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Abstract
Learning independently involves not only cognitive but also emotional, motivational, and 
metacognitive challenges, particularly for children still developing their self-regulated 
learning skills. Consequently, children’s learning experiences can fluctuate rapidly within 
one learning activity, and assessing these experiences without disrupting learning remains 
an important research aim. In the present study, the feasibility of unobtrusively collecting 
two forms of trace data—pen pressure and facial expressions—from young learners in 
authentic classroom contexts was investigated, and the validity of the resulting indica-
tors was tested. Data was analysed from two classroom studies with over 580 third- and 
fourth-grade children in Germany, who learned mathematics content in a tablet-based 
digital learning environment using digital pens and integrated webcams. Pen pressure was 
recorded in three phases of the learning task, facial expressions following feedback were 
coded for valence, and linear mixed-effects models tested how these indicators varied with 
item accuracy and difficulty. Mean and variance in pen pressure increased with item diffi-
culty and after positive feedback, suggesting pen pressure indicators reflect both cognitive 
load and arousal. More varied pen pressure on difficult items that were answered incorrect-
ly may reflect the metacognitive experience of uncertainty. Children’s facial expressions 
were rated more positively after positive feedback than error feedback and when they 
self-reported higher valence, while nuanced effects of item difficulty pointed to attribu-
tional processes shaping children’s emotional reactions. Overall, the findings demonstrate 
that pen pressure and facial expressions can be collected unobtrusively in real classroom 
contexts and provide valuable insights into young learners’ experiences.

Keywords  Self-regulated learning · Trace data · Pen pressure · Facial expression · 
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Introduction

Learning new topics and acquiring new strategies for solving complex tasks is not only 
a cognitive challenge, but also an inherently emotional, motivational, and metacognitive 
challenge for learners of all ages. For children, who are still transitioning from other- to self-
regulating their learning (Cole et al., 2019), self-study can be especially challenging and 
dynamic. While processing learning content, learners can experience emotions like pride 
and boredom (e.g., Pekrun et al., 2016), be motivationally interested or not value the topic 
(e.g., Renninger et al., 2014; Wigfield & Eccles, 2000), and be affected by metacognitive 
experiences such as confidence and uncertainty (Efklides, 2006). As they begin to apply a 
new strategy, for example in some self-test items, learners may evaluate the difficulty of an 
item, invest variable degrees of effort, and feel varying levels of certainty and frustration 
about their answers. When they receive feedback on their newly acquired skills, learners 
may experience joy, relief, disappointment or shame, and the feedback may concur with 
their prior expectations of success or not (e.g., Horvers et al., 2025). As is clear from these 
examples, a myriad of experiences can arise and fluctuate rapidly during different phases 
of learning. A pressing challenge for researchers committed to capturing the wide spectrum 
of learning phenomena—including cognitive, emotional, motivational, and metacognitive 
processes—is the need to collect high-frequency data on these processes as unobtrusively as 
possible. The current study aims to contribute to addressing this challenge.

Assessing self-regulated learning processes dynamically

All dominant models of self-regulated learning (SRL) acknowledge the dynamic and cycli-
cal nature of the processes and behaviours that contribute to learning success (Panadero, 
2017). For instance, Boekaerts’ (2011) Dual-Processing Model emphasises that whether a 
learner finds themselves on a growth or a well-being pathway is influenced by their apprais-
als of the learning task and their associated learning intentions; importantly, these appraisals 
are generated repeatedly throughout a learning task. The frameworks by Pintrich (2000) and 
Zimmerman (2000) arrange processes relevant to self-regulated learning in three or four 
temporal phases, but emphasise in their descriptions that, “there is no strong assumption of 
a simple linear, static process with separable noninteracting components” (Pintrich, 2000, 
p. 456). Despite this, much research conducted into self-regulated learning processes has 
employed rather static methods, with a strong reliance on self-report regarding how one typ-
ically behaves, or how one behaved in a specific learning task (Rovers et al., 2019; Winne, 
2010). Such reports can be limited in the temporal dimension, with memory biases being 
unavoidable when a time delay is present. While some designs improve on this by collecting 
reports frequently and proximally to the learning process, for instance ambulatory assess-
ment or experience sampling, it is generally agreed that self-reports are limited in their 
ability to evaluate dynamically changing experiences during learning and can be intrusive if 
implemented with high frequency (Rintala et al., 2023). Further, there are well documented 
concerns about children’s ability to provide reliable self-reports (Conjin et al., 2020).

Many of the aforementioned limitations of self-report also apply to parent- or teacher-
reports of children’s self-regulation or self-regulated learning abilities such as the Chil-
dren’s Behavior Questionnaire (Rothbart et al., 2001) and the CHILD (Whitebread et al., 
2009). In addition, their validity has been questioned (Karlen et al., 2024) and external 



1 3

Page 3 of 24     32 Tracing the learning experience in a digital learning environment:…

reporters are naturally restricted in their ability to report on the inner emotional and motiva-
tional experiences of young learners. While progress has been made in the development and 
validation of observational tools that aim to unobtrusively capture the naturally occurring 
self-regulated learning abilities of young learners, e.g., the Regulation-Related Skills Mea-
sure (McCoy et al., 2022; Eberhart et al., 2024), these too are primarily based on observable 
behaviours and cannot access learners’ inner experiences. Furthermore, they remain time- 
and resource-intensive to apply and may result in observer effects which threaten validity. 
As such, there seems to be a need for more objective, scalable, and minimally intrusive 
assessment methods in the field of self-regulated learning.

The collection of trace or log data is a promising option for gaining more insight into 
learners’ dynamic inner experiences during learning tasks (Kovanovic et al., 2023). These 
types of data can include log data regarding how a learner navigates a learning environment, 
time on screen, response times, mouse-tracking trajectories, pressure applied with finger 
or digital pens, as well as video data collected from webcams. The analysis of trace data 
offers substantial advantages, including the capacity to capture fine-grained, unobtrusive 
records of learning processes. However, two methodological challenges warrant consid-
eration. First, the high granularity of trace data requires careful theoretical grounding to 
link observed behavioural indicators to specific latent self-regulation constructs (Seufert, 
2026; Winne, 2010). Second, validation of trace data interpretations benefits from triangu-
lation with other measures. Concurrent think-aloud protocols have been successfully com-
bined with log data in upper primary school children (Paans et al., 2019; Vandevelde et al., 
2015). However, such protocols require substantial resources and may not be feasible in all 
research or educational contexts. As such, complementary validation approaches are valu-
able, such as examining how trace data indicators systematically vary with item characteris-
tics or context variables. This is the approach taken in the current study.

Trace data are typically collected within a digital learning environment. One notable 
example in the self-regulated learning field is MetaTutor (Azevedo et al., 2022) which has 
the dual aims of promoting and assessing self-regulated learning processes multimodally. 
MetaTutor was developed for late adolescent and adult learners and has primarily been 
studied under laboratory conditions. There remains a paucity of programs designed to col-
lect trace data from younger learners (namely, primary school-aged learners) in ecologically 
valid contexts. Indeed, in a recent review of trace data indicators of self-regulated learning, 
only six studies included participants from primary, middle or high school (Boulahmel et al., 
2025). With increased use of digital tools in education, more opportunities arise for research-
ers and practitioners to access and make use of trace data using technology freely available 
in regular classrooms. As primary school classrooms are increasingly equipped with tablet 
computers or easy access to these (OECD, 2023), in the current study we designed a digital 
learning environment for tablet computers. These devices offer easy data collection of two 
types of trace data that have been previously linked to cognitive, motivational, and emo-
tional processes, namely pen pressure (collected via a digital pen) and facial expression rat-
ings (based on videos collected via integrated cameras). The overarching aim of the current 
study is to test the feasibility of collecting trace data from primary school-aged learners in 
real-life learning contexts and evaluate the validity of the resulting variables.
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Pen pressure

The majority of prior studies investigating pen pressure in learning contexts have been con-
ducted with small samples, adult participants, and under controlled laboratory conditions. 
As such, they are only of limited relevance to our current aim to investigate primary school 
students in authentic settings. Further, the studies are quite heterogenous in terms of equip-
ment used (digital pens on real paper or on tablets), type of task (academic or game-based), 
and the actions during which pen pressure is measured (writing, drawing, tapping on but-
tons). Nevertheless, findings do seem to indicate that more pressure and more variable pres-
sure is associated with more difficult conditions and/or higher cognitive load. For example, 
Li & colleagues (2024) measured pen pressure (including mean and standard deviation of 
pressure) while adult participants engaged with two learning tasks—writing sentences in 
a second language, and taking notes and highlighting text during text comprehension. The 
data indicated that pen pressure alone was not a particularly strong predictor of participant-
reported item difficulty, but its inclusion did improve the predictive models (i.e., it is one 
of many meaningful multimodal data sources, along with stroke-based, path-based, time-
based, and eye-tracking features). In a study with 7- to 12-year-old children, Altmeyer and 
colleagues (2023) measured pen pressure while children completed two sketching tasks that 
varied in cognitive load. While pen pressure was not associated with child-reported cogni-
tive load, children applied more variable pen pressure in a trail making task with higher 
intrinsic cognitive load than with low intrinsic cognitive load. Aside from predicting cog-
nitive load or task difficulty, some researchers have tried to predict high school students’ 
domain expertise based only on pen measures collected while they worked on complex 
maths problems (Oviatt et al., 2018). Results showed that stroke distance and mean pressure 
were the greatest negative predictors of maths expertise; that is, students who could more 
easily solve the problems used shorter pen strokes and applied less pressure while working 
than their peers who struggled. Despite these studies predicting slightly different outcome 
variables, in sum, they suggest that both the average applied pen pressure as well as the vari-
ability thereof are positively related to item complexity or cognitive load.

Lastly, pen pressure has also been associated with emotion and motivation variables, 
with higher mean pressure correlating positively with self-reported frustration, negatively 
with enjoyment and negatively with task engagement in adults learning to write Japanese 
letters (Schrader & Kalyuga, 2020). Given the paucity of studies examining pen pressure in 
primary school children, it is not known to what extent this indicator will reflect the same 
or different processes as in adult participants. Further, whether the associations evidenced in 
data collected under rather controlled conditions will generalise to data collected in a more 
ecologically valid classroom setting remains to be seen.

Facial expressions

The facial expressions learners make while learning can be observed and rated for emotion. 
There are two main approaches to this—human rating based on predefined coding schemes 
(conducted in situ or with videos, e.g., Somerville & Whitebread, 2019; Horvers et al., 2025; 
Merrick & Fyfe, 2023) and automated systems that analyse video data (e.g., FaceReader, 
Noldus Information Technology, 2022). In both approaches, discrete emotions (e.g., joy, 
anger, boredom, surprise), valence (positive to negative), and/or arousal (low to high) can be 



1 3

Page 5 of 24     32 Tracing the learning experience in a digital learning environment:…

rated, depending on the research aims. While automatic systems are undoubtedly attractive 
because of their time efficiency, they have not been widely validated in children (Cross et 
al., 2023) and remain inaccessible to many researchers because of high costs and required 
expertise. Consequently, in this study human coding was the chosen method for rating facial 
expressions in young children observed in real classroom contexts.

Ratings of facial expressions have primarily been validated by calculating their concur-
rence with participants’ self-reported emotions. Generally speaking, in learning contexts 
children’s self-reported emotions tend to be rather positive and their facial expressions tend to 
be rated more neutrally (Horvers et al., 2025) and in adults it has been established that fewer 
emotions are observable than are reported (Reisenzein et al., 2014). In a study with 10- to 
12-year-olds significant but small correlations emerged between researcher-observed nega-
tive emotions and self-reported valence, and no correlations emerged between researcher-
observed positive emotions and self-reported valence (Horvers et al., 2025). The masking 
of emotional expressions, i.e., when an individual quickly changes their facial expression to 
hide their experienced emotion, may pose a threat to the validity of facial expression ratings. 
This may be particularly pronounced in interactions, where facial expressions serve a social 
and communicative function. Indeed, in a naturalistic observational study in primary school 
classrooms, Somerville and Whitebread (2019) established that the majority of emotionally 
challenging situations involved an interaction with a peer. It is conceivable that negative 
emotion expressions are masked more in social interactions or when learners feel like they 
are being observed, in comparison to self-study contexts when facial expressions are cap-
tured unobtrusively via video recordings. Additionally, we speculated that social display 
rules may not be as established or pronounced in younger learners. For these reasons, in 
the current study we were optimistic that emotional reactions would be observable when 
children received feedback on their performance.

Two prior studies have specifically examined primary school students’ facial expres-
sions following feedback on maths problems (Horvers et al., 2025; Merrick & Fyfe, 2023). 
Horvers and colleagues coded for discrete emotions and observed that more negative than 
positive emotions were observed following negative feedback, but a similar frequency of 
negative and positive emotions were observed following positive feedback. Merrick and 
Fyfe rated children’s emotional valence both while they worked on maths problems and 
after they received feedback; they based their ratings on facial expressions, tone of voice 
as well as verbal statements. Similar to Horvers et al. (2025), they observed more negative 
valence following negative feedback than positive feedback, and also that more positive 
valence was observed in feedback than problem-solving phases, but that negative valence 
was similarly prevalent across the phases. The latter finding is presumably rather task spe-
cific and related to the difficulty of items. Indeed, a study on the impact of game elements 
on facially expressed emotions and subjective effort found that associations between facial 
expressions and task conditions are not always consistent suggesting that what emotions are 
observed and what conclusions can be drawn is very context-dependent (Greipl et al., 2021). 
For this reason, in the current study we analyse two independent datasets and highlight 
commonalities in results. In terms of effort and task engagement, studies from the field of 
game-based learning indicate that facial expressions reflecting a broad spectrum of positive 
and negative valence and high and low arousal are associated with subjective effort (Greipl 
et al., 2021) and that more engaging game-based tasks are associated with higher propor-
tions of observed happiness and sadness (Ninaus et al., 2019). What remains unknown, is 
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whether facial expressions in response to feedback are influenced by the effort required to 
solve specific problems, i.e., by item difficulty.

The current study

The present study addresses the need for objective, scalable, and unobtrusive methods to 
capture young learners’ dynamic experiences during self-study. Using a tablet-based digital 
learning environment, two forms of trace data were collected—pen pressure via digital pens 
and facial expression ratings based on video recordings—from primary school-aged chil-
dren in real classroom settings. While previous research has linked pen pressure and facial 
expressions to cognitive load, task difficulty, motivation, emotion, and effort, much of this 
work has been conducted with adults and under controlled laboratory conditions, leaving 
open questions about their validity and usefulness in authentic classroom contexts with 
younger learners. By examining how three indicators derived from pen pressure measure-
ment and facial expression ratings are affected by response accuracy and item difficulty, this 
study evaluates the potential of these trace data sources to provide meaningful indicators 
of children’s cognitive, motivational, and emotional processes. In our approach, variables 
derived from trace data are treated as dependent variables, and features of the learning envi-
ronment are treated as predictors in order to estimate their unique contributions efficiently 
while avoiding multiple testing and redundancy across separate models.

In a first research question, we investigated what predicts the mean pen pressure applied 
during the learning environment. Hereby we considered the predictors accuracy of answer, 
item difficulty, and the phase within learning environment. Based on prior findings regard-
ing cognitive load and pen pressure (namely, Li et al., 2024 and Oviatt et al., 2018), we 
expected that when participants were typing and entering their answers, they would apply 
more pressure for difficult than easy items, and for items that they answered incorrectly 
compared to correctly. Despite a smaller relevant evidence base, one might expect higher 
mean pen pressure following negative than positive feedback, based on Schrader and Kaly-
uga’s (2020) findings regarding frustration and enjoyment.

We also tested what predicts the variance of pen pressure applied during the learn-
ing environment (research question 2). Hereby we considered the predictors accuracy of 
answer, item difficulty, and the phase within learning environment. Based on the prior find-
ings of Altmeyer and colleagues (2023), we expected more variable pressure when par-
ticipants were typing and entering their answers for more difficult than easier items, and 
in incorrectly than correctly responded items. Since Schrader and Kalyuga (2020) did not 
investigate the variance of pen pressure as a dependent variable, no firm hypotheses were 
made regarding variance of pen pressure applied after receiving feedback.

Lastly, in a third research question it was investigated what predicts facial expression 
valence ratings after receiving feedback. Hereby we considered the predictors accuracy of 
answer and item difficulty. Based on two relevant studies (namely, Horvers et al., 2025 and 
Merrick & Fyfe, 2023), we expected more positive valence to be expressed for correctly 
responded than incorrectly responded items; no strong hypotheses were made regarding the 
effect of item difficulty. Additionally, in an initial validation step we investigated the concur-
rence between children’s self-reported valence and arousal on the one hand, and the facial 
expression valence ratings made by external observers on the other hand. We expected to 
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observe significant but low concurrence with participants’ self-reported valence, and no 
associations with participants’ self-reported arousal.

Methods

The datasets analysed in the current manuscript are subsets of data collected as part of two 
larger studies within primary schools in Germany. Participation was voluntary and parents/
guardians provided written consent. Additionally, parents could opt in or out of video data 
being recorded. The study’s procedures fully complied with relevant laws and institutional 
guidelines, and ethical approval was granted by the ethics committee of the University of 
Education Weingarten (on 1st August 2023, reference number: PHW20230801) and the 
regional government (on 4th August 2023, reference number: 40.1-5038-2/6). Here only 
data from participants who agreed to provide video data and whose data included at least 
one correctly and one incorrectly responded trial are analysed. Analysis of a subset of the 
video data from Study 1 is reported in Pickal et al. (2026). The Study 2 dataset contains 
data from an experimental and control group, in which children’s beliefs about errors were 
manipulated. Since none of the variables of interest that are analysed here were affected by 
the experimental manipulation, data from both groups are included.

Participants

Data analysed from Study 1 were provided by N = 243 third grade children attending 21 
classes from 6 primary schools in Germany. The children were on average 9.28 years old 
(SD = 0.37), 48% were male, 49% were female and 2% were non-binary. The mean of their 
last grade in Maths was 2.25, which is classified as “Good to Satisfactory” in the German 
system which grades from 1 = very good to 6 = fail. 17% of the sample were not born in 
Germany, and 45% had at least one parent not born in Germany. Data analysed from Study 
2 were provided by N = 341 third and fourth grade children attending 24 classes from 7 
primary schools in Germany. The children were on average 9.98 years old (SD = 0.62), 49% 
were male, 49% were female and 1% were non-binary. The mean of their last grade in 
Maths was 2.26, which is classified as “Good to Satisfactory” in the German system. 22% 
of the sample were not born in Germany, and 53% had at least one parent not born in Ger-
many. With the percentage of adults in Germany with an immigration background currently 
around 30% (Statistisches Bundesamt, 2025) this sample can be considered representative 
of the broader population.

Materials and apparatus

Data were collected from children within a digital learning environment, programmed 
using PsychoPy (Version: 2024.2.4; Peirce et al., 2019) and hosted online via www.pav-
lovia.org (Bridges et al., 2020). Children processed the digital learning environment using 
tablet computers equipped with webcams (Microsoft Surface Pro 4), headphones (TIMIO 
children’s headphones) and a digital pen (Microsoft Surface Pen). The tablet computers 
were positioned upright in front of the children, using the integrated stand in the back of 
the device. Accordingly, the videos recorded from the built-in webcams generally aligned 

http://www.pavlovia.org
http://www.pavlovia.org
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with the children’s faces, except when the children shifted away from their typical posture. 
The pressure applied via the digital pen was recorded using the API PointerEvent; a demon-
stration of how this can be implemented in Pavlovia is freely accessible and shared online 
(Papenmeier, 2024). Pressure was measured as a normalized value (range: 0–1) via the 
PointerEvents API, where values represent the proportion of maximum detectable pressure 
for each device (unitless).

For both Study 1 and Study 2, the content of the digital learning environment was math-
ematics; the topics and quiz items selected varied slightly to ensure that they were cur-
riculum-relevant for the children at the time of data collection. Consequently, in Study 2, 
different learning materials were presented to the third- and fourth grade students. A full list 
of chapter names and quiz items is provided in Supplementary Materials. In order to vali-
date the coding scheme used to rate valence of facial expressions, the valence and arousal 
scales of the Self-Assessment Manikin (SAM; Bradley & Lang, 1994) were collected from 
children within the digital learning environment. The ratings children provided on the SAM 
were reverse coded so that for Valence 1 = negative and 9 = positive valence, and for Arousal 
1 = low and 9 = high arousal.

Procedure

The data were collected in schools, in a group data collection session during a lesson in a 
typical school day. Children worked on the content of the digital learning environment in 
a self-paced manner under quiet study conditions (for 30 min in Study 1 and for 40 min in 
Study 2). One trained researcher conducted the session, occasionally accompanied by the 
class teacher, who was instructed not to assist the children in answering the quiz items. 
Children were instructed to use the digital pen when interacting with the tablet. Children 
exited the digital learning environment after the fixed amount of time, resulting in a differ-
ent number of completed chapters and quiz items per participant. Students were informed 
that completing all four chapters of the digital learning environment was not expected or 
required; rather, the emphasis was placed on engaging in effective learning.

Early in the digital learning environment, children completed five “practice” slide actions 
with their digital pen on the tablet surface (see A in Fig. 1); these served as calibration trials 
from which mean and standard deviation (SD) of pen pressure was calculated and used as a 
control variable in models with the dependent variables mean pen pressure or SD pen pres-
sure, respectively. It was deemed important to assess pen pressure outside of the learning 
task and control for the relevant variables in our analyses because there could be individual 
differences in children’s experience using digital pens on tablet computers as well as in their 
general motor control (see Potamianou & Bryce, 2026, for a similar approach in a mouse-
tracking study with children). Afterwards, they worked through up to four chapters, each 
targeting a different curriculum-relevant topic for their year group and the timepoint within 
the school year. Each chapter had the same structure: first, between six and ten pages of con-
tent were presented to the children regarding strategies for solving specific types of maths 
problems (see “Chapter content” in Fig. 1). This information was presented audio-visually 
and the children could re-play audio explanations and navigate forwards and backwards 
through these pages as they wished. After each chapter content, five quiz items with feed-
back were presented one after the other. Children solved the items (using the note paper if 
desired), typed their answers by tapping on a number pad presented digitally on the screen 
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(see B in Fig. 1), and entered their answer by sliding an arrow presented at the bottom of the 
screen from left to right (see C in Fig. 1). Immediately after entering the answer, the children 
received feedback on their answer to that quiz item (see “Feedback” in Fig. 1). During this 
time, short videos were recorded using the tablet-integrated webcam (see E in Fig. 1). To 
proceed from the feedback presentation, children had to again slide an arrow presented at 
the bottom of the screen from left to right (see D in Fig. 1). Children’s self-reported valence 
and arousal was collected using the SAM immediately after item feedback in chapter 1 only 
(Study 1) or in all chapters (Study 2).

After completing the five quiz items at the end of a chapter, summary feedback contain-
ing information about whether each item was answered correctly or incorrectly was pre-
sented to the children. Next, they could decide whether to repeat the chapter a second time 
or proceed to the next chapter. Only data from the first attempts at each chapter are included 
in the current analyses, since different physiological reactions may occur when encounter-
ing a quiz item for a second time.

Data preparation and analyses

Single trial exclusion

All trials with video data, those in which the participant provided an answer to the quiz 
item, and those that were the first attempt at each quiz item were eligible for analyses. 
This amounted to 3263 trials in Study 1 and 4581 trials in Study 2. Some single trials were 
excluded from each dataset for specific technical reasons. Trials with missing pressure data 
in one of the three phases, probably because the child used their finger instead of the digital 
pen, were excluded (in Study 1 this was 3% of all trials; in Study 2 this was 8% of all trials). 
This resulted in 3174 trials from 243 participants in Study 1 and 4209 trials from 341 par-
ticipants in Study 2 to address research questions 1 (What predicts mean pen pressure?) and 
2 (What predicts the variance of pen pressure?). For the analysis to address research ques-

Fig. 1  Schematic of the procedure and analysed variables. Note. Mean calibration pressure and SD cali-
bration pressure were calculated for each participant from five calibration trials (see A). Phase 1 Typing 
Answer values were calculated from the pressure measured when the participant tapped on each button 
of the digital number pad (see B). Phase 2 Entering Answer values were calculated from the pressure 
measured when the participant moved the arrow from left to right on a Quiz Item screen (see C). Phase 3 
After Feedback values were calculated from the pressure measured when the participant moved the arrow 
from left to right on a Feedback screen (see D). Video clips of facial expressions were collected during 
each Feedback screen (see E) and coded for emotional valence. 
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tion 3 (What predicts facial expression?), only trials with codable videos could be included. 
This further reduced the datasets to 2055 trials from 200 participants in Study 1 and 2991 
trials from 317 participants in Study 2. Videos were deemed not codable if: the face was 
not clearly visible from the forehead to bottom lip, a hand covered parts of the mouth or the 
child’s fingers were in their mouth, lighting was so bad that the face was not clearly visible, 
a hand covered the eyes, or an unnatural situation occurred such as the teacher talking to 
the student.

Calibration trials

As described in Procedure, each child completed five calibration trials at the start of the dig-
ital learning environment. Single calibration trials with missing pressure data (9 trials from 
Study 1; 38 trials from Study 2; most likely due to a finger being used instead of the digital 
pen) were excluded from further analyses and calibration variables were derived from the 
remaining calibration trials. Pen pressure information was recorded every time the screen 
was refreshed while the digital pen interacted with the tablet screen. As such, to calculate 
the calibration mean pen pressure for each participant, first the mean pressure applied within 
each calibration trial was calculated, and then the mean of these (up to) five values was cal-
culated. To calculate the calibration variance pen pressure for each participant, first the SD 
of pressure values within each calibration trial was calculated, and then the mean of these 
(up to) five values was calculated. One of these variables was entered as a control variable 
for models with the relevant pen pressure variable (mean or variance) as dependent variable.

Pen pressure variables

For each phase (see B, C, and D in Fig. 1), both the mean pen pressure and the variance of 
pen pressure was calculated, similarly as described above. That is, in the Typing Answer 
phase, the pressure with which a number button was tapped was recorded. The mean and 
SD of these values were calculated for Phase 1. In the Entering Answer phase and the After 
Feedback phase, the pressure with which the arrow was pressed as the participant slid it 
from left to right was recorded. The mean and SD of these values were calculated for Phase 
2 and Phase 3, respectively.

Item difficulty

Item difficulty was operationalized using the proportion-correct method in Classical Test 
Theory (Lord & Novick, 2008), where lower accuracy within the sample reflects higher 
difficulty. For the 20 items included in Study 1, the item difficulty ranged from 0.07 to 0.65; 
for the 40 items included in Study 2 (20 items for third grade, 20 items for fourth grade), the 
item difficulty ranged from 0.14 to 0.87.

Facial expression valence rating

The valence of a child’s facial expression as observed in the video clips was rated on a 
5-point rating scale from very negative (1) to very positive (5). This rating was based on a 
coding scheme adapted from those by Cole et al. (1994), Somerville & Whitebread (2019), 
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and Merrick & Fyfe (2023). The full coding scheme can be found in Supplementary Mate-
rials. Two trained research assistants coded a subset of the same videos (52 in total) and 
reached very good interrater agreement (ICC = 0.82), before continuing to provide ratings 
for approximately half of the video clips each. The research assistants were blind to which 
item the student in the video had attempted and whether they had responded correctly or 
incorrectly.

Approach to data analysis

Data were analysed using R (R Core Team, 2025). To address the research questions, single 
trials were analysed in three linear mixed effects models (LMMs; using the package lme4, 
Bates et al., 2014), with the dependent variables mean pen pressure, variance pen pressure 
and valence rating, respectively. For the first two models, the associated control variable 
(calibration mean pen pressure, and calibration variance pen pressure) was entered as a 
fixed effect. Additional fixed effects for these two models were the Accuracy of the Answer 
(correct, incorrect), Item Difficulty, and Phase within the digital learning environment (1: 
Typing Answer, 2: Entering Answer, 3: After Feedback). For the model predicting valence 
rating from the video data, fixed effects included Accuracy of the Answer (correct, incor-
rect) and Item Difficulty. To aid interpretation, the Item Difficulty fixed effect was centred 
before being entered into the LMMs. For all models, a random intercept for Participant was 
included to account for individual differences in the baseline dependent variables, acknowl-
edging that repeated trials from the same participant are not independent. For models with 
pen pressure variables as dependent variables, the hierarchical structure of the data was 
modelled by also including random intercepts for the interaction between participant and 
trial (as pen pressure data from three phases within one trial were included as fixed effects). 
For each dependent variable, the best fitting LMM was established via the model selection 
procedure described by Barr and colleagues (2013). The full models include all predic-
tors as simple effects and their higher order interactions. In an iterative fashion, the impact 
of removing one term is tested using likelihood ratio tests (using the package lmerTest, 
Kuznetsova et al., 2017) and the best fitting LMMs are presented in tables.

Results

Descriptive statistics

Table 1 contains the group means, calculated from the participant means, for key variables 
collected within the digital learning environment for each study. It appears that children in 
Study 2 progressed through more chapters, performed overall less accurately, took longer 
to answer the questions and spent longer reading their feedback than did children in Study 
1. They also reported more neutral (than positive) valence and higher arousal after reading 
their feedback, applied more pen pressure in Phase 1 and 3, and more variable pressure in 
Phase 1 than did children in Study 1.
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Validation of facial expression valence rating

To investigate the validity of our rating of facial expression valence, it was tested whether 
the children’s self-reported valence was a significant predictor of the ratings produced by 
external coders and as a measure of discriminant validity we also investigated whether self-
reported arousal was a significant predictor of the ratings. Note, a random intercept for 
Participant was included in these models. As hypothesised, for both datasets, self-reported 
valence was a significant predictor of the ratings based on video clips and self-reported 
arousal was not (see Table 2), suggesting that the manual coding conducted in this study 
does capture well the self-reported emotional valence experienced by the learners. Also as 
expected, the models did not explain much variance in valence ratings with Conditional R2 
values under 25%. In Study 1 the fixed effects explained 5.5% of variance (Marginal R2) and 

Table 1  Summary of participant means of each relevant variable
Study 1 Study 2
N Mean SD Min–Max N Mean SD Min–Max

Calibration mean pressure 243 0.25 0.09 0.06–0.60 341 0.27 0.09 0.05–0.60
Calibration variance pressure 243 0.10 0.03 0.03–0.26 341 0.10 0.03 0.03–0.20
Behaviour in learning task
  Number of chapters completed 243 2.97 0.87 1.00–4.00 341 3.54 0.81 1.00–4.00
  Overall response accuracy 243 0.72 0.21 0.00–1.00 341 0.49 0.27 0.00–1.00
  Calculation time (s) 243 52.83 21.85 14.40–173.07 341 82.01 40.67 14.88–364.23
  Feedback reading time (s) 243 3.88 2.16 1.74–24.73 341 4.79 4.08 1.75–41.15
Phase 1: Typing answer
  Mean pressure 243 0.19 0.06 0.06–0.40 341 0.21 0.07 0.06–0.44
  Variance pressure 243 0.06 0.01 0.02–0.12 341 0.06 0.02 0.01–0.14
Phase 2: Entering answer
  Mean swipe pressure 243 0.29 0.09 0.11–0.68 341 0.30 0.10 0.06–0.56
  Variance swipe pressure 243 0.11 0.03 0.04–0.24 341 0.11 0.03 0.03–0.25
Phase 3: After feedback
  Mean swipe pressure 243 0.29 0.09 0.11–0.67 341 0.31 0.10 0.08–0.60
  Variance swipe pressure 243 0.11 0.03 0.05–0.26 341 0.11 0.03 0.04–0.20
  Facial expression coding 200 2.95 0.35 2.00–4.88 317 2.94 0.45 1.50–5.00
  Self-reported valence 243 7.80 1.47 1.80–9.00 341 6.27 2.04 1.00–9.00
  Self-reported arousal 243 2.75 1.94 1.00–9.00 341 4.20 2.23 1.00–9.00

Table 2  Estimates for fixed effects in the LMMs with facial expression valence rating as dependent variable 
for Study 1 and Study 2
Predictor Study 1 Study 2

Estimate 95% CI p Estimate 95% CI p
(Intercept) 3.05 2.98–3.11 < 0.001 2.94 2.90–3.00 < 0.001
Self-reported valencea 0.09 0.06–0.12 < 0.001 0.08 0.07–0.09 < 0.001
Self-reported arousala − 0.002 -0.03–0.02 0.872 0.001 − 0.01–0.01 0.919
p-values are based on the Wald statistic
LMM Linear Mixed-Effects model, CI Confidence interval
avariable was mean centred before entering model
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the full model (i.e., random and fixed effects) explained 21.1% of variance (Conditional R2). 
In Study 2, Marginal R2 = 0.07 and Conditional R2 = 0.15.

What predicts mean pen pressure?

The best fitting LMMs for the mean pen pressure are presented in Table 3. Overall, the mod-
els explained a reasonable proportion of variance in mean pen pressure. The dataset for pen 
pressure (mean and variance) in Study 1 comprised 9522 observations from 243 participants 
(correctly answered items: 6813 trials from 242 participants; incorrectly answered items: 
2709 trials from 217 participants). The fixed effects explained 40.5% of variance (Mar-
ginal R2), the random effects (or, differences between individuals) explained an additional 
20.8% of variance (Conditional R2 = 0.61) and the Root Mean Square Error (RMSE1) was 
0.068 (unit: proportion of maximum detectable pressure; range 0 to 1). Residual diagnostics 
indicated no violations of normality or homoscedasticity assumptions (see Supplementary 
Figure S1).

The dataset for pen pressure (mean and variance) in Study 2 comprised 12,627 observa-
tions from 341 participants (correctly answered items: 6522 trials from 324 participants; 
incorrectly answered items: 6105 trials from 336 participants). In the Study 2 model, the 
fixed effects explained 39.9% of variance (Marginal R2), the random effects explained an 
additional 18.2% of variance (Conditional R2 = 0.58), and the RMSE was 0.075. Residual 
diagnostics indicated no violations of normality or homoscedasticity assumptions (see Sup-
plementary Figure S2).

In the following, the findings that are common across the two studies will be described. 
In both studies there is a positive association between the calibration mean pressure and 
the mean pressure used in the learning environment, suggesting some individual differ-
ences in pen pressure and highlighting the importance of controlling for these differences in 
analyses. In both studies, the main effect of Phase indicates that the mean pressure recorded 
increases across the phases. More specifically, more pressure is applied in Phases 2 and 3 
compared to Phase 1; it should be noted that slide actions were required in Phases 2 and 3, 
whereas tapping on buttons was required in Phase 1. The Accuracy × Phase 3 interactions 
indicate that, contrary to our expectations, participants apply more pressure when mov-
ing on after positive feedback than negative feedback (in Phase 3). The Item difficulty × 
Phase interactions across both studies also indicate that in Phases 2 and 3, as item difficulty 
increases participants apply more pressure entering their answers and after reading their 
feedback, consistent with our hypotheses.

As well as these consistent findings there are some notable differences between the 
results of Study 1 and Study 2. In Study 1 only, higher item difficulty is associated with 
higher mean pen pressure also in Phase 1 (Typing Answer). In Study 2, as Item Difficulty 
increases, the effect of Accuracy on mean pressure increases (i.e., for harder items, more 
pressure is applied when they are answered correctly than incorrectly). Altogether, these 
results may indicate that mean pen pressure as measured here reflects arousal more than 
frustration.

1  The RMSE from linear mixed-effects models quantifies the typical magnitude of residual prediction error, 
representing the average deviation between observed and model-predicted values on the outcome scale.
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What predicts the variance of pen pressure?

The best fitting LMMs for the variance of pen pressure are presented in Table 4. These 
models explained less variance than those predicting the mean pen pressure: In Study 1 the 
fixed effects explained 37.6% of variance (Marginal R2) and the random effects explained an 
additional 8.7% of variance (Conditional R2 = 0.46); in Study 2 the fixed effects explained 
27.4% of variance (Marginal R2) and the random effects explained an additional 9.7% of 
variance (Conditional R2 = 0.37). The RMSE was 0.035 for the Study 1 model and 0.039 for 
the Study 2 model. Residual diagnostics, which can be viewed in Supplementary Figures S3 
and S4, indicated good model fit.

The following findings were common across the two studies. Similar to the findings for 
mean pressure values, the control variance variables calculated from the calibration trials 
are strong predictors of the variance measured within the learning environment, again point-
ing to the existence of stable individual differences in motor variability. Also mirroring the 
previous findings, the variance in the pressure applied increased across phases, with more 
variance in Phases 2 and 3 (slide actions) than in Phase 1 (tapping actions). More variable 
pressure is also applied as item difficulty increases, as expected. Lastly, more variance was 
measured in pen pressure when participants moved on after correct than incorrect feed-
back (Accuracy × Phase Phase 3 interaction). Similar to the results of mean pen pressure, 
these results may suggest that variability in the pen pressure applied in our learning context 
reflects both arousal and effort.

In Study 2, an additional two-way and three-way interaction improved the model fit but 
did not themselves emerge as statistically significant predictors in the best fitting model. 
The only interaction that perhaps warrants attention is the marginally significant Accuracy 
× Item difficulty × Phase Phase 1 interaction. The associated negative estimate indicates that 
in Phase 1 (Typing Answer), the difference in pen pressure variance between correct and 
incorrect answers becomes more negative as item difficulty increases. That is, for harder 
items, the difference in variance between correct and incorrect answers grows, with cor-
rect answers showing lower variance. This may indicate a lack of confidence when typing 
answers for difficult items that are in the end incorrect.

Table 5  Estimates for fixed effects in the best fitting LMM for facial expression valence rating in Study 1 
and Study 2
Study 1 Study 2
Predictor Estimate 95% CI p Predictor Estimate 95% 

CI
p

(Intercept) 2.49 2.42–
2.57

< 0.001 (Intercept) 2.55 2.50–
2.60

< 0.001

Accuracy of answer 0.61 0.53–
0.69

< 0.001 Accuracy of 
answer

0.74 0.68–
0.80

< 0.001

Accuracy Incorrect × Item 
difficulty a

0.36 0.04–
0.67

0.027

Accuracy Correct × Item dif-
ficulty a

− 0.30 − 0.49– 
− 0.11

0.002

p-values are based on the Wald statistic
a variable was mean centred before entering model
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What predicts facial expression valence rating?

The best fitting LMMs for the facial expression valence rating (based on the video clips 
during feedback presentation; Phase 3) are presented in Table  5. The dataset for facial 
expression ratings in Study 1 comprised 2055 observations from 200 participants (cor-
rectly answered items: 1452 trials from 195 participants; incorrectly answered items: 603 
trials from 176 participants). The dataset for facial expression ratings in Study 2 comprised 
2991 observations from 317 participants (correctly answered items: 1611 trials from 289 
participants; incorrectly answered items: 1380 trials from 298 participants). These models 
explained approximately one quarter of the variance in valence ratings. In Study 1 the fixed 
effects explained 12.4% of variance (Marginal R2) and the random effects explained an addi-
tional 8.9% of variance (Conditional R2 = 0.21); in Study 2 the fixed effects explained 16.1% 
of variance (Marginal R2) and the random effects explained an additional 7.5% of variance 
(Conditional R2 = 0.24). The RMSE was 0.669 for the Study 1 model and 0.785 (unit: facial 
expression valence rating; range 1 to 5) for the Study 2 model. Residual diagnostics, which 
can be viewed in Supplementary Figures S5 and S6, indicated acceptable model fit.

The consistent finding across the two studies is that children’s facial expressions were 
rated with more positive valence when they had answered the quiz item correctly, namely 
when they were reading positive feedback (as was hypothesised). In Study 1, this addition-
ally interacted with Item Difficulty, whereby in incorrectly responded trials, the more dif-
ficult an item was the more positive the facial expression was rated. Further, in correctly 
responded trials, the more difficult an item was the less positive the facial expression was 
rated. Possible interpretations of these findings will be elaborated upon in the Discussion 
section.

Discussion

The present study set out to evaluate the potential of two types of trace data—pen pressure 
and facial expressions—to provide meaningful insights into young learners’ experiences 
during classroom-based self-study. Building on prior work that has investigated these indi-
cators primarily with adults and/or under controlled conditions, we examined the feasibility 
of collecting them and their validity in authentic classroom contexts. Specifically, we inves-
tigated (1) whether mean pen pressure varied as a function of answer accuracy, item diffi-
culty, and learning phase; (2) whether the variance of pen pressure was similarly predicted 
by these variables; and (3) whether facial expression valence ratings following feedback 
were influenced by answer accuracy and item difficulty. To this end, we analysed data from 
two separate studies with large samples of primary school children learning under natural 
conditions within a tablet-based digital learning environment. The studies demonstrated that 
valuable trace data can be collected unobtrusively from children without disturbing their 
natural learning processes using tablet devices available in many classrooms, and that these 
data can provide novel insights into the dynamic learning experiences inherent to self-study. 
The results common to both datasets highlighted stable aspects of these indicators, whereas 
study-specific findings highlighted the context dependency of these variables. These will be 
elaborated in the following paragraphs.
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First, consistent with our expectations, participants entered their answers with more pres-
sure as item difficulty increased. This finding is consistent with prior findings regarding cog-
nitive load (Altmeyer et al., 2023) and expertise (Oviatt et al., 2018), but to our knowledge 
is the first demonstration that applied pen pressure varies as a function of item difficulty 
in primary school children. The chance to collect a proxy of children’s experienced diffi-
culty in an unobtrusive fashion may prove valuable for future studies as pen pressure could 
replace the collection of potentially disruptive trial-by-trial judgments from children.

Based on Schrader and Kalyuga’s (2020) observation of a negative relationship between 
mean pen pressure and reported enjoyment, we expected that children would apply more 
pressure when processing negative than positive feedback. In fact, in our data participants 
applied more pressure when moving on after reading positive feedback than error feedback. 
This may reflect the heightened arousal elicited by positive feedback. In Schrader and Kaly-
uga’s study, pressure was measured while students wrote newly learned Japanese characters 
on a tablet, and more pressure was associated with more frustration and less enjoyment. 
Putting these findings together, it seems that the phase in which pen pressure is measured is 
crucially important for its interpretation. Indeed, contrary to our hypotheses, there was no 
consistent evidence that mean pen pressure while typing or entering answers was associated 
with the accuracy of participants’ answers.

There is also some evidence for context-specific findings regarding mean pen pressure, 
namely findings specific to only one study. In the data from Study 1, participants applied 
more pressure when typing their answers as item difficulty increased, as hypothesized. In 
Study 2, which had an overall higher difficulty, the effect of accuracy on mean pressure 
was amplified as item difficulty increased (across all phases). That is, for easier items there 
was little difference between correctly and incorrectly responded trials, but for harder items 
participants applied more pressure on items they ended up answering correctly than incor-
rectly. This could be interpreted in different ways, depending on which phase of the learning 
environment is considered. While typing and entering the answer, pressure may reflect effort 
and engagement, and difficult items that receive a lot of effort are more likely to lead to cor-
rect responses. If positive feedback heightens arousal, causing higher pressure after reading 
the feedback, this result could reflect especially high arousal when a participant succeeds 
on a particularly challenging item, indicating that children take item difficulty into account 
when appraising their success. Since this two-way interaction did not interact with Phase, 
both interpretations could be accepted.

Regarding research question 2 about variance of pen pressure, the findings largely mir-
rored the mean pen pressure findings. Consistent with previous findings (Altmeyer et al., 
2023), participants’ pen pressure was more variable as item difficulty increased. A novel 
finding was that pen pressure was more variable when participants moved on after receiving 
positive feedback than error feedback. This can also be interpreted as reflecting increased 
arousal. One additional result from the Study 2 dataset could be interpreted as reflecting 
metacognitive processes. That is, when typing answers on especially hard items that turn 
out to be incorrect, participants’ pen pressure is more variable than when those answers turn 
out to be correct. This may indicate that children had insight into the difficulty of the items, 
and that increased pen pressure variance reflects their lack of confidence in the answer they 
were typing. This finding again highlights that the interpretation of an indicator, in this case 
variance of pen pressure, depends on the specific context in which it is measured (in this 
case, the phase within the trial and the overall difficulty level of the task).
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In addition to addressing our research questions, the data collected in the current study 
also highlighted that there are considerable individual differences in the mean and variance 
of pen pressure applied, and that these (measured via the calibration baseline values) are 
strong predictors of the pen pressure values measured within the digital learning environ-
ment. As such, we would recommend including such calibration trials in studies that aim to 
analyse pen pressure. It is notable that the effect of item difficulty on pressure was replicated 
in our study, suggesting that this effect is rather stable and providing evidence that it can 
also be observed in younger participants engaged with a learning task in a classroom setting.

Research question 3 concerned children’s facially expressed emotional valence as they 
worked on the learning task, as rated by external observers. Consistent with previous studies 
(Horvers et al., 2025; Merrick & Fyfe, 2023) and our hypothesis, participants’ facial expres-
sions were more positive following positive than error feedback. Study 1 provided some 
novel insights into the impact of individual item difficulty on facially expressed emotions. 
Specifically, when a more difficult item was answered incorrectly, participants expressed 
less negative valence than when an easier item was answered incorrectly. This likely indi-
cates that the children identified the item as challenging and therefore did not experience 
such negative emotions when the error feedback was presented; that is, they may have attrib-
uted the failure externally (e.g., “It’s not so bad, it was a really hard item”; Weiner, 1986) 
which served to minimise negative emotions. On the other hand, on correctly responded 
trials, harder items elicited less positive reactions than easier items. This finding may have 
emerged if children experienced a feeling of relief or surprise at having answered correctly, 
or if they had good metacognitive awareness of their success and therefore the feedback 
had limited impact. Based on the data collected in this study, we cannot distinguish between 
these different explanations. Nevertheless, these findings can be interpreted as reflecting 
some metacognitive processes, as children’s assessment of item difficulty and insight into 
their own likelihood of success may result in greater or lesser expressed emotional valence.

Over and above the findings related to this research question, our ratings of facial expres-
sion valence did concur with children’s self-reported emotional valence, consistent with 
previous findings (Horvers et al., 2025; Reisenzein et al., 2014). The fact that there was no 
association with self-reported arousal indicates that our observational rating scheme had 
high validity, and the high ICC between two raters demonstrates high reliability. Neverthe-
less, the low Conditional R2 values also indicate that observed valence and self-reported 
valence are not identical and perhaps provide complementary information (as also con-
cluded by Horvers et al., 2025). The data patterns confirm that children do show emotional 
reactions when receiving feedback on their performance, and social desirability or masking 
of negative emotions did not seem to present an issue here. Further, consistent with Greipl 
et al. (2021), we observed some dataset-specific findings, highlighting that facial expression 
valence ratings need to be interpreted with the specific context in mind.

Not only did we observe context-specific findings in each of the data streams (pen 
pressure and facial expression), but also data stream-specific findings. When considered 
together, we can see that each data stream delivers valuable and differentiated insights into 
children’s learning experiences. Across both studies, after reading positive feedback chil-
dren applied higher and more variable pen pressure, and expressed more positive valence 
in their faces, compared to negative feedback. While higher item difficulty was generally 
associated with increases in mean pen pressure and its variance, its association with facial 
expression valence was modified by whether the answer was correct or incorrect (in Study 
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1). The data from Study 2 also showed such an interaction of accuracy and item difficulty 
in pen pressure measures. A full comparison or integration of the insights gained from the 
two data streams is limited by the fact that facial expression was only recorded during 
the feedback phase, whereas pen pressure was measured across different learning phases. 
As such, pen pressure data and facial expression valence ratings were analysed separately, 
precluding examination of their relative explanatory power and temporal interplay. Future 
research could integrate these multimodal measures to investigate how implicit motor sig-
nals and emotional expressions converge or diverge during task performance (similar to 
Li et al., 2024 and Paans et al., 2019). Sequential analysis of these data streams would be 
particularly promising, as it could reveal whether changes in pen pressure precede shifts in 
facially expressed valence or vice versa. Such an approach would provide novel insights 
into the dynamic coupling of embodied and affective processes underlying self-regulated 
learning in young learners.

Limitations and future directions

The current study has some limitations that should be acknowledged. First, our method of 
calculating item difficulty was based on the sample performance and is as such sample-
dependent. Alternative approaches include Item Response Theory, which defines difficulty 
as the ability level at which there is a 50% chance of success, and expert- or judgment-based 
estimates. Our data pattern may have been different if item difficulty had been calculated in 
a different way or if a greater range of difficulties had been intentionally implemented in the 
learning environment. Second, we measured pen pressure in three phases (typing answer, 
entering answer, after feedback) but crucially we did not measure pen pressure while partic-
ipants worked on the maths items, as they used paper and pencil for this. It could be that pen 
pressure measured during the problem-solving phase would be even more closely linked to 
motivational processes and emotional experiences, and future studies should aim to collect 
this data as well. In our case, it was considered a trade-off with ecological validity, as mak-
ing notes on a tablet would be rather novel and unusual for primary school children. Further, 
we were not able to implement handwritten responses, as children’s handwriting could not 
be reliably identified by commercially available systems. Lastly, just as we observed that 
baseline pen pressure was a strong predictor of pen pressure during the learning activity, 
individuals probably differ in how much their underlying emotions are expressed on their 
faces. As such, efforts should be made to control this in studies that aim to use facial expres-
sion ratings to make individualised predictions.

Another task for future research is to investigate the validity of using automatic facial 
expression coding systems to analyse data collected from young children in real classroom 
settings. If this analysis method is established to be valid, it would broaden the contexts in 
which facial expressions could be evaluated and improve research efficiency. Although the 
current manuscript reports the analysis of two independent datasets and as such includes a 
form of replication, the two learning contexts were very similar. Future efforts should aim to 
uncover what sources of trace data are consistently informative across different school sub-
jects, types of learning activities, and phases of learning. Lastly, we hope that the insights 
provided by the current correlational study can inspire and justify further studies into how 
different conditions influence children’s learning experiences. Many of the post hoc expla-
nations offered here deserve further targeted investigation, for example regarding children’s 
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attributions and their effect on emotional reactions to errors, how children’s metacogni-
tive monitoring accuracy interacts with objective feedback, and whether effort invested in 
problem-solving is associated with pen pressure.

Conclusions

In conclusion, the current study provides initial evidence that pen pressure and facial 
expressions can serve as unobtrusive indicators of young learners’ learning experiences in 
classroom-based self-study. While some effects replicated previous findings from studies 
with adults and/or conducted in laboratory settings, others highlighted the context-specific 
and individual-specific nature of trace data, underscoring the importance of careful inter-
pretation and the collection of baseline measures. Future research should broaden the range 
of learning contexts and employ experimental approaches to establish when and how these 
indicators reliably reflect underlying cognitive, motivational, metacognitive, and emotional 
processes. By doing so, the field can move closer to identifying robust, scalable measures of 
self-regulated learning that are both ecologically valid and sensitive to the nuanced dynam-
ics of children’s classroom learning experiences.
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