
NLP methods can help make countless individual predictions based on text that would 
require impossible amounts of human resources to be analysed. While the use of so-
phisticated NLP methods on non-clinical texts is continuously advancing in Mental 
Health diagnostics (Bucur et al., 2021; Cohan et al., 2018; Nobles et al., 2018; Wołk 
et al., 2021), applications of NLP on E-Mental Health intervention text have been few 
and predominantly limited to simple models. In this case study, we train several ML 
models, considering various text representation methods and additional data inputs, to 
predict intervention failure and intervention dropout. For this, we use a dataset of 849 
German-speaking participants of a stress intervention. By thoroughly evaluating com-
binations of the above-mentioned factors on our dataset, we contribute to the design 
choice of prediction models for intervention dropout and intervention outcome.  
First, we demonstrate that harnessing the sequential nature of text by training deep 
learning models in combination with word embeddings outperforms the much simpler 
approach of using averaged word vectors on our test set. Thus, we complement exist-
ing research (Funk et al., 2020; Gogoulou et al., 2021) by proposing a task-specific 
LSTM architecture using word embeddings which successfully deals with the long 
input sequences and yields good results (average AUC score of 0.65) in dropout pre-
diction. We further demonstrate the need to treat the embedding dimension as a hy-
perparameter rather than using the default values. Second, considering supplementary 
baseline data when predicting intervention outcome and evaluation data when pre-
dicting dropout yields the best-performing models. Thus, our findings support that the 
participants’ backgrounds and attitudes towards the intervention hold additional infor-
mation in combination with text data. Third, we underline the solid performance of 
easy-to-implement approaches to predict dropout (simple metadata and TF-IDF) and 
intervention outcome (advanced metadata and sentiment analysis). By providing the 
insights from our case study, we seek to facilitate the development of ML-based tools 
which augment e-coaches’ work in extracting valuable information from the partici-
pants’ intervention texts – Hence, easing the task of identifying participants in need of 
human attention. With these predictions, necessary steps towards a more successful 
intervention in light of limited resources to face growing needs can be initiated. 
Considering the still relatively small data set size and high specificity of our interven-
tion set-up, this research is only a step towards better understanding, predicting, and 
ultimately influencing participants’ behaviour in DMHIs. Data sets such as this one 
can be considered the most promising approach to gathering knowledge in this re-
search area. Yet, learning on few data points might not champion the same text repre-
sentation methods and models, and more research is necessary to determine the gen-
eralisability of our findings. While we prove the potential of neural networks in this 
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setting, they require large datasets, long training times, and have a black-box nature. 
However, the investigation of such complex methods is necessary to ensure the best 
possible results – especially considering the astonishing results deep learning models 
achieve on other NLP tasks. To truly understand human language, words must be con-
sidered beyond their lexical meaning, and the specific context needs to be understood 
– a task which simple methods will never solve. One further way to address the prob-
lem of small datasets could be to use data augmentation methods as commonly used 
in computer vision, and more recently proposed for NLP tasks [99]. We suggest that 
employing attention-based [100] deep learning architectures can further enhance the 
model performance in prediction tasks such as ours. While designing task-specific net-
work architectures like ours may be a complex and tedious task, large pre-trained text 
classification models can eliminate this work. To determine whether further research 
in applying pre-trained transformer models in this domain is auspicious, we examine 
the most prominent transformer model BERT and observe promising results in dropout 
prediction. Thus, we suggest investigating more sophisticated pre-trained transformer 
models (e.g., RoBERTa (Y. Liu et al., 2019) or XLNet (Yang et al., 2020)) in such 
settings. In addition to an optimised pre-training strategy, XLNet tends to process long 
sentences better than BERT, which could be advantageous in cases like ours and fur-
ther improve the model performance. Besides the particular transformer model, the 
text corpora used for pre-training, as well as the approaches to integrating the im-
portant non-text features into the model architecture, should be investigated in more 
detail (e.g., Shen et al., 2020). Furthermore, multi-task models (e.g., predicting inter-
vention failure and dropout at the same time), which are frequently employed in other 
NLP tasks (e.g., Hashimoto et al., 2017), can potentially improve results on both tasks. 
For the time being, simple feature representations such as metadata and classical sta-
tistical models should be considered as an easy-to-implement yet competitive option 
for predicting intervention failure and dropout. In that regard, further research must be 
conducted to investigate how to improve these predictions, for example, more auto-
mated ways of finding the most important TF-IDF features (Zhang et al., 2020).  
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Chapter VI: Explainable AI and Trust 
 
 

Zantvoort, K., Bjurner, P., Forsell, E., Wallert, J., Funk, B., & Kaldo, V. (working 
paper) Opening the black box – Effects of decision transparency on therapists’ trust 

in and intended use of AI-based decision support systems in ICBTs 
 
Preliminary Note: At the time of this thesis submission, the data for this study is still 
being gathered. Therefore, the following is a short version focusing on a selection of 
ten measures covering the key concepts decision transparency, trust and clinical ac-
tionability of the DST. As such, the preliminary results included all case-based scores 
but did not consider the open-text answers. Regarding the other questionnaires (see 
(Bjurner, Zantvoort et al. (2024)), the primary group excluded from this preliminary 
analysis were the preference and user-friendliness of the DST versions and a pre-post 
analysis of the perceived competence of a DST. The selection of these questions and 
formulation of the hypotheses were completed before the analysis of the data. KZ and 
PB share first authorship. 

 
Abstract: Clinicians’ confident use of Decision Support Tools (DSTs) is crucial in 
realising the proposed value of Machine Learning-based precision care. However, user 
adaption has been hindered by the limited decision transparency and subsequent mis-
trust in Machine Learning predictions. Therefore, this study investigated the impact of 
local SHAP (SHapley Additive exPlanation) values on therapists’ perceptions of a 
Machine Learning-based DST in Internet-based Cognitive Behavioural Therapy 
(ICBT). The randomised experiment included 35 Swedish ICBT therapists who were 
each presented with a DST with six exemplary patient cases with SHAP values and 
six without them. The study measured therapists’ understanding, trust, and perception 
of clinical usefulness through self-ratings at multiple stages. The primary hypothesis 
that adding SHAP values increased self-reported trust was confirmed by our findings 
(p=0.01, d=0.43 [0.07-0.76]). Further, our results suggested increased understanding, 
agreeance with, and the perceived usefulness of the DST predictions through SHAP 
values. However, this was not reflected in a change in intended treatment support lev-
els. Consequently, while increasing the therapists’ comfort level regarding Machine 
Learning-based DSTs, it remains unclear if adding SHAP values yields any change in 
clinical practice. As such, the study at hand serves as a first exploration of the effects 
of local explanations in an AI-based DST in mental health care. 
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1 Introduction 
Artificial intelligence (AI)-based personalization shows immense potential to trans-
form healthcare (Udegbe et al., 2024). One promising example is Decision Support 
Tools (DST) for psychological treatments (Sajjadian et al., 2021; Zajac et al., 2023). 
In Internet-based Cognitive Behavioural Therapy (ICBT), scarce resources such as 
therapists’ time could easily be personalized, allowing for optimised resource alloca-
tion and better health outcomes (Forsell et al., 2019). Ample single (e.g., (Chekroud et 
al., 2016; Gogoulou et al., 2021; Hornstein et al., 2021) and first meta-studies (Lee et 
al., 2018; Sajjadian et al., 2021; Vieira et al., 2022) showcase the feasibility of Machine 
Learning (ML) outcome predictions in the mental healthcare context. However, so far, 
most of them are limited to proof-of-concept studies, and very few systems have been 
implemented (Hornstein et al., 2023; Triantafyllidis & Tsanas, 2019; Yin et al., 2021). 
Integrating ML predictions into clinical decision-making comes with various chal-
lenges (Zajac et al., 2023). Changing the care provided carries a high ethical burden, 
as, among others, underserving a sick patient is an error to be urgently avoided 
(Diprose et al., 2020; Duffourc & Gerke, 2023). This importance is reflected in 
healthcare providers’ legal liability for any potential harm caused by ML-based deci-
sions (Duffourc & Gerke, 2023). Consequently, in current applications, therapists pro-
vided with an ML-based prediction usually retain decision autonomy over using this 
information (Forsell et al., 2019; Lutz et al., 2023; Pedersen et al., 2019). This setting 
makes the therapists’ confident use of the information provided paramount for success 
(Khairat et al., 2018; Tonekaboni et al., 2019; Watson et al., 2019). 
However, even in light of good prediction accuracy, clinicians can be hesitant to use 
predictions when unsure how they were created (Berner & La Lande, 2016). Such lack 
of decision transparency is a central hurdle in adopting AI-based DSTs, further ampli-
fied when patients demand to understand decisions themselves (Diprose et al., 2020; 
Jacobs et al., 2021; Yang, 2022). The challenge is that the most accurate models tend 
to be hard – if not impossible - to understand (Duffourc & Gerke, 2023; Gunning et 
al., 2019). Sophisticated ML models innately rely on non-linear relationships and in-
teraction effects, two aspects that are difficult to phrase into humanly understandable 
rules (Duffourc & Gerke, 2023; Gille et al., 2020; Gunning et al., 2019).  
In their recent rise, explainable artificial intelligence (XAI) methods strive to consoli-
date the interests of accuracy with decision transparency (Kennedy et al., 2021; Vilone 
& Longo, 2021a). Retrospective explanatory methods can be divided into (1) infor-
mation-based (global) and (2) instance-based (local) explanations. The first covers 
questions such as the input data, model type, and other meta-information about the 
data and performance. The second focuses on single predictions, hence, insights into 
the individual patient at hand (Yang, 2022). A key difference is that for local explana-
tions, the same value of a feature may have different impacts depending on the pa-
tients’ other characteristics. For example, a decision tree model may consider the same 
variable at different points and in different ways to accurately depict complex interac-
tion effects. 
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SHapley Additive exPlanations (SHAP) values (Lundberg & Lee, 2017) are a model-
agnostic method for generating both global and local explanations. SHAP values are 
based on game theory and calculated by approximating individual predictions with and 
without said feature, indicating how much it contributed to the prediction. Summing 
over all individual predictions returns a global estimate which has been used to retro-
spectively explain feature importance in the ICBT context (Bremer et al., 2020; Horn-
stein et al., 2021; Ramos et al., 2021; Rodrigo et al., 2021; Zantvoort et al., 2023). 
However, so far, no use of individual (hence, local) SHAP values in the context of 
ICBTs is known, likely because the details of individual SHAP have limited use in 
retrospective analyses (Vilone & Longo, 2021a). Simultaneously, their detailed focus 
on a single patient makes them highly valuable when therapists must make timely and 
individual decisions. As Diprose et al. (2020) showed in their study, individual patient 
information significantly increased general practitioners’ understanding, trust and con-
fidence in using a prediction to decide the treatment course for a pulmonary embolism. 
However, it remains unclear if the same applies to therapists in mental health settings.  
The current study, thus, aims to explore how the addition of SHAP values affects ther-
apists’ attitudes towards an ML-based DST in internet-based psychological treatment. 
To this end, the then hypotheses across the following three concepts are tested: 

I. Understandability: Individual SHAP values will facilitate the therapists’ un-
derstanding of predictions. 

II. Trust: Providing therapists with SHAP values increases their trust in the 
DST. 

III. Clinical usefulness and actionability: SHAP values will increase the thera-
pists’ perception of clinical usefulness and their likelihood to adapt treatment 
according to the prediction. 

To test the hypotheses, a SHAP and a non-SHAP version of an otherwise identical 
DST for historic patients receiving ICBT for depression were created and presented in 
a randomised manner (SHAP/ Non-SHAP) to 35 Swedish ICBT therapists. Therefore, 
we explore and quantify the influence of local explainability methods on therapists’ 
perception and utilisation of AI-based DSTs in internet-based CBT.  

2 Hypotheses 
Despite a growing body of literature (Nauta et al., 2023; Vilone & Longo, 2021b; Zhou 
et al., 2021), no consensus on the definition or evaluation of explainability exists. Gen-
erally, human-centred subjective evaluations (Colin et al., 2022; Hoffman et al., 2018) 
are differentiated from objective quantitative evaluations (Nauta et al., 2023). This hu-
man-centred evaluation study aims to gain insights into how XAI affects users along 
the commonly investigated concepts of trust, understandability and usefulness (Vilone 
& Longo, 2021b; Yang & Wibowo, 2022; Zhou et al., 2021). Therefore, in the next 
section, the hypotheses related to these concepts are described in more detail, including 
the measures used to analyse them. All individual translated questions are available in 
Supplementary Material 1. 
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2.1 Understandability 
Considering their crucial role in the assumed mechanism of XAI (Diprose et al., 2020; 
Gille et al., 2020; Kennedy et al., 2021), the following hypotheses regarding decision 
transparency and understandability are evaluated:  

H.1. Decision transparency: The scores on how well therapists understand how the 
respective version of the DST came up with their predictions are higher for the 
SHAP condition. 

H.2. Comprehensibility: Therapists score the comprehensibility of the DST higher 
for the SHAP version of the DST.  

2.2 Trust 
The primary hypothesis of this paper is that SHAP values increase the therapists’ trust 
in the prediction of the patient’s final treatment outcome (Diprose et al., 2020). How-
ever, ample ways to define and measure trust exist (Vereschak et al., 2021; Yang & 
Wibowo, 2022). In this study, firstly, it is measured through the subjective, self-re-
ported trust measures. Secondly, as an attempt at a more objective approach, we pos-
tulate that higher trust manifests in the extent to which therapists agree with the DST’s 
outcome prediction (Yin et al., 2021). Lastly, the broader and previously validated 
human-computer trust scale (HCTS) is used (Gulati et al., 2019). The HCTS measures 
user trust on a multi-dimensional scale, i.e., concerning a) perceived risk, b) benevo-
lence, c) competence, and d) reciprocity of a given system. Beyond filling the proposed 
placeholders, some of the HCTS statements were slightly reframed to account for the 
difference between the context-specific differentiation of the user (therapists) versus 
the patient. 

Subjective trust 
H.3. Trust individual predictions: The score of how much the therapists trust an 

individual patient DST prediction is higher when therapists are provided 
SHAP values than when they are not. 

H.4. Human-Computer Trust Score: The total and the individual HCTS scores are 
higher for those who have seen SHAP values in the first block than those who 
have seen non-SHAP cases. 

H.5. Trust change: The average score of whether the SHAP values increase trust in 
the DST prediction of treatment outcome will be above 4 (i.e. above “do not 
affect trust”) in the direction of more trust.  

H.6. Comparative trust: Similarly, the question of which version of the DST thera-
pists trust the most will be above 4 (i.e. above "trust equally"), hence being 
biased toward the SHAP version.  

Objective trust – disagreement 
H.7. Numeric disagreement: The mean of absolute differences between the thera-

pist’s estimation of how probable a successful treatment outcome for a given 
patient is to the probability given by the DST is lower for the SHAP condition. 
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H.8. Verbal disagreement: When asked for a specific patient, therapists find it less 
likely that the DST missed or misjudged any factors for the SHAP cases than 
the non-SHAP cases. 

2.3 Clinical Usefulness and Actionability 
Finally, we postulate that SHAP increases the therapists’ perceived clinical usefulness 
and actionability of the DST (Diprose et al., 2020). Again, this is measured through 
the subjective, self-reported measure of usefulness and the more objective, action-
based measure of whether therapists are willing to change treatment based on the out-
come prediction. 

H.9. Usefulness: Therapists indicate a higher usefulness of the DST for guiding fu-
ture treatment decisions for an individual patient in the SHAP condition. 

H.10. Intended support level: When asked what treatment support level an individ-
ual patient should receive going forward, for the SHAP condition, therapists 
a) are more likely to deviate from the average treatment overall, and specifi-
cally b) more treatment is given for predicted failures and c) less treatment is 
given for predicted successes. 

3 Methodology 
This trial leveraged anonymized historical routine-care patient cases to evaluate a DST 
with and without SHAP explanations in a randomised experiment. Study participants 
were ICBT therapists in Sweden, and data was collected and managed between May 
and July 2024 using the REDCap (Research Electronic Data Capture) tool hosted at 
Karolinska Institutet. REDCap is a secure, web-based software platform designed for 
data capture in research studies (Harris et al., 2009, 2019). The following describes the 
creation, selection and presentation of the anonymized patient examples, including the 
outcome predictions and SHAP values. Next, we describe the study design, including 
randomisation, participant selection, and the questionnaires, followed by the analysis 
plan. 

3.1 Predictions 
The outcome predictions were based on 2,881 routine care patients with major depres-
sion disorder who received treatment from the Internet psychiatric clinic in Stockholm, 
Sweden, between 2008 and 2020. The intervention (Titov et al., 2018) and cohort de-
tails, data pre-processing and feature engineering steps have previously been published 
(Zantvoort et al., 2024). In summary, the model was trained on socio-demographics, 
symptoms, intervention interactions, and text metadata features from the first four in-
tervention weeks. The individual features, their means, and standard deviations can be 
found in Supplementary Material 2. 
To classify treatment success, the Montgomery-Åsberg Depression Rating Scale-Self 
(MADRS-S) for depression was used (Montgomery & Asberg, 1979; Svanborg & As-
berg, 1994). A total of 2,650 patients filled out a symptom questionnaire after week 
eight of twelve and were included in the training data. The binary intended symptom 



 

94 Chapter VI: Explainable AI and Trust 

improvement was determined by either the final symptom score being below the re-
mittance cutoff of 11 for MADRS-S (Fantino & Moore, 2009) or a 50% improvement 
since the start of treatment (Karin et al., 2018). 
The model was trained via 5-fold cross validation with grid-search on 80% of data and 
evaluated on the 20% test set (N=530). In accordance with previous research on this 
data set (Hentati Isacsson et al., 2023; Zantvoort, Hentati Isacsson, et al., 2024), a 
Random Forest model was optimised on its number of estimators (5, 10, 25, 50, 500, 
1,200), the minimum samples for a split (10, 25, 50, 100, 200), and the maximum depth 
of the trees (5, 10, 25, 50, 100, 500, 750). All steps were implemented in Python, using 
the pandas (McKinney, 2010), Numpy (Harris et al., 2020), and Scikit-learn 
(Pedregosa et al., 2011) libraries.  
After pre-processing, the data set comprised 1,342 treatment successes and 1,308 treat-
ment failures. The values chosen in the final model for the respective hyperparameters 
were 50, 50, and 50. The resulting model achieved a good (Kraemer et al., 2003) bal-
anced accuracy of 0.70 and AUC of 0.78 on the test set. The model correctly identified 
69% of failures with a precision of 71%. SHAP values were calculated for the test 
patients using the tree-explainer (Lundberg et al., 2020) of the Python SHAP package.  

3.2 Patient Case Selection 
In line with previous research (Forsell et al., 2019; Hentati Isacsson et al., 2023; Horn-
stein et al., 2021; Wallert et al., 2022), symptom scores were the most important source 
of information for symptom-based outcome prediction. To represent diverse cases, in-
cluding more complex decisions, the 530 test cases were filtered based on their reliance 
on symptom features and the amount of information summed up under “other fea-
tures”. This process yielded 19 patients from the highest (>61%), 24 from the mid (38-
61%) and 17 from the lowest third (≤37%) of success probabilities. Three researchers 
(PB, EF, JW) manually viewed the plots, successively narrowing them down to twelve 
cases, balanced across success probability (high, mid, low), age, and gender. All cases 
were anonymized before presentation by changing ages and patient background histo-
ries. All participants were shown the same twelve patient cases. 

3.3 Case Presentation 
The goal of the presentation of cases was to mimic a naturalistic setting of a DST in 
ICBT. In such a setting, a patient’s baseline characteristics and history are known to a 
therapist. Therefore, a brief written background history (Figure 16a. and b. box 1) 
mainly described age and gender, primary and possible secondary diagnoses and clin-
ical history. Further, details of the patient’s occupation, household, social network, and 
upbringing were provided. Lastly, the progression pace, the patient’s communicative 
style (e.g., long/short messages), attitude to the treatment, and their problems were 
described. A graph (Figure 16a. and b., box 2) showed the weekly symptom scores, 
including the cohort mean and the successful treatment cutoff, to provide the com-
monly available information on symptom development. The non-SHAP third box 
(Figure 16a., box 3) comprised only the prediction graph (0-100% success probability 
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and mean cohort probability). In the SHAP condition (Figure 16b., box 3), the third 
box additionally showed SHAP-waterfall plots (green/red bars) for the features con-
tributing the most to the prediction, plus a sum score of the other features. As some 
units of measurement (e.g. seconds) were uninformative by themselves, the SHAP 
cases also included histograms relating the patient’s value to the cohort for the top 
non-symptom features (Figure 16b., box 4). Not providing symptom histograms 
avoided redundancy with box 2. 
Figure 16: Decision Support Tool interface example case for both conditions 

 

3.4 Randomisation 
The same twelve cases were divided into two balanced sets, which alternated in a) 
SHAP or non-SHAP condition, b) in block 1 or 2, and c) in increasing or decreasing 
order (Figure 17). Thus, there were eight combinations and subsequent arms in total. 
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After inclusion, participants were randomised to one of these arms using the REDCap 
Randomisation Module by an independent person blind to the trial’s purpose. An ex-
ternal statistician generated a block-randomised allocation table outside of REDCap, 
based on which participants received a personalized link to the specific arm.  

3.5 Participants Screening and Inclusion 
As described in the pre-registration of this study (Bjurner, Zantvoort, et al., 2024), 52 
participants corresponded to a power of 80% to detect a within-group difference of 
Cohen’s d of 0.4, i.e. a small to medium effect size. However, a multiple of eight, 
hence 56, was necessary to balance the conditions. 

The study recruited ICBT therapists in Sweden via various channels, including net-
works for digital psychological treatment, social media, and direct contact via known 
individuals or the Swedish National Quality Register for internet-based psychological 
treatment (SibeR). Interested therapists signed up via the REDCap secure web appli-
cation, where they were informed about the study details and data privacy, and con-
sented to participate before filling out the screening questionnaire (Supplementary Ma-
terial 3). The inclusion criteria for participation were a) having at least basic psycho-
therapy training in CBT in combination with an adequate care profession (i.e. nurse, 
physician, or mental health worker), b) having treated at least five ICBT patients or 
one ICBT patient plus at least 20 patients with traditional CBT, c) having treated the 
last ICBT-patient no more than three years ago, and d) having access to a desktop 
computer or laptop to conduct the trial. Each participant received a 15€ digital gift card 
as reimbursement upon trial completion. Email reminders, including the contact infor-
mation of the study coordinator, were sent via REDCap automated invitation schedul-
ing or manually for participants starting but not completing the different steps of the 
study. 

3.6 Questionnaires 
Analysed data comprised self-ratings at different points (Figure 17): Before seeing 
cases (Q1), after each patient case (Q2), after each block of cases (Q3), only after the 
SHAP block (Q3X) or only after the first block (HCTS), and finally, after having fin-
ished both blocks (Q4).  
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Figure 17: Overview of trial set-up in dependence of the SHAP condition. 

 
Notes: Content order differed between SHAP in the first or second block. While each 
block comprised six cases and all participants saw the same twelve cases, the cases 
differed in conditions (SHAP/non-SHAP), and order (e.g., 1-6 vs. 6-1) 
Q1 – Baseline: Upon study start, participants’ general attitudes towards AI and ML 
and in a clinical setting were recorded. These baseline questions (Supplementary Ma-
terial 4) included the understanding and expectation of performance and impact re-
garding AI/ML. 
Information: Before showing any cases, participants were introduced to the ICBT pro-
gram and DST via video and written information. The material covered the ICBT pro-
gram for depression, the definition of treatment success, and the model set-up, includ-
ing the features used. Following Yang’s (2022) definition, the non-SHAP condition 
thus included global explanations of the ML model. Before starting the SHAP block, 
the participants watched an additional video explaining individual SHAP values and 
histograms and how they could be interpreted in this context. After both videos, par-
ticipants answered quiz questions to measure their understanding of the information 
provided in the video. There were four questions after the general video and six after 
the SHAP video, all of which can be found in Supplementary Material 5. 
Q2 – Twelve individual cases: Next, depending on the randomisation, a block of six 
(non-)SHAP cases was shown, followed by questions about trust in and the under-
standing and usefulness of the DTS version. Further, therapists provided their own 
prediction of treatment outcomes and opinions if the DST may have missed or mis-
judged any factors. Lastly, they rated the level of treatment support they thought the 
individual patient needed for a successful treatment compared to an average patient. 
These Q2 questions were repeated after each case.  
HCTS – Only after the first block: After finishing the first block of cases, regardless 
of which condition, participants were asked to fill out the Human-Computer Trust 
Scale (HCTS) (Gulati et al., 2019). As the HCST comprises twelve questions, asking 
it only once was a trade-off between validated measurement and avoidance of too 
lengthy study and subsequent adherence issues.  
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Q3 – After each block: After each block, participants rated the previously seen DST 
version regarding trust and understandability. For the SHAP condition (Q3X), addi-
tional questions indicated the perceived added value of the SHAP explanations. 
Q4 – Questions after finishing both versions: Finally, the participants answered how 
the two versions compared in terms of participant trust.  

3.7 Statistical Analysis 
In line with the study’s pre-registration (Bjurner, Zantvoort et al., 2024), the primary 
analysis was within-group comparisons, comparing the two blocks of each participant 
to each other. Where applicable, the between-group comparisons compared the data 
between therapists who were initially (first block) exposed to SHAP and those who 
were not (second block). Questions specifically asking to rate the SHAP condition 
(implicit comparisons) were tested regarding their deviation from neutral (4) scores. 
Contingent on the respective parametric assumptions, dependent and independent t-
tests were used to maximize power on the moderately sized sample. If the Shapiro-
Wilks test suggested the t-test’s normality assumption was violated, the non-paramet-
ric Wilcoxon test was used for the within-group comparisons. In that scenario, a Mann-
Whitney was used for the in-between-group data. A Welch’s test was used if the equal 
variance assumption was violated between groups. Figure 18 shows which hypothesis 
was tested with which analysis. 
Figure 18: Overview test strategy 

 
Notes: Different testing strategies and comparisons are applied depending on the 
measures and their timing. Where both within- and between-group comparisons were 
possible, within-group was the primary analysis. 

4 Results 
In this section, first, the participant numbers that resulted in the final cohort are de-
scribed. Further, the results of the statistical analysis are reported, followed by insights 
into the remaining questionnaires’ answers. 

4.1 Final Cohort 
During data collection from May to July 2024, 67 therapists completed the screening 
questionnaire. Six of them were excluded; four due to having treated less than five 
ICBT patients or one ICBT patient plus less than 20 patients with traditional CBT, and 
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two due to having treated the last ICBT-patient more than three years ago. Of the re-
maining 61 randomised therapists, 35 completed the study within the set timeframe, 
and their descriptive statistics can be found in Table 8. 
Table 8: Cohort descriptives 
Dimension Distribution 

Gender 71% Female, 29% male 

Current Position 54% Licensed psychologist 
17% Healthcare profession with basic psychotherapy training 
14% Licensed psychotherapist 

11% Intern-Psychologist 
3%   Last year student psychologist/ psychotherapist pro-
gram 

Years of experience psychological 
treatment 

Median 6 (95%-CI 5.30-8.56) 

Number of CBT patients treated 9%    1-4 

6%    5-19 
20%  20-99 

11%  100-199 
54%  >200 

Number of adult ICBT patients 
treated 

3%    1-4 

17%  5-19 
37%  20-99 
17%  100-199 

26%  >200 

4.2 Hypotheses Testing  
Thirteen participants saw non-SHAP cases first, and 22 saw SHAP cases first. There 
were no missing values. The normality assumption was violated for three within-group 
and six between-group comparisons, whereas the equal variance assumption was vio-
lated for one between-group comparison. The key result metrics of the respective tests 
are shown in Table 9. The superscript letter behind the effect size indicates the test 
used, and bold formatting in the first column marks the primary analysis. The detailed 
results, including the normality and equal variance test, are available in Supplementary 
Material 6.  
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Table 9: Analysis results with descriptive and p-values 
a) Within-Group Comparison SHAP Non-SHAP Comparative Results 

#1 Variable Name mean SD mean SD p-
value 

Cohen’s d 
[95%-CI] 

RBC 

H2. Comprehensibility 4.97 1.52 4.86 1.57 0.841  0.05 

H3. Case-based trust* 4.86 1.01 4.51 0.7 0.018 0.43 [0.07, 0.76] a  

H7. Numeric disagreement* 8.58 3.99 10.09 3.95 0.029 -0.39 [-0.73, -0.04]  

H8. Verbal disagreement 2.56 0.65 2.67 0.39 0.194 -0.22 [-0.56, 0.11] a  

H9. Usefulness* 4.82 1.09 4.34 1.02 0.003  0.66 

H10. a) Change treatment at all 0.96 0.56 1.07 0.51 0.397 -0.15 [-0.48, 0.19] a  

H10. b) More treatment failures  1.81 1.06 1.93 0.99 0.701 -0.07 [-0.40, 0.27] a  

H10. c) Less treatment success 3.79 0.89 3.83 0.8 0.828 -0.04 [-0.30, 0.37] a  

         

b) Between-Group Comparison SHAP Non-SHAP Comparative Results 

#1 Variable Name mean SD mean SD p-
value 

Cohen’s d   
[95%-CI] 

RBC 

H4. HCTS Total 2.94 0.51 2.61 0.5 0.074 -0.65 [-1.35, 0.07] a  

H4.    a) Risk  2.26 0.94 2.11 0.72 0.596 -0.19 [-0.87, 0.50] a  

H4.    b) Benevolent  3.28 1.16 3.23 1.04 0.886 -0.05 [-0.74, 0.64] a  

H4.    c) Competence  3.28 0.64 2.89 0.73 0.086  0.35d 

H4.    d) Reciprocity* 2.92 0.99 2.21 0.98 0.019  0.48 d 

H1. Decision transparency* 5.38 1.04 4.64 1.26 0.042  0.39 d 

H2. Comprehensibility 4.92 1.55 5.14 1.25 0.753  0.07 d 

H3. Case-based trust* 5.06 1.05 4.38 0.69 0.05 -0.77 [n/a] b  

H7. Numeric disagreem.*** 6.90 3.11 11.62 3.48 <0.001 1.41 [0.59, 2.20] a  

H8. Verbal disagreement 2.50 0.57 2.71 0.44 0.257  0.23 d 

H9. Usefulness* 5.05 1.08 4.26 1.11 0.047 -0.72 [1.43, 0.00] a  

H10 a) Change treatment at all 1.10 0.49 1.11 0.50 0.945 0.02 [-0.66, -0.71] a  

H10 b) More treatment failures 1.96 0.75 1.93 1.12 0.651  0.09 d 

H10 c) Less treatment success 0.08 0.83 0.18 0.75 0.704 -0.13 [-0.82, 0.55] a  

         

c) Implicit Comparison 

#1 Variable Name mean SD p-value RBC 

H5. Trust change*** 5.43 1.14 <0.001 0.89 c 

H6. Comparative trust*** 6.09 1.15 <0.001 0.99 c 

Notes: Effect sizes are shown as Cohen’s d for a Student’s [95%-CI] and b Welch’s t-
test (no CI), and rank biserial correlation (RBC) for c Wilcoxon and d Mann-Whitney 
U test. * = p < 0.05, ** = p < 0.01, *** = p < 0.001. 1Respective primary test in bold. 
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Understandability: While the perceived comprehensibility of the DST was not signif-
icantly altered, adding SHAP to the DST significantly increased the perceived decision 
transparency. This holds true for the within-group comparison (p<0.001, RBC=0.69) 
and less but also significantly for the between-group comparison (p=0.04, RBC=0.39). 

Trust: Therapists significantly (p=0.01, d=0.43 [0.07-0.76]) trusted the individual case 
predictions with SHAP (4.86) more than without (4.51). This difference was even 
higher (5.38 to 4.64, p=0.05, d=-0.77) for the in-between-group comparison. For the 
HCTS, the difference between conditions was only significant for the reciprocity sub-
scale (p=0.02, RBC=0.48). Regarding the implicit comparisons, SHAP significantly 
and strongly increased trust in predictions for both the within (mean 5.43, p<0.001 
RBC=0.89), and the between comparisons (mean 6.09, p<0.001, RBC=0.99).  
Considering agreeance as a more objective trust measure, therapists’ own success 
probability prediction deviated significantly more from the DST for non-SHAP than 
SHAP cases (p=0.03, d=-0.39 [-0.73--0.04]). Again, this difference was even larger 
for the between-group comparison (p<0.001, d=1.41 [0.59, 2.20]).  

Clinical Usefulness and Actionability: Therapists found the SHAP version of the DST 
significantly more useful for deciding how to proceed with the treatment in both the 
within (p=0.003, RBC=0.66) and between comparisons (p=0.047, d=-0.72 [-1.43, 
0.00]). However, this did not translate into any significant changes in the intended 
treatment support level between the conditions. 

4.3 Other Responses 
In terms of baseline attitudes towards AI, the median responses on the 5-item Likert 
scale indicated a low perception of threat (median=2) and the probability that AI will 
lead to bad decisions (2), and a neutral position regarding the understanding of how 
AI works (3), what to expect from it (3), and its role in making healthcare better today 
(3). However, the median agreeance to being asked whether they perceived AI/ ML as 
something hopeful (4) and if it will make care better in the future (4) was higher. 

Regarding the quiz questions, most therapists had 
no or few mistakes, while five therapists answered 
five questions, and three answered up to half of the 
questions wrong (see Figure 19). The questions 
that were answered wrong most required recognis-
ing the patient’s value on a histogram in relation to 
the mean (40% wrong) and one that required dif-
ferentiating between per cent and per cent points 
increase (54% wrong). 

Notes: Total of 24 questions 

5 Discussion  
Personalizing mental health care through ML-based Decision Support Tools has long 
been discussed as a central lever to improve care efficiency and outcomes. However, 

Figure 19: Histogram quiz errors 
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few real-life applications exist, and a key explanation for this is the conflict of the 
black-box nature of ML predictions with the expectations and responsibilities of 
healthcare providers (Yang, 2022). Therefore, the study at hand investigated if and 
how adding patient-specific explanatory information in the form of local SHAP values 
influences how ICBT therapists perceive the DST. 

5.1 Evaluation of Hypotheses 
Firstly, adding SHAP to the DST increased therapist’s understanding of the decision 
rationale without making it less comprehensible. As such, we conclude that providing 
explanatory data to clinicians is a feasible way of narrowing the gap between AI and 
human cognition. Nevertheless, further research is necessary to determine if the time 
needed to investigate and leverage the additional data is available in routine care 
(Jacobs et al., 2021). One way of offering the additional information without overload-
ing the therapists is to only show it on demand, e.g., by clicking on it (Jacobs et al., 
2021; Xie et al., 2020).  
Secondly, we found that therapists indicated higher trust in treatment outcome predic-
tions when presented with SHAP. This effect was significant and moderate for single 
cases (H3) and large for the isolated implicit comparison (H5) and direct implicit com-
parison between SHAP and non-SHAP DST versions (H6). Further, this increase in 
trust also extended to a significant effect in numeric disagreement between therapists 
and DST predictions (H7). Hence, in line with previous findings (Jin et al., 2024), 
therapists were less likely to deviate in opinion from the DST prediction if they were 
provided with explanations. However, no such increase was reflected in the verbal 
disagreement-item or validated trust measure (HCTS). Regarding the verbal disagree-
ment, therapists generally did not find it very likely that the DST misjudged or missed 
factors (Mean 2.56-2.67). This may be explained by the fact that the included factors 
1) were chosen by humans and 2) were named in the introduction video, constituting 
global explanation measures. Regarding the HCTS, the statistical power was the low-
est in the fairly unbalanced between-group comparison.  
Thirdly, while explained predictions had a significant medium effect on being consid-
ered more useful in knowing how to proceed with treatment (H9), this knowledge did 
not translate to more intended changes in clinical support level (H10). Again, different 
explanations for this contradiction are plausible. On the one hand, increasing human 
support is just one of many ways to personalize treatment (Hornstein et al., 2023), and 
knowing how to proceed with treatment could refer to other factors such as content or 
communication. On the other hand, a paper interviewing psychiatrists described a dis-
connect between understanding and trusting a prediction score versus actually know-
ing what to do with it (Jacobs et al., 2021). As Diprose et al. (2020) also only measured 
the confidence to use the prediction, not its actual use, it remains unclear if and how 
this increased trust translates into a change of treatment. Additionally, trust is a multi-
faceted, complex concept that builds over time (Gille et al., 2020). Considering the 
therapists were only exposed to the DST for a very short time during the study, the 
effects of an increase in trust and confidence may yet develop.  



 

103 

5.2 Further Insights and Limitations 
As the results from the baseline questionnaires (Q1) show, participants leaned towards 
considering ML a good thing to begin with, and very few participants mistrusted either 
version of the DST. While these findings align with related larger-scaled survey stud-
ies, positive attitudes towards AI are known to be high in Nordic countries such as 
Sweden (Masso et al., 2023; Scantamburlo et al., 2023). Further, a bias in participant 
selection through both the channels used and self-selection cannot be ruled out. There-
fore, country- and context-specific differences must be considered, and further inves-
tigation is required to determine the generalisability of findings. However, the prelim-
inary results’ key limitation is the failure to meet the minimal sample size of 56 par-
ticipants, particularly affecting the currently unbalanced between-group comparison. 
This likely also affects the 95%-confidence intervals of the effect sizes, which, for 
example, in the case of H3 or H7, are very large. As data gathering is still ongoing, it 
is yet to be seen if these preliminary results are confirmed in the final manuscript with 
a larger and more balanced cohort.  
Notably, both versions of the DST led the therapists to propose average support for the 
likely successful patients (median=4/7). Exploring if this is due to risk avoidance or 
due to the factual belief the respective patient needed the proposed support level is out 
of the scope of this study. Either way, as likely failures were allocated higher support 
(median=6/7), this aspect must be considered when implementing a DST with the goal 
of optimising allocation instead of – as in this example - increasing overall support 
levels to above average.  
Generally, SHAP values are only one of many options to add explainability to predic-
tions (Pearson et al., 2019; Vilone & Longo, 2021a), all of which may yield different 
results. Additionally, SHAP values come with limitations, most notably that they are 
not causal (Lundberg et al., 2020) but are often mistakenly interpreted as such. So, 
while explainability methods can increase perceived comprehensibility, how sophisti-
cated algorithms make decisions remains an epistemic question. This is especially im-
portant to consider and communicate if SHAP values are supposed to provide a deci-
sion base for treatment alterations. Further, data scientists commonly impute missing 
values as a pre-processing step, as it has been found to improve overall prediction 
accuracy (Bremer et al., 2020; Hentati Isacsson et al., 2023). However, in the constel-
lation of the proposed DST, the SHAP method may place over-proportional im-
portance on an imputed, and thus, possibly wrong, value. A last drawback of individual 
SHAP values is their additional constraint on the required knowledge and time to de-
sign, implement, maintain and use a DST. In that regard, while most therapists under-
stood how to interpret the DST and SHAP cases well enough to make no or few mis-
takes in the quiz questions, three participants (9%) seemed to struggle with it and got 
half of the questions wrong, and another five (14%) answered a third of the questions 
wrong. It is unclear if they did not understand the concepts or if the mistakes were 
made due to carelessness or hurry, as no patients were at stake in this artificial setting. 
Either way, this finding highlights the importance of training and ensuring that all users 
of a DST have sufficient knowledge to interpret and use the DST information. At the 
same time, it also shows that short videos and informative text can suffice to introduce 
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these concepts for most clinicians, making this study a feasibility study for introducing 
SHAP values at scale. 
Lastly, assuming that trust can iteratively build over time renders the question of 
whether explainability methods will be unnecessary once trust has been established. 
Even if this is the case, they may be an important tool in overcoming the adaption 
hurdle but would likely not be required for long within a given setting. This would 
change if they were used to inform how to proceed with treatment in an individual 
way, however, this circles back to the problem that they are not meant to be interpreted 
causally. Ultimately, the explanation, interpretation and understanding of predictions 
are just intermediate steps towards the actual goal, treatment improvement (Gille et al., 
2020). Therefore, prospective randomised trials investigating the actual effect of DSTs 
with and without explanation on treatment outcomes are an inevitable and arguably 
the most important step in determining the future usefulness of XAI methods. 
In summary, while SHAP values were found to increase the trust ICBT clinicians have 
in a DST, it remains to be seen if and how that translates into an improvement of care. 

Ethical Approval 
The study was conducted within an ethics application (2011/2091-31/3 with amend-
ments 2016/21-32, 2017/2320-32, 2018/2550-32, 2019-04295 and 2021-01123) ap-
proved by the Swedish Ethical Review Authority. This application covers pilot trials 
of Decision Support Tools based on historical patient data from the Internet Psychiatry 
Clinic in Stockholm. 
The study protocol for this randomised experiment was preregistered 29th of April, 
2024-04-29 on the Open Science Framework (OSF) (Bjurner, Zantvoort, et al., 2024). 
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Chapter VII: Personalization Strategies 
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Introduction: Personalization is a much-discussed approach to improve adherence 
and outcomes for Digital Mental Health interventions (DMHIs). Yet, major questions 
remain open, such as (1) what personalization is, (2) how prevalent it is in practice, 
and (3) what benefits it truly has. 
Methods: We address this gap by performing a systematic literature review identify-
ing all empirical studies on DMHIs targeting depressive symptoms in adults from 2015 
to September 2022. The search in Pubmed, SCOPUS and Psycinfo led to the inclusion 
of 138 articles, describing 94 distinct DMHIs provided to an overall sample of approx-
imately 24,300 individuals. 
Results: Our investigation results in the conceptualization of personalization as pur-
posefully designed variation between individuals in an intervention’s therapeutic ele-
ments or its structure. We propose to further differentiate personalization by what is 
personalized (i.e., intervention content, content order, level of guidance or communi-
cation) and the underlying mechanism [i.e., user choice, provider choice, decision 
rules, and machine-learning (ML) based approaches]. Applying this concept, we iden-
tified personalization in 66% of the interventions for depressive symptoms, with per-
sonalized intervention content (32% of interventions) and communication with the 
user (30%) being particularly popular. Personalization via decision rules (48%) and 
user choice (36%) were the most used mechanisms, while the utilisation of ML was 
rare (3%). Two-thirds of personalized interventions only tailored one dimension of the 
intervention. 
Discussion: We conclude that future interventions could provide even more personal-
ized experiences and especially benefit from using ML models. Finally, empirical ev-
idence for personalization was scarce and inconclusive, making further evidence for 
the benefits of personalization highly needed.
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1 Introduction 
At an estimated lifetime prevalence of more than 10% (Hasin et al., 2018; Lim et al., 
2018), major depressive disorder (MDD) is the second leading cause of years lived in 
disability (Ferrari et al., 2013). While this makes efficient treatments urgently needed, 
traditional approaches such as face-to-face psychotherapy are difficult to access for a 
significant part of patients (Moroz et al., 2020; Singer et al., 2022; Wang et al., 2002). 
However, providing treatment through digital channels such as mobile applications 
and online formats (Tal & Torous, 2017) is effective in reducing depressive symptoms 
(Königbauer et al., 2017; Moshe et al., 2021) in a cost-effective way (Donker et al., 
2015). Since most of the world population has access to the internet(Martin, 2019) 
and/or a smartphone (O’Dea, 2021), digital mental health interventions (DMHIs) by-
pass barriers to traditional treatment.  
Despite their potential, DMHIs inherit some of the general problems in depression 
treatment: Estimates for treatment dropout, as observed in RCTs, are up to 50% when 
considering publication bias (Torous et al., 2020). Moreover, response rates are unsat-
isfactory at less than 50% (Karyotaki et al., 2021). Therefore, improving outcomes and 
reducing dropouts in DMHIs are expected to be highly impactful in facing the burden 
of depression.  
Luckily, DMHIs’ unique delivery channel provides new opportunities to improve the 
treatment of those suffering from depressive symptoms. Specifically, digital applica-
tions can efficiently be individualised to improve users’ experience and outcomes, as 
observable across many other domains, ranging from e-commerce (Kaptein & 
Parvinen, 2015) over e-learning (Zheng et al., 2022) towards social media (Shanahan 
et al., 2019). Simultaneously, the importance of accommodating patients’ preferences 
for treatment outcomes in mental healthcare has been well established (Swift et al., 
2018). Hence, the personalization of interventions to adapt treatment to individual 
needs is a promising approach to improving care, for depressive symptoms and beyond 
(Andrews & Williams, 2014; Aung et al., 2017; Chawla & Davis, 2013; D’Alfonso, 
2020). 
In line with that idea, a meta-analysis from 2013 showed that algorithm-based tailoring 
of DMHIs is associated with better outcomes (Lustria et al., 2013). A review from 
2022 found that none of the 26 reviewed apps for depression used just-in-time (JIT) 
adaptations, a mechanism for personalizing the timing of content delivery based on the 
individual or the situation (Teepe et al., 2021). Another current systematic review in-
vestigated tailored interventions for workplace mental health (Moe-Byrne et al., 2022), 
finding benefits on several outcomes when content or feedback was tailored towards 
the individual. Finally, a component network analysis examined the benefits of com-
mon internet-based cognitive behavioural therapy (ICBT) packages for depression, 
discovering small interactions between treatment components and patient characteris-
tics (Furukawa et al., 2021). 
While these publications are unified in their call for more personalization in DMHIs, 
they do not add up to a satisfactory empirical and theoretical ground for it. Firstly, the 
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fragmented use of vocabulary fails to demarcate personalization from other distinct 
phenomena related to variability in DMHIs. For example, the term ‘tailoring’ is used 
across various scopes and foci (Lustria et al., 2013; Moe-Byrne et al., 2022; Ta Park 
et al., 2019), while similar mechanisms are elsewhere called ‘individualised’ 
(Zagorscak et al., 2020) or ‘personalized’ (Furukawa et al., 2021; Lau et al., 2020). 
This diversity in vocabulary is shared with non-digital settings, as for traditional psy-
chotherapy, 15 different terms for the same phenomena of varying treatment between 
individuals were reported (Captari et al., 2018). Secondly, in contrast to the breadth of 
used vocabulary, the focus of mechanisms within studies seems to be relatively nar-
row, focusing on specific mechanisms (Lustria et al., 2013; Teepe et al., 2021) or areas 
(Moe-Byrne et al., 2022; Zagorscak et al., 2020) of personalization. This potentially 
leads to an underestimation of variability already in place. Finally, while two of the 
mentioned reviews investigated the benefits of personalization through direct compar-
isons, they did so without a specific focus on depression and with few studies being 
included. In conclusion, the concept, prevalence, and efficacy of personalization in 
DMHIs for depressive symptoms are not adequately delineated. Therefore, a disorder-
specific review developing a conceptual framework for personalization and reviewing 
a wide span of interventions seems needed.  
This systematic review aims to reduce the gap between the potential of personalization 
and its actual implementation by performing a comprehensive review of DMHIs for 
depressive symptoms with the following purposes: 

I. Extract a conceptual framework that allows a clear and meaningful way of in-
vestigating, discussing, and classifying personalization. 

II. Apply this framework to the available literature and report current use and 
mechanisms.  

III. Evaluate the available evidence by identifying studies that directly compare 
interventions with different degrees of personalization.  

2 Methods 
This review was planned and reported following the Preferred Reporting Items for 
Systematic Reviews and Meta-Analyses (PRISMA) guidelines (Moher et al., 2009). 
The protocol of this review was registered in the International Prospective Register of 
Systematic Reviews of the National Institute for Health Research (PROSPERO) under 
the ID CRD42022357408. The protocol was updated once after initial piloting to im-
prove the alignment of the inclusion criteria and data extraction method with the scope 
of the review. Specifically, a new classification dimension for personalization was 
added that occurred in the literature and did not fit the pre-defined schema and the 
exclusion of e.g., prenatal depression was added to improve the comparability between 
included interventions. The final version of the protocol can be found in the Supple-
mentary Material (Appendix 1). 
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2.1 Search Strategy 
In the first step, a search was performed in three major databases (SCOPUS, PubMed, 
PsycInfo) to identify all published studies on DMHIs for depressive symptoms. The 
full search strings can be found in Appendix 2. Additionally, three related reviews 
(Himle et al., 2022; Karyotaki et al., 2021; Torous et al., 2020) were screened, and 
studies not yet included were added. Finally, papers brought to the author’s awareness 
by being discussed in our included articles, not included yet but fulfilling our selection 
criteria, were added. 

2.2 Selection Criteria 
We included empirical studies on DMHIs specifically targeting depressive symptoms, 
determining the interventions target by authors’ self-report. This covered both, patients 
with diagnosed major depressive disorder (MDD), as well as with subclinical levels of 
symptoms. To be considered a DMHI, interventions needed to be delivered through 
the internet and/or a smartphone. We included only empirical, peer-reviewed, English 
studies and conference articles with original data and patient cohort. To ensure a focus 
on the most relevant interventions for current use, we start our search from 2015 on-
wards.  
To narrow down the focus of this review, studies on interventions targeting comorbid 
disorders such as anxiety were excluded. The same applied to those targeting a specific 
subtype of depression (e.g., prenatal depression), a single sub-symptom (e.g., rumina-
tion), or adolescent or elderly people (below 18 years or >64 years). Finally, those 
studies using digital technologies exclusively as a means of communication, such as 
one-on-one psychotherapy delivered via the web, were excluded as well.  

2.3 Selection Procedure 
One of the researchers (S.H.) performed an initial screening based on the title and 
abstract of the studies identified through the search strategy. A second researcher 
(K.Z.) conducted the same procedure for a randomly chosen subset of 100 studies, 
resulting in excellent interrater reliability (0.94). The full description of the interven-
tion was then read by both reviewers for all remaining papers to determine the final 
selection, extract interventions and code the variables of interest. Disagreements on 
any aspect of this process were solved by discussion between the reviewers until a 
consensus was reached. If full texts were unavailable, they were requested from the 
corresponding author. This occurred 12 times, with 8 of the articles made available on 
request. 

2.4 Development of the Conceptual Framework 
During the initial screening and before the update of the PROSPERO registration, we 
developed the proposed framework in an iterative process, considering usability, con-
ceptual literature, and the observed interventions. We departed from a common dic-
tionary definition defining personalization as “the action of designing or producing 
something that meets someone’s individual requirement” (Surprenant & Solomon, 
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1987). Based on that, we intended to classify personalization in DMHIs in a broad 
enough way to cover the diversity of mechanisms present in related reviews and stud-
ies. At the same time, we intended to narrow down the concept to those mechanisms 
affecting the therapeutic content and structure, setting it apart from superficial sources 
of variability. Therefore, we excluded interactivity (Deighton & Sorrell, 1996), the 
sole replay of user input as part of the app experience. For example, showing each 
patient their previously set goal might be a powerful tool, but it does not change the 
underlying therapeutic elements delivered. Additionally, we factored out customiza-
tion (Sundar & Marathe, 2010), minor aesthetic adaptation such as users ability to 
change the colour of an avatar. Finally, seeing personalization as referring to the level 
of the individual patient, we excluded group-based variability, such as cultural adap-
tation of the entire intervention (Spanhel et al., 2021).  
Numerous screened interventions used a structured session-based approach to deliver 
their intervention - a common approach among manualized mental health interventions 
(Luborsky, 1984). Therefore, we identified a) content (what is delivered during a ses-
sion) and b) order (how sessions are ordered) as potential areas of personalization. 
Since c) guidance (level of human contact) is a highly relevant and variable aspect of 
DMHIs (Karyotaki et al., 2021) we added it as another dimension. Finally, as we dis-
covered prompts and mechanisms targeting the timing of interventions not being suf-
ficiently represented in these three categories, we appended d) communication as an-
other dimension.  
While, as mentioned above, we intended to exclude customization as minor user-
choice-based adaptations of the intervention, we did not exclude user choice per se 
from our concept. This differs from the use in fields like marketing, where anything 
done by the user is defined as customization, not personalization (Sundar & Marathe, 
2010). However, we saw the inclusion of actively designed user choice being justified 
for the following reasons: Firstly, user choice was a common mechanism described in 
the included interventions. Secondly, those mechanisms seem easily implementable 
and therefore highly relevant for practitioners interested in personalizing their inter-
vention. Finally, user agency has been shown to be particularly relevant in mental 
healthcare (Swift et al., 2018). We also identified provider choice as another mecha-
nism for guided and blended interventions. For data-driven personalization mecha-
nisms, we saw rule-based and ML as distinct mechanisms applying static or learning 
criteria for personalization. 

2.5 Data Extraction 
The framework developed above was applied to all identified interventions, coding the 
presence of personalization for each of the four (a-d) dimensions and classifying the 
underlying mechanism. For this, interventions had to be extracted from the included 
studies, and information from several studies on the same intervention had to be 
merged. If more than one distinct intervention was presented in a study, they were 
coded separately. Intervention versions in different languages were not coded sepa-
rately if not reported to be clearly distinct in their content. If more than one study was 
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available, a single observation of personalization resulted in a positive coding, but 
conflicting information was noted. Additionally, cited material such as older papers, 
weblinks, or appendices were consulted in the refrained from additional free-hand re-
search on the reported interventions. In case information was indicative of personali-
zation but insufficient for our coding, we contacted the corresponding author and asked 
for clarification. For this, we provided a four-week response window, including one 
reminder. Out of the seven authors contacted, six responded by providing additional 
information. In the single case where authors did not respond (Burton et al., 2016) we 
decided to code restrictively and assume the simpler of the potential mechanisms in-
volved (rule-based instead of ML). Finally, for evaluating the evidence for personali-
zation, we included every study that directly compared intervention versions that dif-
fered in their degree of personalization, according to our framework. We extracted 
effect sizes, dependent variables, and sample sizes for those. 

3 Results 

3.1 Study Selection 
Overall, we identified 3.143 potentially relevant publications and screened the title and 
abstract. For 213 of those, the full intervention description was reviewed, resulting in 
the final inclusion of N=138 papers describing k=94 distinct DMHIs for depressive 
symptoms (see Figure 20). 
Figure 20: PRISMA flowchart of study inclusion 
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3.2 Intervention and Study Characteristics 
While mostly one study per intervention was included, for some up to seven publica-
tions on distinct trials were present and kept for further analysis. Across all studies, the 
reviewed interventions were deployed to approximately 24.300 participants, with an 
average sample size of 259 participants per intervention (range 1 to 2964). 75 of the 
interventions were used in a randomised controlled trial, with the remaining evidence 
coming from feasibility studies, naturalistic routine care data, and other study designs. 
Most interventions had a duration between 6 and 12 weeks, and around 40 of the in-
terventions report a structured module-/ session-based design, delivering the content 
in pre-defined blocks. Finally, 38 interventions were unguided (no human contact 
within the intervention), 32 guided (including guidance from clinician or coach), and 
14 blended (combining face-to-face and digital treatment), with the remaining 10 cov-
ering more than one of those categories. An overview of all characteristics can be 
found in Appendix 3. 

3.3 Conceptual Framework 
A conceptual framework of personalization in DMHIs was synthesised from the re-
viewed DMHIs and theoretical considerations. In summary, an understanding of per-
sonalization as purposefully designed variation between individuals in an interven-
tion’s therapeutic elements or its structure emerged. As such, personalization is dif-
ferentiated from customization, usage, interactivity, and group-based adaptations. 
Customization describes minor adjustments, such as visual aspects, leaving the actual 
therapeutic ingredients unchanged. Usage refers to possible user-induced differences 
in app usage that were not actively or purposefully designed. For example, variability 
in the time spent on a module is usage, the offering of short and long versions of a 
module qualifies as personalization. Interactivity, the mere replay of user input as for 
example commonly used for goal-setting exercises, as this leaves the actual therapeutic 
elements and structure unchanged. Finally, as we understand personalization as refer-
ring to the level of the individual, we see it as being distinct from group-based varia-
bility, such as the adaptation for a particular cultural context (see Figure 21). 
Figure 21: Delineation of personalization from other forms of adaptation. 
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Within our definition of personalization, four personalizable intervention dimensions 
emerged, namely content, guidance level, order, and communication, as summarised 
in Figure 22. Content describes all variability in the delivered intervention material, 
such as exercises, psycho-educative material or topics presented. Order includes cases 
when patients receive the same content but in different order. Guidance refers to the 
extent of therapeutic support offered. Communication concerns the channel, timing, 
and content of actively offered information outside of the intervention’s content. This 
primarily includes prompts or reminder messages. Mechanisms regarding the fre-
quency and timing of the intervention, such as JIT mechanisms, also fall under com-
munication. 
Figure 22: Dimensions of personalization 

 
Further, four different mechanisms beyond personalization emerged: user choice, pro-
vider choice, rule-based and ML-based personalization (see Figure 23). User choice 
covers intentionally designed personalization based on the direct choice of the partic-
ipant. For provider choice, either the individual providing guidance, or the clinician 
involved in a blended setting makes the personalization decision. Among automated 
personalization mechanisms, rule-based (if-then-decision rules) from Machine Learn-
ing (decisions with “learned” decision criteria) personalization mechanisms are gath-
ered. 
Figure 23: Mechanisms of personalization 
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3.4 Results on Personalization 
Applying the proposed framework for classifying variability in DMHIs, personaliza-
tion was reported for 62 of the 94 interventions (66%). Most prominently, personali-
zation mechanisms were used in the content for 30 of the interventions (32%). This 
was followed by personalized communication (30%), type (25%), and order (4%). 43 
of the 62 (69%) interventions with a reported personalization mechanism did so for 
only a single dimension, while one DMHI reported a mechanism for all four subdo-
mains of their intervention (Hatcher et al., 2018; Heim et al., 2021; Piera-Jiménez et 
al., 2021; Roepke et al., 2015; Rosso et al., 2017; Smith et al., 2017; Titov et al., 2015).  
Across the 107 reported personalization mechanisms, rule-based was most prominent, 
being used in 51 cases (48%). User choice was observed in 39 cases (36%), and pro-
viders were involved in personalization 14 times (13%). The use of Machine Learning 
was reported three times (3%). Rule-based personalization was particularly prominent 
in the communication domain, accounting for 21 occurrences. Similarly, human guid-
ance was personalized using decision rules 16 times. For content, user choice had a 
more prominent role, being reported 15 times. The use of personalization is summa-
rised in Figure 24, with examples of the 3 most strategies being presented in Table 10. 
The share of interventions applying at least one personalization mechanism was the 
highest for guided interventions (72%), followed by unguided (63%) and tailed by 
blended (57%) interventions. Generally, the dimensions of personalization were 
equally spread across guidance levels. However, provider choice was nearly twice as 
common for blended than for guided interventions. 
Figure 24: Number of studies per personalization type and mechanism 
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Table 10: Personalization mechanisms per dimension in the intervention 

Count Dimension Mechanism Description 

21 communication rule-based e.g., reminder for inactivity/ non-completion 

16 guidance rule-based e.g., increased guidance/ clinician contact for symptom 
changes 

15 content user choice e.g., optional content selectable for patient 

3.5 Use of Automated Decisions for Personalization 
Among the 55 automated mechanisms used, most were rule-based mechanisms of per-
sonalization. Here, activity data was heavily utilised, for example, for reminders in 
case of inactivity. Another common pattern was the use of symptom scores like the 
PHQ to step up care in the form of additional guidance (Callan et al., 2021) or the 
change from guided to blended care (Schueller & Mohr, 2015). While those ap-
proaches mostly used overall symptom severity, one exemption was the personaliza-
tion based on suicide risk as e.g., in the form of additional prompts (Zagorscak et al., 
2018). 
We identified three clear use cases of ML techniques for personalization. Firstly, 
EmoRecorder (Hung et al., 2015) used an activity recommendation system based on 
diverse data sources like app activity, sensor data and past recommendations. How-
ever, the intervention was at an early stage, being tested on a sample of only 15 healthy 
individuals. Secondly, MOSS (Wahle et al., 2016) built on a JIT framework to assign 
intervention content depending on users’ context and preferences. As such, it tested a 
recommender system with a sample of 126 adults. A third recommender system ap-
proach, MUBS (Rohani et al., 2019), applied a combination of ML and user choice by 
providing the 17 patients with a set of content recommendations. 

3.6 Empirical Comparison of More and Less Personalized Inter-
ventions 

Among the 138 papers in the final review, we identified two papers that included a 
direct comparison of a more and a less personalized version of an intervention. One 
study had participants fill out a questionnaire on motivational schemata and either 
matched them with an intervention arm to fit their motivational preference or a general 
one (Bücker et al., 2022). Results showed effects for one of the two included motives 
(‘being supported’) on anticipated adherence, working alliance, and satisfaction; how-
ever, the overall sample size of this trial was just 55 participants. Secondly, a study 
compared a program version including JIT prompts with one without those prompts, 
therefore, differing the personalization in the communication domain between trial 
arms (Everitt et al., 2021). While both versions showed significant effects compared 
to the waitlist, no effects were reported between the arms. Again, this should be inter-
preted with caution, considering the sample size of around 60 individuals per group.  
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4 Discussion 
In recent years, personalization has been widely discussed as a promising avenue to 
improve DMHI adherence and outcomes. Nevertheless, it remains unclear what it en-
tails and how it is used. In this review, we address this need for the case of depressive 
symptoms, by defining personalization as purposefully designed variation in interven-
tion content, order, guidance, or communication. As possible mechanisms to opera-
tionalise personalization, we extract user choice, provider choice, decision rules, and 
ML. Applying this framework to 94 interventions for depressive symptoms reveals 
that two-thirds use at least one technique for personalization. Especially rule-based 
personalization of communication and guidance and user choice-based personalization 
of content is common. However, among interventions applying personalization, a ma-
jority does so just for one out of four dimensions of the intervention. Also, the use of 
ML models is scarce and limited to feasibility studies. Additionally, just two of the 
included studies investigated the benefits of personalization, both having small sam-
ples and just one finding supporting evidence.  
Arguably, the biggest contrast between the proposed potentials in the personalization 
of DMHIs (Andrews & Williams, 2014; Aung et al., 2017; Chawla & Davis, 2013; 
D’Alfonso, 2020) and the existing literature is the lack of implemented ML mecha-
nisms. Several of the implemented non-learning algorithms and decision rules were 
well designed. Yet, literature on ML in DMHIs reveals ample further promising and 
feasible use cases. Firstly, a notable body of research provides encouraging results in 
outcome (Hornstein et al., 2021; Vieira et al., 2022) and dropout (Bennemann et al., 
2022; Bremer et al., 2020) predictions in DMHIs. Adapting the interventions for as-
sumed non-responders is a low-hanging fruit and has already been successful for other 
disorders (Forsell et al., 2019). Secondly, a prominent algorithmic approach to person-
alization in digital products is recommender systems (Alamdari et al., 2020; Kulkarni 
et al., 2020; Z. Liu et al., 2022). While all included ML approaches were such recom-
mender systems, they were in early stages and deployed to very small sample sizes. 
Finally, all included ML approaches focused on the content of the intervention. How-
ever, ML also is a promising approach to personalize guidance, communication and 
order.  
Contrasting theory and observations in another dimension, the data used for personal-
ization just samples a fraction of the technically possible. While app usage patterns are 
an obvious data option, smartphones can also measure sleep patterns (Ong & Gillespie, 
2016), physical activity (Bort-Roig et al., 2014), social interactions (Boukhechba et 
al., 2018), and many other data points known to be relevant for depressive symptoms. 
Readily available toolkits like Apple’s health kit (North & Chaudhry, 2016) reduce the 
effort for implementation significantly. However, particularly passive sensing was 
rarely utilised in the reviewed interventions. Notably, the potential of ML-based per-
sonalization is heavily intertwined with the quality of the data available to them. Be-
yond that, aspects such as ethical responsibility in health care and privacy rights must 
be strongly considered, especially when investigating automated decisions (Carr, 
2020). 
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Several interventions used self-reported symptoms for the personalization of the inter-
vention. Noticeably, these mechanisms mostly used overall symptom severity. This 
approach disregards that symptom profiles can vary massively between patients with 
the same overall score (Fried & Nesse, 2015). Some evidence points toward distinct 
symptom patterns being associated with different optimal treatment procedures 
(Boschloo et al., 2019). Therefore, while overall severity seems reasonable for varying 
guidance or communication, the sub-symptoms might be a promising ground for per-
sonalizing content and order.  
The two included trials that manipulated personalization did so with small sample sizes 
and inconclusive results. Subsequently, one barrier to implementing personalization 
might be the lack of clear evidence for its benefits. However, RCTs investigating per-
sonalization are likely costly and require large sample sizes when assuming smaller 
effect sizes than for waitlist-controlled studies. Luckily, meta-analytic approaches al-
low summarising evidence across studies, even when personalization is rarely directly 
manipulated. While we mentioned one such approach investigating interactions be-
tween individuals and benefits of ICBT packages (Furukawa et al., 2021), we consider 
similar approaches for other personalization mechanisms as very promising. However, 
the identification and comparison of relevant studies in meta-analyses requires shared 
vocabulary and a common framework. We believe that such future work will benefit 
from the shared conceptual framework proposed in this article.  
There are some limitations of this review that should be considered. Firstly, published 
studies are just one marker of what interventions are in use. While several included 
interventions originated in a commercial setting, those from academic settings will 
likely still be overrepresented in this review. Secondly, we focused on personalization 
within an intervention, excluding the personalization of interventions themselves. For 
example, past approaches investigated the data-driven personalization of therapy 
school (Delgadillo & Gonzalez Salas Duhne, 2020) or the decision between medica-
tion and CBT (Gunlicks-Stoessel et al., 2020). Thirdly, identifying interventions for 
depressive symptoms while excluding those addressing comorbid disorders, particu-
larly anxiety, has proven challenging. One example is when anxiety was mentioned as 
intervention target in a cited study, but not in the original paper. While this seems 
understandable in light of the well-established comorbidity of depression and anxiety 
(Lamers et al., 2011), this resulted in several edge cases of inclusion. Fourthly, we took 
interactivity, customization, and group-based adaptions out of the scope of this review 
due to their difference in nature to personalization. This should not be misunderstood 
as an assumed inferiority, and we call for the further investigation of these approaches 
to complement or even substitute personalization. Finally, as we developed our frame-
work exclusively with studies on depressive symptoms, it remains unclear whether 
there are more aspects to consider with other disorders. However, we expect this 
framework to provide value beyond the use case of depressive symptoms and encour-
age future studies to investigate personalization strategies in other domains. 
In conclusion, our conceptual development and empirical evaluation holistically char-
acterizes the current use of personalization for DMHIs for depressive symptoms. A 
broad conceptualization of personalization reveals that most interventions incorporate 
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personalization mechanisms. However, we conclude that we are barely scratching the 
surface of what is technically possible and already gold standard in other research and 
business areas. At the same time, we see the thin empirical ground as a barrier to im-
plementation and call for more direct and meta-analytic evidence to delineate the ben-
efits personalization has over an ‘one size fits all’-approach. Finally, as we see this 
question as equally pressing for other disorders, we hope for similar-minded ap-
proaches for those in the future. 
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Appendix  

Paper N Features Models Task  Results 

Wallert et al. (2018) 90 25 baseline and 7 
linguistic  

Random Forrest First homework sub-
mission predicts if 
three or more will be 
submitted 

Accuracy = 0.64 
(52% dropout) 

Pedersen, Mansour-
var, Sortsø, & 
Schmidt (2019) 

2,684 >11 baseline and 
user behaviour  

Logistic regres-
sion, Decision 
Trees, and Random 
Forest  

Inactivity for at least 
four weeks within 12 
months 

AUC = 0.92 

Bremer et al. (2020) 101-151 83-401 baseline 
and intervention 
behaviour  

Boosted decision 
trees 

Data from module 1-
6 predicts completed 
7/7 modules 

AUC = 0.6-0.9 in 
dependence of 
time used to 
gather data 

Smink et al. (2021) 770 12 baseline and 2 
types of linguistic 

Logistic regres-
sion, XGBoost, 
Mixed Effect Ran-
dom Forest, Multi-
Layer Perceptron 
Model 

Data from first four 
emails to predict 
therapist’s dropout 

decision 

Accuracy = 0.58-
0.61 (55% drop-
out) 

Moshe et al. (2021) 253 8 baseline and 4 in-
tervention behav-
iour  

Logistic regression completing <6/9 
modules 

AUC = 0.72 

Kim et al. (2021) 45 40 baseline  
  

Linear regression Number of log ins R2 = 0.42 

Côté-Allard et al. 
(2022) 

342 2 intervention be-
haviour x 7-42 days 
(sequential form) 

Self-Attention Net-
work 

7-42 days  
 
8 logins or more over 
a period of 
at least 56 days 

Balanced accu-
racy = 64-79% for 
7-42 days 

Linardon, Fuller-
Tyszkiewicz, Shatte, 
& Greenwood (2022) 

Baseline: 
826  
 

Interven. 
Behav.: 
340 

36 baseline and 110 
intervention behav-
iour  

Linear regression, 
Support Vector 
Machines, K-Near-
est Neighbor, 
CART Decision 
Trees, and Random 
Forest 
 

accessing less than 
half of the available 
material 

AUC = 0.48-0.52 
for questionnaire 
data only,  
AUC = 0.62-0.93 
for behaviour data 

Gonzalez Salas 
Duhne et al. (2022) 

1,611 36 baseline fea-
tures 

Logistic regression three or fewer 
sessions of treatment 

AUC = 0.57 

Bricker et al. (2023) 4,301 23 baseline and 7 
intervention behav-
iour features  

Logistic regres-
sion, Decision 
Tree, Support 
Vector Machine, 
and undefined neu-
ral network 

First 7 days of data to 
predict stopping us-
age after 7 days 

AUC = 0.6-0.94 

Günther et al. (2023) 22,796 62 baseline fea-
tures 

XGBoost  Data at baseline pre-
dicts completion of 8 
sessions 

AUC = 0.57 

Linnet et al. (2023) 164 24 baseline and 4 
intervention behav-
iour features 

Logistic regression Time between ses-
sions 1-4 predicts 
completing 12/12 
modules  

Balanced accu-
racy 0.61-0.73 for 
session 1 to 4 
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machine learning predictions in digital
mental health interventions
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Burkhardt Funk 1

Artificial intelligence promises to revolutionize mental health care, but small dataset sizes and lack of
robustmethods raise concerns about result generalizability. To provide insights onminimal necessary
data set sizes, we explore domain-specific learning curves for digital intervention dropout predictions
based on 3654 users from a single study (ISRCTN13716228, 26/02/2016). Prediction performance is
analyzedbasedondataset size (N = 100–3654), feature groups (F = 2–129), and algorithmchoice (from
Naive Bayes to Neural Networks). The results substantiate the concern that small datasets (N ≤ 300)
overestimate predictive power. For uninformative feature groups, in-sample prediction performance
was negatively correlated with dataset size. Sophisticated models overfitted in small datasets but
maximized holdout test results in larger datasets.WhileN = 500mitigated overfitting, performance did
not converge untilN = 750–1500. Consequently, we proposeminimumdataset sizes ofN = 500–1000.
As such, this study offers an empirical reference for researchers designing or interpreting AI studies on
Digital Mental Health Intervention data.

The rapid advancement of artificial intelligence (AI) in various industries
has spurred great anticipation for its transformative power in health care1,2.
One area that particularly stands to benefit fromAI-based improvements is
mental health3,4. With 16% of global disability-adjusted life years attributed
to them and staggering economic costs, mental disorders are immensely
burdensome for individuals and societies alike5. Further, mental disorders
are heterogeneous in their treatment needs, and AI promises a resource-
efficient way to personalize, scale and improve mental health care4,6–8.
However, among the central challenges in realizing AI’s envisioned
potentialwithinmental health interventions (MHIs) is the limitation of data
set sizes4,6,8–10.

In contrast todiagnostics orpublic health data3,mediandata set sizesof
machine learning (ML) application studies with MHI data barely exceed
100–150 patients4,8,9,11. Digital mental health interventions (DMHIs) allow
for an easier collection of datasets than face-to-face (f2f) therapy7,12, but
median data set sizes are still only 155–3507,13,14. This is problematic because
prediction power is notoriously known to be overestimated in such small
data set sizes15–17.

Sajjadian et al.9 found that MHI studies with small data set sizes
reported significantly higher performance metrics than methodologically
sound studies (p = 0.005). Further, they reported that 71% of the 59

investigated studies lacked an appropriate validation method and instead
reported single test set or cross-validation (CV) results. Zantvoort et al.13

reported that DMHI dropout prediction models trained on small data sets
produced the highest CV results but performed worst on the larger test set.
As a result, several authors caution the interpretation of the current state of
results and warn about possible consequences. Deploying an ungeneraliz-
able model risks suboptimal care, deteriorating patient outcomes, wasted
resources, and, thus, ultimately leads to the opposite of the intended
effects6,9,13,18,19.

Despite their undebatable relevance, minimal necessary sample
sizes, as they are standard in classical statistical settings, are uncommon
in ML applications20. While no all-encompassing solution is available, a
key approach for better understanding them are learning curves20–22. A
recent study by Giesemann et al.21 produced such learning curves for
dropout predictions in f2f psychotherapy and suggested 300 data points
as a minimal necessary sample size. However, they only used eight
patient-reported features and did not investigate overfitting or result
variance. Further, only minimal insights are available into the interac-
tion effect of sample sizes, model types and the number and type of
features in DMHI data. Flexible models approximate realities’
complexity well, however, they risk overfitting, especially on small
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data sets10,13,23. Simple models tend to produce more stable results but
risk disregarding valuable information24–26.

Additionally, the effectiveness of any model significantly depends on
the nature and number of predictors22,24. Especially for DMHIs, feature
numbers can quickly grow into hundreds of variables12,27. At the same time,
data protection and adherence concerns call for a data minimalism
approach12,28,29. Moreover, several papers have reported that fewer hand-
crafted variables improved their results12,30,31.

In conclusion, the key questions repeatedly arising in ML studies in
DMHIs are (1) how the dataset size influences the results9,12,21, (2) which of
the ample algorithms to implement21,26–28,30,32, and (3)which of the abundant
possible variables to use12,27,30. The current study aims to investigate the
interdependence of these questions by analyzing the learning curves for
dropout predictions across (1) six models with varying levels of flexibility
and (2) six feature groups differing in their predictive power and extent.
Beyond test set performance levels, the results will be investigated regarding
their variance, generalizability from the training to test set, and convergence
trajectory to derive insights into minimal necessary data set sizes. To this
end, we leverage 3,654 users’ data from digital eating disorder prevention
interventions provided to the general public in Germany33. Eating disorders
are highly prevalent34 and associated with immense levels of suffering35.
While DMHIs are effective in preventing and treating EDs, intervention
dropout is a substantial issue among them36.Measures such as guidance can
mitigate dropout but are costly37,38. Using AI to identify users at risk of
dropping out allows for optimizing resource allocation and improving
outcomes regardless of the availability of final symptom scores30,37,38. As
such, within the limits of a single-dataset case study, this paper seeks to
provide insights to improve the design and interpretation of ML studies on
DMHI data.

Results
Final Values
The final data set comprised 3654 users, of whom 63% were classified as
dropouts. Feature groups ranged from2 features (F) (simple questionnaire),
over 7 (simple behavior), 13 (selected behavior), 51 (extended ques-
tionnaire), and 64 (mixed) to a maximum of 129 features (extended beha-
vior) in addition to the intervention information. The descriptive statistics,
including for the training and test set, can be found in Supplementary
Table 1.

Naïve Bayes (NB), Logistic Regression (LR), SupportVectorMachines,
(SVM) Random Forest (RF), adaBoost and shallow Multilayer Perceptron
Neural Network (NN) models were trained with 10-fold CV on 80% of the
assumeddata set sizes between 100 and 3,654users and evaluatedon the test
set of 731 users. Hyperparameters differed across settings (e.g., regulariza-
tion for 7 vs 129 features), and are published in this study’s GitHub repo-
sitory. All detailed result metrics are published in Supplementary Table 2.
Supplementary Table 3 holds the p-values for the DeLong tests.

Predictive Power of Feature Groups
Approximating the prediction performance in terms of the area under the
curve score (AUC) via the best model onN = 3,654, the assumed predictive
power across feature types was confirmed. As shown in Fig. 1a, b, there was
no information in the simple (0.53 test AUC) and only moderate (0.66
AUC) in the extendedquestionnairedata.The simplebehaviordata (Fig. 1c)
already achieved an AUC of 0.72, which was increased to 0.77 for the
extended (Fig. 1d) and 0.80 for the selected (Fig. 1d) behavior data. From
there, themixed features (Fig. 1f) only slightly increased results to 0.81AUC.
Since the simple questionnaire data had no predictive power, its results will
only be discussed in the context of overfitting.

Overfitting on Small Data Set Sizes
Overfitting was a substantial problem for the small data set sizes (N ≤ 300),
such that the CV results exceeded the test results by up to 0.12 in AUC (on
average 0.05, see Supplementary Table 2). With increasing data set sizes
(N ≥ 500), overfitting was substantially reduced for all features (mean 0.02,

max. 0.06 AUC), except the simple questionnaire (mean 0.05, max. 0.07
AUC). Both the extent of overfitting on small data set sizes and its reduction
with increased data set sizes varied across the (1) feature types and numbers
and (2) model types.

Firstly, in terms of feature types, low-information feature groups
(simple and extended questionnaire, Fig. 1a, b) were the most likely to
overfit. For data set sizes of N ≤ 300, their avg. difference between the
training and test scores without NB was −0.07 (max. −0.12 AUC).
Choosing the winning model based on CV scores for the simple ques-
tionnaire data led to up to 70% of the results being >0.61 AUC despite a
useless model (Table 1). Further, for these two feature types, up to N = 300
training results got worse with increasing data set size (avg. −0.03, max.
−0.06 AUC) as seen in Fig. 1a, b. The same was visible in the simple
behavioral data (Fig. 1c) but less severe and only for RF and SVM (avg. and
max.−0.02 AUC for N ≤ 500).

For the extended behavior, selected behavior and mixed data, gaps
between training and test set performance for N ≤ 300 were also prevalent
but less severe (avg. −0.05, max. −0.09 AUC). For these three most infor-
mative feature groups, both training and test results increased with data set
sizes (Fig. 1d–f), and the models winning in the training scores consistently
also produced the highest test scores. Hence, the extent of overfitting in the
results decreased as the information value of the features increased.

In terms of the number of features, the very small groups (simple
questionnairewith 2, and simple behaviorwith 7 features) overfitted slightly
more than their larger counterparts (14, 51 and 129 features). However, this
effect was slightly reversed when increasing from selected behavior (13
features, mean 0.04 AUC, max. 0.06) to extended behavior (129 features,
mean 0.05,max. 0.09) ormixed features (64 features,mean 0.05,max. 0.09).

Secondly, regarding model types, simpler models were less likely to
overfit. As reported in Table 1, at N = 100, the share of CV results with at
least +0.10 higher AUC than the test results was by far the lowest for NB
(avg. 13%). On the other end of the spectrum, the tree-based models
overestimatedmode performance by at least+0.10AUC in 42% (adaBoost)
and 45% (RF) of the cases.However, across allmodels, these shares dropped
substantially (avg. 7-8%, Table 1) forN = 300 and to mostly 0% byN = 500
(Table 1). Thus, the effect thatmore sophisticatedmodels overfit more than
simple models diminished with increasing data set size.

Variance of Results
As shown in Fig. 2, the prediction results of the individual validation folds
were highly unstable for small data set sizes. The AUCs’ standard deviation
(S.D.) averaged across runs was by far the highest forN = 100 at 0.20 AUC.
As such, the variability of AUC results spanned across a large part of the
AUCs scale of 0-1, with the expectation to be between 0.5 (no information
value) and 1 (perfect score). This variability steeply declined as the data set
size increased as it had already halved by N = 400 (S.D. 0.10, Fig. 2). After
that, it continued to drop, with the lowest average value in our results being
S.D. 0.03 AUC at N = 3,654. As such, one can expect stable, thus similar,
results for repeated calculations on large data, however, the results can
largely differ when using small data sets.

Parallel to the observations in overfitting, the result variance was
highest for the unpredictive feature groups. The single validation folds of
N = 100 in the simple questionnaire data covered the entire AUC score
range from very bad to very good (AUC mean 0.60, ±S.D. 0.37–0.83, min.
0.00, max. 1.00). Variance was lowest but still very high for the selected
behavior data (AUC mean 0.70, ±S.D. 0.52–0.94, min. 0.10, max. 1.00).

Performance Convergence per Model
The convergence points of the test set performance differed permodel type
and are shown in Fig. 3. The simple questionnaire results are shown in the
graphs but ignored in the calculations as there was no predictive power to
converge towards.

The simpler models NB, LR and SVMs (Fig. 3a–c) all had a median
convergence point of N = 750. The more sophisticated tree-based models
converged later at N = 1,000 (Fig. 3d, e), followed by the NN at N = 1500
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(Fig. 3f). The NB (Fig. 3a) had no performance improvement (+0% AUC)
when provided with large data set sizes (N = 3,654 instead of 750), whereas
LR (Fig. 3b) and RF (Fig. 3d), on average, grew +2%. SVMs (Fig. 3c) and
NNs (Fig. 3f) could slightly better leverage the largest data set (+3%) but
were surpassed by adaBoost (Fig. 3e) on average increasing the AUC
between N = 750 and 3,654 by+5%.

It is noticeable that the NN (Fig. 3f) showed oscillation and larger
variability in the results for much longer than the other models, where this
only occurred for very small data sets. Training it on the small data sets
partly ( < 20% of runs) gave convergence warnings.

Marginal Value and Convergence of Additional Features
Themarginal benefit of complex features was highest for large data set sizes,
and more predictive feature groups tended to converge at higher data set
sizes (Fig. 3).

Adding the extended questionnaire features to the simple ones (F = 51,
dark and light blue lines in Fig. 3) continuously improved results as the data
set size grew (avg. 0.51–0.53 versus 0.55–0.66 test AUC forN = 100–3,654).
The same was the case for increasing the simple to the extended behavior

data (avg. 0.63–0.70 versus 0.64–0.75 test AUC, turquoise and light green
lines in Fig. 3). Due to overfitting on N = 100, the best CV results for the
simple behavior were equal to those of the extended behavior data
(AUC = 0.74), despite being lower on the test set (0.64 vs 0.68 AUC), as
shown in Fig. 4. This effect faded with increasing data set size, and at
N = 500, even the test set performance of the extended group surpassed the
simple one’s CV scores.

Similarly, using selected instead of extended behavioral data was most
beneficial on the small data sets (+0.08–0.03 test AUC difference at
N = 100–3,654, Fig. 1e, d).Generally, for allmodels but theNB, the extended
behavior data curve (light green in Fig. 3) was the steepest after N = 1000,
such that it was closing the gap to the selected behavior features. For LR (Fig.
3b), it even had alreadymatched the selected behavioral data’s performance
at N = 3654.

Adding more than 50 questionnaire features to the selected behavior
data for themixed data set (yellow in Fig. 3) first led to slightly less (N ≤ 200,
avg. difference in test AUC −0.02), then equal (N = 300–500, 0.00), and
ultimately slightly better performance (N > 500, +0.01). As the only
exception, using selected (F = 13) instead of simple (F = 7) behavioral data

Fig. 1 | Training and test learning curves per feature type. Learning curves for (a)
simple questionnaire, (b) extended questionnaire, (c) simple user behavior, (d)
extended user behavior, (e) selected user behavior, and (f) mixed features. Each
panels shows the respective mean AUC score for the Cross-Validation on the

training data (solid line) on the respective left and mean test data performance
(dotted line) on the right side. The colors of the lines represent the model types, i.e.,
Logistic Regression (dark blue), Support Vector Machines (light blue), Naïve Bayes
(green), Random Forest (yellow), adaBoost (orange) and Neural Network (red).
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was always beneficial, but most so on the small data sets (avg. +0.12–0.08
test AUC difference for N = 100–3,654).

Model and Feature Combinations
Naive Bayes (NB, green in Fig. 1) obtained competitive test results (top3
models) for smaller data set sizes, specifically for the extended questionnaire
(N ≤ 750), mixed features (N ≤ 400), selected behavior (N ≤ 200), and
simple behavior (N = 100).However,NBnever outperformed the respective
other top3 models (p > 0.05). Furthermore, as shown in Fig. 1c–e, NB sig-
nificantly underperformed compared to the othermodels for behavior data,
particularly for extended features and larger data set sizes (p < 0.05).

Logistic Regression (LR, dark blue in Fig. 1), on the other hand, per-
formed very well in almost all settings. It consistently outperformed most
models for the extended questionnaire data forN = 200–500 (p < 0.05). For
N > 500, LR continued performing well but was first matched by RF and
later (N > 2500) by adaBoost. In the extended behavior data, LR was below
or equal to RF for N ≤ 200 but significantly outperformed all models
(p < 0.05) with few exceptions after that.

Support Vector Machines (SVMs, light blue in Fig. 1) mainly per-
formed in themid-field butweremost competitivewith a linear kernel in the
two extended feature types. As such, they performed similarly to the top
model LR on extended behavior data for N > 2500 (p = 0.06–0.08) and
regularly outperformed (p < 0.05) NB, NN and adaBoost.

Similarly to LR, Random Forest models (RFs, yellow in Fig. 1) per-
formed very well, especially for the highest information feature types. They
consistently outperformed all models for selected behavior and mixed fea-
tures, with the only regular exception being adaBoost forN > 750 in selected
behavior and N > 1000 in mixed features.

adaBoost (orange inFig. 1) tended toperformbetterwith largerdata set
sizes. For the highest information features, it progressively caught up to RF
as of N > 400. Additionally, adaBoost performed very well in the simple
behavior data (N > 100) and the extended questionnaire data (N > 1500).

Multilayer Perceptron Neural Networks (NN, red in Fig. 1) were
among the top3models for simple behavior (N > 750) and selected behavior

(N > 200) data and occasionally performed well for extended behavior data.
NN’smost competitive results were for data set sizes of 1500 ormore, where
it was most likely to outperform NB, LR, or SVMs.

Recall-Precision Tradeoff
While the detailed results are discussed on the AUC only for clarity and
brevity, the following reports the noteworthy tendencies for recall and
precision at the default threshold of 0.5. All detailed metrics, including
balanced accuracy, f1-score, precision, and recall, are published in Supple-
mentary Table 2.

adaBoost generally achieved among the highest recall scores across
runs, but in the case of the respective simple and extended versions of the
questionnaire and behavior data, it was at the expense of precision.A similar
patternwas observed for theNBmodel, which either had high recall or high
precision but never a winning balance. For selected behavior and mixed
features, the NN and adaBoost models achieved the most balanced result
between recall and precision. However, as reported above, they were out-
performed by the RF model in terms of AUC, which—at the default
threshold—achieved higher precision than recall.

Discussion
Sophisticated ML models promise to disrupt mental healthcare through
resource optimization and personalization7,9, for example by lowering
dropout38 and improving health outcomes39. However, in DMHI settings,
mediandata set sizesbarely reach155–3507,9,27. Suchdata set sizes are known
to overfit and have been proven to not suffice for many sophisticated
models15–17. However, very limited insights are available as of which data set
size these problems are mitigated in DMHI settings. Therefore, the current
study leveraged a dataset 10–24-times as big as the reported medians to
evaluate performance levels, internal generalizability and variance across
different feature groups (i.e., low to high predictive power with F = 2–129)
and six model types (Naïve Bayes, Logistic Regression, Support Vector
Machines, Random Forest, adaBoost, and Multilayer Perceptron Neural
Network models).

Our first key finding confirms that CV results on small, thus most
common, data set sizes overestimate the prediction performance. Especially
worrisome is that the effectwas exacerbated foruninformative features, such
that a uselessmodel had up to a 70% likelihood of returning seemingly good
CV scores. Further, we reproduced the negative correlation betweendata set
sizes andCVresults9,13 forN ≤ 300 andpartlyN ≤ 500 for the least predictive
features. In these settings, such high training resultswere associatedwith the
worst test results13,18. While overfitting was also prevalent inN ≤ 300 for the

Table 1 | Overfitting as share of training Cross-Validation
results (in %) that are at least +0.10 AUC higher than the
respective test results per model and feature type

LR SVM NB RF adaBoost NN

N = 100

Simple Questionnaire 0.40 0.40 0.30 0.70 0.60 0.40

Extended Questionnaire 0.50 0.60 0.10 0.60 0.50 0.50

Simple Behavior 0.40 0.40 0.30 0.50 0.40 0.20

Extended Behavior 0.30 0.30 0.00 0.50 0.50 0.10

Selected Behavior 0.20 0.10 0.00 0.10 0.30 0.10

Mixed Features 0.20 0.50 0.10 0.30 0.20 0.20

N = 300

Simple Questionnaire 0.20 0.20 0.20 0.20 0.10 0.20

Extended Questionnaire 0.10 0.10 0.00 0.10 0.10 0.20

Simple Behavior 0.10 0.10 0.20 0.20 0.10 0.10

Extended Behavior 0.10 0.00 0.00 0.10 0.10 0.00

Selected Behavior 0.00 0.00 0.00 0.00 0.00 0.00

Mixed Features 0.00 0.00 0.00 0.00 0.00 0.00

N = 500

Simple Questionnaire 0.10 0.10 0.10 0.10 0.10 0.10

Extended Questionnaire 0.00 0.00 0.00 0.00 0.00 0.00

Simple Behavior 0.00 0.00 0.00 0.00 0.00 0.00

Extended Behavior 0.00 0.00 0.10 0.00 0.00 0.00

Selected Behavior 0.00 0.00 0.00 0.00 0.00 0.00

Fig. 2 | Cross-validation result variance per feature type.Mean standard deviation
of the single folds’ area under the curve score as dotted lines in different colors per
feature type i.e., simple baseline (dark blue), extended baseline (light blue), simple
behavior (turquoise), extended behavior (light green), selected behavior (dark
green), mixed features (yellow). Mean across all features in black solid line.
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more predictive features, it was lower, and the best training translated to the
best test results. Further, among all features, the individual validation scores
were highly unstable for N ≤ 300 (S.D. 0.13–0.20 AUC). Evaluating on a
single fold is common9,18, andpublicationbias risks an overrepresentationof
the higher end of that variance in published studies8,40. Thus, we conclude
that results from data set sizes of N ≤ 300 imply a substantial risk of
being inflationary and ungeneralizable, especially for features with low
predictive power.

A second, closely related key result is that CV scores on small data sets
risk underestimating the superiority of complex versus simple features. This
is caused by,firstly, large data being necessary to leverage additional features
and, secondly, simple features overfittingmore. For the largest feature group

(F = 129), our data set size even may have been too small as it continued
catching up to the already converged selected feature’s performance.
However, more research on larger data sets is necessary to investigate this
hypothesis. Therefore, we tentatively confirm previous findings12,31 that
hand-crafted and theoretically driven selected features are preferable,
especially for small data sets.

The third key result confirms that simpler models are less likely to
overfit but converge earlier and are less competitive for higher data set sizes.
More flexible models, on the other hand, heavily overfit small data sets but
produce the best results on the high information features, especially for large
data set sizes.Consistentwith theory and empirical evidence25,41, particularly
NB gave robust results but was not very competitive overall. On the other

Fig. 3 | Test learning curve and convergence curves per model type. Learning
curves on the test data per model: (a) Naive Bayes, (b) Logistic Regression, (c)
Support Vector Machines, (d) Random Forest, (e) adaBoost, and (f) Multilayer
Perceptron Neural Network. The colors indicate the different feature types, i.e.,
simple questionnaire (dark blue), extended questionnaire (light blue), simple
behavior (turquoise), extended behavior (light green), selected behavior (dark

green), mixed features (yellow). The respective mean area under the curve score is
shown as sold horizontally plotted line and their S.D. as shaded area around it. Knee
points indicate point of performance convergence as colored circles for the indivi-
dual and grey dotted line as median across feature types. Knee points are not shown
for simple questionnaire due to lack of predictive power.
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end of the spectrum, especially RF and SVMs seemed very competitive on
noisy and small data sets but actually overfitted25,42,43. adaBoost performed
badly on small but was most effective in leveraging large data sets. RF was
one of the two most competitive algorithms across settings, already effi-
ciently leveraging mid-sized data sets for predictive features25. LR was the
second competitive algorithm, confirming its balance of overfitting less on
small data sets43 but only partly being outperformed in large data sets. The
fact that LR is easier to interpret and faster to train than the tree-based
models emphasizes its essential role as a staple baseline model to beat6,27,31.

The fourth key finding is that prediction performance in our study did
not converge untilN= 750 for simpler, and 1000–1500 formore sophisticated
models. Both are substantially above Giesemann et al.’s21 findings that their
results stopped improvingatN= 300.Apossible explanation is that their study
on f2f-therapy investigated only eight features, which all fall in our extended
baseline definition. As a result, their maximum test AUC score (N= 10,000)
was 0.62, which our extended baseline data also achieved atN= 300. Further,
inourdata,morepredictive featurespartly converged later than thosewith less
information value. One possible hypothesis could, therefore, be that their
earlier convergence point may be due to the limit of available predictive
information in the features used. Thus, we conclude that more sophisticated
modelspairedwith largerdata set sizes (N > 750) arenecessary toapproximate
the true potential for the common feature groups in DMHIs.

Beyond the potentially still too-small sample size of 3654, this paper has
several limitations. Firstly, it is only one case study, and while concurring
with previous knowledge, this study per design does not suffice to reliably
differentiate between setting-specific and generalizable tendencies. Further,
the study at hand only focuses on internal generalizability and does not
evaluate themodels on an external data set. Asmodels alreadyoverfitting the
internal validation are unlikely to generalize to new data sets, our study
constitutes a first step in the improvement of generalizability in this research
area18. Regarding sample bias, the interventions considered are preventative
and the sample only comprises self-referred female participants. Addition-
ally, the five study arms were heterogeneous in their content, lengths, and
user symptom strength33. As pooling interventions already mitigates
overfitting13, resultsmay differ if repeated on a single intervention.However,
this also implies that overfitting in this studymaybeunderestimated,making
the proposed increase ofminimal data set sizes evenmore critical.Hence, the
current study presents first insights, but more research is necessary to con-
firm the proposed minimal data set sizes. As a second limitation, while the
operationalization of the outcome and feature groups was empirically and
theoretically founded, many other options12,27,44 are possible and may
influence results.We proposed six different feature groups representing low
tohighpredictiveness for interventiondropout, but theywould, for example,

differ in health outcome predictions27,45. Further, although recent works
substantiate the assumption that ourfindings still apply9,11,19, features such as
neuroimaging or biological data are not considered in the current study. The
same limitation applies to pre-processing steps andmodel choice, including
more sophisticated Neural Networks than the shallowMLP used. Fourthly,
while using the elbowmethod allows an analytical approach to determining
convergence, it doesnot consider the trade-off of the cost that additional data
points induce. Further, oscillations can influence elbow points, though
mitigated by choosing the global instead of local elbow point.

In terms of recommendations, we, firstly, strongly discouragemistaking
CVor, even less so, single test set results for suitableperformancemeasureson
small data set sizes (N = 100–300). Doing so exacerbates publication bias and
causes ungeneralizable result expectations13,18,19,40. A key step against over-
fitting is separating the validation set for the hyperparameter decision from
the model choice, for example, through nested CV15. Ideally, models should
be validated on external data sets in addition to the internal validation
methods in order to ensure broader generalizability18. Further, especially for
complex features or ones with unknown or low information value, having a
reasonably sized test set is indispensable18,46. Basedonour results andprevious
suggestions46, we, therefore, propose a minimal data set size of N= 500 for
predictions in DMHIs to mitigate overfitting.

Secondly, even though N = 500 started producing internally reliable
results, it did not suffice to approximate many of our feature groups max-
imumpredictive power. Performancedidnot converge untilN = 750 for LR,
SVM and NB, and for the more flexible models, it even required
N = 1000–1500. Further, the predictive power of additional and mixed
features increased in higher data set sizes.We, therefore, suggestN = 1000as
a minimal data set size when comparing simple to more complex feature
groups.

Lastly, and closely related to the other points, we recommend being
mindful of the interaction between the nature and number of features, data
set sizes and models. While ML methods can theoretically handle many
features, for small data set sizes, the noise of additional features and the
models’ ability to overfit it must be considered24,25,41,43. Further, the hyper-
parameters, especially those concerning regularization, need to be chosen
accordingly. To determine the adequateness of the set-up, we suggest
implementing and reporting a learning curve approach leading up to the
maximum available data set size. On the one hand, a downward CV tra-
jectory suggests substantial overfitting. On the other hand, a continuously
steep upward trajectory of both CV and test results suggests an under-
estimation of the predictive power due to a lack of data.

In summary, this paper contributes to thefield of researchbyproviding
insights to aid the design and interpretation of predictions in DMHI set-
tings. As such, it aims to combat unrealistic result expectations and the
consequent disenchantment in a field where AI can be of great value but is
only gradually gaining a foothold.

Methods
Case Study Background—everyBody Study
The everyBody dissemination study (ISRCTN13716228) provided
evidence-based eating disorder (ED) prevention and health promotion
programs47–50 in Germany33. Participants (N = 3654) were adult women
without full-syndrome EDs recruited from the general population between
November 2016 and May 2019. All participants gave informed consent to
participate in the study, and participation was anonymous. This primary
study was a stratified, nonrandomized, parallel-group interventional design
where intervention content matched risk and symptom levels. From the
total sample, 452 users were allocated to the Basic intervention, 397 to
Original, 1386 to Plus, 80 to AN, and 1339 to Fit. The interventions com-
prised 4 to 12 weekly online sessions (20 to 60min) based on cognitive-
behavioral principles, including psychoeducation, exercises to promote
body image and balanced eating, and—if applicable—to reduce ED symp-
toms. Four out offive interventionswere supplementedwith daily orweekly
online diaries. Four interventions had access to moderated peer group
discussions, and two included weekly coach feedback messages.

Fig. 4 | Random Forest simple versus extended behavior features. Random Forest
area under the curve for Cross-Validation on training data (solid lines) and test data
(dotted lines) learning curve for simple behavior data (F = 7) in green and extended
behavior data (F = 129) in turquoise.
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Questionnaires were completed at screening, baseline, mid-interven-
tion, post-intervention, 6-month, and 12-month follow-up. Analysis of pre-
post changes of weight-related concerns within the completer subset
revealed notable decreases in weight-related concerns across four of the five
study arms (effect sizes d =−0.45 to d =−0.94)51.

The screening and allocation process, individual intervention design
and data generation is described in detail in Supplementary Note 1. Addi-
tional information can be found in the pre-registration protocol of the
study33 and its primary publication51. The trial was approved by the ethics
board of TechnischeUniveristätDresden (EK83032016) andpre-registered
at ISRCTN (No. 13716228, 26/02/2016). All participants gave informed
consent to participate in the study, and participation was anonymous.

Definition of Outcome
Session completionwas chosen to operationalize dropout, as it was found to
be themost closely connected to intervention outcome52.While the different
interventions had variable numbers of sessions (4–12), they presented
similar dropout patterns, as seen in Fig. 5.

Therefore, completing less than four sessionswasdefined as dropout to
account for the minimum length of four weeks in the shortest intervention.
This definition led to 56% dropout in the Basic intervention, 64% in Ori-
ginal, 70% in Plus, 61% in AN, and 58% in Fit. While many other dropout
definitions are possible53, this operationalization presents the possibility of
identifying the users most at risk of leaving across interventions while
ensuring sufficient time left to intervene39.

Feature Groups and Pre-Processing
The most common overarching categories for dropout predictors are
questionnaire data and intervention user behavior data12,27. For the current
study, feature groups were categorized based on the number of features and
their empirically proposed predictive power regarding dropout. The cate-
gories considered and their key details are shown in the overview in Table 2
and briefly described in the text below. Across all feature groups, the basic
information of which intervention the user participated in, its lengths in
weeks, and the starting year was also added.

The translated original questions and units can be found in Supple-
mentary Table 1. An overview of the almost 200 features’ description
including their number of missing values is provided in Supplementary
Note 2. All data processing was done in Python, primarily relying on the
NumPy54 and Pandas55 libraries. Missing values were imputed with a
multivariate iterative imputer56 using the training sets questionnaire and
weekly aggregated user behavior variables described below.

Regarding the questionnaire data, for the primary dissemination trial,
various items were collected before intervention start, ranging from the
standard primary symptom data up to less common measures such as
personality scores. As pre-intervention questionnaire data has limited
predictive power regarding dropout by itself 27,30,32,57, it was used to inves-
tigate a lowpredictive power setting. For the simple questionnaire data, only
the screening and baseline primary symptom questionnaires (Weight
Concern Scale58) were used. For the extended questionnaire data another 49
measures on psychological symptoms and characteristics, socio-demo-
graphy, and user expectations were chosen based on their availability from
the primary study and assumed usefulness. As a result, missing data was
minimal, withfive variableswith <1.5%and six variableswith <15%missing
entries. The six latter were voluntary, and most users either answered all or
none. Therefore, an additional variable was added to indicate this choice.

For the intervention user behavior data, log files and user submissions
were aggregated into a set of simple, selected, and extended features. Only
data from the first week of the intervention was used to leave sufficient time
to intervene against dropout.

Table 2 | Overview Feature Groups

Name Description Key Aspects #

Simple Questionnaire Primary symptom scores (WCS)58 at screening and baseline Assumed low predictive power27,30,32,57, available before
intervention start

2

Extended
Questionnaire

Variety of self-report questionnaires incl. WCS58 and further eating
disorder67,68, depression69, and anxiety70 symptoms and behavior
patterns, personality71, self-regulation72 and self-esteem scores73,
psychiatric and weight loss history, alcohol use74, socio-
demographic information, and user expectations.

Assumed low predictive power27,30,32,57, theoretically available
before intervention start but with high time-invest from users

51

Simple User Online
Behavior

Sum of logins per day of the first week Assumed high predictive power28,30, very simple to obtain 7

Selected User Online
Behavior

Single aggregation for the first week of time to complete sessions,
seconds spent, number of logins, number and length of answers,
diary entries and messages to coaches and group chat

Assumed high predictive power12,13,27,31 with effort into
researching and choosing most promising options and
aggregation measures

13

Extended User Online
Behavior

Variables from log files aggregated per day of the first week, incl.
sessions completed, seconds spent, log ins, time spent in beginning/
mid/end of the week and morning/day/evening, session completion,
count and number of characters of diaries, group, and coach
messages, exercises, answers to the sixteen most common closed
questions as mean, min and max

High predictive power but possible loss due to
complexity12,31,38, automatically collected during first week of
intervention with limited time invest

129

Mixed Features Extended questionnaire + selected user online behavior Mixed, with reported increase of predictive value27 64

Fig. 5 | Dropout curves per intervention arm.Dropout curves defined by the share
of users that finished each number of sessions across interventions, i.e., Fit (green),
basic (yellow), Plus (dark blue), original (red), AN (turquoise). Vertical blue line
indicates the cutoff point of four models, such that patients leaving on the left are
categorize as dropouts and those on the right as completers.
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The simple behavior data followed related work on generalizable fea-
tures inDMHIs and counted the users’number of logins per day for thefirst
week of the intervention28,30. For the selected user behavior, features were
selected based on the related work12,13,27,31,45 and aggregated per week,
mitigating sparsity,multicollinearity, and complexity. For the extendeduser
behavior, the same raw data instead was separately aggregated per day and
included additional less known or theoretically less informative features as
well as more aggregation forms (e.g., mean, minimum and maximum).

For themixed features, the two types of features (selected behavior and
extended questionnaire data) were added together for the last group to
consider possible interaction effects27.

Algorithms
Six commonML algorithms16,26 were included in a trade-off of investigating
different models while maintaining a reasonable computational load and
ability to present results. For the simple algorithms, Naïve Bayes (NB)59,
Logistic Regression (LR), and Support Vector Machines (SVMs)60 with a
linear and radial kernel option and classifier were trained. In terms of more
sophisticated tree-based models, first, Random Forest (RF) models were
used due to their high flexibility and good performance in similar
settings13,26,27. Second, to leverage the upsides of sequentially combining
several tree learners, adaBoost decision trees were included. Lastly, a Mul-
tilayer Perceptron covered the family of Neural Networks (NNs). Con-
sidering the simplicity and small data set sizes at hand, a shallowarchitecture
with a single hidden layer was chosen. All of these model types have been
extensivelydiscussed invarious sources16,61 andwill, therefore, not be further
detailed here.

Learning Curves and Training Set up
To estimate training performance, 10-fold cross-validation (CV) with grid
searchwas implemented. The best resulting estimator was re-trained on the
entire training dataset and evaluated on the previously set aside test set of
20% of the data. A standard scaler was incorporated into the pipeline.
Regarding the hyperparameter ranges, default valueswere expandedupon if
the outermost values appeared insufficient or excessive within the training
data results.

Following authors such as Giesemann et al.21, Balki et al.20, and Perlich
et al.23, learning curveswere used to provide insights into the effect of sample
size on prediction performance. For the data set sizes, the space of 100, 200,
300, 400, 500, 750, 1000, 1500, 2000, 2500, 3000, and 3654 was explored to
balance a comprehensive investigation with computational costs. The
models were trained on 80% of the respective N to represent the data set
sizes. The test set was stratified for dropout and each of the samples was
stratified across the fives interventions. Further, training was repeated on
samples drawnwith different seeds ten times for small data set sizes ( ≤ 500),
five times for the mid data set sizes ( ≤ 2000), and three times for the
remaining large dataset sizes21. The model training was implemented with
the scikit-learn62 library in Python, and the code is publicly available in this
paper’s GitHub repository.

Evaluation and Result Analysis
The area under the curve (AUC) scorewas used to compare results across all
settingswithout depending on a threshold. In terms of evaluation, the scores
were classified into no (0.50–0–0.56 AUCs), low (0.57–0.64), moderate
(0.65–70), good (0.71–0.75) and very good (>0.75) predictive power63.
Predictive power per feature groupwas approximated through the test score
for themodel typewith the highest training scores atN = 3654. A two-tailed
DeLong test64,65 with a significance threshold of α = 0.05 was used to com-
pare the test AUCs betweenmodels. The DeLong test was chosen because it
is non-parametric, aimed at comparing AUCs and sufficiently computa-
tionally efficient64. The test returns the p-value for the null hypothesis of
equal performance, hence the assumption that no model performs better
than the other. Failing to reject the null hypothesis (p > 0.05) leads to pos-
sible differences in the AUC being assumed to be due to random chance.

The variability of results was determined through the standard
deviation of single validation results across repetitions. To determine
overfitting,first, the difference between themean training and test scorewas
considered. Next, the percentage of CV scores at least +0.10 AUC higher
than themean test set were investigated. The threshold 0.10was chosen as it
is a step that definitively jumped one results categorization introduced
above, meaning, for example, a “low” score would become “good”. Per-
formance convergence was investigated by considering the diminishing
marginal benefit of adding more data through the so-called elbow method.
To this end, the kneed algorithm66 Python implementationwas used and set
to find the global convergence point.

Data availability
The data used in this study is not publicly available due to legal restriction
caused by the limitations in the data usage agreements and participants
consent. However, qualified researchers can apply for data access through
contacting the authors of this paper. The primary study’s pre-registration is
published33.

Code availability
The code for the learning curves can be accessed through the following
GitHub repository without restrictions: https://github.com/KiraZant/
everybodylearningcurves.
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Dataset size versus homogeneity: A machine
learning study on pooling intervention data in
e-mental health dropout predictions

Kirsten Zantvoort1 , Nils Hentati Isacsson2, Burkhardt Funk1

and Viktor Kaldo2,3

Abstract

Objective: This study proposes a way of increasing dataset sizes for machine learning tasks in Internet-based Cognitive
Behavioral Therapy through pooling interventions. To this end, it (1) examines similarities in user behavior and symptom
data among online interventions for patients with depression, social anxiety, and panic disorder and (2) explores whether
these similarities suffice to allow for pooling the data together, resulting in more training data when prediction intervention
dropout.

Methods: A total of 6418 routine care patients from the Internet Psychiatry in Stockholm are analyzed using (1) clustering and
(2) dropout prediction models. For the latter, prediction models trained on each individual intervention’s data are compared
to those trained on all three interventions pooled into one dataset. To investigate if results vary with dataset size, the pre-
diction is repeated using small and medium dataset sizes.

Results: The clustering analysis identified three distinct groups that are almost equally spread across interventions and are
instead characterized by different activity levels. In eight out of nine settings investigated, pooling the data improves pre-
diction results compared to models trained on a single intervention dataset. It is further confirmed that models trained
on small datasets are more likely to overestimate prediction results.

Conclusion: The study reveals similar patterns of patients with depression, social anxiety, and panic disorder regarding
online activity and intervention dropout. As such, this work offers pooling different interventions’ data as a possible approach
to counter the problem of small dataset sizes in psychological research.
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Introduction
Modern societies struggle to provide adequate mental
health care,1–3 as traditional therapy alone is not meeting
the increasing need.4 Internet-based Cognitive Behavioral
Therapy (ICBT) promises to improve care levels by achiev-
ing similar goals as face-to-face therapies through efficient
digital means.2,5 With the rise of ICBTs, a large variety of
user online activity data becomes recordable. Applying
advanced analytics to this data holds great promise to
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individualize and improve care.6–8 One task that presents
itself to be solved with Machine Learning (ML) is that of
intervention dropout predictions.4,6 A patient dropping
out of an intervention is significantly less likely to have
positive outcomes.9 Yet, upon starting the intervention,
costs occur, and scarce resources are occupied.10

Measures such as guidance from therapists lower dropout
rates,11 but are often too costly to be provided to all
patients.12 Identifying patients at risk of dropout early on
allows for the personalized allocation of measures. If
more individuals’ needs for support are met, resource allo-
cation is optimized, and health benefits increase.13 In con-
trast to the direct prediction of health outcomes, dropout
predictions include patients that otherwise tend to be
ignored due to missing symptom data.14,15

Initial studies using ML to predict dropout based on user
behavior data show promise.6,16–21 Nevertheless, there are
still few ML applications in ICBTs, especially dropout pre-
dictions.16,21–24 A recent systematic literature review found
that, despite the widespread consensus about its value, only
3 out of 94 digital interventions use ML to personalize inter-
ventions for depression.8 This scarcity of work is attributed
to the small size of available datasets for training,8,25 as it
limits the accuracy and generalizability of predictions.26–
28 Collecting large health datasets is costly,29 and the
median dataset size across 59 studies using ML for
outcome predictions in depression treatments was found
to be only 115 patients.30 Similarly, the median for
related work predicting dropout in online interventions
was 342 patients.6,16–21 Thus, with ML approaches in
ICBTs, the question arises of how to produce accurate pre-
dictions despite small datasets.7,23,31

Albeit the lack of large datasets, the number of smaller
datasets available was already reported to be in the hun-
dreds 5 years ago.32 Data sharing between providers
creates larger training datasets but poses significant chal-
lenges regarding data privacy, data interoperability, and
conflicting interests.33 However, many providers them-
selves offer similar interventions for different but related
primary symptoms, such as depression and anxiety disor-
ders.20 As symptoms and behavior are interconnected,34

common behavioral patterns between patients could be
leveraged by pooling several interventions into one
dataset. If successful, this not only improves prediction
results but also lowers model maintenance efforts.
However, pooling the data may be detrimental if contexts
and user behaviors differ significantly. Most papers predict-
ing dropout focus on a single intervention,6,16,17,20,21 while
one gathers two different interventions for the same symp-
toms,19 and one gathers interventions for three different
symptoms.18 While this shows that different options are
possible, no study comparatively evaluates the approaches.
It, generally, remains unclear how patients with different
but related target symptoms vary in their online intervention
behavior. Clustering analyses have successfully identified

user archetypes in mental health apps in general35 and
within specific interventions.36 Applying such a clustering
analysis to users of different but related ICBTs could
offer valuable insights into the similarities in user behavior.

In this study, we use demographic, symptom, and online
user behavior data of 6418 routine care patients from the
Internet Psychiatry in Stockholm, Sweden. The main
research question is if the value of pooling intervention
data for social anxiety (SAD), major depression (MDD),
and panic disorder (PD) outweighs the downside of losing
data homogeneity when predicting intervention dropout.
The goal is to identify patients who will end up leaving
the intervention early without benefiting, already in inter-
vention week 4 of 12. For this, four different supervised
ML methods (i.e. Logistic Regression, Support Vector
Machines, Random Forest, and AdaBoost classifiers) are
compared. We further investigate the relationship between
prediction performance and dataset size. To this end, the
training on individual versus pooled datasets is repeated
on samples of the median dataset sizes of related work. A
clustering analysis is the intermediate step to understanding
the differences and similarities between the interventions’
data. Through these proposed steps, this study aims at (1)
exploring the heterogeneity of online intervention data
across three highly prevalent mental disorders and (2) pro-
viding insights into what pooling these different interven-
tion datasets into one dataset yields for dropout
prediction. Finally, this work adds to the limited body of
research investigating dropout predictions across three
large routine care interventions.

Methods

Interventions and participants

This study uses routine care outpatient data from the
Internet Psychiatric clinic in Stockholm, Sweden from
2008 to 2020.37 The data comprises all available patients
undergoing treatment while the platform in question was
used. The datasets consist of 1633 PD, 1907 SAD, and
2902 MDD patients. The treatments have previously been
evaluated with positive results.38–40 After a psychiatric
assessment, each patient received 12 weeks of disorder-
specific intervention. The assessment and treatment evalu-
ation are based on established patient self-rating measures;
for PD, the Panic Disorder Severity Scale-Self Report41; for
SAD, the Liebowitz Social Anxiety Scale-Self Report,42

and for MDD, the Montgomery–Åsberg Depression
Rating Scale-Self Report43,44 were used. Each of the three
interventions was administered in the same clinical
context where patients self-refer and then go through a web-
based screening and the established semistructured M.I.N.I
diagnostic assessment interview45 with a psychiatrist.
During the interview, the clinician provides information
about (I)CBTs in general, and the expected effort required
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from the patient to complete treatment. As such, all patients
are ensured to have a relevant diagnosis as well as being
informed about the treatment, and sufficiently motivated
to engage in it.

Included patients receive the same therapist support
routine across all three interventions. The interventions
reside on the same technical platform and are very similar
in structure, but clearly differ in therapeutic content. All
interventions start with psychoeducation and consist of cog-
nitive behavioral therapy techniques specific for each con-
dition divided into 10 modules. For example, the SAD
and PD interventions include symptom-specific exposure
exercises, whereas the MDD has a focus on behavioral acti-
vation. Each intervention’s modules consist mainly of exer-
cises, including homework, messages from and to a
therapist and weekly symptom assessments. More detailed
information about the interventions is summarized in
Supplemental Appendix 1 and has previously been pub-
lished for SAD,38 depression,39 and PD.40

Features

The prediction is based on the first 4 weeks of data as a
trade-off between gathering sufficient data versus maintain-
ing sufficient time to intervene to prevent dropout.6 A pre-
vious study has shown personalizing the support level in
week 4 to have a positive effect for patients at risk.13 For
the features, thus, all data gathered after week 4 is disre-
garded to prevent target leak. First, we include the
common sociodemographic variables, age, and gender.21

Second, given their importance,8,44 the symptom measures
at screening, and at the beginning of weeks 1, 2, 3, and 4,
respectively, are included. In addition to the actual scores,
the time needed to fill out the questionnaires is included.
Third, we use the basic information of the intervention
set-up (i.e. year of start, start in winter or summer, and
target disorder).21 Fourth, the character length of the home-
work assignments and messages are each summed per
week, which have previously been found to be predictive
of both dropout and health outcomes.46 To account for
the therapist messages, the percentage of characters sent
in the conversation produced by the therapist is included.
Following the insights from Bremer et al.,6 several features
are generated from patients’ log data. This includes the sum
of time spent on the intervention, the number of pages
clicked, the number of sessions, and number of days that
patient logged in. In addition, the time patterns of the
login behavior are gathered across all weeks by looking
into the percentage of sessions per weekdays and daytimes.
Further, we record howmany days a patient needed to finish
each module. Further information on the preprocessing and
feature engineering steps can be found in Supplemental
Appendix 2.

The operationalization of the dropout variable is aimed
at identifying the patients who are most likely to leave the

intervention too early to sufficiently benefit.47 The intended
symptom improvement is determined by either the final
symptom score below the absolute cutoff for remittance
(8 for PDSS-SR,48 35 for LSAS-SR,49 and 11 for
MADRS-S50) or a 50% improvement since the start of
the treatment.51 If no symptom score after week 8 is avail-
able, their symptom improvement is classified as
“unknown.” Module completion has been found to be the
adherence measure with most consistently positive power
toward explaining therapy outcome.52 For this study, we
use module 8 of 10 as it contains all unknown leavers, it
includes all of the content introductions, as the last 2
modules are repetition and maintenance,52,53 and produces
considerably balanced classes. A more detailed explanation
of the dropout variable can also be found in Supplemental
Appendix 2. The averages, SD and units of the resulting
dataset can be found in Supplemental Appendix 3. All
steps, including the subsequent modeling, are implemented
in Python, using the pandas,54 Numpy,55 Kneed algo-
rithm,56 and Scikit-learn57 libraries.

Exploration of heterogeneity between interventions

This analysis addresses the first goal: the exploration of het-
erogeneity in patients across the three interventions using
the demographic, intervention, symptom, online activity,
and character counts variables. The general purposes of
clustering are to gain insight into the data, identify natural
groups, and be able to summarize them based on segment
prototypes.58 First proposed in 1967, k-means algorithms
are among the most used clustering approaches due to
their computational efficiency and easy implementa-
tion.58,59 The k-means algorithm is an optimization algo-
rithm that iteratively finds a set of k centroids, such that
the total sum of distance between each point and its
nearest centroid is minimized.60 As such, it optimizes for
groups that are as similar as possible within themselves
but as different as possible from each other.60 The
number of clusters needs to be decided apriori and is
inferred using the Elbow (or Knee) method.61 In essence,
this method uses the explained data variance to reveal
where the marginal gain of a new cluster is outbalanced
by the increasing number of clusters. As commonly done,
a Principal Component Analysis is conducted prior to the
clustering to lower the number of dimensions, reduce multi-
collinearity and facilitate the visualization of clusters.62 The
number of principal components is also automatically iden-
tified by using the Kneed algorithm.56 The critical question
is whether the algorithm will rely on the target disorder vari-
able identifying each intervention as primary splitting cri-
teria. If the different target symptoms result in different
online behavior, the clustering algorithm would be expected
to reproduce the three intervention groups. Only if patients
behave sufficiently similar across interventions, mixed clusters
can be expected. To ensure comparability, this process is
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done only on the first 4 weeks of data also available to the pre-
diction models. This excludes the dropout and health outcome
variable for all patients, which will, however, be added after
completing the clustering for the evaluation of clusters.

Dropout prediction

The second goal is investigating the effects of pooling
patients from interventions for depression, SAD, and PD
to one dataset when predicting dropout. To this end,
models trained on each of the interventions’ data individu-
ally are compared to models trained on all three interven-
tions pooled. As the data has almost twice as many MDD
as PD patient, we add a pooled run where we under
sample the large interventions to have balanced ratios of
one-third each. The training dataset sizes at hand are in
the four digits, which is already unusually big.30 To
increase the usefulness of results for future studies, the
training process is repeated on smaller samples—the
median dataset sizes of related work for outcome prediction
(115)30 and dropout prediction (342).6,16–21 Taking away
an assumed 15% data for a holdout test set results in train-
ing data of 98 and 291 patients per single intervention.

While the training data differs in dataset size, all models
are evaluated on the same 20% stratified test set to maintain
comparability across runs. The final evaluation is done (1)
relatively and (2) absolutely, both focusing on balanced
accuracy (BACC). For the relative evaluation, the single
versus pooled data results are compared. For the absolute
comparison, the benchmark of (1) better than chance and
(2) 67% balanced accuracy as minimally necessary to be
valuable in an ICBT to adapt treatment as proposed by
Forsell et al.12 are used. Further, to adhere to the standards
of medical ML studies, accuracy, balanced accuracy, speci-
ficity, recall, and area under the curve (AUC) are provided
for the test set performances.63

In terms of algorithms, Logistic Regression (LR),
Support Vector Machines (SVMs),64 Random Forest
(RF), and AdaBoost65 classifiers are chosen as they cover
a range from simple and robust to more sophisticated and
flexible options.31,62 As extensively argued,66,67 choosing
the algorithm to use in the same step as optimizing the
hyperparameters comes with a significant risk of overfit-
ting. Therefore, the model selection will be done through
5× 10 nested-cross-validation (CV). The inner CV ptimizes
hyperparameters via grid search, and the outer CV score
determines the one algorithm to use. That algorithm is
then retrained on the whole training data with a 10-fold
CV, returning a single model to be evaluated on the test
set. An intervention-based scaler is added to the pipeline,
such that a standard scaler is fitted to the training data per
intervention and then applied on the respective holdout
fold.63

To choose the range of hyperparameters, initial values
are run and added to if the outer points seem too low or

high. For the algorithms that allow for balancing class
weights, the class weights are balanced. For the LR, the
choice of L1 and L2 feature selection is optimized as a
hyperparameter for the liblinear solver.68 The C value is
searched across the range [0.001, 0.01, 0.05, 0.1, 0.20, 1].
The SVMs optimize over an RBF and a linear kernel with
respective C values [0.001, 0.01, 0.1, 0.25, 0.5, 1]. The
RF model searches across the number of estimators [5,
10, 25, 50, 500, 1200], the minimum samples [10, 25, 50,
100, 200], the maximum depths [5, 25, 50, 100, 500,
750], and a binary indicator for bootstrapping. Lastly, the
AdaBoost Classifier trades off the number of estimators
[1, 2, 5, 10, 25, 100, 1500] with their respective learning
rate [0.001, 0.01, 0.1, 1, 2, 2.5].

Results

Data heterogeneity

To better understand the differences in online behaviors,
user characteristics and symptom patterns, the 1631 PD,
1906 SAD, and 2881 MDD patients and their 57 input vari-
ables that result from preprocessing as described in
Supplemental Appendix 2 are clustered. The kneed
method suggests four principal components to represent
the input data. Feeding these components into the
k-means algorithm with k ranging from one to 11 suggests
3 most prevalent clusters. However, this optimal value only
coincides with the number of interventions, as each inter-
vention spreads comparatively evenly across clusters
(Figure 1). The biggest intervention group, MMD, makes
up 42–51% of each cluster, SAD accounts for 29–30%,
and the smallest intervention, PD, spreads at 20–28% per
cluster. To facilitate understanding, the clusters will be
referred to as active, middle, and inactive clusters from
now on for the reasons explained below. The middle
cluster is by far the biggest as it contains 46% of all patients,
with the inactive cluster following at 35% and the very
active cluster tailing at 19%. All cluster means reported in
this section can also be found in the overview table in
Supplemental Appendix 3.

Inactive patients are more than 6 times as likely to have
missing symptom scores (0.84/5) in the first 4 weeks as
active patients (0.13), who are similar to the middle
cluster (0.16). Further, the average lengths of messages
and homework in the first weeks are 6 times as high for
the active cluster (459/1331 characters) as for the inactive
cluster (81/224 characters), with the middle clusters aver-
aging at 157/1008 characters. Similarly, login data such
as sessions, pages and duration per week are almost all 2–
4 times as high for active as inactive patients, with the
middle cluster somewhere in-between. The most extreme
differences are in the durations where inactive patients, on
average, spent one-third or one-fourth of the time
(12,071, 6698, 6198, and 6878 s per weeks 1–4) that
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active patients (32,393, 25,850, 24,738, and 24,171) spent.
This is also reflected in the average number of modules
completed in the first 4 weeks, with 2.7 for inactive, 4.2
for the middle, and 4.7 for the active patients.

While the starting symptom scores barely differ, inactive
patients have a higher average symptom improvement
between screening and treatment start (−12%) than
middle (−9%) or active (−8%) patients. However, this
changes in the following weeks. While inactive patients
still see 12% improvement in week 2, they have next to
no change (0%, −1%) in week 3 or 4. While the strength
of change also lessens for middle and active patients, they
still continuously improve (middle: −16%, −3%, −4%
and active: −15%, −4%, −5%). The least differentiating
variables are the start year, time variables (e.g. time and
weekday of intervention use), symptom questionnaire dur-
ation, if they started the intervention in the winter, and the
patient’s age and sex. Retrospectively joining the dropout
variable to the clustered data shows that patients from the
active cluster are less than half as likely to drop out
(25%) as patients from the inactive cluster (65%), with
the middle cluster being closer to the active cluster
(36%). Despite the dropout rates heavily differing across
interventions (PD 28%, MDD 45%, and SAD 57%), the dif-
ferences in dropout probability per cluster remain. Dropout
ratios for the inactive, middle, and active groups are 68%,
36%, and 24% for MDD, 41%, 23%, and 16% for PD,
and 80%, 49%, and 33% for SAD. Doing the same for
the health outcomes shows that 53% of active and middle
patients are treatment successes while only 34% of inactive
patients are. For 15% of inactive patients, their health
outcome is unknown, whereas the middle cluster has 5%
and the active cluster only 2%. As a result, the percentage

of not successful treatments is close together between
active (45%), middle (43%), and inactive (50%) patients.

Prediction

The train-test split leads to a maximum of 5132 training
data points and 1289 test data points, for which the averages
of all variables can be found in Supplemental Appendix
3. Of these data points, 45% are MDD, 30% are SAD,
and 25% are PD patients, resulting in the unbalanced
pooled training datasets in Figure 2. The small and
medium balanced pooled training data have the same total
as the unbalanced run; however, they have balanced ratios
of one-third per intervention. For the large data, balancing
is dictated by the smallest intervention (PD), resulting in
a sample size of 1304 each. The nine single intervention
runs (three per disorder) with 98, 291, and 1304/1524/
2303 are not separately shown in Figure 2.

Figure 3 presents the BACC results for each interven-
tion, dataset size, and type of training data. The box plots
show the 10 outer CV scores of the training data, while
the single bullet point shows the performance on the test
set. An ideal result graph has a high y-axis value (balanced
accuracy) with a narrow boxplot (low variance in training
results). The boxplot’s horizontal stripe (median) should
be close to the test set point (neither overfitting nor unex-
pectedly high results). For pooled data results in the follow-
ing, the unbalanced (UB) results are mentioned first,
followed by the balanced (B) results. To answer the main
research question, the single dataset runs are compared to
their respective pooled counterparts (e.g. 98 data points
single intervention vs 3× 98= 294 data points pooled
run). All results, including the numbers discussed here,

Figure 1. Distribution of patients per intervention and cluster. MDD: major depressive disorder; PD: panic disorder; SAD: social anxiety
disorder.
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accuracy, recall, specificity, AUC score, and the model type
chosen in the CV can be found in the result table in
Supplemental Appendix 4.

Training data results. Only looking at training results, single
runs outperform the pooled datasets in predicting dropout.
The single intervention runs have a higher median outer
CV score than both pooled runs in six out of nine cases
with an average advantage of 0.037 BACC. Further,
single runs are higher than at least one pooled run in two
more cases. Hence, the only exception is the small (98
data points) PD dataset, where training results for the
single run are lower than both pooled data BACCs. For
MDD, the median CV score increases as the dataset size
increases from small to medium to large, with a total differ-
ence of +0.04 BACC. The opposite pattern is visible for
PD, such that the training scores decrease as more data is
added with −0.05 BACC. Similarly, SAD has the highest
score for the small data but then has the smallest score for
the medium and an average score for the large data with a
total range of −0.08. Considering the range between the
first (Q1) and third (Q3) quartile of the CV scores, pooled
runs have a lower average range than single interventions.
The spread of the training results (Q3–Q1) is lowest for
the large datasets at an average of 0.045 in BACC. For
the small datasets, it is more than four times as much
(average at 0.202), with the medium dataset size in-between
(average 0.101).

Test data results. Which setting (single vs pooled) performs
best is reversed when looking at the test instead of training
results. Here, in seven out of nine cases, both pooled runs
outperform the single intervention. Additionally, the unba-
lanced pooled data outperforms the single intervention for
the smallest MDD run (0.64 vs UB 0.66/B 0.62). Hence,
the single intervention is only superior in one case, the
medium PD run. As such, PD patients have both one of
the biggest gains and biggest loss (+0.063/−0.044
BACC) when using the pooled model instead of one
trained on the PD patients alone. The runs with all available
PD data barely differ (+0.007 for pooled). For SAD
patients, the small data gains somewhat from pooling (UB
+0.046/B +0.026), the medium dataset size has an
average and the highest gain (+0.037/+0.072), and there
is barely any difference in the large data (+0.000/0.002).
On the contrary, MDD patients almost always benefit
from pooling the data, and the gains grow with the
dataset size (small data UB +0.021/B −0.016, medium
data +0.032/+0.028, large data +0.045/+0.040). Keeping
the natural ratio is superior for all three small data runs
and the medium and large data MDD runs. Balancing the
data is favorable for all medium and large datasets of
SAD and PD. The largest impacts of balancing the data
are −0.037 BACC for the small MDD and +0.035 for the
medium SAD datasets. For MDD and SAD, the pooled
data’s higher BACC also means a higher recall than the
single intervention datasets. However, in the case of PD,
the pooled datasets have high specificity (average 0.80)

Figure 2. Training and test data sample per pooled run. MDD: major depressive disorder; PD: panic disorder; SAD: social anxiety disorder.
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but lower recall (average 0.46) whereas the single interven-
tion runs are more balanced (average specificity: 0.57,
recall: 0.67).

Difference between training and test results. In terms of
potential overfitting, the pooled runs have a smaller abso-
lute difference between the test and training results in
seven out of nine cases. The only exceptions are the
medium and large PD datasets. This results in an average
absolute train-test difference in BACC of 0.063 for single
and much lower 0.034/0.037 (UB/B) for pooled data. The
smallest dataset of SAD has the largest gap (−0.14) with
the highest training results out of all runs but the lowest
test results of all SAD models. Similarly, the training and

test results of the MDD models are twice as much apart
for the single data as for the pooled data, and the pooled
model achieves better test results in all cases. The only
exception to this rule is the medium PD dataset, where
the single model achieves better and closer test and training
results. However, if pooled runs outperform the single inter-
ventions in the training data, they consistently also outper-
form it in the test set.

Absolut evaluation. Regarding the absolute evaluation, all
models achieve a balanced accuracy of more than 0.5
BACC, and are, therefore, better than chance. Further, 13
of the 27 models achieve a BACC on the test set of 0.67
or higher, with results differing across interventions and

Figure 3. Balanced accuracy for training and test results per run with clinical threshold as dotted line. Bal: balanced intervention shares;
MDD: major depressive disorder; PD: panic disorder; SAD: social anxiety disorder.
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settings. For SAD, all but the single intervention small
patient models achieve the threshold, with a maximum
BACC of 0.74. For PD and MDD, not one model trained
on the single intervention achieves clinically relevant pre-
diction results. However, for MDD, both pooled model
for the medium (0.67/0.67) and large (0.69/0.68) data
achieve the threshold. For PD, only the largest balanced
pooled model achieves clinically relevant prediction
results on the test set.

Discussion
Researching the heterogeneity in patient data for ICBTs for
MDD, SAD, and PD, we found intervention-overarching
patient groups in the first weeks of the interventions.
Despite differing dropout rates per intervention (28–57%),
the algorithm identified the respective most likely and
least likely clusters to dropout. The active, middle and
inactive clusters’ correspondence to low, middle and high
dropout is in line with previous findings.47 Our first
finding, that SAD, PD, and MDD patients have similar clus-
ters of activity patterns may help the design and delivery of
both individual and transdiagnostic interventions.

The answer to the first research question already hints
toward the answer to the second; pooling the data was
almost always favorable and doubled the likelihood of
achieving clinically relevant test results. Most noticeably,
having 873 mixed intervention training data points outper-
formed having 2304 individual intervention MDD or 1524
SAD patients. A possible hypothesis for this is that pooling
different interventions forces the model to focus on general
patterns rather than intervention-specific noise. Beyond
better results, pooling data comes with the upside of less
resources necessary for deploying and maintaining one
versus three models. PD patients’ overall low results
might partly be explained by their high class imbalance
regarding dropouts and completers.

Two further interrelated key findings are the importance
of independent test sets and risk of overfitting on small data-
sets. If the decision about whether to pool the data was
made on the training CV scores, single intervention runs
would have been preferred. Further, even with pooled
data, in two out of three interventions the small datasets
seemingly outperform the much larger datasets in the train-
ing score. This aligns with Sajjadian et al.’s30 findings that
dataset size is significantly negatively correlated to the
reported prediction accuracy. Our study’s large test sets of
327–577 patients provides evidence that these good training
results are biased as they fail to generalize. Sajjadian et al.30

further find that many studies do not even use an adequate
training set up, instead relying on a single train-test split. As
can be seen in the box plots, this can result in extremely
high or low results, neither of which represent the expect-
able prediction performance. Making a deployment deci-
sion on such ungeneralizable training results comes with

a myriad of problems: risk of suboptimal care, wasted
resources and ultimately the corrosion of trust in the use
of ML in clinical care.7,30,63 As this article shows,
pooling different interventions enables providers to mitigate
at least some of the risks when presented with the challenge
of limited data availability.

The article, thus, contributes to e-mental health care by
exploring the trade-off between data heterogeneity and
dataset size and discussing the risk of overfitting.30

Limitations
At the same time, several limitations apply. For one, the
routine care data in this study only includes self-referred
patients, which leaves it unclear if the insights generalize to
different patient selection methods. Further, it is yet to be
investigated if the similarities between patients translate to
the same clinical actions against dropout being effective.
Third, using k-means for the clustering analysis is an industry
standard,58 but generative,60 or density-based methods69 may
allow different insights. For the prediction task, the arguably
biggest challenge in scaling the proposed approach is the
availability of comparable interventions. While differing in
content, the interventions at hand have a lot in common, the
technical platform, the structure of treatments, the clinical
routines for referral, assessment, therapist support, and the
clinical staff. Therefore, our results do not warrant any prog-
nosis about how the absence of these similarities would affect
results. Lastly, this article neither compares the gains of
pooled data to other options such as federate learning,33 nor
offers definitive insights on what minimal dataset size is
necessary to produce generalizable results. In the end,
pooling data in the proposed way is only one possible tool
in the attempt to produce more generalizable and useful pre-
diction models in psychological research.

Conclusion
Using ML to improve mental health care is a promising and
growing research field. However, the lack of large datasets
available hamper generalizability and cause biased results.
This article addresses this issue by investigating the
effects of pooling data from different interventions together
to increase the training dataset size available.

A total of 6418 routine care patients’ data from ICBTs
for depression, SAD, and PD is used to (1) investigate het-
erogeneity in patient online behavior between interventions
and (2) analyze the benefits of data pooling when predicting
intervention dropout. Regarding the first question, the
cluster analysis suggests three intervention-overarching
groups that are defined more by their online behavior and
other clinical characteristics than by which ICBT-program
they are in. The finding that patients across the three inter-
ventions have similar behavioral patterns is further sup-
ported in the prediction results. Ultimately, data pooling
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doubles the number of results that reach the threshold of
clinical usefulness on the test set results. We, therefore,
answer the second research question by concluding that
data pooling is the superior approach based on our dataset.
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Abstract
With the need for psychological help long exceeding the supply, finding ways of 
scaling, and better allocating mental health support is a necessity. This paper con-
tributes by investigating how to best predict intervention dropout and failure to allow 
for a need-based adaptation of treatment. We systematically compare the predictive 
power of different text representation methods (metadata, TF-IDF, sentiment and 
topic analysis, and word embeddings) in combination with supplementary numeri-
cal inputs (socio-demographic, evaluation, and closed-question data). Additionally, 
we address the research gap of which ML model types — ranging from linear to 
sophisticated deep learning models — are best suited for different features and out-
come variables. To this end, we analyze nearly 16.000 open-text answers from 849 
German-speaking users in a Digital Mental Health Intervention (DMHI) for stress. 
Our research proves that — contrary to previous findings — there is great promise 
in using neural network approaches on DMHI text data. We propose a task-specific 
LSTM-based model architecture to tackle the challenge of long input sequences and 
thereby demonstrate the potential of word embeddings (AUC scores of up to 0.7) for 
predictions in DMHIs. Despite the relatively small data set, sequential deep learning 
models, on average, outperform simpler features such as metadata and bag-of-words 
approaches when predicting dropout. The conclusion is that user-generated text of 
the first two sessions carries predictive power regarding patients’ dropout and inter-
vention failure risk. Furthermore, the match between the sophistication of features 
and models needs to be closely considered to optimize results, and additional non-
text features increase prediction results.
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1 Introduction

Estimates suggest that even before 2020, only a third of people affected by mental 
health problems received the help they needed [1, 2]. This unmet need is accel-
erated by the psychological aftermath of the COVID-19 crisis, with estimated 
growth rates in the prevalence of major depression and anxiety disorders of more 
than 25% [3]. Consequently, offering effective help on a larger scale is of para-
mount importance for individuals and, considering costs and devastating impacts, 
for societies as a whole [4].

Digital mental health interventions (DMHIs) help to provide psychological 
treatment as they are easily accessible, economical, and scalable [5]. DMHIs pur-
sue related goals to face-to-face therapy but are conducted through the means of 
online education formats. They mainly consist of self-help texts, video or audio 
manuals, and exercises and can be accessed independently of time and loca-
tion. DMHIs can be unguided self-help interventions or can include guidance 
by e-coaches, for example, via calls or messages [6]. Meta-analyses demonstrate 
their efficacy in treating various mental health problems like stress [7] and stress-
related disorders such as depression [8, 9] and anxiety [10]. At the same time, to 
be effective, a participant must finish at least a certain amount of the interven-
tion to show health benefits [11, 12]. However, it is estimated that in unguided 
DMHIs, three out of four participants drop out too early. At one in three partici-
pants, the odds are better, yet still problematic, in guided DMHIs [13]. Such drop-
out is a key factor identified for participants’ variance in response rates, causing 
Gan et al. [12] to call for strategies to help those who struggle. Measures such as 
e-coaches’ guidance, reminders, and personalization positively influence overall 
completion rates and health outcomes [12, 14, 15]. However, the extent of guid-
ance necessary differs among individuals and many complete and benefit from 
interventions with little or none of the usually costly support. Hence, in order to 
optimally allocate the limited resources and effectively help as many as possible, 
participants in need of attention must be identified [16].

Machine learning (ML) models can make individual predictions and have pre-
viously been used to estimate intervention dropout and failure probabilities [17]. 
Most of these attempts focus on user journey data, including log-in data and 
other indicators of online behavior [18–20]. At the same time, human language 
is the primary tool in psychiatry and psychology [21, 22]. Accordingly, DMHIs 
often include asynchronous text-driven communication with participants, gener-
ally involving (1) open-text intervention exercises and (2) direct communication 
with e-coaches [23]. Such texts are known to hold valuable information regard-
ing a user’s mental state and intentions that e-coaches can use to best support 
their participants [24]. Extracting information from these texts is a promising 
but time-consuming task and thus poses a major challenge with respect to scal-
ability. Natural language processing (NLP) is a field of computer science specifi-
cally designed to handle text data. Using NLP methods to automate or augment 
parts of the e-coaches’ work is a largely unexplored field of research [17]. First 
advances train ML models on the users’ text to predict binge eating behavior [25] 
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as well as intervention outcomes for social anxiety [26], and depression interven-
tions [27]. NLP methods are ample and differ in both their complexity and their 
requirements. Obtaining descriptive numbers (e.g., length of the text) and simple 
counts of words (i.e., bag-of-words approaches) is straightforward from a techni-
cal point of view. However, the amount of human decision-making and manual 
pre-processing is high, and the contextual meaning captured is essentially non-
existent. Word embeddings based on neural networks can account for the con-
text of words [28] and have set various NLP prediction performance benchmarks 
outside of DMHI text data [29]. However, first applications to intervention text 
data are disenchanting when paired with simple classifiers [25, 27]. With some 
results worse than random chance, Gogoulou et al. [27] conclude that “the task 
of predicting treatment outcome based on patient text is very difficult” [27, p. 
578]. These results notwithstanding, word embedding features are successfully 
combined with more complex ML models in the related field of mental health 
diagnostics [30, 31]. As these conflicting findings show, deciding on a suitable 
combination of text representation techniques and ML models remains a largely 
unexplored problem in DMHIs. In addition, the predictive power of newer deep 
learning models, such as bidirectional encoder representations from transformers 
(BERT) [29] is yet to be explored in the context of intervention text data. Beyond 
the issues discussed thus far, Funk et al. [25] point out that the isolated investiga-
tion of text data overlooks the likely interaction with non-text features such as 
the age of participants – a hypothesis supported by several other authors’ find-
ings [26, 32, 33]. Hence, the main motives driving this research are (1) the open 
question of how to best combine automated text analysis with non-text features to 
optimize resource allocation in DMHIs, (2) the hypothesis that previous perfor-
mances of word embeddings in DMHIs are limited by the subsequent classifica-
tion models used, not the word embeddings themselves, and (3) the proposition 
that a BERT model pre-trained on a general corpus will have predictive power in 
the intervention setting as well.

Joining the rising efforts of ML applications and automatization in the health sec-
tor [34, 35], we tackle the problem of machine-learning-aided decision-making in 
E-mental health research. Within this research area, our clinical application is opti-
mizing resource allocation to relieve an overstrained system by identifying those 
that most need additional support. The findings of our case study on 849 participants 
allow for the derivation of more concrete hypotheses for the further investigation of 
empirical generalization [36]. More precisely, our contribution is threefold: First, we 
systematically compare the predictive power of different text representation methods 
(i.e., metadata, TF-IDF, topic analysis, sentiment analysis, and word embeddings) 
in combination with supplementary numerical inputs (socio-demographic, evalu-
ation, and closed-question data) for intervention dropout and failure. We comple-
ment related work by investigating which ML model types — ranging from linear to 
sophisticated deep learning models — are best suited for different features and out-
come variables. Second, we account for the relatively long and sequential input texts 
by designing a task-specific neural network architecture which (in many settings) 
outperforms existing word embedding approaches on intervention text. Third, we 
demonstrate the potential of BERT models [29] pre-trained on generic text corpora 
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in dropout prediction. To this end, this paper is structured as follows: we summarize 
related work (Chapter 2), describe our research approach (Chapter 3), present the 
text representation techniques (Chapter  4) and ML models (Chapter  5), and thor-
oughly evaluate different combinations of text representation methods and ML mod-
els (Chapter 6). Finally, we discuss the limitations of our study and highlight future 
research directions (Chapter 7).

2  Background

In medical research, the number of ML applications has greatly increased in 
recent years as they promise improved care, scalability, and cost efficiency [37]. 
Such improvements are particularly needed in mental health care, where patients 
often go undiagnosed [38], and require long-time monitoring and care [39]. While 
many data types (e.g., log-in or questionnaire data) are available [17], text data 
presents itself as a propitious option in a field that has always primarily relied 
on language for diagnosis and treatment [21, 25, 40]. Several research branches 
emerged to leverage text data’s vast occurrence in the context of mental health 
[33]. As their nature, accessibility, and use significantly differ, Becker et al. [40] 
call for differentiation between research on pre-intervention and intervention data. 
This chapter briefly explains both and outlines related work to derive the research 
gaps addressed in this study.

2.1  Pre-Intervention Text Data

Pre-intervention data is gathered before and, thus, outside of a clinical intervention. 
Use cases focus on diagnosing mental health disorders and generating insights. For 
this purpose, much attention has been placed on social media data [41–44]. These 
datasets gather users’ natural communication with each other on platforms like 
Twitter or Reddit. One example are Cohan et al. [31], who tackle a multi-class diag-
nosis problem on a dataset of 20.406 self-reportedly diagnosed and 335.952 con-
trol users’ social media posts. They find that sequential neural network approaches 
outperform their non-sequential models trained on Term-frequency Inverse Docu-
ment Frequency (TF-IDF) [45] features in eight out of nine conditions. Yeruva et al. 
[44] compare insights on obesity and healthy eating — topics related to eating dis-
orders [46] — from 103.609 Tweets versus 6.602 academic abstracts from PubMed. 
They propose a pipeline to construct social and contextual word embeddings, which 
produce valuable insights. Wongkoblap, Vadillo & Curcin [47] predict depression 
diagnoses for 4.169 Twitter users. On the one hand, they compare the dictionary-
based Linguistic Inquiry and Word Count (LIWC) tool [48], a language model, topic 
analysis, and Usr2Vec [49] features paired with logistic regression (LR) or support 
vector machines (SVMs). On the other hand, they pair word embeddings with a 
one-dimensional convolutional neural network (CNN), as well as two task-specific 
(attention-based) neural network architectures. At AUCs of 0.91–0.93, their sequen-
tial models outperform their non-sequential models with AUCs of 0.79–0.88. They 
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explain this gap with the information loss non-sequential models suffer when fea-
tures are aggregated across words. More recent studies in Mental Health diagnos-
tics go one step further by using a more novel pre-trained BERT model [29], which 
yields good results [35, 50] and thus shows promise for other areas of text data in 
E-Mental Health research. As much more work exists than can be discussed here, 
reviews such as [20, 33], or [41] can be referred to for a more detailed picture.

While pre-intervention text data is usually publicly and easily accessible on large 
scales (e.g., through crawlers), it lacks health labels such as a reliable clinical diag-
nosis and must depend on self-published information. Further, anonymity and lim-
ited information verification options can cause issues with data quality [33, 47]. In 
summary, pre-intervention text data was produced in a non-clinical setting and pri-
marily generates diagnoses and epidemiological insights.

2.2  Intervention Text Data

In contrast, intervention data comes from a clinical setting designed to help an 
already diagnosed user. Here, text is produced by health staff (e.g., Electronic Health 
Records [41, 51]) or by the users themselves [40]. In DMHIs, users primarily pro-
duce answers to open-text questions or conversation data with health staff. Because 
of the controlled setting, high-quality socio-demographic, longitudinal symptom, 
and user behavior data is usually available. However, gathering intervention data 
requires resource-intensive steps such as screening, diagnosis, and the assurance of 
weeks-long (guided) interventions. Consequently, such data points tend to be costly, 
and data sets stay small [52]. Additionally, access to existing datasets is extremely 
limited due to privacy concerns [6, 12]. As a result, Shatte, Hutchinson and Teague 
[17] find that only 1% of studies investigating ML in a mental health setting inves-
tigate intervention data, and barely any consider NLP methods. In agreement with 
these findings, several authors conclude that NLP on intervention data is vastly 
understudied despite its substantial potential [17, 25, 33, 41].

In mental health interventions, lack of adherence and responsiveness to treatment 
are major concerns [6, 11, 53]. As shown by Forsell et al. [16], Pedersen et al. [19], 
and Pihlaja et al. [54], targeted measures such as human guidance can improve upon 
these problems but, in an already overstrained system, cannot be offered to all partic-
ipants. Here, supervised ML models provide great value by identifying those users 
that require additional care and allowing for individually targeted measures [16]. To 
present a comprehensive picture of previous work of NLP for dropout and interven-
tion failure prediction, we search PubMed with the query (“Natural Language Pro-
cessing” OR “NLP”) AND (“Psychology” OR “Psychiatry” OR “DMHI*”) AND 
(“Predict*” OR “Machine Learning”) AND (“Outcome” OR “Dropout” OR “Adher-
ence”). We include papers that used ML models to make individual dropout or out-
come predictions based on user-generated open-text data in DMHIs. We then follow 
the citations in the related work section for more relevant papers. Furthermore, a 
PubMed search including a similar query with the term “BERT” did not lead to any 
studies including user-generated intervention data.



 Journal of Healthcare Informatics Research

1 3

Howes et  al. [32] predict intervention outcomes based on chat data between 
therapists and 167 English-speaking users of a depression and anxiety intervention. 
Simple LR, linear SVMs, and decision tree (DT) models are trained for classifica-
tion. The authors conclude that a combination of demographic and metadata yields 
better results than the slightly more sophisticated sentiment and topic analysis. The 
best-reported f1 measure improves the baseline from 0.57 to 0.7. However, as they 
point out, they split several messages of one patient between test and training set in 
their 10-fold cross-validation. With limited patients available, the combination of 
age, gender, and therapist can already allow a model to identify an individual par-
ticipant and infer the result from the training example.

Hoogendorn et al. [26] retrieve information about sentiment, topics, writing style, 
and word usage from German emails written by 69 social anxiety patients, together 
with meta and demographic data. They investigate (1) averages and (2) trends per 
person. They choose the 20 features most correlated with their outcome variable — 
symptom levels at week 12 — mainly covering single words (17), topics (2), and 
writing style (1). For classification, they train LR, DT, and random forest (RF) mod-
els, arguing that these model types give reasonably good and understandable results. 
While socio-demographic data alone has no predictive value, complementing it with 
text data up to week six significantly enhances the prediction performance of their 
RF model (AUC 0.83).

Smink et al. [55] use 770 participants’ first four out of an average of 20 emails 
written in a DMHI for alcohol abuse to predict dropout. They retrieve word count 
and LIWC [48] features and combine them with socio-demographic data. The clas-
sifiers used are LR, a neural network, XGBoost, and a Mixed Effect RF model. First, 
they aggregate the features as means across all four emails for the non-sequential 
models. Second, they input the features per email into their sequential neural net-
work and RF. Hence, while sequential models are included, they only consider the 
order of emails, not the sequentially of language itself. The winning XGBoost model 
performs worse than their baseline, leading to the conclusion that they could not 
associate their simple email text features with intervention dropout.

Funk et  al. [25] use 372 participants’ English messages and intervention text 
snippets to predict binge eating episodes in the next 24 h. A total of 100 of these 
participants also have the 6-month follow-up health outcome. The authors compare 
an array of different methods of text representation: metadata, bag-of-words mod-
els including topic and sentiment scores, word embeddings, and Part-of-Speech tag-
ging. To predict short-term symptom severity, they train an LR and an RF model, 
resulting in a maximum AUC of 0.57 for new users. Additionally, they use LASSO 
regression to determine the best out of their 220 variables for the long-term outcome 
prediction. None of the 50 element-wise averaged embedding dimensions are among 
the most informative features.

Gogoulou et al. [27] compare TF-IDF, Word2Vec, FastText [56], and Doc2Vec 
[57] text representation on Swedish homework reports of 1.986 users of a depres-
sion intervention. The three word embeddings are trained in advance on an addi-
tional 4.835 users’ texts from other interventions. In their approach, TF-IDF outper-
forms the word embeddings in almost all settings, and in some cases, the latter even 
perform worse than the naïve baseline. With a maximum f1 score of 0.69 (baseline 
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of 0.58), they conclude there is a signal in intervention text data regarding outcome 
prediction, but word embeddings do not serve to extract it. While their paper has the 
by far largest sample for intervention text data and considers three different methods 
of word embeddings, it only uses a simple linear classifier. As such, they do not put 
their focus on leveraging the sequential nature of word embeddings [58].

In conclusion, only one paper investigates the prediction of dropout based on 
intervention text data, with little success. However, as the authors propose, fea-
tures other than the two simple ones included should be investigated [55]. For 
outcome prediction, several studies find that combining text features with non-
text features such as socio-demographic data leads to the best results [26, 32, 33]. 
This results in the first research focus of this paper presented in the introduction; 
the question of how to best combine text analysis with non-text features to opti-
mize resource allocation in DMHIs. The works so far suggest that simpler text 
representation features are superior in their predictive performance. However, 
datasets were almost always smaller than 250 users, and the focus has been on 
linear and simpler tree-based classifiers. Those papers including more sophisti-
cated models, only used simple features. Thus, the performance of more sophis-
ticated models, such as ensemble methods and deep neural network classifiers in 
combination with complex features, remains to be investigated in typical DMHI 
prediction tasks. This leads us to our second research proposition: Previous per-
formance of word embeddings in DMHIs is limited by the subsequent classifi-
cation models used, not the word embeddings themselves. Further, successful 
examples from research on pre-intervention data [35, 50] let us arrive at our third 
proposition for this paper: That a BERT model pre-trained on a general corpus 
will have predictive power in the intervention setting as well.

3  Study Set-Up

This study addresses the gap in existing research by systematically exploring the 
predictive power of text (i.e., different metadata, TF-IDF, sentiment and topic analy-
sis, Word2Vec and FastText word embeddings) and non-text data types (i.e., socio-
demographic and symptom data, evaluation data, and closed-question data) and 
their interplay with different model types (i.e., LR, SVMs, XGBoost, AdaBoost, 
LSTMs, and BERT). We investigate these results for intervention dropout and out-
come to provide insights into the use of ML methods to optimize resource alloca-
tion. The final goal is better outcomes with equal or lower costs [16, 19]. A key 
focus of this paper is the investigation of the gap between the word embeddings’ 
theoretical power and the lack of its manifestation when used on intervention text 
data. To this end, two different word embeddings are trained and then (1) averaged 
for non-sequential models and (2) used as they are with a sequential model. Further-
more, we employ BERT to make predictions based on the intervention text data, 
which — to the best of our knowledge — has not yet been investigated. At the same 
time, Occam’s razor principle suggests that — ceteris paribus — the simplest model 
is preferable [59]. Because of this, feature extraction methods and models of differ-
ent sophistication levels are pit against each other in this exploratory study of how 
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to best predict intervention failure and dropout. With 849 participants, the dataset at 
hand is larger than all but one of the previous works on intervention text.

3.1  Data Description

For our case study, we consider the data of 927 participants from six randomized 
controlled trials (Table  1) of an internet-based stress management intervention 
called GET.ON Stress [7]. The training program comprises seven sessions, planned 
to be held on a weekly schedule. Each session consists of general information, quiz-
zes, audio and video files, downloadable worksheets, and interactive exercises. The 
interactive exercises are the most important element in each session. Users work 
through the exercises by reading or listening to short instructions and then writ-
ing their answers into text boxes. In subsequent sessions, many of the text inputs 
are picked up and displayed again to the user by the system. The core stress cop-
ing strategies included in the training program are problem-solving [60] and emo-
tion regulation [61]. At the beginning of the program, participants write about their 
stressors, goals, and motivations. In each subsequent session, the participants are 
asked to choose pleasant activities, plan to implement them into their lives, and to 
reflect on how it went in the subsequent session. In the second and third sessions, 
participants learn a systematic six-step problem-solving method that can be applied 
to their problems, again reflecting on it in the subsequent sessions. In sessions four 
to six, participants learn and practice different emotion regulation techniques, such 
as muscle and breathing relaxation [61]. In the seventh session, participants reflect 
on their goals for the training and plan how to continue practicing stress coping in 
the future. Four weeks after completing session seven, an optional booster session 
eight is provided. Depending on the trial, participants went through the program as a 
self-help intervention, were able to ask for feedback, or automatically received writ-
ten feedback by e-coaches after every session. For more detailed information on the 
set-up of the intervention and each of the studies, please refer to the primary publi-
cations cited in Table 1.

In this study, intervention dropout is defined as having finished less than the six 
core sessions out of eight total sessions. Sessions 7 and 8 are not considered core 

Table 1  Overview of the 
intervention studies included in 
this analysis

a participants receive written feedback (avg. 30 min) after each ses-
sion; bparticipants receive feedback on demand; cparticipants receive 
technical support only

Study German clinical 
trials register no.

Publication Level of human support

1 DRKS00004749 Heber et al. [62] Intensive  guidancea

2 DRKS00005112 Ebert et al. [63] Guidance on  demandb

3 DRKS00005384 Ebert et al. [64] No  guidancec

4 DRKS00005687 Nixon et al. [65] Guidance on demand
5 DRKS00005990 Ebert et al. [66] Guidance on demand
6 DRKS00005699 Nixon et al. [67] No guidance
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sessions as they do not convey new material but instead serve as a reflection and rep-
etition session, respectively. As such, the dropout definition follows the consensus of 
operationalizing dropout reported by Donkin et al. [11] and is recommended to use 
by Gan et al. [12]. The second session is chosen as the point of prediction due to the 
trade-off between text gathered and time left to intervene [18]. Choosing this predic-
tion point results in 849 German-speaking participants who completed exercises in 
the first two sessions — 25% of whom are considered dropouts. Intervention failure 
is defined as an improvement of fewer than 5.16 points on the Perceived Stress Scale 
(PSS) [68, 69], the primary health outcome metric. This threshold value of 5.16 
is based on the reliable change index indicating a clinically meaningful change in 
symptomatology introduced by Jacobson and Truax [70]. The average baseline PSS 
score is 25 and, after finishing an average of 6.6 sessions, ends at 17. In total, 37% 
of users considered are intervention failures. A total of 40 participants did not fill 
out the PSS questionnaire after finishing the intervention and, therefore, cannot be 
considered for intervention failure prediction. Losing many data rows because par-
ticipants did not fill out the final symptom questionnaire is a common problem when 
predicting intervention outcome. For example, Gogoulou et al. [27] disregard 38% 
of their participants because their low adherence prevents the calculation of the tar-
get features. Attempting to predict the 6-month follow-up, Funk et al. [25] even lose 
73% of their data. In this dataset, from those with unknown outcomes, 85% dropped 
out. Excluding these participants runs the risk of ignoring those most in need of 
additional support. Therefore, we provide insights into both, dropout (keeping more 
participants) and intervention failure (the more exact outcome measure) predictions.

3.2  Non-Text Data

Related work suggests that a combination of text and non-text features is most prom-
ising when retrieving information about a user’s mental state [23]. Thus, unsurpris-
ingly, a myriad of the above-mentioned studies includes non-text variables in their 
analysis. We train benchmark models on each of the non-text and text feature types 
by themselves and then combine them to be able to differentiate between individual, 
and interaction effects.

Baseline variables such as socio-demographics or symptom data have been thor-
oughly investigated in terms of their predictive power for dropout and intervention 
failure, howbeit with limited consensus in results (e.g., [71, 72]). We include these 
variables in our analysis based on the assumption that ways of expressing oneself 
are dependent on users’ characteristics such as age and gender [23]. Asking users to 
fill out a baseline questionnaire before starting the intervention is common, as seen 
in the related work section. Our eleven socio-demographic variables cover different 
information about the participants’ age, gender, educational background (2 features), 
occupation (5), and family status (2). 77 participants did not indicate their income 
level, they are accounted for in an additional feature. The descriptive statistics and 
data types of all included socio-demographic features can be found in the supple-
mentary material 1. The majority of participants identify as female (78%), hold a 
college degree (60%) and are on average 42 years old, where the age distribution 
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is bimodal with two peaks around 30 and 50 years. In addition to the socio-demo-
graphic variables, five symptom-related variables provide the baseline PSS sub-
scores of Helplessness and Self-Efficacy [69], and carry information about previous 
experiences with training and therapy (3 features). The mean values of the PSS sub-
scores before the intervention are 16 and 9, respectively. The aforementioned vari-
ables are supplemented by the intervention support level and an indicator of whether 
the user found out about the intervention via their health insurance company.

Evaluation data providing information on the user’s attitude towards the inter-
vention can easily be argued to be an evident factor for their intention to continue it. 
Therefore, this data proposes a promising alternative to the resource-intensive pro-
cess of text-analysis. At the same time, it requires an additional questionnaire after 
each session, hence straining the limited user attention available. To investigate this 
trade-off, it will be included in the analysis. The users evaluate the (1) easiness and 
(2) usefulness of each session on a scale of 1 (very useful/very easy) to 5 (not use-
ful at all/very difficult). Furthermore, the users were asked to estimate the time they 
needed to complete the respective session on a rating scale from 1 (less than 30 min) 
to 4 (more than 90 min). On average, users rate the easiness with 2.3, the usefulness 
at 1.8 and the time required between 30 and 90 min. Furthermore, users have the 
chance to articulate well-liked and improvable aspects of each session in an open-
text format. For the text representation, we append this text to the rest of the user’s 
generated text of the corresponding session. In total, 735 participants answered the 
evaluation questions for at least one of the first two sessions, and missing values are 
accounted for in an additional feature.

Closed question data is structured data in the form of questionnaire items that 
have a limited set of pre-defined answer options, which Cook et al. [73] found to 
have better performance than open-text questions when predicting suicidal inten-
tions. Such closed questions are often inherent in the intervention design and are 
easier to handle than unstructured text data from a technical standpoint. Exemplary 
impressions of how the users saw such questions can be found in the supplemen-
tary material 2. In our dataset, three closed-form intervention exercises sum up to an 
additional 13.298 user entries. These questions address the perceived stress levels, 
the percentage of successfully implemented goals from the previous session, and 
the intended day of finishing the upcoming session. We extract the relevant numbers 
and — depending on the nature of the question — include them as they are or aggre-
gate them (i.e., sums, averages, or counts). We fill missing values with 0 s and create 
additional features indicating missing values.

4  Text Representation

In total, the 849 users produced 61.290 open-text answers to intervention exercises 
and another 3.647 answers to the open-text evaluation questions. Given the point 
in time of the prediction, only the text from sessions one and two are used. This 
leaves 15.773 entries, 1.597 of which are open-text evaluation answers. As a first 
step, 1.064 entries that do not contain any relevant information (e.g., “xxx”, “…”, 
“-”) are deleted, which are found via the investigation of the answers with less than 
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five characters. A feature counting the number of such entries is included in the sim-
ple metadata. Since text representation techniques typically cannot handle numbers 
well [25], digits are replaced by ‘#’. Second, we scrape a list of commonly used Ger-
man abbreviations and manually adjust and supplement them to better fit the context 
of this intervention. The abbreviations are replaced with their long-form, and spe-
cial characters, as well as smileys, are deleted. A spell check based on the Hunspell 
package is tried but does not increase cross-validation scores and, therefore, is not 
used in the final results. Third, we lemmatize the participants’ text using the Python 
library SpaCy. As upper-case letters carry significant meaning in German [74], the 
texts are only lower-cased after lemmatization. Since bag-of-words methods usu-
ally benefit from lemmatized texts [74], while neural network approaches are not 
expected to [75], we keep both. Lastly, we aggregate the text per user and session, 
resulting in a concatenated string of all user text inputs that can be used as-is or be 
further aggregated across sessions 1 and 2.

4.1  Metadata

Especially when thinking about dropout as the binary manifestation of engagement, 
the effort invested in the exercises is a promising candidate for its prediction [5]. 
Assuming that a longer answer to a given task requires more effort than a short one, 
the arguably most straightforward measure is the length of the answer. Hence, we 
create a simple metadata representation of the participants’ texts by measuring the 
word and character count. An average intervention text in sessions 1 and 2 together 
contain 617 words in 4.105 characters and an additional 48 words in 313 characters 
for the evaluation questions. To account for the participants’ willingness to answer 
the intervention questions, a feature counting the number of useless (defined as 
above) entries is added. Additionally, the usage of upper cases, exclamation, ques-
tion marks, and positively or negatively connoted smileys are counted before they 
are deleted in the text cleaning. The advanced metadata is based on Ewbank et al.’s 
[51] finding that different therapeutic intentions and topics have different impacts 
on outcomes in face-to-face intervention. In sessions 1 and 2, tasks aim to gather 
information about the user’s motivation and build skills in problem-solving, stress 
analysis, behavior reflection, and behavioral planning. Thus, all text snippets are cat-
egorized, and text lengths per category are retrieved to investigate whether this addi-
tional information can improve predictions.

4.2  Bag-of-Words

Bag-of-words approaches count the occurrences of each word in a document (i.e., 
intervention answers) in an attempt to extract similarities or differences in texts. A 
popular bag-of-words method is Term Frequency-Inverse Document Frequency (TF-
IDF) [45]. The word occurrence count is rescaled based on the relative occurrence 
of all documents. The scikit-learn TF-IDF vectorizer is used on the word level, 
considering uni- and bigrams to produce the vector per participant. This approach 
results in a very large and highly sparse matrix; both attributes that many ML 
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models cannot handle well. To reduce the size of the matrix, features used by more 
than 70% of documents are discarded, as they are assumed to be stop words. In order 
to keep fewer features than data points [25], the number of TF-IDF features kept is 
determined by the number of users minus the number of additional non-text features. 
In two additional steps, sentiment and topic analysis are used to reduce the matrix 
dimensionality by grouping similar words. Sentiment properties of polarity and sub-
jectivity are retrieved per text snippet to extract variation in sentiments depending 
on the exercise (e.g., “What stressed you today?” vs “What makes you feel good”). 
The German version of the text blob package - a rule-based approach — is used on 
the lemmatized text, as per the recommendation of Fehle, Schmidt and Wolff [74]. 
Sentiment polarity is recorded on a scale from [-1,1], with the minimum indicating 
a negative and the maximum indicating a positive connotation. In addition, the sub-
jectivity variable indicates the level of opinion, emotions, or judgments between 0 
(objective) and 1 (subjective). As both the average sentiment and the range of senti-
ment are considered valuable information [25], the mean, max, and minimum scores 
across sessions are included as features. Another way of reducing the dimensions is 
Latent Dirichlet Allocation (LDA), which tries to identify latent topics in the docu-
ments. LDA assumes that a document touches upon different topics operationalized 
by a list of common words associated with each topic [76]. Considering the num-
ber of relatively small entries and the likely tendency that similar exercises produce 
similar answers, this step is done on the already aggregated text, and the number of 
topics considered is set to 10 [25]. The topic model is calculated on the training data 
corpus only and then applied to the test data text.

4.3  Embeddings

Based on the assumption that similar words appear in similar contexts, word embed-
dings attempt to analyze word co-occurrences and represent each word by n-dimen-
sional vectors of real numbers. Thus, words used in akin contexts tend to be mapped 
to vectors with small distances. Word2Vec [58] and FastText [56] are frequently 
used word embedding techniques based on neural networks. Word2Vec offers two 
different network architectures to learn word representations by (1) predicting a cur-
rent word based on its surrounding words (CBOW) or (2) predicting the surrounding 
words based on a current word (Skip-gram). While the learned representations of 
the words in the training corpus are mostly meaningful, unseen words cause difficul-
ties. In order to find a vector representation of these words, a fraction of rare words 
is typically mapped to an out-of-vocabulary (OOV) token during training allowing 
unseen words to be mapped to this generic OOV vector. FastText [56] is an exten-
sion of Word2Vec, which tries to tackle the problem of unseen words by building 
embeddings for each word in the corpus as well as the n-grams each word consists 
of. Hence, word vectors for unseen words can be generated based on the n-grams 
in a more meaningful way. Both word embeddings can be trained from scratch on 
custom datasets or word embeddings pre-trained on large text corpora in languages 
(e.g., Wikipedia or News articles) can be used. Since the text produced by the study 
participants is different in its structure from generic corpora, we follow related work 
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[25, 27] and train the word embeddings on an extended dataset using the Gensim 
library. To enhance our small training dataset, we also use the texts generated by 
control group users and train the word embeddings at the sentence level. We treat 
the vector dimension n and the model architecture (i.e., CBOW or Skip-gram) as 
hyperparameters which are optimized during the training of our recurrent neural net-
work (Section 5.2). To compare the sequential approach to results from related work 
[25, 27], we process the generated word embeddings by calculating the element-
wise averages of every participant’s text and use these averaged word embeddings as 
inputs for non-sequential models (Section 5.1).

5  Machine Learning Models

In the following, we present the different ML models that are trained to predict 
dropout and intervention failure. To match the complexity of the text representa-
tion methods, we consider three different model categories: (1) traditional ML mod-
els for non-sequential data, (2) deep learning models for sequential data, and (3) 
advanced pre-trained transformer-based models. While non-text features, meta-data, 
bag-of-words, and averaged word embeddings are combined with traditional ML 
models, we extend related work in this field by additionally maintaining the sequen-
tial nature of text by training recurrent neural networks as well as a BERT classifica-
tion model. We set apart a hold-out test set (20% of the participants) beforehand to 
evaluate the models’ out-of-sample performance (Chapter 6).

5.1  ML Models for Non-Sequential Data

We use four different classification models: LR, SVMs, AdaBoost, and XGBoost. 
The corresponding model hyperparameters are optimized in a fivefold cross-valida-
tion (CV), where each hyperparameter space is defined by initially choosing small 
intervals around the default values and incrementally considering adjustments if the 
boundaries perform best in the CV. For each data input (i.e., combinations of text 
representations and supplementary numerical inputs), one final model, chosen based 
on the CV scores, is trained on the entire training data, and evaluated on the hold-out 
test data. To account for the class imbalance in the dropout data, we create synthetic 
data of the minority classes by using SMOTE oversampling [77]. The sampling ratio 
is treated as a hyperparameter for all four models and is optimized during the CV.

Logistic regression as a linear model for binary classification is very popu-
lar due to its fast training times, good explainability, and reasonably good results. 
In light of the dataset size, the liblinear solver is chosen. Given the partially high 
number of predictors,  L1 or  L2 regularization are optimized as a hyperparameter in 
the CV, together with the respective penalization strength (0.01–10). Support vec-
tor machines classify by drawing decision boundaries between classes. SVMs can 
either use the feature space as is or use a non-linear kernel to map it into a higher 
dimensional space to make classes linearly separatable [78]. The use of a linear or 
a radial basis function kernel is optimized as a hyperparameter, each with their own 
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set of regularization parameters (C: 0.1–1000, gamma: 0.001–1) to balance over- 
and under-fitting. For both, LR and SVMs, a scaler is added to the ML pipeline. 
XGBoost is a fast and efficient implementation of a Gradient Boosting Tree that also 
allows for the regularization of features and thus avoids overfitting on smaller data-
sets [79]. As the XGBoost classifier has many non-trivial hyperparameters, Bayes-
ian Search CV is used to allow a less computationally expensive grid search [80]. 
To constrain the architecture of the trees, the max. depth (3–5), and the minimum 
weight of a child (0.5–1) are optimized. Further measures against overfitting are the 
percentage of rows (0.5–1), and columns (0.5–1) used to build each tree, as well as 
the regularization parameters gamma (0/1) and lambda (1/2). The number of estima-
tors (50–1000) is also investigated with the learning rate for each step (0.01–0.5). 
AdaBoost classifiers leverage the advantages of ensemble learning by combining a 
variety of weak learners to achieve better predictions [81]. The number of estima-
tors (3–2000) used stands in a trade-off to the learning rate (0.001–2) — the weight 
given to each estimator — because of which these are optimized together. We imple-
ment our models in Python using the Scikit-learn and xgboost libraries. The non-
sequential models can be trained on a standard laptop, and training times partially 
depend on the number of features. Including grid search, LR and SVMs usually need 
mere seconds while the AdaBoost model, on average, takes several minutes. Train-
ing times are the longest for the XGBoost models, where iterating through the entire 
hyperparameter space often takes longer than for the AdaBoost model, despite the 
use of Bayesian Search CV. Including the large number of TF-IDF features implies 
the longest training times at one or two hours each for the Ensemble models.

5.2  Recurrent Neural Network

Related work in this field demonstrates the inferior performance of word embed-
dings when element-wise averaged and used as inputs for models from the previous 
section [25]. Due to the relatively long input sequences in the second session (on 
average 370 words respectively 392 with evaluation texts), we assume that a care-
fully designed recurrent neural network can better leverage the potential of word 
embeddings than averaged word vectors and thus possibly achieve better results on 
our two classification tasks. To avoid enlarging the input sequence length further, we 
do not include text generated in the first session.

A naïve bidirectional LSTM-based [82, 83] model architecture, which consists 
of one input containing all text inputs of a given participant, barely achieves base-
line performance on our validation set. This may be grounded in challenges arising 
from these long input sequences. Therefore, we decide to design a more sophisti-
cated, task-specific model (Fig. 1) for our problem. The core model has four differ-
ent blocks which aim to encode the participants’ texts with respect to one of the four 
categories used in the second session — problem solving, reflection, stress analysis, 
and behavioral planning — and thus naturally reduces the input sequences’ lengths. 
Each block consists of an input layer, an embedding layer (i.e., our pre-trained word 
embedding matrix), and two bidirectional LSTM layers. All outputs from the last 
bidirectional LSTM layers are concatenated and passed to a fully-connected neural 
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network with dropout. Adding a further bidirectional LSTM layer after concatena-
tion does not improve performance on our validation set. We consider the embed-
ding dimension (FastText: 10, 25, 50, 100; Word2Vec: 25, 50, 100, 300), input 
sequence length (30, 50, 100, 200 words), number of units per LSTM layer (first 
layer: 0, 16, 32; second layer: 16, 32), number of neurons per dense layer (16, 32), 
and the dropout rates (0.1, 0.2) as hyperparameters which are optimized during 
training. If further text inputs are considered (i.e., evaluation texts), we extend our 
core model by two blocks processing the two different evaluation categories (i.e., 
feedback about liked contents and suggested improvements). If numerical inputs 
are considered (i.e., demographical data, numerical evaluation data, or extracted 
numbers from text), we extend our core model by another input layer which is nor-
malized and directly passed to the concatenation layer. We try to account for the 
imbalanced class distribution by using a weighted binary cross-entropy loss func-
tion. The class weights are considered hyperparameters which are optimized dur-
ing training. The Adam optimizer is used to train this network architecture where 
the learning rate (0.01, 0.001, 0.0005) yields the final hyperparameter. To tune all 
hyperparameters, we use 20% of the training data as a validation set and re-train our 
tuned models on the entire training set for 25 epochs with early stopping. Since the 
performance does not increase when fine-tuning the embedding layers, we freeze 
the embedding weights and only train the remaining weights of the network. The 
network is implemented in TensorFlow, and the hyperparameter tuning is executed 
on an Nvidia Tesla P100, which takes approximately six hours for each of the four 
different data inputs.

5.3  BERT

To represent the more complex recent transformer model architectures, we inves-
tigate the prominent “bidirectional encoder representations from transformers” 
(BERT) model [29] to predict dropout and intervention failure. In contrast to the 
previous approaches of separating the steps of text representation and training clas-
sification models, the BERT model combines these tasks. While training BERT 
from scratch requires a substantial amount of data, BERT models pre-trained on 
large datasets can be leveraged and are easily adaptable to new NLP tasks. On NLP 
benchmark tasks, pre-trained BERT models that are fine-tuned on custom datasets 
achieve better results than carefully crafted task-specific model architectures [19]. 

LSTM Word 
EmbeddingInput

Eval 2 Concate-
nate

Dense
Layer 1

Dense
Layer 2

Output
Layer

…

Non-text
data

Text 1 Layer 1 Layer 2Matrix

Text 4
… ……

Layer 1 Layer 2Matrix

Eval 1 Matrix Layer 1 Layer 2

Matrix Layer 1 Layer 2

Fig. 1  Task-specific LSTM-based model architecture
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Therefore, we also follow this approach to both maintain the sequential structure of 
the texts and to reduce the manual effort in designing an appropriate architecture.

We build our classification model based on the BERT model pre-trained on three 
large German datasets (“bert-base-german-cased” from Huggingface’s model repos-
itory) and fine-tune it on our dataset. To adapt this model to our two classification 
tasks, we slightly modify the model architecture: we use the 768-dimensional repre-
sentation vector produced by the BERT model and feed it into a new classification 
head consisting of two hidden layers and a sigmoid output layer. When considering 
additional numerical inputs (i.e., baseline, evaluation, or closed question variables), 
we concatenate the 768-dimensional vector with the supplementary variables. The 
design of the classification head is optimized during training where the number 
of neurons per hidden layer (16, 32, 64) and the dropout rate (0.1, 0.2) are con-
sidered hyperparameters. Despite BERT’s ability to handle input sequences up to 
512 words, we only consider shorter lengths (64 and 128 words) due to the required 
computational resources. To compensate for the class imbalances, we make use of 
a weighted binary cross-entropy loss function and treat the class weights as addi-
tional hyperparameters. The aforementioned hyperparameters and the learning rate 
( 5 ⋅ 10−4 , 10−5 , 5 ⋅ 10−5 , 10−6 ) of the Adam optimizer are optimized during training 
using a validation set of 20% of the training data. The final model is trained on the 
entire training data for 20 epochs with early stopping.

6  Results

We evaluate our final models on the test set of 170 (dropout) and 163 (intervention 
failure) participants. Although our test set is large when compared to most related 
work, this size still implies the risk of unrepresentative results. Since the area under 
the receiver operating characteristics (AUC) accounts for class imbalance [84] and 
thus eases the comparison of results of the two classification tasks, we choose this 
evaluation metric [85]. The two result tables for intervention failure (Table 2) and 
intervention dropout (Table 3) summarize the AUC scores on our test set, where col-
umns represent different text representation methods and rows define supplementary 
non-text features. The benchmark model (BM) column provides a reference score 
trained exclusively on the corresponding numerical features. To identify the most 
predictive features, we calculate SHAP values [86] or use included feature impor-
tance measures for the non-sequential models.

6.1  Intervention Failure

Exclusively considering text variables, sentiment analysis (AUC of 0.65) out-
performs the other text representation techniques on our test set. Other methods, 
such as Word2Vec combined with our LSTM architecture and advanced metadata 
with an LR model, achieve solid results (0.61 resp. 0.59) as well. While averaged 
word vectors combined with boosting classifiers perform very poorly (0.50–0.52), 
leveraging the sequential nature of the texts by using deep learning architectures 
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yields benefits (AUC 0.55–0.61). Thus, also performing equally or better than 
TF-IDF features with an AdaBoost model (0.55).

Our benchmark model (BM) trained on the numerical baseline data achieves 
an AUC score of 0.69 and, hence, is not outperformed by the vast majority of 
text representation techniques. This is most likely due to the initial PSS sub-
scores included in the baseline data, which are expected to be important vari-
ables in predicting intervention failure [16]. While the additional baseline vari-
ables increase the performance of all text representation methods (compared to 
text-only models), only advanced meta-data and sentiment analysis (both com-
bined with LR) achieve better AUC scores (0.71 and 0.72) than our baseline 
benchmark. In both cases, age is the most important feature, followed by the 
baseline PSS subscores and income category. While PSS subscores are among 
the five most important variables of our benchmark model as well, age and 
income are not, which possibly indicates a moderating function for text features. 
The deep learning approaches are the only approaches that do not benefit from 
adding baseline data and perform worse than the averaged word vectors com-
bined with LR. Similar to baseline data, additional evaluation data (both textual 
and numerical) enhances the performance of nearly all representations. Besides 
the winning task-specific Word2Vec LSTM architecture (0.68), advanced meta-
data, sentiment analysis, and LDA (all using LR) achieve better results than the 
evaluation data benchmark by itself (0.62). TF-IDF, averaged word vector, and 
the remaining deep learning approaches cannot attain the benchmark scores, sug-
gesting that more variables can have a harmful effect on the information-to-noise 
ratio. Closed-question data adds little value and, in some cases, even decreases 
the model performance when compared to text-only results. Only the task-spe-
cific FastText LSTM model leverages this additional information and achieves 
an AUC result of 0.62. While this clearly outperforms the benchmark (0.53) as 
well as the averaged word vectors on this task, various other approaches on dif-
ferent data inputs achieve better results.

To predict intervention failure, baseline data containing initial PSS sub-
scores clearly benefits the models’ performances. On our test set, sentiment 
analysis and advanced meta-data approaches yield solid results which perform 
better than benchmark models and other approaches considered. On average, 
advanced metadata (0.63) performs slightly better than simple metadata (0.60), 
offering evidence that the nature of the exercise done matters for the inter-
vention outcome. Analyzing the model coefficients of our advanced metadata 
reveals that the largest coefficients are assigned to the text length of tasks 
concerning problem reflection, behavioral planning, and motivation. Since 
this model aims to predict rather than to explain, further research is necessary 
to investigate the causality. Among the two best-performing non-sequential 
approaches, LR and SVM are most frequently chosen (6 out of 8). BERT, TF-
IDF (primarily used with boosting classifiers), and averaged word embeddings 
often perform below our benchmark. Although we demonstrate, on our test 
data, that word embeddings combined with our task-specific architecture often 
outperform the averaged word vector approaches, the deep learning models fail 
to achieve benchmark scores in many cases.
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6.2  Dropout

Despite the theoretically assumed interrelation between dropout and interven-
tion failure [11, 12, 87], well-performing text representation approaches and ML 
models differ significantly on our dataset. While TF-IDF and the deep learning 
approaches perform poorly in many settings when predicting intervention failure, 
these approaches, as well as the simple meta-data approach, dominate the results for 
dropout prediction. On pure text data, simple meta-data combined with a non-lin-
ear kernel SVM classifier yield the best AUC score (0.65), closely followed by TF-
IDF combined with XGBoost (0.63) as well as the Word2Vec (0.64) and FastText 
(0.63) task-specific LSTM models. Word embeddings combined with our LSTM 
architecture increase performance in comparison to averaged word embeddings and 
an SVM classifier (0.53 and 0.61). Previously well-performing approaches such as 
advanced meta-data and sentiment analysis score mediocre results (0.54 resp. 0.56) 
on the task of dropout prediction. Akin to the intervention failure prediction, model 
performances’ generally benefit from additional baseline and evaluation variables. 
Yet, for dropout prediction, evaluation data has a stronger impact, supporting the 
hypothesis that a participant’s opinion on the intervention is a good predictor for 
discontinuation. The task-specific LSTM-based approach on the Word2Vec embed-
dings scores the best results (0.70) when using additional baseline variables, and 
other deep learning approaches also perform well (0.65) in this setting. TF-IDF 
features used with LR likewise achieve an AUC score (0.64) well above the bench-
mark (0.60) on this task. Simple meta-data combined with LR (0.69) and our fine-
tuned BERT model (0.67) yield the best results when harnessing supplementary 
evaluation data. SHAP values, calculated for the evaluation benchmark and simple 
meta-data model, suggest that the number of useless entries, the session’s perceived 
usefulness, and time adequacy are the most important features in this setting. Our 
FastText approach slightly surpasses the benchmark of 0.65 on the evaluation data. 
Using additional closed-question data mostly enhances the performance. BERT 
(0.67), FastText (0.66), Word2Vec (0.64), and SVM trained on TF-IDF features 
(0.65) clearly outperform the benchmark model (0.58). Averaged FastText (0.63) 
features combined with SVM achieve solid results, however, they cannot reach the 
results of our LSTM architecture.

In most cases adding non-text data increases the model performance, most evi-
dently in the case of evaluation data. The most basic approach considered (simple 
meta-data) outperforms all other approaches when working on pure text data as well 
as in combination with evaluation data. Thus, a participant’s’ attitude in combination 
with how much they write is an easily attainable and well-performing prediction set-
up. Among the non-neural approaches, at nine times, SVMs with the non-linear ker-
nel are the most commonly chosen classifiers, with an additional two wins for linear 
SVMs. At six or seven each, LR, AdaBoost, and XGBoost do not differ much in how 
often they were chosen. The more sophisticated approaches (TF-IDF, word embed-
dings in combination with task-specific LSTM architectures, and BERT) constantly 
achieve good results, and on average yield the best AUC scores on our test set. We 
notice a pattern in the embedding dimension and input sequence length hyperpa-
rameters: the most prominent embedding dimension among Word2Vec models is 
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25 with a maximum input sequence length of 100, whereas FastText models prefer 
shorter sequences of 50 words and embedding dimensions of 10 or 25. These find-
ings also hold when predicting intervention failure, thus indicating the need to treat 
these numbers as hyperparameters instead of choosing default values. Furthermore, 
most models do not benefit from the second (optional) LSTM layer, which points 
towards an overwhelming model complexity considering our dataset size.

7  Discussion of Clinical Usefulness

As discussed by several authors such as Olczak et al. [85], Cabitza and Campagner 
[88], and Scott, Cater and Coiera [89], prediction performance metrics are only one 
subdimension when evaluating ML models in health care settings. Therefore, we use 
the ten questions proposed by Scott, Cater and Coiera [89] to summarize and evalu-
ate the prospective clinical value of the proposed winning models.

 (1) What is the purpose and context of the algorithm? The pain points the respec-
tive algorithms address are (1) high dropout rates and (2) low response rates 
in DMHIs in light of limited resources. The proposed models provide insights 
into who will likely drop out or not benefit after two out of eight sessions. As 
such, these predictions serve to adapt individual treatment plans (e.g., through 
additional guidance, sessions, or reminders) only if and where necessary.

 (2) How good were the data used to train the algorithm? We use the five catego-
ries (i.e., completeness, correctness, concordance, plausibility, and currency) 
to assess data quality for clinical research proposed by the review of Weiskopf 
and Weng [90]. Regarding completeness, the data consists of all information 
else provided to the interventions’ e-coach for decision-making. Furthermore, it 
spans a large variety of what previous work found relevant for intervention drop-
out and outcome. While additional outside information, such as previous health 
records or expert assessments, could possibly improve the predictions, the effort 
necessary to collect them requires extensive steps, deteriorating the cost-value 
ratio. Since the data stems from RCTs, research staff monitored the complete-
ness of entries and missing data was very low, as seen in supplementary material 
1. As for correctness, all non-text dimensions were manually investigated by the 
two first authors to find mistakes, and data quality was found to be high. The fact 
that spelling-mistake correction did not increase cross-validation scores indi-
cates a good quality of the text data. Concordance of the data was, for example, 
internally validated by cross-checking modules completed with the submitted 
answers, running pivot tables for related variables (e.g., current employment 
status and leadership responsibility), and ensuring the correct time sequence of 
the entries. To check for plausibility, every feature’s range and distribution were 
manually checked by two authors. Questions and findings, including averages 
and ranges, were discussed with the third author, who was involved in the data 
collection to check for plausibility, and no issues remained open. The currency 
of the data is high as the nature of the online setup allows the instant use of the 
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data as soon as the patient submits their answers. As such, a deployed model 
could inform clinical decisions immediately.

 (3) Were there sufficient data to train the algorithm? The data set at hand is com-
paratively small for Data Science applications in general, thus presenting one 
of the major limitations of this study. Especially deep neural networks usually 
require large amounts of data to perform well. At the same time, this is a pre-
requisite that is rarely met in E-Mental Health research [52], and with almost 
850 participants, the data set is large for DMHI standards. As seen in the related 
work section, only one other paper considering intervention data exceeds the 
dataset size presented in this work. A literature review found a dataset size 
of 100 to be minimally adequate for outcome predictions in DMHIs [91], but 
only 44% of the 56 studies investigated complied with this criterium. Further, 
they found that only 29% used a hold-out test set or adequate cross-validation 
method. At a test set size of 163/170 that was not used for training at any point, 
the results at hand can be considered among the more generalizable of the works 
currently available [91]. To address the small dataset size, we extend the pre-
training corpus with texts generated by control group users and train the word 
embeddings at the sentence level. Further, our use of a pre-trained BERT model 
comes with the significant advantage that - as researchers from a field struggling 
with data collection - we can leverage large unrelated but available data sets 
[19]. The results for the deep learning models are stable and good within and 
across different settings. This suggests an at least minimally adequate data set 
size for them to compete with classical machine learning models.

 (4) How well does the algorithm perform? With almost all average AUC scores well 
above 0.5, it can be concluded that the considered features have predictive power 
regarding intervention outcome and dropout. With the best scores reaching an 
AUC of 0.70 (dropout) and 0.72 (intervention outcome) after just two weeks, 
results are competitive with related work. For example, Bremer et al., [18] 
achieved an AUC of 0.6 when using the user journey data (e.g., time spent) of 
their first two out of seven sessions to predict dropout. The best prediction mod-
els proposed by us achieve a balanced accuracy of 0.66 and 0.67. Forsell et al. 
[16] did not reach similar balanced accuracy scores predicting outcome with 
only symptom data until week 3 or 4. The comparison to other related works is 
limited due to differences in baselines and time horizons. The performance in 
the sense of clinical usefulness will be discussed in question 8.

 (5) Is the algorithm transferable to new clinical settings? The specific models with 
their respective (hyper)parameters and, in the case of the NNs, task-specific 
architecture, can likely not be deployed on a different intervention. However, 
the proposed process to train the two best-performing models can be repli-
cated on any dataset including intervention text and socio-demographic data. 
As can be seen in the related work section, these are very common data types 
to be collected in a standard DMHI setting. The text pre-processing steps are 
generalizable for any German text and would only have to be slightly adapted 
for English text (i.e., different handling of capital cases). Transferring models 
from one language to another in the clinical context has been shown to be pos-
sible in other tasks, especially for languages from the same family [92]. The 
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fact that pre-trained neural networks for English text are more in number and 
more specific in problem-fit [93, 94] indicates that the prediction results of the 
neural networks could even improve for the English language. Once text features 
are produced, they can easily serve a variety of outcome measures. The related 
work section shows several options, ranging from 24 h symptom prediction to 
6-month follow-ups. Other options could be to use it to personalize content or 
adapt the time of intervention.

 (6) Are the outputs of the algorithm clinically intelligible? Considering the transpar-
ency of the decision process, neural networks’ black-box nature is one of their 
major drawbacks. For the non-sequential models, SHAP values and built-in 
feature importance measures give first insights into the decision-making process. 
These efforts can easily be extended per the suggestions made by Yang [95] 
but are left for future research as interpretability is not the focus of this paper. 
However, the actual outputs of both models are binary and easily understandable 
as they represent dropout vs. completers and intervention successes vs. failures 
per the above-given definitions.

 (7) How will this algorithm fit into and complement current workflows? As of now, 
e-coaches receive general guidelines on how much time to spend with their 
allocated participants. Within a given RCT, these suggestions did not differ 
across participants. Once implemented, the models’ predictions could prompt 
individual suggestions. For example, a stop-light system could indicate green 
(no risk), yellow (moderate risk), or red (high risk of dropout) [19]. With this 
information, therapists or e-coaches can decide or be instructed as to which 
participant is most in need of their time. Pedersen et al. [19] report this approach 
to have been positively received by therapists in their study. Such risk profiles 
could also prompt automatic reminders, personalized feedback loops to identify 
the problem, or additional content (e.g., a module regarding motivation or goal 
setting).

 (8) Has use of the algorithm been shown to improve patient care and outcomes? 
The next step to evaluating the practical value of the proposed model is the 
implementation within a live intervention. However, this exceeds the limits of 
this paper. At the same time, studies such as Forsell et al. [16] and Pedersen et al. 
[19] have empirically proven the superiority of adaptive care for both dropout 
and outcome predictions. In the baseline, the limited resources are currently 
being distributed at random. Empirical evidence shows that many patients ben-
efit from unguided interventions [13] and Forsell et al. [16] show that at-risk 
patients — while significantly benefiting — even with enhanced care, barely 
reach the same health outcomes as not at-risk counterparts.

  The best model predicting outcome recognizes 93% of intervention failures 
(recall) while avoiding overspending on 41% of the most likely completers 
(specificity). The same calculations for the slightly less balanced dropout pre-
dictions lead to 55% correctly identified dropouts while avoiding overspending 
on 80% of completers. These metrics can be off-traded through the threshold 
deciding between a dropout or failure, as exemplarily shown in Fig. 2. The 
histograms show the intervention failure probability as predicted by the win-
ning model for each group – intervention failures and successes. As expected, 
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successes have a higher probability of being recognized as such (right side), 
failures are more prevalent in the low probabilities (left side), and there is a bulk 
of hard-to-identify participants in the middle. Changing the threshold from T1 
(highest balance accuracy) to T2 decreases the recall to 53%; however, it avoids 
overspending on 75% of successes. Consequently, not much more than one-third 
of all participants receive enhanced care, lowering costs significantly while still 
addressing those most likely participants to benefit from support. The threshold 
can be adapted to fit the available resources and can even inform the number of 
participants accepted in the intervention. Considering the preventive nature of 
the stress intervention at hand, one application of the model could be to make 
the intervention available without guidance to reach as many participants as 
possible and only offer the available guidance to those who most need it. In 
the T2 scenario in Fig. 2, this increases the number of participants reached by 
threefold.

 (9) Could the algorithm cause patient harm? The purpose is to optimize resource 
allocation while maintaining or improving the level of care over the entire popu-
lation of participants. If it were used to reduce the average care level, it could 
harm those incorrectly classified as completers or successes through decreased 
levels of care. Such as prospect is especially worrisome when working with a 
population with severe symptoms. Depending on the importance of avoiding 
such false negatives, the recall can be increased at higher costs of resources. 
It, thus, must always be closely considered how to implement such a decision-
support tool in which setting. At the same time, considering that right now, very 
limited resources are available, and many sick people are not being helped at all, 

Fig. 2  Histogram failure prediction output
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increasing the total number of participants treated is a factor to weigh in with 
individual effects.

 (10) Does use of the algorithm raise ethical, legal or social concerns? Albeit the 
focus of early research being on establishing the overall feasibility, bias in the 
data must be considered early on. With primarily female participants that hold 
a university degree, the data at hand is — while typical for mental health inter-
ventions — not representative of the general population. Implementing such a 
model in routine care could disadvantage those groups with the already most 
extensive unmet needs and must be adjusted to ensure the best possible care 
for all [96]. In addition, ethical and legal aspects of an automated decision to 
change the level of care must be closely considered, especially in cases where 
the reason for the prediction is not transparent [95].

8  Conclusion

NLP methods can help make countless individual predictions based on text that 
would require impossible amounts of human resources to be analyzed. While the 
use of sophisticated NLP methods on non-clinical texts is continuously advancing in 
Mental Health diagnostics [30, 31, 35, 50], applications of NLP on E-mental health 
intervention text have been few and predominantly limited to simple models. In this 
case study, we train several ML models, considering various text representation 
methods and additional data inputs, to predict intervention failure and intervention 
dropout. For this, we use a dataset of 849 German-speaking participants of a stress 
intervention. By thoroughly evaluating combinations of the above-mentioned factors 
on our dataset, we contribute to the design choice of prediction models for interven-
tion dropout and intervention outcome.

First, we demonstrate that harnessing the sequential nature of text by train-
ing deep learning models in combination with word embeddings outperforms the 
much simpler approach of using averaged word vectors on our test set. Thus, we 
complement existing research [25, 27] by proposing a task-specific LSTM archi-
tecture using word embeddings which successfully deals with the long input 
sequences and yields good results (average AUC score of 0.65) in dropout pre-
diction. We further demonstrate the need to treat the embedding dimension as a 
hyperparameter rather than using the default values. Second, considering supple-
mentary baseline data when predicting intervention outcome and evaluation data 
when predicting dropout yields the best-performing models. Thus, our findings 
support that the participants’ background and attitude towards the intervention 
hold additional information in combination with text data. Third, we underline 
the solid performance of easy-to-implement approaches to predict dropout (sim-
ple meta-data and TF-IDF) and intervention outcome (advanced meta-data and 
sentiment analysis). By providing the insights from our case study, we seek to 
facilitate the development of ML-based tools which augment e-coaches’ work 
in extracting valuable information from the participants’ intervention texts 
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— hence, easing the task of identifying participants in need of human attention. 
With these predictions, necessary steps towards a more successful intervention in 
light of limited resources to face growing needs can be initiated.

Considering the still relatively small data set size and high specificity of our inter-
vention set-up, this research is only a step towards better understanding, predicting, 
and ultimately influencing participants’ behavior in DMHIs. Data sets such as this 
one can be considered the most promising approach to gathering knowledge in this 
research area. Yet, learning on few data points might not champion the same text 
representation methods and models, and more research is necessary to determine 
the generalizability of our findings. While we prove the potential of neural networks 
in this setting, they require large datasets, long training times, and have a black-box 
nature. However, the investigation of such complex methods is necessary to ensure 
the best possible results — especially considering the astonishing results deep learn-
ing models achieve on other NLP tasks. To truly understand human language, words 
must be considered beyond their lexical meaning, and the specific context needs to 
be understood — a task simple methods will never solve. One further way to address 
the problem of small datasets could be to use data augmentation methods as com-
monly used in computer vision, and more recently proposed for NLP tasks [97]. We 
suggest that employing attention-based [98] deep learning architectures can further 
enhance the model performance in prediction tasks such as ours. While designing 
task-specific network architectures like ours may be a complex and tedious task, 
large pre-trained text classification models can eliminate this work. To determine 
whether further research in applying pre-trained transformer models in this domain 
is auspicious, we examine the most prominent transformer model BERT and observe 
promising results in dropout prediction. Thus, we suggest investigating more sophis-
ticated pre-trained transformer models (e.g., RoBERTa [99] or XLNet [100]) in such 
settings. In addition to an optimized pre-training strategy, XLNet tends to process 
long sentences better than BERT, which could be advantageous in cases like ours 
and further improve the model performance. Besides the particular transformer 
model, the text corpora used for pre-training, as well as the approaches to integrating 
the important non-text features into the model architecture, should be investigated in 
more detail (e.g., [101]). Furthermore, multi-task models (e.g., predicting interven-
tion failure and dropout at the same time), which are frequently employed in other 
NLP tasks (e.g., [102]), can potentially improve results on both tasks. For the time 
being, simple feature representations such as metadata and classical statistical mod-
els should be considered an easy-to-implement yet competitive option for predicting 
intervention failure and dropout. In that regard, further research must be conducted 
to investigate how to improve these predictions, for example, more automized ways 
of finding the most important TF-IDF features [103].
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Introduction: Personalization is a much-discussed approach to improve
adherence and outcomes for Digital Mental Health interventions (DMHIs). Yet,
major questions remain open, such as (1) what personalization is, (2) how
prevalent it is in practice, and (3) what benefits it truly has.
Methods: We address this gap by performing a systematic literature review
identifying all empirical studies on DMHIs targeting depressive symptoms in
adults from 2015 to September 2022. The search in Pubmed, SCOPUS and
Psycinfo led to the inclusion of 138 articles, describing 94 distinct DMHIs
provided to an overall sample of approximately 24,300 individuals.
Results: Our investigation results in the conceptualization of personalization as
purposefully designed variation between individuals in an intervention’s
therapeutic elements or its structure. We propose to further differentiate
personalization by what is personalized (i.e., intervention content, content order,
level of guidance or communication) and the underlying mechanism [i.e., user
choice, provider choice, decision rules, and machine-learning (ML) based
approaches]. Applying this concept, we identified personalization in 66% of the
interventions for depressive symptoms, with personalized intervention content
(32% of interventions) and communication with the user (30%) being particularly
popular. Personalization via decision rules (48%) and user choice (36%) were the
most used mechanisms, while the utilization of ML was rare (3%). Two-thirds of
personalized interventions only tailored one dimension of the intervention.
Discussion: We conclude that future interventions could provide even more
personalized experiences and especially benefit from using ML models. Finally,
empirical evidence for personalization was scarce and inconclusive, making
further evidence for the benefits of personalization highly needed.
Systematic Review Registration: Identifier: CRD42022357408.

KEYWORDS

depression, digital mental health, personalization, precision care, iCBT, machine learning

1. Introduction

At an estimated lifetime prevalence of more than 10% (1, 2), major depressive disorder
(MDD) is the second leading cause of years lived in disability (3). While this makes efficient
treatments urgently needed, traditional approaches such as face-to-face psychotherapy are
difficult to access for a significant part of patients (4–6). However, providing treatment
through digital channels such as mobile applications and online formats (7) is effective in
reducing depressive symptoms (8, 9) in a cost-effective way (10). Since most of the world
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population has access to the internet (11) and/or a smartphone
(12), digital mental health interventions (DMHIs) bypass barriers
to traditional treatment.

Despite their potential, DMHIs inherit some of the general
problems in depression treatment: Estimates for treatment
dropout, as observed in RCTs, are up to 50% when considering
publication bias (13). Moreover, response rates are unsatisfactory
at less than 50% (14). Therefore, improving outcomes and
reducing dropouts in DMHIs are expected to be highly impactful
in facing the burden of depression.

Luckily, DMHIs’ unique delivery channel provides new
opportunities to improve the treatment of those suffering from
depressive symptoms. Specifically, digital applications can
efficiently be individualized to improve users’ experience and
outcomes, as observable across many other domains, ranging
from e-commerce (15) over e-learning (16) towards social media
(17). Simultaneously, the importance of accommodating patients’
preferences for treatment outcomes in mental healthcare has
been well established (18). Hence, the personalization of
interventions to adapt treatment to individual needs is a
promising approach to improving care, for depressive symptoms
and beyond (19–22).

In line with that idea, a meta-analysis from 2013 showed that
algorithm-based tailoring of DMHIs is associated with better
outcomes (23). A review from 2022 found that none of the 26
reviewed apps for depression used just-in-time (JIT) adaptations,
a mechanism for personalizing the timing of content delivery
based on the individual or the situation (24). Another current
systematic review investigated tailored interventions for
workplace mental health (25), finding benefits on several
outcomes when content or feedback was tailored towards the
individual. Finally, a component network analysis examined the
benefits of common internet-based cognitive behavioral therapy
(iCBT) packages for depression, discovering small interactions
between treatment components and patient characteristics (26).

While these publications are unified in their call for more
personalization in DMHIs, they do not add up to a satisfactory
empirical and theoretical ground for it. Firstly, the fragmented
use of vocabulary fails to demarcate personalization from other
distinct phenomena related to variability in DMHIs. For
example, the term “tailoring” is used across various scopes and
foci (23, 25, 27), while similar mechanisms are elsewhere called
“individualized” (28) or “personalized” (26, 29). This diversity in
vocabulary is shared with non-digital settings, as for traditional
psychotherapy, 15 different terms for the same phenomena of
varying treatment between individuals were reported (30).
Secondly, in contrast to the breadth of used vocabulary, the focus
of mechanisms within studies seems to be relatively narrow,
focusing on specific mechanisms (23, 24) or areas (25, 28) of
personalization. This potentially leads to an underestimation of
variability already in place. Finally, while two of the mentioned
reviews investigated the benefits of personalization through direct
comparisons, they did so without a specific focus on depression
and, related to the aforementioned narrow conceptualizations of
personalization, with few studies being included. In conclusion,
the concept, prevalence, and efficacy of personalization in

DMHIs for depressive symptoms are not adequately delineated.
Therefore, a disorder-specific review developing a conceptual
framework for personalization and reviewing a wide span of
interventions seems needed.

This systematic review aims to reduce the gap between the
potential of personalization and its actual implementation by
performing a comprehensive review of DMHIs for depressive
symptoms with the following purposes:

1. Extract a conceptual framework that allows a clear and
meaningful way of investigating, discussing, and classifying
personalization.

2. Apply this framework to the available literature and report
current use and mechanisms.

3. Evaluate the available evidence by identifying studies that
directly compare interventions with different degrees of
personalization.

2. Methods

This review was planned and reported following the Preferred
Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA) guidelines (31). The protocol of this review was
registered in the International Prospective Register of Systematic
Reviews of the National Institute for Health Research
(PROSPERO) under the ID CRD42022357408. The protocol was
updated once after initial piloting to improve the alignment of
the inclusion criteria and data extraction method with the scope
of the review. Specifically, a new classification dimension for
personalization was added that occurred in the literature and did
not fit the pre-defined schema and the exclusion of e.g., prenatal
depression was added to improve the comparability between
included interventions. The final version of the protocol can be
found in the Supplementary Appendix S1.

2.1. Search strategy

In the first step, a search was performed in three major
databases (SCOPUS, PubMed, PsycInfo) to identify all published
studies on DMHIs for depressive symptoms. The full search
strings can be found in Supplementary Appendix S2.
Additionally, three related reviews (13, 14, 32) were screened,
and studies not yet included were added. Finally, papers brought
to the author’s awareness by being discussed in our included
articles, not included yet but fulfilling our selection criteria, were
added.

2.2. Selection criteria

We included empirical studies on DMHIs specifically targeting
depressive symptoms, determining the interventions target by
authors’ self-report. This covered both, patients with diagnosed
major depressive disorder (MDD), as well as with subclinical
levels of symptoms. To be considered a DMHI, interventions
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needed to be delivered through the internet and/or a smartphone.
We included only empirical, peer-reviewed, English studies and
conference articles with original data and patient cohort. To
ensure a focus on the most relevant interventions for current use,
we start our search from 2015 onwards.

To narrow down the focus of this review, studies on
interventions targeting comorbid disorders such as anxiety were
excluded. The same applied to those targeting a specific subtype
of depression (e.g., prenatal depression), a single sub-symptom
(e.g., rumination), or adolescent or elderly people (below 18
years or >64 years). Finally, those studies using digital
technologies exclusively as a means of communication, such as
one-on-one psychotherapy delivered via the web, were excluded
as well.

2.3. Selection procedure

One of the researchers (S.H.) performed an initial screening
based on the title and abstract of the studies identified through
the search strategy. A second researcher (K.Z.) conducted the

same procedure for a randomly chosen subset of 100 studies,
resulting in excellent interrater reliability (0.94). The full
description of the intervention was then read by both reviewers
for all remaining papers to determine the final selection, extract
interventions and code the variables of interest. Disagreements
on any aspect of this process were solved by discussion between
the reviewers until a consensus was reached. If full texts were
unavailable, they were requested from the corresponding author.
This occurred 12 times, with 8 of the articles made available on
request.

2.4. Development of the conceptual
framework

During the initial screening and before the update of the
PROSPERO registration, we developed the proposed framework
in an iterative process, considering usability, conceptual
literature, and the observed interventions. Specifically, we
discussed how we could classify personalization in a way that
allows us to not just cover all mechanisms in the literature but

FIGURE 1

PRISMA flowchart of study inclusion.
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also maximize usability by defining the dimensions as distinct as
possible. We did this as we needed a method to classify
personalization mechanisms during the systematic review and we
could not find a satisfactory framework in the literature yet.

We departed from a common dictionary definition defining
personalization as “the action of designing or producing
something that meets someone’s individual requirement” (33).
Based on that, we intended to classify personalization in DMHIs
in a broad enough way to cover the diversity of mechanisms
present in related reviews and studies. At the same time, we
intended to narrow down the concept to those mechanisms
affecting the therapeutic content and structure, setting it apart
from superficial sources of variability. Therefore, we excluded
interactivity (34), the sole replay of user input as part of the app
experience. For example, showing each patient their previously
set goal might be a powerful tool, but it does not change the
underlying therapeutic elements delivered. Additionally, we
factored out customization (35), minor aesthetic adaptation such
as users ability to change the color of an avatar. Finally, seeing
personalization as referring to the level of the individual patient,
we excluded group-based variability, such as cultural adaptation
of the entire intervention (36).

Numerous screened interventions used a structured session-
based approach to deliver their intervention—a common
approach among manualized mental health interventions (37).
Therefore, we identified (a) content (what is delivered during a
session) and (b) order (how sessions are ordered) as potential
areas of personalization. Since (c) guidance (level of human
contact) is a highly relevant and variable aspect of DMHIs (38)
we added it as another dimension. Finally, as we discovered
prompts and mechanisms targeting the timing of interventions
not being sufficiently represented in these three categories, we
appended (d) communication as another dimension.

While, as mentioned above, we intended to exclude
customization as minor user-choice-based adaptations of the
intervention, we did not exclude user choice per se from our

concept. This differs from the use in fields like marketing, where
anything done by the user is defined as customization, not
personalization (35). However, we saw the inclusion of actively
designed user choice being justified for the following reasons:
Firstly, user choice was a common mechanism described in the
included interventions. Secondly, those mechanisms seem easily
implementable and therefore highly relevant for practitioners
interested in personalizing their intervention. Finally, user agency
has been shown to be particularly relevant in mental healthcare
(18). We also identified provider choice as another mechanism for
guided and blended interventions. For data-driven personalization
mechanisms, we saw rule-based and ML as distinct mechanisms
applying static or learning criteria for personalization.

2.5. Data extraction

The framework developed above was applied to all identified
interventions, coding the presence of personalization for each of
the four (a–d) dimensions and classifying the underlying
mechanism. For this, interventions had to be extracted from the
included studies, and information from several studies on the
same intervention had to be merged. If more than one distinct
intervention was presented in a study, they were coded
separately. Intervention versions in different languages were not
coded separately if not reported to be clearly distinct in their
content. If more than one study was available, a single
observation of personalization resulted in a positive coding, but
conflicting information was noted. Additionally, cited material
such as older papers, weblinks, or appendices were consulted in
the refrained from additional free-hand research on the reported
interventions. In case information was indicative of
personalization but insufficient for our coding, we contacted the
corresponding author and asked for clarification. For this, we
provided a four-week response window, including one reminder.
Out of the seven authors contacted, six responded by providing

FIGURE 2

Personalization in comparison to the terms usage, customization, interactivity and group-based adaption.

Hornstein et al. 10.3389/fdgth.2023.1170002

Frontiers in Digital Health 04 frontiersin.org

https://doi.org/10.3389/fdgth.2023.1170002
https://www.frontiersin.org/journals/digital-health
https://www.frontiersin.org/


additional information. In the single case where authors did not
respond (39) we decided to code restrictively and assume the
simpler of the potential mechanisms involved (rule-based instead
of ML). Finally, for evaluating the evidence for personalization,
we included every study that directly compared intervention
versions that differed in their degree of personalization,
according to our framework. We extracted effect sizes, dependent
variables, and sample sizes for those.

3. Results

3.1. Study selection

Overall, we identified 3.143 potentially relevant publications
and screened the title and abstract. For 213 of those, the full
intervention description was reviewed, resulting in the final
inclusion of N = 138 papers describing k = 94 distinct DMHIs for
depressive symptoms (see Figure 1) (39–175).

3.2. Intervention and study characteristics

While mostly one study per intervention was included, for some
up to seven publications on distinct trials were present and kept for
further analysis. Across all studies, the reviewed interventions were
deployed to approximately 24.300 participants, with an average
sample size of 259 participants per intervention (range 1–2964).
75 of the interventions were used in a randomized controlled trial,
with the remaining evidence coming from feasibility studies,
naturalistic routine care data, and other study designs.

Most interventions had a duration between 6 and 12 weeks,
and around 40 of the interventions report a structured module-/
session-based design, delivering the content in pre-defined
blocks. Finally, 38 interventions were unguided (no human
contact within the intervention), 32 guided (including guidance
from clinician or coach), and 14 blended (combining face-to-face
and digital treatment), with the remaining 10 covering more than
one of those categories. An overview of all characteristics can be
found in Supplementary Appendix S3.

FIGURE 3

Dimensions of personalization.

FIGURE 4

Mechanisms of personalization.
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3.3. Conceptual framework

A conceptual framework of personalization in DMHIs was
synthesized from the reviewed DMHIs and theoretical
considerations. In summary, an understanding of personalization
as purposefully designed variation between individuals in an
intervention’s therapeutic elements or its structure emerged. As
such, personalization is differentiated from customization, usage,
interactivity, and group-based adaptations. Customization
describes minor adjustments, such as visual aspects, leaving the
actual therapeutic ingredients unchanged. Usage refers to possible
user-induced differences in app usage that were not actively or
purposefully designed. For example, variability in the time spent
on a module is usage, the offering of short and long versions of
a module qualifies as personalization. Interactivity, the mere
replay of user input as for example commonly used for goal-
setting exercises, as this leaves the actual therapeutic elements
and structure unchanged. Finally, as we understand
personalization as referring to the level of the individual, we see
it as being distinct from group-based variability, such as the
adaptation for a particular cultural context (see Figure 2).

Within our definition of personalization, four personalizable
intervention dimensions emerged, namely content, guidance
level, order, and communication, as summarized in Figure 3.
Content describes all variability in the delivered intervention
material, such as exercises, psychoeducative material or topics
presented. Order includes cases when patients receive the same
content but in different order. Guidance refers to the extent of
therapeutic support offered. Communication concerns the
channel, timing, and content of actively offered information
outside of the intervention’s content. This primarily includes
prompts or reminder messages. Mechanisms regarding the
frequency and timing of the intervention, such as JIT
mechanisms, also fall under communication.

Further, four different mechanisms beyond personalization
emerged: user choice, provider choice, rule-based and ML-based
personalization (see Figure 4). User choice covers intentionally
designed personalization based on the direct choice of the
participant. For provider choice, either the individual providing
guidance, or the clinician involved in a blended setting makes
the personalization decision. Among automated personalization
mechanisms, rule-based (if-then-decision rules) from Machine
Learning (decisions with “learned” decision criteria)
personalization mechanisms are gathered.

3.4. Results on personalization

Applying the proposed framework for classifying variability in
DMHIs, personalization was reported for 62 of the 94 interventions
(66%). Most prominently, personalization mechanisms were used
in the content for 30 of the interventions (32%). This was
followed by personalized communication (30%), type (25%), and
order (4%). 43 of the 62 (69%) interventions with a reported
personalization mechanism did so for only a single dimension,

while one DMHI reported a mechanism for all four subdomains
of their intervention (60–66).

Across the 107 reported personalization mechanisms, rule-
based was most prominent, being used in 51 cases (48%). User
choice was observed in 39 cases (36%), and providers were
involved in personalization 14 times (13%). The use of machine
learning was reported three times (3%). Rule-based
personalization was particularly prominent in the communication
domain, accounting for 21 occurrences. Similarly, human
guidance was personalized using decision rules 16 times. For
content, user choice had a more prominent role, being reported
15 times. The use of personalization is summarized in Figure 5,
with examples of the 3 most strategies being presented in
Table 1. The share of interventions applying at least one
personalization mechanism was the highest for guided
interventions (72%), followed by unguided (63%) and tailed by
blended (57%) interventions. Generally, the dimensions of
personalization were equally spread across guidance levels.
However, provider choice was nearly twice as common for
blended than for guided interventions.

3.5. Use of automated decisions for
personalization

Among the 55 automated mechanisms used, most were rule-
based mechanisms of personalization. Here, activity data was
heavily utilized, for example, for reminders in case of inactivity.
Another common pattern was the use of symptom scores like the
PHQ to step up care in the form of additional guidance (57) or
the change from guided to blended care (169). While those
approaches mostly used overall symptom severity, one exemption
was the personalization based on suicide risk as e.g., in the form
of additional prompts (146).

We identified three clear use cases of ML techniques for
personalization. Firstly, EmoRecorder (70) used an activity
recommendation system based on diverse data sources like app
activity, sensor data and past recommendations. However, the
intervention was at an early stage, being tested on a sample of
only 15 healthy individuals. Secondly, the intervention MOSS
(136) built on a JIT framework to assign intervention content
depending on users’ context and preferences. As such, it tested a
recommender system with a sample of 126 adults. A third
recommender system approach, so-called MUBS (137), applied a
combination of ML and user choice by providing the 17 patients
with a set of content recommendations.

3.6. Direct empirical comparison of more
and less personalized interventions

Among the 138 papers in the final review, we identified two
papers that included a direct comparison of a more and a less
personalized version of an intervention. One study had
participants fill out a questionnaire on motivational schemata
and either matched them with an intervention arm to fit their
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motivational preference or a general one (40). Results showed
effects for one of the two included motives (“being supported”)
on anticipated adherence, working alliance, and satisfaction;
however, the overall sample size of this trial was just 55
participants. Secondly, a study compared a program version
including JIT prompts with one without those prompts,
therefore, differing the personalization in the communication
domain between trial arms (93). While both versions showed
significant effects compared to the waitlist, no effects were
reported between the arms. Again, this should be interpreted
with caution, considering the sample size of around 60
individuals per group.

4. Discussion

In recent years, personalization has been widely discussed as a
promising avenue to improve DMHI adherence and outcomes.
Nevertheless, it remains unclear what it entails and how it is
used. In this review, we address this need for the case of

depressive symptoms, by defining personalization as purposefully
designed variation in intervention content, order, guidance, or
communication. As possible mechanisms to operationalize
personalization, we extract user choice, provider choice, decision
rules, and ML. Applying this framework to 94 interventions for
depressive symptoms reveals that two-thirds use at least one
technique for personalization. Especially rule-based
personalization of communication and guidance and user choice-
based personalization of content is common. However, among
interventions applying personalization, a majority does so just for
one out of four dimensions of the intervention. Also, the use of
ML models is scarce and limited to feasibility studies.
Additionally, just two of the included studies investigated the
benefits of personalization, both having small samples and just
one finding supporting evidence.

Arguably, the biggest contrast between the proposed potentials
in the personalization of DMHIs (19–22) and the existing literature
is the lack of implemented ML mechanisms. Several of the
implemented non-learning algorithms and decision rules were
well designed. Yet, literature on ML in DMHIs reveals ample
further promising and feasible use cases. Firstly, a notable body
of research provides encouraging results in outcome (176, 177)
and dropout (178, 179) predictions in DMHIs. Adapting the
interventions for assumed non-responders is a low-hanging fruit
and has already been successful for other disorders (180).
Secondly, a prominent algorithmic approach to personalization
in digital products is recommender systems (181–183). While all
included ML approaches were such recommender systems, they
were in early stages and deployed to very small sample sizes.
Finally, all included ML approaches focused on the content of
the intervention. However, ML also is a promising approach to
personalize guidance, communication and order.

TABLE 1 Most prominent personalization strategies.

Number of
interventions

Dimension Mechanism Description

21 Communication Rule-based e.g., Reminder for
inactivity/non-completion

16 Guidance Rule-based e.g., Increased guidance/
clinician contact for
symptom changes.

15 Context User choice e.g., Optional content
selectable for patient.

FIGURE 5

Personalization mechanisms per dimension of the intervention.
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Contrasting theory and observations in another dimension, the
data used for personalization just samples a fraction of the
technically possible. While app usage patterns are an obvious
data option, smartphones can also measure sleep patterns (184),
physical activity (185), social interactions (186), and many other
data points known to be relevant for depressive symptoms.
Readily available toolkits like Apple’s health kit (187) reduce the
effort for implementation significantly. However, particularly
passive sensing was rarely utilized in the reviewed interventions.
Notably, the potential of ML-based personalization is heavily
intertwined with the quality of the data available to them.
Beyond that, aspects such as ethical responsibility in health care
and privacy rights must be strongly considered, especially when
investigating automated decisions (188).

Several interventions used self-reported symptoms for the
personalization of the intervention. Noticeably, these mechanisms
mostly used overall symptom severity. This approach disregards
that symptom profiles can vary massively between patients with
the same overall score (189). Some evidence points toward
distinct symptom patterns being associated with different optimal
treatment procedures (190). Therefore, while overall severity
seems reasonable for varying guidance or communication, the
sub-symptoms might be a promising ground for personalizing
content and order.

The two included trials that manipulated personalization did so
with small sample sizes and inconclusive results. Subsequently, one
barrier to implementing personalization might be the lack of clear
evidence for its benefits. However, RCTs investigating
personalization are likely costly and require large sample sizes
when assuming smaller effect sizes than for waitlist-controlled
studies. Luckily, meta-analytic approaches allow summarizing
evidence across studies, even when personalization is rarely
directly manipulated. While we mentioned one such approach
investigating interactions between individuals and benefits of
iCBT packages (26), we consider similar approaches for other
personalization mechanisms as very promising. However the
identification and comparison of relevant studies in meta-
analyses requires shared vocabulary and a common framework.
We believe that such future work will benefit from the shared
conceptual framework proposed in this article.

There are some limitations of this review that should be
considered. Firstly, published studies are just one marker of what
interventions are in use. While several included interventions
originated in a commercial setting, those from academic settings
will likely still be overrepresented in this review. Secondly, we
focused on personalization within an intervention, excluding the
personalization of interventions themselves. For example, past
approaches investigated the data-driven personalization of
therapy school (191) or the decision between medication and
CBT (192). Thirdly, identifying interventions for depressive
symptoms while excluding those addressing comorbid disorders,
particularly anxiety, has proven challenging. One example is
when anxiety was mentioned as intervention target in a cited
study, but not in the original paper. While this seems
understandable in light of the well-established comorbidity of
depression and anxiety (193), this resulted in several edge cases

of inclusion. Fourthly, we took interactivity, customization, and
group-based adaptions out of the scope of this review due to
their difference in nature to personalization. This should not be
misunderstood as an assumed inferiority, and we call for the
further investigation of these approaches to complement or even
substitute personalization. Fifthly, we did not evaluate our
framework by any methods besides the literature review.
Approaches like expert interviews could help to determine and
improve the usability of the proposed conceptualization. Sixthly,
to provide a wide and less biased picture of the state of
personalization, a broad search strategy was used. However,
studies using more specific terminologies might be
underrepresented. For example, a study on ecological momentary
interventions (EMI) was not identified by our search strategy
(194) as EMI was not used as a search term. Also, as pointed out
by one of the reviewers, the mesh term “Telemedicine” was not
used. Future approaches could therefore benefit from the
application of additional techniques for iterating on the search
strategy, such as the wider use of sentinel articles. Finally, as we
developed our framework exclusively with studies on depressive
symptoms, it remains unclear whether there are more aspects to
consider with other disorders. However, we expect this
framework to provide value beyond the use case of depressive
symptoms and encourage future studies to investigate
personalization strategies in other domains.

In conclusion, our conceptual development and empirical
evaluation holistically characterizes the current use of
personalization for DMHIs for depressive symptoms. A broad
conceptualization of personalization reveals that most
interventions incorporate personalization mechanisms. However,
we conclude that we are barely scratching the surface of what is
technically possible and already gold standard in other research
and business areas. At the same time, we see the thin empirical
ground as a barrier to implementation and call for more direct
and meta-analytic evidence to delineate the benefits
personalization has over an “one size fits all”-approach. Finally,
as we see this question as equally pressing for other disorders, we
hope for similar-minded approaches for those in the future.
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