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A B S T R A C T

Background: Formative assessment is a promising option for addressing heterogeneity in schools. Hereby, feed
back is both a core element of formative assessment and beneficial for learning. Regarding its effectiveness, we 
already know that elaborated feedback is particularly conducive to learning. However, it is unclear what exactly 
constitutes effective elaborated feedback.
Aims: We investigated the effects of different task-level forms of elaborated feedback, namely feedback based on 
conceptual or procedural knowledge and knowledge of result feedback on students’ achievement.
Sample: Participants were N = 190 seventh-grade students from seven secondary schools in Lower Saxony, 
Germany.
Methods: We conducted a randomized controlled study in a pretest/posttest design. The participants solved math 
tasks by adding fractions. After incorrect responses, they received feedback. We randomly assigned them to 
receive elaborated conceptual feedback (n = 48), elaborated procedural feedback (n = 46), knowledge of result 
feedback (n = 50), or no feedback (n = 46). The no-feedback group was the control group.
Results: After controlling for students' prior knowledge, only elaborated feedback was more effective than no 
feedback, with no significant differences found between the two types of elaborated feedback and the knowledge 
of result feedback. Additionally, we observed an interaction effect, showing a reduced effect of prior knowledge 
on student achievement in the conceptual feedback group.
Conclusions: These results imply that feedback can address learner heterogeneity, especially in its elaborated 
form. Hereby, it is especially important for learners with low prior knowledge to receive adequate feedback, as 
learners with less prior knowledge especially benefit from conceptual feedback.

1. Introduction

Formative assessment is often referred to as a productive way of 
promoting student learning (Black & Wiliam, 1998; Hattie, 2012; 
Kingston & Nash, 2011). This concept consists of two main elements: (1) 
the diagnosis of learners’ performance, and (2) appropriate feedback 
based on this diagnosis (Andrade, 2010; Heritage, 2007; Mitchell, 
2014). Formative assessment therefore stands in contrast to summa
tive assessment, which only reports the status quo (Dolin et al., 2018). In 
respect to formative assessment, the literature provides several defini
tions of the term (Filsecker & Kerres, 2012; Yorke, 2003). However, 
there is insufficient research on the circumstances under which forma
tive assessment is effective (Lui & Andrade, 2022).

Nevertheless, there is a broad consensus that the main purpose of 
formative assessments is to provide feedback to enhance learning 
(Timmers et al., 2013) because it informs learners about their current 
level of achievement in order to improve it (Narciss et al., 2014). This 

assumed relevance of the feedback component is underpinned by 
empirical data (Decristan et al., 2015). Regarding feedback, the current 
state of research suggests that its effectiveness depends on its complexity 
(Mertens et al., 2022) and learners' prior knowledge (e.g., Fyfe, 2016; 
Heckler & Mikula, 2016; Lui & Andrade, 2022). As students' heteroge
neity in the classrooms increases, posing a challenge for teachers 
(Borsch, 2018; Nusser & Gehrer, 2020; Parsons et al., 2018), the ques
tion arises as to how feedback in heterogeneous learning environments 
should be provided to adequately address all learners. Therefore, our 
study examined: (1) the effect of providing feedback, (2) a comparison 
between non-elaborated and elaborated feedback, (3) the effect of 
different types of elaborated feedback in heterogeneous learning envi
ronments, and (4) potential interactions with learners’ prior knowledge.
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2. Theoretical background

2.1. Providing useable high-quality feedback

An extensive number of studies investigated the characteristics of 
effective feedback, with an increase in recent years. Despite all these 
efforts, there are still calls for more research on how feedback should be 
delivered (Winstone & Nash, 2023). In this regard, previous research 
suggests that the content and the quality of the feedback message are 
most important for students’ achievement (Brandmo & Gamlem, 2025). 
To promote achievement by the provision of high-quality feedback, the 
feedback message has to be perceived as appropriate (Ruwe & Kuklick, 
2026), has to explain why it was given, and should be accompanied by 
information on how to improve the task at hand (Fong et al., 2024; Van 
Blankenstein, Dirkx & de Bruycker, 2025). More specifically, feedback 
should identify incorrect answers and provide a detailed explanation on 
what is wrong along with help to address the issue (Gao et al., 2025).

A common challenge when providing feedback is that it is often 
ignored by learners (Jonsson & Panadero, 2018; Maier & Klotz, 2025). 
In this regard, Tärning et al. (2020) were able to show that learners stop 
using feedback at various points, with a considerable number of students 
reading the feedback but not acting upon it. This can be explained in 
multiple ways: One reason might be that the amount of information 
needed for a high-quality feedback exceeds the processing resources of 
the recipients (Ruwe & Kuklick, 2026). The lack of clearness in the 
feedback message, too late provision, as well as not focussing on 
enhancing of learning or providing helpful guidance are additional 
reasons for not using feedback (Paris, 2022).

In order to address the challenge of lacking feedback uptake, recent 
research has focused on feedback processing and identified elements 
that have an impact on learning via the provision of feedback (Maier & 
Klotz, 2025). This led to the development of two feedback processing 
models (Lipnevich & Smith, 2022; Lui & Andrade, 2022) who differ
entiate between motivational and cognitive characteristics of learners 
that are relevant for the effectiveness of feedback. Moreover, the feed
back message seems to play a crucial role, since the message is partic
ularly relevant to achieve a positive effect on learning outcomes 
(Kuklick & Lindner, 2025; Lipnevich & Smith, 2022). A previously 
published article argues that students are able to differentiate between 
high- and low-quality feedback (Ruwe & Kuklick, 2026). Accordingly, it 
is emphasized that the quality of the feedback messages is the best 
predictor for feedback uptake (Fong et al., 2024; van Blankenstein et al., 
2025) and it seems like that feedback which is perceived as more 
constructive could also be more likely to be actually used (Fong et al., 
2021, 2024). Stressing the importance of research on feedback mes
sages which are of high quality and thus perceived as constructive.

2.2. Effectiveness of feedback complexities

Feedback is considered a highly relevant factor in learning and can 
be used to enhance both higher and lower order learning (Mertens et al., 
2022), as it helps to improve learning and to reduce mistakes (e.g. 
Schiller et al., 2024; Shirah & Sidney, 2023). According to Hattie and 
Zierer (2019), feedback yields a large effect size of d = 0.70. Their 
meta-analysis also reports a considerable amount of variance regarding 
the effectiveness of feedback. This can be attributed to the numerous 
ways in which feedback can be provided. To accomplish a large effect on 
achievement, one option is to refer the feedback to the task level. In 
addition, feedback should identify errors and provide information on 
how to address them (Hattie & Zierer, 2019). Altogether, providing 
feedback on tasks is considered to have a positive impact on learning.

Feedback can be categorized according to complexity, which denotes 
the knowledge included in the message. A distinction is often made 
between non-elaborated types–e.g., “knowledge of result” (KR), which 
only consists of whether an answer is correct or incorrect–and elabo
rated types, which offer additional knowledge (Narciss, 2006; Shute, 

2008). Previous research on knowledge provided in feedback mes
sages has primarily focused on these complexities and their effects. 
Current research indicates elaborated feedback is particularly conducive 
to learning and yields larger cognitive effects than non-elaborated 
feedback (Mertens et al., 2022). For example, in addition to the effects 
of differing feedback complexities on achievement, students who 
received elaborated feedback were more likely to correct their errors 
than students in a KR-feedback group (Kuklick et al., 2023). Moreover, 
the provision of elaborated feedback has non-cognitive benefits as it 
helps to reduce the demotivating effect of negative feedback (Fong et al., 
2019) and positively affected the emotions triggered by the feedback 
(Kuklick & Lindner, 2023). Accordingly, elaborated feedback can be ex
pected to be more effective in terms of learning than non-elaborated feedback.

However, elaborated feedback is not a uniform construct; rather, it 
encompasses a wider range of different kinds of knowledge that can be 
used to create feedback messages. “Elaborated” is an umbrella term 
about the existence of e.g. an explanation (e.g., Narciss, 2006; Shute, 
2008). Furthermore, there is currently no agreement on what the elab
orated part should comprise (Martínez et al., 2026). The resulting 
multitude of meanings leads to difficulties in estimating elaborated 
feedback's overall effectiveness (Mertens et al., 2022). Additionally, 
estimating the effectiveness of different types of elaborated feedback is 
challenging, as previous research has mostly neglected to compare 
different types of content in elaborated feedback messages. Instead, only 
one type of elaborated feedback has been typically investigated, with 
sometimes varying timing (e.g., Attali & van der Kleij, 2017; Fyfe, 2016; 
Heckler & Mikula, 2016; Kuklick et al., 2023). Notable exceptions are 
studies that e.g. focussed on different ways how the feedback can be 
designed (e.g. Kuklick & Lindner, 2025; Steinbach et al., 2025).

However, to the best of our knowledge, there have not yet been 
comparisons regarding the content of immediate digital task level 
elaborated feedback. One exception is a study by Martínez et al. (2026)
that compared elaborated feedback which either explained why an 
answer was/would have been correct or why an answer was incor
rect/other answers would have been incorrect. This makes it difficult to 
draw conclusions about which type of knowledge in such a feedback 
message works best in the context of elaborated feedback. This problem 
aligns with a call for further research to compare different kinds of 
elaborated feedback in order to gain insights on how to provide most 
effective elaborated feedback messages for learning (Swart, Nielen, & 
Sikkema-de Jong, 2019).

For the creation of a high-quality explanation, Wittwer and Renkl 
(2008) identified four characteristics in their framework (e.g., 
Bitzenbauer et al., 2024; Korntreff & Prediger, 2026). According to this 
framework, explanations should (1) concentrate on concepts and prin
ciples, while (2) accounting for learners’ prior knowledge, and should be 
(3) used for further learning, but (4) only provided when they are 
needed.

In addition, the specificity of the feedback message needs to be 
considered when providing feedback. Feedback specificity refers to the 
extent to which the feedback provides clear and detailed information on 
how to improve the work (Fong et al., 2024). Here, feedback should be 
specific to the task in question (Koenka et al., 2021) and explain the 
error to the student (Martínez et al., 2026).

However, prior research has already provided some insights into the 
characteristics of effective elaborated feedback. Shute (2008), for 
example, stated that overly long or complex feedback can be useless, as 
some learners will simply ignore it. This indicates that the knowledge 
communicated by the feedback must be carefully chosen. Elaboration 
per se is not what makes the feedback effective; rather, it is how this 
elaboration is created. This leads to the conclusion that varying types of 
elaborated feedback differ also in their effectiveness.

It is important to note that elaborated feedback is not equally 
effective for every learner. Research has shown it is particularly 
important for learners with low prior knowledge (e.g., Fyfe, 2016; 
Heckler & Mikula, 2016). Consistent with this finding, research has 
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shown that learners with a higher level of prior knowledge benefit more 
from feedback that contains only the correct answer and basic procedure 
for solving the task than from elaborated feedback (Smits et al., 2008). 
Thus, the relevance for feedback providers to know how different types 
of feedback affect learning is emphasized (Panadero, 2023).

Accordingly, learners' prior knowledge is not only a factor influ
encing the feedback outcome (e.g. achievement) (Lipnevich & Smith, 
2022; Lui & Andrade, 2022), but it is also crucial for the effectiveness 
of elaborated feedback. This is further underlined by the fundamental 
relevance of prior knowledge for students' further learning success 
(Simonsmeier et al., 2022). Moreover, recent research has called for 
feedback interventions, especially for low performing learners (Maier & 
Klotz, 2025), emphasizing the importance of investigating the influence 
of elaborated feedback on learners with low prior knowledge. Overall, 
this means that the effect of feedback differs based on learners’ prior 
knowledge.

2.3. Knowledge types for elaborated feedback

Different types of knowledge can be used in feedback messages to 
provide elaborated feedback to support learners adequately. A common 
distinction between knowledge types in learning, teaching, and assess
ment can be found in the revised version of Bloom's taxonomy of 
educational objectives (Anderson & Krathwohl, 2001; Bloom, 1956). 
The taxonomy comprises metacognitive, factual, conceptual, and pro
cedural knowledge (Anderson & Krathwohl, 2001). Metacognitive 
knowledge relates to cognition in general, and involves strategic 
knowledge, knowledge of cognitive tasks, and self-knowledge 
(Anderson & Krathwohl, 2001). Factual knowledge includes, e.g., termi
nology or vocabulary without considering the corresponding connec
tions, and can be described as forming the fundamental knowledge of a 
topic. In mathematics education, for example, this can involve 
fraction-related terms, such as numerator and denominator.

In contrast, conceptual knowledge involves connections among the 
underlying principles necessary to perform tasks. This type of knowl
edge focuses on classifications, principles, generalizations, theories, 
models, and structures (Anderson & Krathwohl, 2001). Furthermore, 
flexibility and the resulting problem-independence of this knowledge is 
emphasized (Rittle-Johnson et al., 2001), as well as the necessity for 
in-depth engagement (Haapasalo & Kadijevich, 2000).

Finally, procedural knowledge refers to knowledge of how something 
is done. This includes subject-specific skills, algorithms, techniques, 
methods, and knowledge of when to apply such procedures (Anderson & 
Krathwohl, 2001). This type of knowledge highlights action sequences 
and their application, as it depends on a certain problem (Rittle-Johnson 
et al., 2001). Moreover, the application of this knowledge often does not 
require a high level of attention (Haapasalo & Kadijevich, 2000).

In the academic discourse, there has been a long-standing debate on 
the relationships between and the developmental order of learners' 
conceptual and procedural knowledge (Lenz & Wittmann, 2021; 
Rittle-Johnson et al., 2015). Overall, the most widely accepted view is 
that learners’ conceptual and procedural knowledge develop together in 
an iterative process (Rittle-Johnson & Schneider, 2015). In addition, 
there are debates in various subjects about the role of these types of 
knowledge. Mathematics is particularly noteworthy in this regard, as 
these two types of knowledge are considered particularly relevant in this 
subject (Hiebert, 1986; Rittle-Johnson & Schneider, 2015; Xu et al., 
2025). This leads to the conclusion that research involving these types 
of knowledge seems especially relevant in this context. Furthermore, 
conceptual and procedural knowledge in mathematics education are 
considered theoretically and empirically distinct types of knowledge, 
but it has not yet been clearly established how these types of knowledge 
influence one another and how they develop (Lenz et al., 2020; Xu et al., 
2025).

To the best of our knowledge, little research has been conducted on 
the differential effects of both types of knowledge when used in feedback 

messages. Previous research has focused on instructions (e.g., 
Rittle-Johnson et al., 2016), explanations (e.g., Lachner et al., 2019; 
Perry, 1991), and the measurement of these knowledge types (e.g., Lenz 
et al., 2020; Schneider & Stern, 2010). Existing research on feedback has 
focused on tutoring feedback strategies, where elaborated feedback was 
offered in combination with mastery learning strategies and tutoring (e. 
g., Narciss, 2013, 2017). Narciss et al. (2014) compared various se
quences of hints and explanations provided with conceptual or proce
dural knowledge in feedback messages. They found no significant effect 
of these sequences on the learners’ knowledge. Accordingly, the most 
widespread perspective on the developmental order of conceptual and 
procedural knowledge (Rittle-Johnson & Schneider, 2015) cannot be 
translated into guidelines for feedback provision.

In addition, a study which conducted a cluster analyses based on 
students’ individual conceptual or procedural knowledge concluded 
that it does not seem plausible to base adaptive support strategies on the 
relative presence of these two knowledge types (Lenz & Wittmann, 
2021). Because neither the sequenced administration of these two 
types of knowledge in feedback messages nor individual adaptation 
appears to be a promising approach, no conclusions can yet be drawn 
regarding the superiority of one or the other type of knowledge as a 
message in elaborated feedback. Correspondingly, we can state that for 
conceptual and procedural knowledge, the isolated effect in elaborated 
feedback and how learners can be supported with the provision of these 
knowledge types through feedback is currently understudied.

3. The present research

In the present study, we investigated which type of knowledge in 
feedback is effective and whether learners benefit differently depending 
on their prior knowledge. To this end, we examined the effects of 
feedback and different feedback messages. The feedback messages 
differed in their complexity and type of knowledge presented. With this 
study, we contribute to the literature on the effectiveness of different 
feedback types and consider individual prior knowledge as a factor that 
influences the effect of feedback. To this end, we address the following 
research questions (RQs): 

RQ1: Are all types of feedback more conducive to learning than 
receiving no feedback?
RQ2: Is elaborated feedback more effective in terms of learning than 
non-elaborated feedback?
RQ3: Does elaborated feedback differ in its effectiveness depending 
on whether it was created with conceptual or procedural knowledge?
RQ4: Does the effectiveness of the feedback types differ depending 
on learners' prior knowledge?

4. Method

This study is part of the research project LERN-IF (“Learning process 
diagnostics and learning supportive performance feedback in inclusive 
subject teaching”). LERN-IF is funded by the German Federal Ministry of 
Education and Research (BMBF; funding reference: 01NV2117). 
Participation in the study was voluntary. Parental consent forms were 
obtained, and the study was reviewed and approved by the responsible 
school authority board.

To enhance transparency and ensure reproducibility, and to comply 
with our funding agency's requirements, we archived the data required 
for reproducing our analyses at our university's institutional repository 
(Töllner et al., 2026).

4.1. Study design

To answer our research questions, we conducted an intervention 
study between January and May 2024 using a pre/post between-subjects 
design with two measurement times (Time1/Time2). The two 
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measurements were seven days apart. We collected the data using iPads 
and iSpring Suite software. All participants attended seventh grade and 
completed fraction addition tasks. According to the curriculum, this 
topic had already been covered in the previous school year (Grade 6) in 
math education.

At Time 1, we used a fractional calculation test to assess the students' 
prior knowledge. Moreover, we collected the students’ demographic 
data. At the beginning of Time 2, one week later, we randomized on the 
student level, by assigning students randomly to one of four groups (no 
feedback, KR feedback, elaborated procedural feedback, and elaborated 
conceptual feedback). During randomization, we ensured that the four 
groups were roughly equally represented in all schools.

The students worked in a feedback phase on 26 fraction calculation 
tasks on iPads in their respective groups. Except for the control group 
that received no feedback at all, students received immediate task-level 
feedback according to their group affiliation. Firstly, members of all 
those groups with feedback (KR feedback, elaborated procedural feed
back, and elaborated conceptual feedback) received KR Feedback after 
each task. Secondly, if they had answered incorrectly, participants in the 
two elaborated feedback groups, received, in addition, an elaborated 
feedback according to their group affiliation. Thirdly, in these three 
groups, students had the chance to correct their answer after an incor
rect response. Fourthly, if the students in these groups again answered 
incorrectly, feedback according to their group membership was pro
vided once again. This time feedback was coupled with the correct so
lution and a new task was assigned. This gave students the opportunity 
to use feedback immediately, which made it more useful for them 
(Jonsson & Panadero, 2018). At the end of Time 2, we administered 
another fraction calculation test as a posttest.

4.2. Sample

4.2.1. Power analysis
We conducted a priori power analyses using G*Power (Faul et al., 

2007) for an analysis of variance (ANOVA) repeated measures, 
between-factor design with two measurement times (Time1/Time 2) 
and four groups (no feedback, KR feedback, elaborated procedural 
feedback, elaborated conceptual feedback). We wanted to detect small 
effects of about f = 0.20 with a high statistical power of 0.95. To do this, 
the power analysis suggested a sample size of N = 328 participants. We 
chose to aim for small effects as we included multiple types of feedback 
and wanted to be able to detect the effects of the groups in isolation. We 
based our assumption on previous research: According to Van der Kleij 
et al. (2015) KCR feedback yields a small effect size, so it seemed 
reasonable to look for such an effect as this was a commonality between 
the groups. Furthermore, Kuklick et al. (2023) compared different types 
of feedback with regard to the error corrections made and also identified 
a small effect size for the comparison of elaborated feedback and KR 
feedback.

4.2.2. Achieved sample
A total of N = 247 seventh graders from n = 7 non-academic-track 

schools in Lower Saxony (Germany) participated in this study. Thus, 
we were unable to achieve the a priori calculated required sample size. 
We elaborate on this in the discussion. We excluded n = 18 students 
from the analysis because they either had to leave early (n = 4), had 
compliance issues (n = 9), or had to rely on a translation application to 
participate in the study (n = 5). At Time 1, n = 196 students participated 
in the study. At Time 2, n = 190 students participated. Table 1 provides 
an overview of the gender, age distribution, and sample sizes of the four 
feedback groups. The sample was divided approximately equally be
tween the feedback groups in terms of these characteristics.

4.3. Instruments and materials

4.3.1. Tasks in the tests and the feedback phase
For the prior-knowledge test, feedback phase, and posttest, students 

worked on tasks that we developed for the study. In each task, the 
participants were required to add two fractions. The students answered 
single-choice questions with five possible answers. Four of these tasks 
involved common fractions, and one involved mixed fractions. We used 
four types of tasks that differed in their combinations of numerators and 
denominators. These were common fractions that: (a) differed in 
numerator and denominator, (b) had the same numerator but a different 
denominator, or (c) had a different numerator but the same denomi
nator. For the mixed fractions, we used task (d) with the same numerator 
but different denominators. The feedback phase comprised 26 tasks.

Both the pre- and posttest consisted of 20 tasks. These were designed 
so that ten tasks were identical. The remaining ten tasks were of the 
same type, but the numbers were changed. We developed tasks and 
distractors based on common error patterns (Hwang, 2016). Cronbach's 
alpha was very good for both the pretest (α = .86; 20 tasks; n = 157) and 
posttest (α = .91; 20 tasks; n = 190). To assess the students' performance 
in the prior-knowledge test and the posttest, we computed the sum score 
of the correct answers, which ranged theoretically between 0 and 20 
points.

4.3.2. Feedback used in our study
Depending on the feedback group, the students received no feedback, 

KR, or one of two types of elaborated feedback. The procedural and 
conceptual elaborated feedback were structured similarly; there was a 
short reminder at the top of the presented screen defining numerators 
and denominators. This served the purpose of aligning factual knowl
edge by explaining what these terms mean. This knowledge was 
necessary to understand the subsequent procedural or conceptual 
knowledge in the provided feedback and should prevent difficulties in 
understanding. Following this, there was a one-by-one explanation as 
stepwise feedback seems to be more motivational (Wang et al., 2019).

The knowledge of result feedback (Fig. 1, right side, bottom) consisted 
merely of informing the participants that their attempts were wrong. In 
the no feedback control condition, the students received no indication 
whether their answers were correct. The students simply continued to 
work on the tasks, as in the pretest and posttest.

The procedural feedback (Fig. 1, right side) explained how the pro
cedure of adding the two fractions must be applied. For this purpose, 
each required calculation step was presented as a headline. Each step 
was accompanied by an example and a corresponding explanation. This 
resulted in instructions students could follow to add the fractions.

The conceptual feedback (Fig. 1, left side) explained why the pro
cedure for adding the two fractions worked. The fractions were visual
ized using an illustration, and each illustration was explained. The first 
step was to obtain a graphical representation of the fractions and divide 
them into common divisions. In the last step, the students were told they 
had to move two rectangles on top of each other to add them.

4.4. Statistical analyses

All statistical analyses were conducted using R (version 4.3.2 [R Core 

Table 1 
Gender and age distribution across the four feedback groups.

Feedback group n Variables

Gender Age

No feedback 46 20m; 18f; 1 nb; 7 missing M = 12,84 SD = 0,68
Knowledge of result 50 21m; 18f; 11 missing M = 12,92 SD = 0,66
Procedural feedback 46 17m; 21f; 8 missing M = 12,62 SD = 0,55
Conceptual feedback 48 18m; 21f; 1 nb; 8 missing M = 12,80 SD = 0,60

Note. m = male; f = female; nb = non-binary.
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Team, 2023]). To handle missing data, we used the MissForest 
(Stekhoven, 2022) algorithm and predefined the seed to 42 to ensure 
reproducibility. This iterative imputation method does not formulate 
distributional assumptions about the data (Stekhoven & Bühlmann, 
2012). This algorithm outperforms other established imputation 
methods (Jaafar et al., 2024) and is a reliable approach for psychological 
research (Golino & Gomes, 2016). Furthermore, it is suitable for 
different types of variables and can handle data with up to 30% missing 
values (Stekhoven & Bühlmann, 2012). Moreover, imputation with 
MissForest has been proven to preserve the relationships between var
iables, such as interactions (Stekhoven & Bühlmann, 2012; Tiwaskar 
et al., 2025).

In all groups there were fewer missing values in the pretest scores (no 
feedback: 15%; KR: 22%; procedural: 20%; conceptual: 15%) and the 
posttest (no feedback: 0.02%; KR: 0.02%; procedural: 0%; conceptual: 
0%), and the overall missing values were also lower (pretest: 18%, 
posttest 1%) than the limit would have allowed. Data imputation was 
based on students who were present at Time 2, when the feedback 
groups were assigned, imputing feedback groups did not seem plausible. 
Imputation was performed individually for all feedback groups with 
regard to data on demographics, cognitive factors, the feedback phase 
and feedback relevant variables (Lui & Andrade, 2022). Afterwards the 
distribution of the imputed pre- and posttest scores was visually 
inspected in comparison to the raw data using histograms.

To answer our research questions, we performed multilevel model
ling using the lme4 (Bates et al., 2015) and nlme (Pinheiro, Bates & R 

Core Team, 2023) packages because of the multilevel data structure in 
which students are nested in schools. Therefore, we employed a model 
with students at Level One (L1) and schools at Level Two (L2). Multilevel 
modelling was deemed appropriate, even when the number of clusters 
with n = 7 was rather small. Even if the benefit of multilevel models is 
lower with a smaller number of clusters, their use is still appropriate 
because they are not disadvantageous (Gelman & Hill, 2007). Further
more, we tested whether a multilevel model was needed (Field et al., 
2012), which resulted in a statistically better fit to the data when the 
intercepts are allowed to vary (p = .002). However, adding varying 
slopes to the model did not improve the fit (p = .748). The statistical fit 
was evaluated using the Bayesian information criterion (BIC). Thus, we 
continue our analyses using a varying intercept-only model.

We specified the model with the no-feedback control group as the 
intercept and the other three groups as predictors. Moreover, we added 
the pretest score as another predictor and allowed for interactions be
tween the pretest score and feedback groups. We defined the posttest 
achievement score as the dependent variable. Pre- and posttest values 
were added as raw scores; using the sum score eases the interpretation, 
as the raw scores translate directly to the number of correctly solved 
tasks. Consequently, this allows for an immediate interpretation of the 
models result. Another common reason for centring variables is to 
establish a meaningful zero point (Enders & Tofighi, 2007). As the raw 
scores already have such a meaningful zero point, when a student solved 
all tasks incorrectly, centring was not necessary. The reliability of the 
pretest and posttest were calculated using the Psych package (Revelle, 

Fig. 1. Examples of conceptual and procedural knowledge in the feedback and the knowledge of result feedback.
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2024).
The examination of the assumptions for the multilevel models 

showed that heteroscedasticity was present in the data. However, this is 
not unusual in intervention studies (Huang, Wiedermann, & Zhang, 
2023). We addressed this issue by using sandwich estimators (Field & 
Wilcox, 2017; Pustejovsky & Tipton, 2018). This made it possible to 
adjust the standard errors so that they were comparable to those of large 
samples without violations of assumptions (Schielzeth et al., 2020). To 
address heteroscedasticity, we used the clubSandwich package 
(Pustejovsky, 2024). As part of this, we used a Satterthwaite approxi
mation (Satterthwaite, 1946), which is preferable as this type of 
approximation seems to depend less on the achieved sample size (Luke, 
2017). Furthermore, a CR2 estimator was used as a small-sample 
adjustment to calculate the variance-covariance matrix because recent 
publications indicate that this estimator is able to account for hetero
scedasticity and has been shown to work well for different use cases, 

even with a small number of clusters (Huang & Li, 2022; Huang, 
Wiedermann, & Zhang, 2023; Huang, Zhang, & Li, 2023). For further 
comparison of the groups, we used the linear contrasts in the club
Sandwich package (Pustejovsky, 2024) and performed Bonferroni 
correction. The stats package (R Core Team, 2023) was used for corre
lation analyses.

5. Results

5.1. Preliminary analyses

The pretest and posttest scores for the test conditions are shown in 
Table 2. In addition, we performed an ANOVA for the pretest score and 
found no initial significant differences between the feedback groups (F 
(3, 186) = 1.63, p = .184). However, the sample seemed to predomi
nantly consist of learners with low prior knowledge, as Table 2 shows. 
On average, the students solved less than half of the maximum 20 tasks 
correctly in the pretest. Furthermore, Table 3 provides an overview of 
the correlations between the two measurement times for the individual 
feedback groups.

5.2. Results regarding the research questions

To answer our research questions, we set up a multilevel model as 
described above. Table 4 presents the results of the multi-level model. 
The control group without feedback represents the intercept, and the 
estimate can be translated into the number of correctly solved tasks in 
the posttest. Based on the multilevel model, we conducted a group 
comparison of the posttest achievement scores, as described in the 
Methods section. Thus, we controlled for both multilevel structure and 
prior knowledge (Fig. 2).

5.2.1. RQ1. Are all types of feedback more conducive to learning than 
receiving no feedback?

After controlling for prior knowledge and the multilevel structure, 
the data indicates that students who did not receive feedback and solved 
zero tasks correctly in the pretest answered on average 2.5 tasks 
correctly in the posttest. In contrast, students with zero correctly solved 
tasks in the pretest who were assigned to the KR feedback group solved 
8.5 tasks correctly, in the procedural feedback group approx. 8 tasks, 
and in the conceptual feedback group 12 tasks. However, not all of these 

Table 2 
Feedback groups’ pretest and posttest means and standard deviations.

Feedback groups Pretest Posttest

Mean SD Mean SD

No feedback 6.00 4.02 6.26 4.77
Knowledge of result 6.36 4.90 11.60 5.93
Procedural feedback 4.93 4.07 11.35 5.57
Conceptual feedback 6.94 4.94 12.38 6.10

Total 6.07 4.54 10.44 6.07

Table 3 
Correlation between pre- and posttest scores for each feedback group and in 
total.

Feedback group Correlation between pre- and posttest scores

No feedback 0.59***
Knowledge of result 0.43**
Procedural feedback 0.40**
Conceptual feedback 0.03

Total 0.31***

Note. *p < .05, **p < .01, ***p < .001.

Table 4 
Effects of feedback group and prior knowledge on posttest performance.

Effect Estimate SE 95% CI p

LL UL

Intercept 2.509 0.694 0.738 4.280 0.015*
Knowledge of result 6.010 2.172 0.496 11.524 0.038*
Procedural feedback 5.871 0.921 3.442 8.300 0.002**
Conceptual feedback 9.483 0.723 7.501 11.465 <0.001***
Pretest score 0.623 0.136 0.227 1.019 0.013*
Knowledge of result * Pretest score − 0.157 0.375 − 1.153 0.839 0.694
Procedural feedback * Pretest score − 0.066 0.189 − 0.627 0.496 0.749
Conceptual feedback * Pretest score − 0.609 0.196 − 1.195 − 0.020 0.046*

Random effects Variance

School (Intercept) 2.033
Residual 25.426

Number of observations 190
R2 marginal 0.255
R2 conditional 0.311
AIC 1174.59
BIC 1207.06
ICC 0.074
RMSE 4.88

Note. *p < .05, **p < .01, ***p < .001; SE = standard error; CI = confidence interval; LL = lower limit; UL = upper limit; AIC = akaike information criterion; BIC =
Bayesian information criterion; ICC = intraclass correlation coefficient; RMSE = root-mean-square error of approximation.
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differences were statistically significant and thus not all types of feed
back were more conducive to learning than receiving no feedback at all. 
The KR feedback group had a relatively large standard error, resulting in 
a non-significant difference according to the test for testing linear con
trasts t(5.22) = 2.77, p = .226, 95% CI [− 2.95, 14.97] compared to the 
no feedback group. This relatively large standard error and the corre
sponding overlap with the no feedback group is shown in Fig. 2 and 
could mean that this group consisted of students who either benefitted a 
lot or not at all. Both conceptual t(4.13) = 13.12, p < .001, 95% CI [6.05, 
12.91] and procedural feedback t(4.60) = 6.38, p = .011, 95% CI [1.80, 
9.94], as types of elaborated feedback, were significantly more condu
cive to learning than providing no feedback group as the test for linear 
contrasts had revealed.

5.2.2. RQ2. Is elaborated feedback more effective in terms of learning than 
non-elaborated feedback?

In our study, elaborated feedback did not prove to be superior to KR 
feedback, as depicted in Fig. 2. It is striking that, as can be seen, the 
standard error of the procedural feedback completely overlaps with the 
standard error of the KR feedback, and the standard errors of the con
ceptual feedback and KR feedback overlaps for the most part. Accord
ingly, as the test for linear contrasts demonstrated, neither conceptual 
feedback t(4.08) = − 1.78, p = .888, 95% CI [− 12.79, 5.85] nor proce
dural feedback t(4.64) = − 0.06, p = 1.00, 95% CI [− 9.78, 9.50] differed 
significantly from KR feedback.

5.2.3. RQ3. Does elaborated feedback differ in its effectiveness depending 
on whether it was created with conceptual or procedural knowledge?

Regarding the provision of different types of elaborated feedback, 

the test for linear contrasts revealed no significant differences between 
procedural and conceptual feedback t(3.46) = − 2.75, p = .361, 95% CI 
[− 10.75, 3.53]. As shown in Fig. 2, both elaborated feedback groups 
share a noticeable amount of overlap in their standard errors.

5.2.4. RQ4. Does the effectiveness of the feedback types differ depending on 
learners’ prior knowledge?

An analysis of the interactions of the feedback groups with the pre
test score revealed a significant interaction only for the conceptual 
feedback group. Additionally, Table 4 shows that the estimate of this 
negative interaction is approximately as large as the estimate of the 
pretest. This means, that for the students who were assigned to the no 
feedback group, each subsequently correctly solved task in the pretest 
translated into 0.623 additionally correct solved tasks in the posttest. 
However, while this relationship did not differ between the no feedback 
group, the KR group, and the procedural feedback group, it did differ for 
the conceptual feedback group. In this group, an additional correctly 
solved task in the pretest only translates to 0.014 additionally correctly 
solved tasks in the posttest, due to the estimate of − 0.609 of the inter
action term. This indicates that especially those students who performed 
less well on the pretest benefited from this type of feedback. Moreover, 
the effect of the interaction approximately cancelled out the effect of the 
pretest. That is, regardless of their prior knowledge, students who 
received conceptual feedback achieved a relatively high posttest score 
compared to the other feedback groups. Consequently, students with 
relatively low prior knowledge can achieve a similar posttest score as 
their more knowledgeable peers. This finding made this type of feedback 
relatively more effective for these students than other feedback types.

Fig. 2. Estimates and standard errors for the feedback groups' posttest scores after controlling the pretest scores.
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6. Discussion

6.1. Summary and contribution of our study

Our study compared various feedback complexities in terms of their 
effectiveness on achievement outcomes depending on learners’ prior 
knowledge. Our research has shown that elaborated feedback can 
contribute to tackling the challenge of increasing student heterogeneity 
in classrooms. Thus, the consideration of prior knowledge is particularly 
relevant for providing fitted, elaborated feedback. We were able to show 
that learners with low prior knowledge benefited from feedback 
enriched with conceptual knowledge.

Regarding RQ 1, on the benefit of receiving feedback, our study 
concluded that feedback is not automatically effective. Earlier research 
has also reported a relatively large confidence interval and the conclu
sion that the provision of feedback alone is not automatically sufficient 
to achieve learning (Hattie & Zierer, 2019). Our findings confirmed this 
finding. In our study, however, elaborated feedback was significantly 
more effective than no feedback. This result is consistent with other 
studies, which also emphasize the relevance of elaborated feedback 
(Wagner et al., 2024). In contrast, non-elaborated feedback that re
ported only the correctness of an answer did not differ significantly from 
no feedback in our study. A possible explanation for this is that feedback, 
which merely reports the correctness of an answer, does not provide all 
students with enough information to improve. Another reason for the 
lack of a significant difference between the KR and no feedback group is 
that elaborated feedback seems to be advisable when it comes to familiar 
knowledge in repetitive tasks (Mertens et al., 2022). Another explana
tion could be, that only the elaborated feedback provided enough in
formation to be perceived as appropriate, a prerequisite of feedback in 
order to be effective (Ruwe & Kuklick, 2026). Furthermore, elaborated 
feedback is especially important for learners with low levels of prior 
knowledge (Fyfe, 2016; Heckler & Mikula, 2016). Since the students in 
our sample answered, on average, less than half of the tasks in the 
pretest correctly, our sample possibly consisted mostly of students with 
low prior knowledge, for which KR feedback was insufficient.

Addressing the differences between elaborated and non-elaborated 
feedback in RQ 2, our results showed no significant difference be
tween the elaborated and KR feedback groups. This result might be 
because the elaborated feedback was quite long, and students may have 
ignored it (Shute, 2008). Another reason may be this study's specific 
setting. Previous research has indicated that, in some middle school 
math contexts, giving the correct result is a valid alternative to providing 
elaborated feedback (Mertens et al., 2022). As all feedback groups 
would let the learners know which answer was correct after the second 
attempt, it is possible that this information was already sufficient for 
growth in achievement and that the benefit of the additional elaboration 
was not large enough to make a statistically significant impact. How
ever, this result could also be due to our insufficient sample size ac
cording to G*Power.

Concerning RQ 3, regarding the effect of different types of elaborated 
feedback, we did not find significant differences between conceptual 
and procedural feedback. Accordingly, both types of feedback provide 
students with sufficient in-depth help to address the issue and to 
constitute effective feedback for them (Gao et al., 2025). Thus, our re
sults are only partially in line with previous research showing the ben
efits of conceptual explanations (e.g., Lachner et al., 2019). Although 
conceptual feedback resulted, on average, in the most correctly solved 
tasks in our study, it was not statistically significantly better than pro
cedural feedback. A possible explanation for this is the sample size, 
which according to G*Power was too small. Thus, we can draw only 
limited conclusions regarding the isolated effects of conceptual or pro
cedural knowledge in feedback.

With RQ 4 addressing the relevance of prior knowledge, we 
contribute to the current state of research in two ways: First, our findings 
are in line with existing models of the effects of feedback (Lipnevich & 

Smith, 2022; Lui & Andrade, 2022) and recent meta-analyses empha
sizing the importance of prior knowledge for achievement after learning 
(Simonsmeier et al., 2022). Our work highlights the relevance of stu
dents’ prior knowledge for the effect of feedback on their achievement. 
This finding is consistent with other publications, which also emphasize 
the role of prior knowledge for the effectiveness and use of feedback 
(Brandmo & Gamlem, 2025; Koenka et al., 2026). Second, our findings 
contribute to the body of research on the interplay between prior 
knowledge and the complexity of feedback (e.g., Fyfe, 2016; Heckler & 
Mikula, 2016) and, thus, how elaborated feedback should be concep
tualized. As effective feedback shows learners how they can improve 
(Fong et al., 2024), it seems like conceptual knowledge in feedback 
accomplishes this, particularly for learners with less prior knowledge. 
Our results highlight the importance of not only providing complex but 
also conceptual knowledge feedback, as demonstrated by the significant 
interaction between prior knowledge and the conceptual feedback 
group. The finding that conceptual feedback nearly nullifies the effect of 
prior knowledge makes it particularly suitable for learners with low 
prior knowledge. This leads to the conclusion that offering the (right) 
feedback can be an effective method of assisting learners with less prior 
knowledge.

6.2. Practical implications

Our findings on the benefits of different types of feedback have the 
following practical implications for secondary mathematics education. 
However, the extent to which these can be transferred to other contexts 
is unknown, as is discussed in the limitations section. Feedback is an 
essential aspect of formative assessment (Heritage, 2007); therefore, we 
conclude two main findings regarding its effective use. First, our study 
seems to show once again that (elaborated) feedback matters: students 
benefited from the provision of elaborated feedback. Thus, we advise 
teachers to provide elaborated feedback, even though they perceive 
finding and investing the necessary time as a challenge (Töllner et al., 
2025). Secondly, the type of knowledge used to provide feedback is 
important. In our study, elaborated feedback was significantly more 
conducive to learning than providing no feedback. This finding is further 
supported by the role of prior knowledge on the effect of the feedback. 
Based on our results, it appears that especially those learners who 
perform poorly in class should receive teacher feedback based on con
ceptual knowledge. This could also address the challenge identified by 
Maier and Klotz (2025) that feedback must be designed primarily to 
support learners with less prior knowledge in order to reduce existing 
differences in achievement.

Another implication concerns the creation of AI-generated feedback. 
AI-generated feedback is less beneficial for learning than feedback 
provided by teachers (Weidlich et al., 2025). This could indicate that the 
provided AI feedback was lacking quality. To improve the quality of the 
AI feedback, our findings could be considered when creating the 
prompts to generate the feedback. In doing so, the AI-generated feed
back could be prompted to include conceptual knowledge within the 
feedback, especially for learners with less prior knowledge to enhance 
the quality of the AI-generated feedback.

6.3. Limitations and future directions

Like any other study, this study has some limitations. One limitation 
is that we only examined a specific population in a specific subject; 
therefore, generalizability is questionable. In addition, neither the tests 
were high-stakes assessments nor was the specific topic relevant to 
students' mathematics lessons at that time. Hence, one might question 
the students' motivation to perform well. Future studies should further 
investigate the role of subject matter by systematically varying the topic. 
Additionally, future studies should explicitly address the questionable 
ecological validity of our study by conducting experiments in real 
teaching situations. This would also make it possible to address the 
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limitation that our findings cannot reveal whether the students’ learning 
gains were permanent or if they must be considered a short-term effect.

Another limitation relates to the lack of measurements that allow to 
draw conclusions on the time spent using the feedback. In future studies, 
the actual time spend on viewing the feedback should be recorded, using 
log data or eye tracking technology. This data could be used to inves
tigate possible effects of the different texts used in the elaborated 
feedback types and draw conclusions on their processing. Moreover, we 
focused exclusively on learners’ prior knowledge as a relevant learner 
characteristic. As there are more known aspects influencing feedback 
effectiveness, future studies should incorporate additional elements of 
prominent feedback processing models (Lipnevich & Smith, 2022; Lui & 
Andrade, 2022). For example, it could be investigated to what extend 
the effectiveness of (elaborated) feedback depends on the motivational 
aspects of feedback processing. In addition, future research should 
examine the varying effectiveness of feedback in relation to further in
dividual characteristics such as gender or feedback literacy.

Furthermore, our study was underpowered, as we did not reach the a 
priori calculated required sample size. The main reason for this was the 
difficulty of recruiting more schools. Although we addressed this issue 
using statistical methods, such as selecting approximation methods for 
smaller samples and performing an adjustment for small-samples, this 
must still be considered when interpreting the results, as significant 
differences may not have been found because of the insufficient sample 
size. However, the fact that we nevertheless found these results makes 
them appear to be even more meaningful.

Based on these limitations, our study reveals several starting points 
for future research. In addition to further studies examining whether our 
results can be generalized to other samples and subjects, future studies 
should investigate what type of non-elaborated feedback is most bene
ficial for learners with more prior knowledge through the systematic 
variation of non-elaborated feedback. Thus, it may be worthwhile to 
gain more insight regarding the large variance in the group receiving KR 
feedback. Several factors may have played a role here and appear to be 
promising starting points for investigating this circumstance.

Firstly, the tasks themselves could have been a factor, as it could be 
argued that our tasks were repetitive, which may have influenced the 
result. Furthermore, it could have been relevant whether the feedback 
triggered memories of how to solve these tasks, meaning that the KR and 
possibly the subsequent KCR were sufficient for some learners. Deter
mining which factors influence this seems to be a promising direction for 
further studies. Future research should also investigate whether proce
dural or conceptual knowledge is more effective for learning in certain 
contexts. Another research direction that deserves further attention is 
the investigation of the extent to which feedback effectiveness depends 
on how well aligned the types of knowledge conveyed in the previous 
instruction and feedback are. Hereby, it is possible that the effect of 
feedback is influenced by how familiar the students are with the type of 
knowledge presented in the feedback, since if the knowledge presented 
in the feedback is not known from the previous instruction, it may pose a 
new learning object that must be mastered before it can be used to solve 
the tasks.

Second, the way the feedback was created may have influenced our 
results. That said, this was an intentional design choice to adequately 
present the different types of knowledge. Accordingly, the texts of the 
conceptual feedback were longer and appeared thus more complex. 
However, our aim was not to compare feedback texts at different length, 
but rather to gain insights into how different types of knowledge in 
feedback influence learning. Consequently, these differences in text 
length resulted solely from the differing requirements to illustrate those 
knowledge types. This is also emphasized by other studies on different 
knowledge types, where explanations containing conceptual knowledge 
also rely on longer texts (see Lachner et al., 2019).

Lastly, future research could use our results in learning analytics- 
based feedback, as the combination of learning analytics and feedback 
enables an individualized provision of feedback. Additionally, a recent 

study identified the need to investigate how feedback can be used most 
effectively within such a system (Tepgec et al., 2025). Accordingly, our 
results regarding the relevance of prior knowledge and effect of varying 
knowledge types could be considered here.

7. Conclusion

In summary, our study investigated the effects of different com
plexities in feedback messages on students’ achievement. The results 
imply that feedback can be an effective means of addressing learners 
with different levels of prior knowledge. This is particularly underlined 
by the fact that no feedback did not lead to any change in achievement. 
Moreover, only the provision of elaborated feedback led to a significant 
difference in achievement compared to no feedback. Furthermore, in 
terms of the effectiveness of different types of elaborated feedback, we 
conclude that only conceptual feedback reduces the relevance of prior 
knowledge, thus making it especially effective for learners with low 
prior knowledge.
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