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ARTICLE INFO ABSTRACT

Keywords: With the impetus of Digital Mental Health Interventions (DMHIs), complex data can be leveraged to improve and

E-mental health personalize mental health care. However, most approaches rely on a very limited number of often costly features.

Dropout Computer mouse trajectories can be unobtrusively and cost-efficiently gathered and seamlessly integrated into

Machine learning . - . . .

Predicti current baseline processes. Empirical evidence suggests that mouse movements hold information on user
rediction . . . . P .

ICBT motivation and attention, both valuable aspects otherwise difficult to measure at scale. Further, mouse trajec-

tories can already be collected on pre-treatment questionnaires, making them a promising candidate for early
predictions informing treatment allocation. Therefore, this paper discusses how to collect and process mouse
trajectory data on questionnaires in DMHIs. Covering different complexity levels, we combine hand-crafted
features with non-sequential machine learning models, as well as spatiotemporal raw mouse data with state-
of-the-art sequential neural networks. The data processing pipeline for the latter includes task-specific 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 improve baseline predictions, the spatiotemporal models underperform.
However, considering our small data set size, we propose more research to investigate the potential value of this
novel and promising data type and provide the necessary steps and open-source code to do so.

1. Introduction allocation of more promising treatment instead of attempting to make a

possibly inferior one work (Giinther et al., 2023).

Digital Mental Health Interventions (DMHIs) are pivotal in expand-
ing much-needed psychological treatment (Andersson et al., 2019).
However, high dropout and moderate success rates suggest that this
treatment form may not be the optimal choice for all patients (Haller
et al., 2023; Lipschitz et al., 2023). Machine Learning (ML) approaches
are hoped to offer a possible remedy through individualizing care but
require patient-level information to do so (Sajjadian et al., 2021).

Although successful approaches to predicting treatment outcomes
have been reported (e.g., Bremer et al., 2020; Forsell et al., 2019;
Zantvoort et al., 2023), these rely on features extracted from already
ongoing treatments. The problem this presents is that, at this time, the
costs of treatment start have already occurred for providers and patients.
Identifying patients at risk before treatment starts would allow the
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Researchers have attempted to predict whether patients will finish
treatment based on pre-treatment features such as symptom scores,
socio-demographic variables, or personality scores with little success
(Bremer et al., 2020; Gonzalez Salas Duhne et al., 2022; Giinther et al.,
2023; Linardon et al., 2022; Zantvoort et al., 2024b). Further, meta-
analyses such as Vieira et al. (2022) and Sajjadian et al. (2021) report
a lack of robust evidence for consistently successful approaches to
outcome predictions based on pre-treatment questionnaire data only.
Other data types, such as medical imaging, genetic, or heart rate vari-
ability 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).

Self-reported measures from questionnaires are a central information
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source in psychological research. However, they suffer from human bias
in their design, selection, and answer patterns (Breakwell et al., 2020).
Further, increasing the number of items affects patients' time re-
quirements, while it often offers a limited marginal informational gain
due to high multicollinearity (Tomitaka and Furukawa, 2021). Standard
data collection methods for questionnaire data yield no information
about the user's decision process, such as indecisiveness, lack of un-
derstanding or attention manifesting in changes to an item (Bremer
et al., 2020). The potentially lengthy decision processes and times spent
on the page to answer the questions are missed when only recording the
final choice for each questionnaire item. While methods such as eye-
tracking have provided valuable insights into these decision processes
(Aimone et al., 2016), they are costly and difficult to scale to real-world
scenarios. However, computer mouse cursor movements are highly
correlated with gaze and can be unobtrusively and automatically gath-
ered, rendering them a low-cost and scalable alternative (Chen et al.,
2001).

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 sensorimotor control subsystems to progress
the hand toward the desired location. Previous research emphasized the
cerebral connections between motor control and emotions, motivation,
and decision-making (Yamauchi and Xiao, 2018). As a result, computer
mouse dynamics are influenced by factors such as the users' state of
confusion (Hucko et al., 2019), level of satisfaction or frustration
(Matthiesen and Holte, 2019; Tzafilkou and Protogeros, 2018), and
stress and anxiety (Yamauchi, 2013). Further, mouse trajectory data has
previously been leveraged as a proxy for attention and motivation (dos
Santos and Santana, 2022; Gledson et al., 2021; Leiva and Arapakis,
2020). Given this information value, mouse trajectories constitute a
promising candidate for data-driven predictions in DMHIs. However,
considering the complexity of spatiotemporal data, the question is
whether and in what form such information can be efficiently extracted
and leveraged in this clinical context.

This article, therefore, studies the use of mouse trajectory data in
DMHIs through the example of baseline online symptom questionnaires.
First, we investigate a simple approach that combines hand-crafted
features with traditional ML models. Second, we propose a task-
specific time-series pre-processing method and apply a state-of-the-art
Neural Network to leverage the spatiotemporal data. To illustrate the
process, we apply the proposed methodology on mouse movement data
from 183 patients filling out a pre-treatment depression symptom
questionnaire to predict treatment dropout. As such, this paper aims to
introduce for DMHIs novel data type and disseminates the mouse tracker
and modelling code necessary to leverage it.

2. Methods
2.1. Interventions and participants

The data for this study was gathered from a subgroup of two ongoing
studies on internet-based cognitive behavioural therapy (ICBT) at the
Karolinska Institutet in Stockholm, Sweden. The data was collected
between the beginning of March 2023 and March 2024, the latter of
which is when the treatment platform was taken out of service. All
participants gave informed consent to participate in the studies.

The first trial (SOPHIA) evaluates the clinical benefits of an ML-based
decision support 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 randomization process is further
described in the original study's pre-registration (Bjurner 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
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supportive counselling sessions with perinatal health staff. The
screening, randomization, and treatment processes are further detailed
in Appendix A.3. As pooling different interventions has been shown to
decrease overfitting and improve results (Zantvoort et al., 2024a), all
patients are considered as one data set.

2.2. Dropout definition

The number of modules completed is used to operationalize dropout
in this study as it has been found to be most relevant for symptom
outcomes (Gan et al., 2021). The goal is to identify patients at risk of
prematurely leaving the intervention before assumingly sufficiently
benefiting (Beintner et al., 2019). For the treatments in the SOPHIA trial,
seven modules have previously been identified as suitable dropout
threshold (Zantvoort et al., 2024a). As the DANA trial comprised
different content, target groups, and treatment design, the cutoff is set to
six modules.

2.3. Baseline data

In order to evaluate the additional information value of mouse tra-
jectory data, the prediction results of the mouse data are compared to a
minimal baseline approach. The baseline approach uses the depression
scores at screening and pre-intervention, age and gender, and target
disorder to predict dropout before treatment start (Cabitza and Cam-
pagner, 2021). Several papers attempting similar and even more
extended feature groups report no or very low predictive power (AUC =
0.50-0.58) (Bremer et al., 2020; Gonzalez Salas Duhne et al., 2022;
Glinther et al., 2023; Linardon et al., 2022).

2.4. Mouse data

The tracker to gather mouse trajectories on web applications does
not require additional hardware, does not affect the user experience, and
is publicly available in the tracker GitHub repository of this paper. It is
based on JavaScript and PHP and can be incorporated into any website
by inserting the initialization script. The tracker records a mouse cursor's
position on the page (x- and y-coordinates) 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 how fast, and 3) clicks as mouse-
up and mouse-down events (Fig. 1). Next to the page coordinates, the
client's screen coordinates are tracked in order to relate the mouse
movement to the interface and the users' screens, which is needed for
normalization.

As the care provider in this study routinely gathers the Mont-
gomery-Asberg Depression Rating Scale-Self Report (MADRS-S)
(Montgomery and Asberg, 1979; Svanborg and Asberg, 1994) across
interventions, all mouse dynamics were gathered on this questionnaire.
The MADRS-S questionnaire comprises nine questions regarding
depressive symptoms (0-6 scale) and, in the setting at hand, is spread
over three pages. The inactivity limit to stop tracking is based on the 95
%-percentile (1000 s) of 2500 patients previously filling out the ques-
tionnaire (Zantvoort et al., 2024a).

Mouse trajectories are a time-ordered series of x- and y-coordinates
such that the raw data holds the 1 information of a user's decision pro-
cess. We study two different computational representations of this
complex data: i) as aggregates in form of hand-crafted features, and ii) as
time series.

Hand-crafted Features: Firstly, raw mouse trajectories can be aggre-
gated into different hand-crafted features. Every feature is designed to
capture a certain aspect of the trajectory (e.g., length, speed, area), and
the entirety of features spans a vector space where every trajectory is
represented by a position vector. Hence, geometric (e.g., Euclidian)
distances are applicable to compare trajectories in the space, and non-
sequential models such as Logistic Regression or tree-based models are
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Fig. 1. Example of mouse data representation of a single user on the interface

directly compatible.

As shown in Fig. 2, ample hand-crafted feature options are possible
and have proven beneficial in producing insights and predictions (e.g.,
Arapakis and Leiva, 2016; Matthiesen and Brefeld, 2020; Yamauchi,
2013).

A first frequently used feature group encodes temporal information
of a given event, for example pauses occurring due to hesitation
(Arapakis and Leiva, 2016; Matthiesen and Brefeld, 2020). Second,
events, such as the number of clicks may reflect aspects like a patient
changing their answer many times. Third, speed features can indicate
the distances crossed by the mouse, where fast movement could, for
example, be an indication of frustration or lack of patience (Yamauchi,
2013). Lastly, this can be further enriched by more complex movement
patterns including angles, curvature or jitter, which can, for example,
reflect a user's stress level (Martin-Albo et al., 2016).

Parallel to intervention login data, hand-crafted mouse features can
be aggregated in different ways, such as sums, means, or extreme values
(Bremer et al., 2020). Which of these options makes the most sense
depends on the nature of the feature at hand. For example, average and
maximum could be interesting for values as speed, while the minimum
will likely be O for all users.

A key drawback of hand-crafted features is the time-intensive
manual preprocessing and consequent bias in their selection. Howev-
er, a critical upside is the transformation into meaningful, humanly
interpretable features that require less computational resources.

While ML models can theoretically handle large and complex feature
groups, in DMHI settings, fewer hand-crafted features have been shown

and the dimensions described above. Page coordinates are not displayed.

to improve results, especially for small data sets (Bremer et al., 2020;
Hentati Isacsson et al., 2023; Zantvoort et al., 2024b). Following related
work (Arapakis and Leiva, 2016; Feher et al., 2012; Matthiesen and
Brefeld, 2020), we, therefore, focus on two subsets of three (F3) and ten
(F10) of the most promising features. The small group (F3) only focuses
on the basic temporal aspects: Average speed, total time of pauses, and
scrolling speed. The larger (F10) extends the previous one by the moved
distance, the number of data points, the average change in angle, the
amount of acute and obtuse angles, and jitter). A detailed overview of
the feature calculations 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.

Time-series representation: Secondly, mouse trajectory data are usu-
ally modelled as time series as they naturally form a sequence of co-
ordinates representing the change of x and y positions of the mouse
pointer over time. In this representation, every mouse trajectory is thus
given by a one-dimensional time series with two-dimensional elements
(xsys), where t indexes time. To aggregate spatial and temporal aspects
of the data, derivatives 6x/8t and §y/5t can be calculated to inform about
directions and velocities of movements, respectively. As tracking pauses
do not serve a purpose in the time series, they are removed. Such time
series representations of mouse data have been found to lead to
reasonable outcomes while not being particularly demanding in terms of
computational infrastructure (Antal et al., 2021; Chong et al., 2019).

Raw data

Hand-crafted features

-

Derive features::

- amount of
duration of pauses

- number of clicks

speed/ velocity
percentage of screen usage
curvature

amout of acute angles

— Jitter

Fig. 2. Depiction of a) the plotted raw data including the trajectory, pauses, and clicks and b) the derived hand-crafted features.
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2.5. Prediction models and experiment setup

To mitigate the risk of overfitting on the small data set (Bates et al.,
2022), the models are trained and evaluated via a 5 x 5-fold nested-
cross validation (CV) with five different seeds. Furthermore, both
pipelines include a standard scaler. Regarding evaluation, more so-
phisticated features need to outperform simpler ones to warrant the
additional effort needed. As a baseline, we compare our results to the
reported area under the curve (AUC) of 0.57 for dropout predictions by
Giinther et al. (2023).

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. Missing
depression scores are imputed by assuming the mean change between
screening and pre-treatment in the training data. The random forest is
parameterized by 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 bootstrapping activation flag.

Sequential Neural Network: In order to leverage the sequentiality of a
time-series representation, a one-dimensional convolutional neural
network (1D-CNN) is implemented in this study (Antal et al., 2021;
Chong et al., 2019). The architecture comprises the concatenation of two
towers of each two convolutional filters, one dropout layer and two fully
connected layers, and a sigmoid activation function (Fig. 3).

Since neural networks accept only inputs of the same length, a key
challenge for the time-series approach is posed by the (very) different
lengths of the trajectories across users. For example, some users may be
familiar with the questionnaire and click through it within seconds,
whereas others take several minutes to answer. Typical approaches
employ padding for short and truncating for longer sequences (Arapakis
and Leiva, 2020). However, this approach is wasteful when the variance
of the lengths of the trajectories is as large as in the case at hand.
Moreover, in DMHI settings, sequences are rather long in general and
need to be classified in their entirety. Strategies involving a single pre-
diction per equal-length segmentation of the trajectories (Antal et al.,
2021; Chong et al., 2019) are not applicable, as they risk target leakage
(Leiva and Arapakis, 2020). To address these two problems, we propose
to first split the trajectories into equally sized small blocks but rejoin
them before updating the network (see further details in Appendix A.2).
As a result, we avoid target leakage while ensuring adequate handling of
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differently sized trajectory lengths. Additionally, using a sliding window
approach retains the context of each data point when fed into the model
(Chong et al., 2019).

In terms of hyperparameters, the sliding window has a fixed size and
is used with an overlap of 50 % with the previous sequence. We
experiment with different block sizes {100, 128, 265} to split the tra-
jectories per user are tested within the inner fold of the nested CV.
Further, the model is trained for 35 epochs with a learning rate of 0.001.
Lastly, we use the Adam optimizer and binary cross entropy as a loss
function.

3. Results
3.1. Final data sets

The final baseline data set including the questionnaire data before
treatment comprises 408 patients, 55 % of which used a mobile device
and hence, did not produce mouse trajectories. Therefore, the mouse
trajectory analysis includes 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 1. For the screening and pre-intervention MADRS-S scores, there
were 13 (2.5 %) and 17 (4.2 %) missing values, but no patient missed

Table 1
Number of participants and dropout rates per intervention for a) baseline data
and b) mouse data.

Target N Dropout in Mean age (SD)  Females
disorder % (%)
a) Mouse data
Dana Depression 75 48 % 34.67 (3.83) 100 %
Sophia  Depression 52 44 % 42.25 (10.51) 54 %

Social anxiety 36 50 %
Panic disorder 20 31%

35.97 (10.30) 78 %
42.40 (12.58) 50 %

b) Baseline data

Dana Depression 144 56 %

Sophia  Depression 115 54 %
Social anxiety 85 63 %
Panic disorder 64 38 %

34.28 (3.95) 100 %
41.54(10.59) 66 %
36.21 (9.72) 74 %
41.09 (10.98) 58 %

ReLU
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global maxpool

0,15

concatenate
e -

Dropout p

Fully Fully
Connected Connected
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Fig. 3. The architecture of the 1-dimensional convolutional neural network.
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both time points. Two-sided Student's tests comparing the mean values
of the mouse and touch device groups showed no statistically significant
differences (p > 0.05) and the detailed analyses and results can be found
in Appendix A.4.

3.1.1. Prediction results

Providing the model with only questionnaire answers (baseline)
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. Only adding the average speed,
pause time, and scroll speed (F3), increased the inner CV to 0.66 and the
outer CV score to 0.58 (95 %-CI 0.55-0.62). However, adding the ten
hand-crafted mouse features (F10) increased the inner CV score to 0.65
but did not improve the outer CV score at 0.56 AUC (95 %-CI 0.52-0.61).
Finally, the neural network with the time series representation produced
an inner CV score of 0.51 and an outer CV score of 0.50 (95 %-CI
0.44-0.54).

4. Discussion

Mouse trajectories’ information power regarding users' mindset and
emotional state (Fu et al., 2017; Yamauchi, 2013) renders them a
promising candidate for predictions in mental health care. However,
they are complex in nature and no insights into their use and value in
DMHIs exist so far. Therefore, the study at hand discusses how to gather
and process mouse trajectory data and provides an exemplary use case
for intervention dropout predictions. Specifically, the present work in-
cludes detailed steps accompanied by source code to gather raw tra-
jectories, extract selected hand-crafted features from them, leverage
them as time series, and pair them with appropriate prediction models.

The baseline prediction reached 0.56 AUC, which is competitive with
findings in related work (Gonzalez Salas Duhne et al., 2022; Giinther
et al., 2023). Our small-scale intervention dropout data set, however,
did not suffice to exploit the potential of mouse data. Compared to the
baseline, the three basic hand-crafted features (F3) increased the pre-
diction results only marginally (+0.01 AUC) and the ten extended fea-
tures (F10) and time-series approach did not achieve convincing results
at all. As such, this paper is in line with several works finding more
sophisticated models to fail on small-sized e-mental health data
(Gogoulou et al., 2021; Smink et al., 2021; Zantvoort et al., 2023;
Zantvoort et al., 2024b).

Although our data is not considered small for DMHIs with median
data sets around 155-350 patients (Hornstein et al., 2023; Karyotaki
et al., 2021), neural networks are data-hungry and require much larger
data sets (Alzubaidi et al., 2023; Piccialli et al., 2021). This holds
particularly true for complex tasks such as predicting user behaviour
several weeks in the future (Gogoulou et al., 2021). Further, small data
sets risk overfitting, especially when paired with inadequate validation
methods and flexible models (Bates et al., 2022). Single test set and even
CV results vary widely, with higher, improbable results likely being
overrepresented in publications (Hullman et al., 2022; Piccialli et al.,
2021; Zantvoort et al., 2024b). Consequently, concerns about the
generalizability of prediction results in mental health are increasing
(Hilbert et al., 2024; Sajjadian et al., 2021; Zantvoort et al., 2024b).

To mitigate overfitting, we deployed a nested CV where the inner
loop optimizes hyperparameters and the outer loop estimates model
performance on independent data (Bates et al., 2022). We further
repeated the experiment and reported averages and confidence intervals
to account for the randomness in the models due to the small data
(Cabitza and Campagner, 2021). We found that overfitting is a sub-
stantial risk for the mouse features as the inner CV score increased by up
to 0.09 AUC but this performance gain did not generalize to the outer CV
score. Overfitting is presumably also the issue of the neural networks, as
the high training performance of 0.90 AUC did not generalize to the test
scores (0.50 AUC). As such, the complex models seemed to memorize the
data but never learned to generalize. Relying on an inadequate valida-
tion setup with the data set size at hand would have certainly led to a
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vast overestimation of the performance (Hilbert et al., 2024; Sajjadian
et al., 2021; Zantvoort et al., 2024b). At the same time, our simplest
model with only three handcrafted features (F3) slightly improved the
performance of the baseline and related work, indicating the possibility
of information value. Therefore, future research needs be conducted on
larger mouse trajectory datasets to investigate the power of these com-
plex features (Zantvoort et al., 2024b).

Beyond the data set size, this study has several limitations. Firstly,
the recorded data neither accounted for different devices (e.g., touch-
pad, vertical, or standard mouse) nor artifacts caused by the hardware.
Secondly, albeit proposed to increase prediction accuracy and stability
(Zantvoort et al., 2024a), the heterogeneity of the different in-
terventions could be too pronounced considering the small data set size
at hand. Thirdly, we only explore the prediction power of mouse tra-
jectories on the pre-treatment depression questionnaires. MADRS-S 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 improve adher-
ence measures, for example, through pauses, the explored content, or
predicted attention (Leiva and Arapakis, 2020). Fourthly, other ways of
processing the mouse data are possible, most noticeably via spatial ap-
proaches (e.g., shape and patterns such as loops) by plotting the tra-
jectories on a two-dimensional positioning plane, thus representing
them as images. Accordingly, image processing models such as two-
dimensional convolutional neural networks (2D-CNN) could be paired
with this form of data representation (Arapakis and Leiva, 2020; Chong
et al., 2019). A vital drawback 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. Additionally, creating images
from the mouse trajectories is a resource-intensive step, because of
which it was out of the scope of this study. Further, even within time-
series approaches, other options such as Long-Term-Short-Term mem-
ory models (Arapakis and Leiva, 2020; Hochreiter and Schmidhuber,
1997) may yield different results. Lastly, more than half of the patients
accessed the questionnaire via mobile devices, emphasizing the impor-
tance of also investigating touch data (Yang et al., 2021). Only by
combining both input channels can predictions for all patients be made.
However, desktop and laptop devices still hold a significant share of web
traffic in Europe (StatCounter, 2025). Further, the intervention provider
informs participants that they are required to use a desktop computer or
laptop to complete the intervention. As it makes access to such a device
already a requirement for participants, they could be asked to fill out the
questionnaire with it in the future.

In conclusion, the paper at hand introduces mouse trajectory data for
DMHIs and provides interested researchers with the code to gather and
use the obtained representations for machine learning predictions via a
robust experimental framework. Our dropout prediction results showed
that hand-crafted features slightly improved results while the more
complex models suffered from the lack of data. Based on related work we
conclude that 183 patients are arguably too few to leverage complex
feature and model combinations (Zantvoort et al., 2024a; Zantvoort
et al.,, 2024b). Considering their successful implementation in other
domains, more research on larger data sets is necessary to determine the
predictive value of mouse trajectories as an unobtrusive and rich data
type in DMHI predictions.
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