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ABSTRACT
Understanding what behavioral patterns distinguish success-
ful from unsuccessful problem solving could inform the de-
sign of more responsive learning environments. We investi-
gated whether keystroke dynamics during typed mathemat-
ics responses reflect differences between correct and incorrect
problem solving. Because problem format may influence stu-
dent engagement and solution strategies, we also examined
whether these keystroke patterns vary when problems in-
clude images versus text alone. Analyzing 21,938 responses
from 570 students, we found that correct responses were
characterized by slower, more variable typing with greater
use of revision, while incorrect responses often showed pat-
terns suggesting minimal engagement. Responses completed
in under five seconds were almost never correct, suggesting a
threshold below which meaningful problem solving appears
not to occur. Machine learning models achieved modest
but stable performance in distinguishing correct from incor-
rect responses based solely on typing patterns. Counterfac-
tual analysis indicated that these models learned theoreti-
cally sensible relationships: the behavioral changes most fre-
quently associated with shifting predictions from incorrect to
correct aligned with increased deliberation and engagement.
Notably, keystroke patterns remained largely stable across
different problem formats, suggesting these behavioral sig-
nals may generalize across varied task presentations. These
findings contribute to understanding how typing behavior
during problem solving relates to correctness.

Keywords
Keystroke dynamics,Problem solving,Counterfactual analy-
sis,Mathematics education

1. INTRODUCTION
Mathematical problem solving is widely understood as a se-
quential, multi-stage cognitive process [27, 32]. One of the
earliest and most influential articulations of this view dates
back to Pólya’s four phases—understand the problem, de-
vise a plan, carry out the plan, and look back (evaluating
the result) [27]. Each of these stages corresponds to dis-
tinct cognitive activities, ranging from initial sense-making
to strategic planning, execution, and reflection. Subsequent
research has further elaborated these staged models [32,
33, 34], emphasizing that effective problem solving depends
not only on domain knowledge but also on strategic control
over these phases. Consequently, examining how learners
progress through these stages can shed light on why some re-
sponses are correct while others are not—for example, errors
may arise from early misinterpretation or flawed planning,
whereas success may reflect effective planning or careful re-
view.

Because the problem-solving process is latent and multi-
faceted, researchers have devised various methods to make
it observable. Think-aloud protocols have been a popu-
lar approach for a few decades: students are asked to ver-
balize their thoughts while solving problems, providing a
running transcript of their reasoning [14]. Such protocols
have yielded rich insights into strategies and misconceptions.
Schoenfeld [32, 33] used think-aloud data to reveal, for ex-
ample, that unsuccessful solvers often fail to plan or monitor
their progress, whereas expert problem solvers exhibit effec-
tive self-regulation in real time. However, think-aloud meth-
ods have well-known limitations. They are intrusive—the
act of continuously verbalizing can interfere with the nat-
ural flow of thinking—and thus may alter the very process
under study [30]. Ericsson [13] notes that prompting stu-
dents to articulate thoughts can slow cognitive processing
or cause them to oversimplify decisions. Retrospective in-
terviews (asking students to describe their solution after the
task) lack these limitations but rely on memory and can thus
be inaccurate [40].

Another window into problem-solving cognition is eye-tracking,
which records where and for how long a solver looks at dif-
ferent parts of a problem [25, 24]. Eye movements provide
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a fine-grained trace of attention and can indicate which in-
formation a student is focusing on or neglecting. For exam-
ple, eye-tracking studies of algebra and word problems have
shown that attention patterns differ between successful and
unsuccessful solvers. Hegarty et al. [17] found that students
who solved word problems correctly tended to form a co-
herent mental model of the situation, as evidenced by their
gaze: they spent more time inspecting relevant relationships
in the text/diagram, whereas poorer solvers often fixated on
superficial keywords or numbers in a repetitive way. Simi-
larly, Sušac et al. [36] used eye-tracking to compare novices
and experts solving equations; experts had more efficient
eye scans (fewer, more focused fixations), suggesting they
quickly homed in on important elements, whereas novices’
eyes wandered more, indicating uncertainty. Furthermore,
Schindler et al. [31] demonstrated that eye-tracking can re-
veal the temporal sequence of solution steps a student takes—
effectively mapping out their step-by-step approach—with
greater precision than think-aloud or video analysis. How-
ever, eye-tracking too has practical limitations. It requires
specialized hardware and controlled settings to achieve full
precision [18] and scaling it to thousands of students in real
classrooms is costly and logistically complex. Moreover,
while less obtrusive than think-aloud [28], the presence of
equipment and the laboratory setup may still not reflect a
student’s natural study environment.

Model tracing offers another method for studying students’
problem-solving processes, when conducted using cognitive
architectures like ACT-R [2]. The ACT-R architecture mod-
els cognition as a sequence of production rules and memory
operations, enabling fine-grained simulations of reasoning.
Koedinger and MacLaren [19] developed the Early Algebra
Problem Solver (EAPS), which uses ACT-R to account for
both informal and formal strategies students use when solv-
ing algebra problems and to predict common patterns of
error based on cognitive processes. In model-tracing, each
step of a student’s process is evaluated against an expert-
authored model for alignment to both correct and incor-
rect (buggy) reasoning [2]. However, this approach requires
interfaces that explicitly reify each step of problem solv-
ing—meaning that students must type out or select every
intermediate action [2]. Because this design can slow down
the problem-solving experience and restrict the flexibility of
students’ strategies, many intelligent tutoring systems opt
not to use this level of fine-grained model tracing [1].

In today’s computer-based learning platforms, every student
interaction can be logged [26, 11, 37]. This can (but of-
ten does not) include keystroke data—the sequence of keys
pressed, along with timing information—when students type
out responses. Such keystroke dynamics are an increas-
ingly attractive source of cognitive process data in education
because they are captured naturally, at scale, with mini-
mal intrusion [15, 37]. Whenever students type an answer,
how they type (pauses, deletions, revisions, etc.) is being
recorded behind the scenes, without requiring the student
to do anything extra. This yields a high-resolution trace of
the writing or problem-solving process, time-stamped to the
millisecond. In contrast to one-on-one think-aloud sessions
or lab eye-tracking, keystroke logging is cheap and massively
scalable—it can unobtrusively collect data from an entire
online class or platform with hundreds of thousands of sub-

missions [39]. It is also ecologically valid: students solve
problems in the interface as they normally would (typing
their response), so the data reflect authentic behavior in
situ rather than under experimental observation [21].

Research in writing and programming has demonstrated the
promise of keystroke analytics for inferring cognitive pro-
cesses. For example, in essay writing tasks, keystroke logs
have been used to measure pausing patterns, revision fre-
quency, and text production bursts, which correlate with
writing quality and strategy use [3, 38]. Several studies
have linked certain keystroke features to performance out-
comes. The number of revisions (edits and deletions) and
the timing of those revisions have been tied to better per-
formance in some contexts—e.g. writers who pause to re-
vise frequently often produce more coherent texts [35, 42].
Keystroke-derived features such as interval timings (pauses
between keystrokes or between sentences) can reflect the
writer’s cognitive effort or the points of difficulty [16]. Over-
all, prior work suggests that keystroke patterns carry infor-
mative signals about underlying cognitive processes [15].

Despite substantial prior work, gaps still remain in estab-
lishing how keystroke dynamics map to students’ problem-
solving processes. Keystroke data are inherently low-level
behavioral traces, and their cognitive interpretation is of-
ten ambiguous: a prolonged pause may reflect difficulty,
strategic planning, or disengagement, while rapid keystroke
bursts may indicate fluent execution or unproductive guess-
ing. Prior research has attempted to disambiguate meaning
by extracting extensive sets of keystroke features and ex-
amining their associations with performance and other in-
dicators [16]. However, findings across studies show limited
convergence, in part because of substantial variability in the
features selected for analysis [21, 35, 11]. Moreover, Conijn
et al. [11] show that relationships between keystroke features
and performance outcomes are context-dependent. As a re-
sult, further empirical work is needed to examine whether
keystroke dynamics reliably differentiate between processes
and even between correct and incorrect problem-solving out-
comes.

Conijn et al. [11] note that these relationships can differ
between tasks, yet there has been insufficient examination
of how the problem context or format influences keystroke
patterns. Other keystroke-based studies in education have
looked at relatively uniform task types within-study (e.g. es-
say writing, short-answer responses in text form). However,
in a domain like math, tasks can vary widely. For instance,
an“open-ended”response might be prompted by pure text or
accompanied by a diagram or image. In such cases, the pres-
ence of a diagram or image could plausibly alter students’
engagement and problem-solving behaviour. Koedinger and
Nathan [20] show that the format of a problem may shape
students’ solution approaches and performance. Further-
more, Chu et al. [9] demonstrate that student strategy is im-
pacted by the presence of diagrams. However, to our knowl-
edge, no prior work has systematically compared keystroke
dynamics between math problems with diagrams or images
and those presented in text-only format.

Finally, while prior studies have generally focused on cor-
relating specific keystroke features with performance, they
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rarely address the question of what changes in a student’s
keystroke behavior might be associated with a higher chance
of success. Identifying minimal plausible shifts in behav-
ior—a standard step in contemporary explainable artificial
intelligence research [23]—could be very valuable.

This study thus aims to advance our understanding of fine-
grained keystroke dynamics in mathematical problem solv-
ing along three dimensions: association with correctness,
influence of problem format, and actionable differences be-
tween success and failure. We analyze an extensive dataset
of 21,938 open-ended responses collected from a widely-used
online math learning platform. Each response is accom-
panied by detailed keystroke logs capturing the student’s
typing and editing process. Our investigation centers on
engineered features that quantify temporal aspects, revi-
sion behaviors, and the entropy or unpredictability of the
keystroke sequence. We first examine the statistical asso-
ciations between these keystroke features and answer cor-
rectness. Second, we explicitly compare image-based ver-
sus text-only questions. Third, we perform a counterfactual
analysis using explainable artificial intelligence techniques to
identify minimal behavioral changes associated with shift-
ing an outcome from incorrect to correct. Aggregating such
analyses over thousands of cases, we highlight which mini-
mal changes would most frequently turn failure into success
(according to the underlying machine-learned models being
studied).

2. METHODS
2.1 Data
2.1.1 Source and Context

This study utilized de-identified data from an online math-
ematics learning platform that uses diagnostic assessment
and adaptive learning pathways. The platform provides di-
agnostic quizzes, instructional videos, and practice activi-
ties intended to help students resolve misconceptions and
improve their understanding. The learning sequence for a
topic on the platform begins with five multiple-choice di-
agnostic questions. If a student answers a question incor-
rectly twice in a row, they enter a Learn phase to review
worked examples and videos. Following this, the student
proceeds to the Practice phase, which consists of a set of
worksheet questions. Our study focuses exclusively on this
Practice phase, as students provide open-ended, typed an-
swers. These responses generate detailed keystroke logs. All
personally identifiable information (PII) was removed prior
to data access. The final dataset was constructed by merg-
ing several source files, including the raw keystroke logs, the
students’ final answers, and the worksheet question meta-
data. This merging process resulted in a final dataset of
21,938 unique student–question transactions from 570 stu-
dents, which was used for all subsequent analyses.

2.1.2 Correctness Labelling
The worksheet data did not include pre-existing correctness
labels. The dataset provided each student’s final submitted
response alongside an expert-authored reference answer. To
label the data at scale, we developed an automated labeler
using GPT-4o. The model was prompted, via a few-shot
approach, to act as a mathematical evaluator, comparing
each student’s response to the expert-authored reference.

The prompt instructed the model to determine if the two
answers were mathematically equivalent, providing explicit
rules to accept common variations. These rules included, for
example, handling commutative expressions (e.g., 3x+ 2 vs.
2+3x), numerical approximations, differences in formatting
(e.g., £1,057.50 vs. 1057.50), and the presence or absence of
units. To validate this labeler, we first established a ground
truth by having two human coders independently annotate
a 200-response random sample, with high inter-rater relia-
bility (κ = 0.95). In the small number of cases where the
humans disagreed, social moderation was used to determine
a final consensus label. The GPT-4o labeler, when tested
against these human labels, demonstrated excellent perfor-
mance, also achieving a Cohen’s κ of 0.95, as well as a pre-
cision of 0.97 and a recall of 0.95. Following this successful
validation, the GPT-4o labeler was used to provide correct-
ness labels for the full dataset of 21,938 responses.

Table 1: Engineered keystroke and contextual features used
in the analysis.

Feature Definition
Keystroke Edit Distance Levenshtein distance be-

tween the full raw keystroke
sequence and the final sub-
mitted answer.

Seconds per Keystroke Total time spent on the
response divided by total
number of keystrokes.

Keystroke Entropy Shannon entropy of the
keystroke sequence.

Correction Density Number of correction keys
(Backspace, Delete) divided
by log-transformed total
time.

Correction Proportion Number of correction keys
divided by total keystrokes.

Keystroke Efficiency Ratio Final answer length divided
by total keystrokes.

Average Seconds Between
Keys

Mean inter-keystroke time
(seconds) for a question at-
tempt.

Variation in Seconds Between
Keys

Standard deviation of inter-
keystroke times (seconds)
for a question attempt.

Fast Response Indicator variable equal to 1
if total response time ≤ 5
seconds.

Slow Response Indicator variable equal to 1
if total response time > 300
seconds (5 minutes).

Pasted Indicator variable equal to 1
if total keystrokes exceed to-
tal seconds taken.

Worksheet Question Has Im-
age

Indicator variable equal to 1
if the question has an image
attached.

2.1.3 Keystroke Data and Feature Engineering
For each student response to a worksheet question, a de-
tailed keystroke log was produced. These logs contained the
sequence of key presses along with associated metadata, cap-
turing information on timing, editing behaviors, and other
aspects of the input. An illustrative example of the data
captured for a single student–question response is shown
in Table 2. From these raw data, we engineered a set of
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Table 2: Selected columns of a row in the raw data. HasImg = WorksheetQuestionHasImage, ⟨BS⟩ = Backspace, ←= Left
Arrow

Question HasImg Reference Answer Final Input Time(sec) Input Keystroke
Calculate 2548 − 362 False 2186 2186 167 ← 218y ⟨BS⟩ 6

features to quantify the temporal (timing-related), correc-
tive (editing-related), and compositional (content-related)
aspects of the student’s typing activity. These were ana-
lyzed alongside contextual data for each problem, including
a feature indicating whether the question contained an im-
age (see Figure 1 for an example). A summary of all en-
gineered features, including their definitions is provided in
Table 1. The distribution of the target label (correctness)
across the final dataset was 72% incorrect and 28% correct,
while the contextual image feature was nearly balanced, with
49% of transactions pertaining to questions with images and
51% to those without.

Figure 1: Example of an image-based worksheet question
(QID 219: “Match each representation to its corresponding
number in figures”).

2.2 Analysis
As stated in Section 1, the goal of this study is to exam-
ine how fine-grained keystroke dynamics—such as typing la-
tency, editing behaviors, and input variability—relate to an-
swer correctness, and to identify how these process-level pat-
terns, modulated by problem format (e.g., image vs. text),
differentiate correct from incorrect problem-solving.

2.2.1 Exploratory Analysis
To investigate the relationships between student keystroke
patterns, problem format, and answer correctness, we con-
ducted a series of statistical analyses. First, to determine
whether individual features were associated with the out-
come, we tested each feature against the binary correctness
label. We used the Mann–Whitney U test for continuous fea-
tures (e.g., variation in seconds between keys) and Fisher’s
Exact Test for binary categorical features (e.g., Worksheet
Question Has Image, Pasted), as appropriate for each data
type. Second, we conducted a separate comparison to ex-
amine whether problem format itself influenced keystroke
behavior. Specifically, we used the Mann–Whitney U test
to compare continuous keystroke feature distributions based
on problem format alone (image vs. text-only), to determine
whether the presence of an image, in isolation, was associ-
ated with different keystroke patterns.

For all statistical tests, p-values from multiple comparisons
were corrected using the Benjamini–Hochberg false discov-
ery rate (FDR) procedure. For the Mann–Whitney U tests,

effect sizes were computed using Cliff’s Delta, which pro-
vides a non-parametric measure of group superiority. For
the Fisher’s Exact tests, we computed the odds ratio (OR)
and its 95% confidence interval to quantify the strength of
each association.

2.2.2 Explanatory Analysis with Machine Learning
Models

Following the exploratory analysis, which established that
individual features were significantly associated with cor-
rectness, the next step was to investigate their combined and
interactive effects. We therefore turned to machine learning
models, whose primary function is to learn complex, non-
linear, and interactive patterns from data—relationships that
are not captured by the one-to-one statistical tests used in
the exploratory phase. The goal of this stage was to con-
struct and validate an explanatory model capable of captur-
ing the underlying relationships between keystroke dynamics
and correctness.

We examined several machine learning models, including
Logistic Regression, Random Forest, CatBoost, and Sup-
port Vector Machine (SVM). Each model was tuned using
hyperparameter optimization and evaluated using student-
level five-fold cross-validation. This procedure ensured that
all responses from a given student appeared exclusively in
either the training or test set, thereby providing a robust
estimate of generalization to unseen students.

The models were evaluated using a suite of metrics, includ-
ing the area under the precision-recall curve (AUC-PR),
the area under the receiver operating characteristic curve
(AUC-ROC), macro-averaged F1-score, balanced accuracy
(BACC) and the Matthews correlation coefficient (MCC).
Within this explanatory framework, these metrics serve as
goodness-of-fit measures, quantifying the extent to which
the models successfully learned the underlying relationship
between the features and the correctness label. We report
the mean and standard deviation of each metric across the
five folds to assess both average performance and model sta-
bility. Based on this evaluation, Random Forest emerged as
the best-performing model and was selected for subsequent
analysis.

2.2.3 Counterfactual Analysis
Using the validated Random Forest model, the final phase of
the analysis focused on interpreting the specific behavioral
patterns learned by the model. To achieve this, we employed
Diverse Counterfactual Explanations (DiCE) [23]. DiCE is
an optimization-based method that generates “what-if” sce-
narios by identifying the minimal and most plausible fea-
ture changes required to flip the model’s prediction to a de-
sired class (e.g., from incorrect to correct). Unlike feature-
importance methods, which provide global rankings, DiCE
yields concrete, instance-level explanations of the patterns
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Table 3: Mann–Whitney U test results with Cliff’s Delta effect sizes for continuous keystroke features by correctness.

Feature CorrectMdn IncorrectMdn Effect size (δ) p-value
Average seconds between keys 0.85 0.46 0.35 < 0.001
Seconds per keystroke 1.25 2.33 0.31 < 0.001
Variation in seconds between keys 0.68 0.34 0.30 < 0.001
Keystroke entropy 2.00 2.00 0.13 < 0.001
Keystroke edit distance 1.00 1.00 0.11 < 0.001
Correction density 0.00 0.00 0.07 < 0.001
Correction proportion 0.00 0.00 0.06 < 0.001
Keystroke efficiency ratio 0.75 0.78 −0.06 < 0.001

the model associates with different outcomes. Importantly,
it also generates diverse explanations, enabling examination
of whether multiple behavioral profiles are associated with
correctness.

A key methodological decision was to restrict analysis to ver-
ifiable ground-truth cases: true positives and true negatives.
Because the model is imperfect, analyzing false positives
or false negatives risks interpreting model-specific artifacts
rather than stable relationships in the data. By focusing
exclusively on cases that the model correctly classified, we
ensure that the counterfactual analysis is grounded in the
strongest and most reliable portion of the learned signal.

The counterfactual analysis was conducted within the five-
fold cross-validation framework. For each fold, we first iden-
tified instances belonging to a verifiable group within the
test set. For each instance, we generated three diverse coun-
terfactuals, resulting in three distinct hypothetical scenarios
per student. Each scenario represents a counterfactual set-
ting in which the student’s original feature values are min-
imally altered to flip the model’s prediction. For example,
for a true negative instance (incorrect and predicted incor-
rect), we generated three plausible counterfactuals in which
the prediction changed from incorrect to correct.

To ensure plausibility, all counterfactuals were constrained
to lie within an allowed range of feature values, defined as
the 1st to 99th percentile of the training data for continuous
features. We then aggregated the feature changes required
to flip predictions. For continuous features, we computed
the magnitude of change and analyzed directional propor-
tions, defined as the percentage of changes corresponding to
increases versus decreases. For categorical features, we an-
alyzed the proportion of directional transitions (e.g., 0→ 1
or 1 → 0). Directional proportions were averaged across
folds to produce a stable final set of results, identifying the
feature changes most frequently associated with shifts in cor-
rectness.

3. RESULTS
3.1 Feature Association with Correctness
We first examined the relationship between the continuous
keystroke features and correctness using the Mann–Whitney
U test. The test established statistically significant differ-
ences across all eight features for correct versus incorrect
responses, as shown in Table 3. Effect sizes (Cliff’s Delta)
ranged from 0.06 to 0.35, reflecting small to moderate differ-
ences across features. For nearly all latency, variability, and
correction features, the positive effect sizes indicate that fea-
ture values tended to be higher for correct responses than for

incorrect ones. The largest effects were observed for average
seconds between keys, seconds per keystroke, and variation in
seconds between keys. Specifically for these latency features,
the effect size range corresponds to a 65% to 68% proba-
bility—using a standard derivation of Cliff’s Delta—that a
randomly selected correct response exhibits a higher feature
value than an incorrect response.

Table 4: Fisher’s exact test odds ratios (OR) for binary fea-
tures vs. correctness.

Response: OR [95% CI] p-value

FastResponse 0.03 [0.02, 0.05] < 0.001
Pasted 0.35 [0.31, 0.39] < 0.001
SlowResponse 1.18 [0.96, 1.47] 0.163
WorksheetQuestionHasImage 0.71 [0.67, 0.76] < 0.001

The Fisher’s Exact Test results for the categorical features
revealed several significant associations (see Table 4). The
largest negative association was observed for Fast Response
(OR = 0.03, p < 0.001). This categorical indicator flagged
question transactions completed in five seconds or less and
constituted 6% (1,209 transactions) of the total dataset.
Questions answered between five seconds and five minutes
served as a proxy for normal response time and were used
as the comparison baseline. The probability of a fast re-
sponse transaction being correct was only 1.41%, compared
to the baseline correctness rate of 30%. This corresponds
to a 95.3% decrease in the probability of a response being
correct when completed within five seconds or less.

By contrast, Slow Response, defined as responses taking
longer than five minutes, constituted 2% of the data (386
transactions) and did not differ statistically from the normal-
time baseline (OR = 1.18, p = 0.163). Submitting a Pasted
answer (OR = 0.35) and the presence of an image in the
question (Worksheet Question Has Image, OR = 0.71) were
also significantly associated with lower odds of correctness,
though not as strongly as fast responses.

3.2 Impact of Problem Format on Keystroke
Patterns

To examine whether problem format itself influenced keystroke
patterns, we used the Mann–Whitney U test to compare
continuous keystroke features across questions with images
versus those without images (Table 5). The analysis re-
vealed statistically significant, but negligible [22], differences
in timing behaviors. Timing and variability features, in-
cluding average seconds between keys (δ = −0.05), varia-
tion in seconds between keys (δ = −0.04), and keystroke
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Table 5: Mann–Whitney U test comparing continuous keystroke features for questions with images versus those without image.

Feature With ImageMdn No ImageMdn Effect Size (δ) p-value

average seconds between keys 0.54 0.61 -0.05 < 0.001
variation in seconds between keys 0.39 0.44 -0.04 < 0.001
keystroke entropy 2.00 2.00 -0.03 < 0.001
seconds per keystroke 2.84 2.75 0.02 0.073
keystroke efficiency ratio 0.75 0.78 -0.02 0.022
keystroke edit distance 1.00 1.00 -0.01 0.430
correction density 0.00 0.00 -0.01 0.181
correction proportion 0.00 0.00 -0.01 0.261

Table 6: Model performance on predicting correctness from keystroke features. Values are mean ± standard deviation across
student-level 5-fold cross-validation.

Model F1 BACC AUC PR MCC

Logistic Regression 0.44 ± 0.01 0.51 ± 0.00 0.65 ± 0.01 0.39 ± 0.02 0.05 ± 0.01
Random Forest 0.64 ± 0.01 0.69 ± 0.01 0.75 ± 0.00 0.48 ± 0.02 0.35 ± 0.01
CatBoost 0.64 ± 0.01 0.69 ± 0.00 0.75 ± 0.00 0.47 ± 0.02 0.34 ± 0.01
SVM 0.51 ± 0.01 0.53 ± 0.01 0.70 ± 0.01 0.42 ± 0.03 0.10 ± 0.03

entropy (δ = −0.03), were all statistically significantly dif-
ferent between image-based and text-only questions (p <
0.001). Given the small effect sizes, these results indicate
only slight shifts toward marginally faster and more regular
typing on image-based questions—differences that are sta-
tistically detectable but practically inconsequential. In con-
trast, correction-related features (δ ≈ −0.01) were not sta-
tistically significant (e.g., keystroke edit distance, p = 0.43),
suggesting that problem format did not meaningfully affect
the frequency of observable typing errors.

3.3 Counterfactual Explanations of Keystroke
Patterns and Correctness

The performance results for the machine-learned models,
evaluated using student-level five-fold cross-validation, are
presented in Table 6. Ensemble methods (Random Forest
and CatBoost) substantially outperformed the simpler Lo-
gistic Regression and Support Vector Machine models across
all evaluation metrics. The Random Forest classifier was se-
lected for further analysis due to its relatively robust perfor-
mance, achieving the highest or joint-highest score on every
metric.

Given that the baseline for random guessing in this imbal-
anced dataset is the prevalence of the minority class (ap-
proximately 0.28 for the precision-recall AUC baseline), the
Random Forest’s mean precision-recall AUC of 0.48±0.02 in-
dicates that the model learned a moderate, generalizable sig-
nal. The balanced accuracy of 0.69 further suggests reason-
able discrimination between correct and incorrect responses,
corroborated by a Matthews Correlation Coefficient of 0.35.
This validated Random Forest model served as the basis for
the subsequent counterfactual analysis.

We used DiCE to interpret the validated Random Forest
model, identifying the keystroke pattern adjustments re-
quired to change verifiably incorrect answers (true nega-
tives) into correct ones, as well as the adjustments required
to change verifiably correct answers (true positives) into in-
correct ones. For the true negatives, the analysis of contin-
uous features (Table 7) consistently showed that the model

required positive-direction adjustments (increase) across all
features in order to flip an incorrect prediction to correct.
This finding aligns with the correlational analysis, which
showed that correct responses generally exhibited higher val-
ues for nearly all continuous keystroke features. The most
frequently adjusted features were timing-related: seconds
per keystroke (30.4% of all counterfactuals) and average sec-
onds between keys (25.8%). The largest median adjustments
included an increase of 34.1 units for seconds per keystroke
and 8.3 units for average seconds between keys. Editing and
variability features were also adjusted, with keystroke en-
tropy modified in 9.31% of counterfactuals (median change
= 1.67) and keystroke edit distance in 4.89% (median change
= 26.0).

The analysis of categorical transitions (Table 8) revealed
that the most frequent binary change required was transi-
tioning Fast Response from 1 to 0, occurring in 5.69% of all
counterfactuals. This directly corroborates the strong neg-
ative association observed in the exploratory analysis. Ad-
ditionally, the question format feature Worksheet Question
Has Image was required to change from present to absent
in 2.37% of counterfactuals. Other categorical transitions
occurred less frequently.

The analysis of true positives identified the minimal fea-
ture adjustments required to change a verifiably correct re-
sponse into an incorrect one (Tables 9 and 10). These re-
sults largely mirror the true negative findings in reverse.
For continuous features, the most frequent change was a de-
crease in keystroke entropy (20.20% of counterfactuals, me-
dian change = −1.74). For categorical features, the most
frequent transition was changing Fast Response from 0 to
1, which occurred in 18.4% of counterfactuals. This indi-
cates that shifting a response from non-fast (i.e., baseline)
to fast was often sufficient for the model to flip a correct
prediction to incorrect. Consistent with the true negative
results, changing Worksheet Question Has Image from ab-
sent to present occurred in 1.86% of counterfactuals. Also,
transitioning Pasted from 0 to 1 occurred in 2.67% of cases.
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Table 7: Directional changes in continuous features required to turn answers that were incorrect into answers that become
correct for true negatives (TN, 0→1 counterfactuals).

Feature Proportion Increased(% ) ↑ Proportion Decreased(% ) ↓ Median ↑ Median ↓
average seconds between keys 25.82 0.15 8.31 -10.12
correction density 1.63 0.21 1.98 -1.46
correction proportion 1.11 0.64 0.20 -0.23
keystroke edit distance 4.89 0.20 26.00 -19.90
keystroke efficiency ratio 4.02 1.25 0.41 -0.34
keystroke entropy 9.31 0.62 1.67 -0.80
seconds per keystroke 30.43 0.14 34.05 -14.50
variation in seconds between keys 8.51 0.14 15.64 -22.45

Table 8: Categorical feature transitions required to turn an-
swers that were incorrect into answers that become correct
for true negatives (TN, 0→1 counterfactuals).

Feature Transition Proportion(%)
FastResponse 0→1 0.03
FastResponse 1→0 5.69
Pasted 0→1 0.54
Pasted 1→0 0.90
SlowResponse 0→1 0.97
SlowResponse 1→0 0.03
WorksheetQuestionHasImage 0→1 0.41
WorksheetQuestionHasImage 1→0 2.37

4. DISCUSSION
The central question motivating this study was whether keystroke
dynamics captured unobtrusively during authentic mathe-
matics problem solving can reliably differentiate between
correct and incorrect responses. Our findings provide evi-
dence that they can: across 21,938 open-ended responses,
students who answered correctly exhibited systematically
different typing behaviors than those who answered incor-
rectly. These differences emerged consistently across multi-
ple analytical approaches (statistical comparisons, machine-
learned models of the underlying relationships, and counter-
factual interpretations of those learned patterns), suggesting
that the temporal and behavioral traces left during response
construction carry meaningful information about problem-
solving success.

Correct responses were characterized by longer inter-keystroke
intervals, greater variability in typing pace, and more fre-
quent revision activity. Effect sizes ranged from small to
moderate (Cliff’s δ = 0.06 to 0.35), with timing-based fea-
tures showing the strongest associations. Students who typed
more slowly and irregularly (pausing between keys, vary-
ing their pace, and editing their work) were more likely
to submit correct answers than those who typed quickly
and smoothly. What might account for these patterns?
One interpretation is that slower, more variable typing re-
flects cognitive work happening between keystrokes: men-
tal calculation, strategic deliberation, checking of interme-
diate results, or reconsideration of solution approaches. This
interpretation aligns with theoretical accounts suggesting
that keystroke-level information can shed light on cogni-
tive and metacognitive processes involved in problem solving
[15]. Long pauses may reflect planning or recall, while pat-
terns of editing and revision may indicate monitoring and
self-correction (behaviors associated with deliberate engage-

ment). This interpretation is consistent with broader find-
ings that deliberation and reflection are associated with bet-
ter problem-solving outcomes. For instance, Chan et al. [8]
found that middle-school students who paused longer before
beginning to solve algebra problems in a learning game em-
ployed more efficient strategies, suggesting that taking time
to think enhances performance. While their work examined
pre-solving deliberation, our findings suggest that deliber-
ation manifested during response construction (as slower,
more variable typing with revision) similarly relates to suc-
cess in open-ended mathematics problem solving.

Our results also align with work demonstrating relation-
ships between keystroke patterns and performance outcomes
across domains. In writing research, keystroke features such
as revision frequency and timing have been linked to text
quality [3, 38], with revision and pausing patterns differen-
tiating more and less successful writers. In programming
education, keystroke features including code editing pat-
terns have proven informative for identifying at-risk stu-
dents [7]. These findings extend to mathematics problem
solving, demonstrating that typing dynamics capture as-
pects of cognitive engagement even in relatively brief, open-
ended responses. The convergence of findings across writ-
ing, programming,and mathematics suggests that keystroke
patterns may reflect domain-general characteristics of delib-
erate, monitored performance.

However, keystroke data present an inherent interpretive
challenge. Unlike verbal protocols that provide direct access
to students’ articulated thoughts, or eye-tracking that re-
veals attentional focus, keystroke logs offer only indirect be-
havioral evidence. A pause between keystrokes might indi-
cate careful checking, but it also could indicate retrieval diffi-
culty, distraction, or indecision; the data alone cannot distin-
guish these possibilities. Moreover, both slower typing and
correct answers could be independently caused by stronger
mathematical knowledge or by better self-regulation skills.
Students who understand the material well might type more
deliberately because they recognize the importance of check-
ing their work, while simultaneously being more likely to ar-
rive at correct solutions due to superior domain knowledge.

While the continuous keystroke features showed moderate
associations with correctness, we observed that one categori-
cal threshold emerged with a particularly strong association:
responses completed in five seconds or less were correct only
1.41% of the time, compared to a baseline rate of 30% for re-
sponses taking between five seconds and five minutes. This
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Table 9: Directional changes in continuous features required to turn answers that were correct into answers that become incorrect
for true positives (TP, 1→0 counterfactuals).

Feature Proportion Increased(% ) ↑ Proportion Decreased(% ) ↓ Median ↑ Median ↓
average seconds between keys 5.63 1.98 9.46 -0.94
correction density 7.00 0.21 2.25 -0.64
correction proportion 7.20 0.26 0.40 -0.09
keystroke edit distance 5.99 0.45 26.43 -8.24
keystroke efficiency ratio 1.30 9.30 0.25 -0.56
keystroke entropy 1.57 20.20 1.02 -1.74
seconds per keystroke 4.51 1.93 37.50 -6.02
variation in seconds between keys 7.07 0.49 18.86 -2.84

Table 10: Categorical feature transitions required to turn
answers that were correct into answers that become incorrect
for true positives (TP, 1→0 counterfactuals).

Feature Transition Proportion (%)
FastResponse 0→1 18.14
Pasted 0→1 2.67
Pasted 1→0 0.07
SlowResponse 0→1 1.78
SlowResponse 1→0 0.03
WorksheetQuestionHasImage 0→1 1.86
WorksheetQuestionHasImage 1→0 0.37

represents a 95.3% reduction in the probability of correct-
ness. This pattern is consistent with prior work demonstrat-
ing that extremely rapid responses in digital learning envi-
ronments signal disengagement rather than genuine problem
solving [6, 10, 41]. For instance, Beck [6] observed that ex-
tremely rapid responses in a reading tutor corresponded to
chance-level performance, indicating students were guess-
ing rather than genuinely processing the questions. Simi-
larly, Cocea and Weibelzahl [10] found that rapid progres-
sion through learning materials without adequate time for
comprehension reliably signaled disengagement across mul-
tiple e-learning platforms. Wright [41] reached compara-
ble conclusions in non-timed formative assessments, demon-
strating that responses completed in under five seconds of-
ten reflected guessing behavior that added error to ability
estimates. Our results align with and extend these findings
to open-ended mathematics problem solving: five seconds
appears insufficient for the cognitive processes required to
meaningfully engage with questions that demand calcula-
tion and written explanation. Students completing problems
this quickly are almost certainly not progressing through the
stages identified in classical models of mathematical prob-
lem solving (understanding, devising a plan, executing, and
checking; [27, 32]). Rather, these extremely rapid responses
likely represent giving up, guessing, entering placeholder
text, or pattern-matching without comprehension. This stands
in contrast to the deliberate engagement our data suggest
characterizes successful problem solving, where students in-
vest time in thinking through problems rather than rushing
to submit responses.

The results from the counterfactual analysis further rein-
forced the centrality of this threshold in the model’s learned
patterns. When examining what minimal changes would
flip the model’s classification of an incorrect response to
correct, moving students out of the fast response category
occurred in 5.69% of counterfactuals. Conversely, for cor-
rect responses, transitioning into the fast response category

was required in 18.4% of cases to flip the classification to
incorrect, the single most common categorical change. This
suggests that the five-second threshold captures a qualita-
tively different mode of engagement that the model learned
to strongly associate with failure. Interestingly, the pat-
tern was asymmetric for time outliers. While extremely fast
responses were strongly associated with failure, extremely
slow responses (greater than 5 minutes) showed no signifi-
cant difference from baseline correctness. This asymmetry
implies a minimum engagement threshold necessary for suc-
cess (rushing through problems in seconds is almost uni-
versally associated with failure), but that additional time
beyond approximately five minutes offers no systematic ad-
vantage. While deliberation is necessary, time alone does
not ensure success.

Initially, we had hypothesized that problem format might
influence keystroke behavior. Students responding to ques-
tions containing diagrams might type differently than those
responding to text-only problems (perhaps pausing more fre-
quently to inspect visual information or exhibiting altered
pacing due to the cognitive demands of integrating visual
and symbolic content). Prior research has shown that di-
agrams can substantially affect problem-solving strategies
and performance in mathematics [9], and theories of problem
representation emphasize that format fundamentally shapes
solution approaches [20]. In this study, however, the keystroke
patterns showed minimal variation across formats. While
statistically significant differences emerged between image-
based and text-only questions, effect sizes were negligible
(δ = −0.01 to −0.05). Students typed marginally faster and
more regularly on image-based questions, but these differ-
ences were practically trivial. Correction behaviors showed
no significant variation across formats.

Problem format was, however, associated with correctness.
Image-based questions had lower odds of correctness (OR =
0.71, p < 0.001), and the counterfactual analysis supported
this pattern. For incorrect responses, changing “Worksheet
Question Has Image” from present to absent occurred in
2.37% of counterfactuals needed to flip the model’s classifi-
cation to correct. For correct responses, changing from ab-
sent to present occurred in 1.86% of counterfactuals needed
to flip classifications to incorrect. The model learned that
image presence was associated with lower correctness. This
may be because these types of problems were less familiar
to students, or because translating information across for-
mats was difficult for these students. Overall, though, while
images were associated with lower correctness, they do not
appear to meaningfully change how students type their re-
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sponses.

The machine learning models helped us better understand
the full complexity of the relationships between keystroke
features and correctness. The Random Forest model achieved
reasonable goodness-of-fit (balanced accuracy = 0.69, MCC
= 0.35, AUC-PR = 0.48), indicating that it successfully
learned a meaningful signal from the data. These metrics
provide evidence that the model identified stable, general-
izable patterns in the relationship between typing behavior
and problem-solving success. This level of performance is
comparable to prior work using keystroke features for ed-
ucational prediction. For instance, Casey [7] found that
keystroke features improved models for identifying at-risk
programming students, though with similarly modest im-
provements over baselines. Conijn et al. [11] reported that
keystroke-based models for predicting essay quality achieved
only modest gains over baseline models. Our results follow
this pattern: keystroke dynamics provide meaningful but
incomplete signals about outcomes, suggesting that typing
behavior captures some (but not all) of the factors that dif-
ferentiate success from failure.

To understand the structure of these learned relationships,
we again employed counterfactual analysis. For incorrect
responses (true negatives), the most frequently required ad-
justments involved increasing timing features, particularly
seconds per keystroke (median increase: 34.1 units, mod-
ified in 30.4% of counterfactuals) and average seconds be-
tween keys (median increase: 8.3 units, modified in 25.8%
of counterfactuals). For correct responses (true positives),
the most common changes involved decreasing keystroke en-
tropy (median decrease: 1.74, modified in 20.2% of counter-
factuals). The model therefore found that deliberate, un-
hurried response construction is systematically associated
with correctness, while rapid, streamlined typing is associ-
ated with failure. Interpreting these counterfactuals requires
care. They reveal what the model learned about the rela-
tionship between keystroke patterns and correctness (which
features it weighted most heavily and what magnitude of
change it considers decision-relevant) but they do not estab-
lish causal pathways or prescribe interventions. The find-
ing that increasing seconds per keystroke by 34 units would
flip many model classifications does not imply that instruct-
ing students to “type slower” would improve their answers.
Instead, this association may be mediated by unmeasured
cognitive processes. Slower typing might be a consequence
of deeper engagement rather than a cause of it. In gen-
eral, the value of counterfactual analysis lies in revealing
the structure of learned relationships and identifying behav-
ioral thresholds that most strongly differentiate success from
failure. The prominence of the fast response transition and
timing-related features in counterfactual examination of the
Random Forest model accords with the statistical analy-
sis and provides additional confidence that these aspects of
typing behavior mark meaningful distinctions in problem-
solving processes.

4.1 Limitations
Several limitations should be noted. First, our outcome mea-
sure was binary correctness, which does not capture partial
understanding or the quality of reasoning. A student might
produce an incorrect answer due to a minor arithmetic er-

ror despite demonstrating sound problem-solving strategies,
while another might guess correctly without genuine under-
standing [12]. Keystroke patterns may differentially relate
to these scenarios, but our analysis treated all incorrect re-
sponses the same and all correct responses the same.

Second, our counterfactual analysis relied on a machine-
learned model (Random Forest) as a representation of the re-
lationship between keystroke patterns and correctness. While
this model demonstrated reasonable goodness-of-fit, it likely
did not capture all relevant dependencies or interactions.
The counterfactuals generated by DiCE reflect what the
model learned about the data, not necessarily the true un-
derlying relationships. Our focus on verifiable ground-truth
cases (true positives and true negatives) mitigates this con-
cern by ensuring we interpret only the strongest part of
the learned signal, but the possibility remains that some
identified patterns are model-specific rather than reflecting
genuine behavior–outcome relationships. Replication using
different modeling approaches could potentially increase cer-
tainty about these findings.

Third, the explanatory models we developed capture asso-
ciations between keystroke patterns and correctness but do
not establish causation. We cannot determine from these
analyses whether deliberate typing behaviors contribute to
correct problem solving, whether both are products of un-
derlying cognitive or motivational factors, or whether the
relationship is bidirectional.

Finally, while this study found that problem format (image-
based versus text-only) did not meaningfully affect keystroke
patterns, this finding should be interpreted with caution.
We examined only one dimension of format variation (pres-
ence or absence of a single static image), which does not cap-
ture the full range of visual complexity that affects problem
solving. Images in our dataset varied widely in their content
and informational value, yet our current analysis treated all
image-based problems as equivalent. More broadly, the for-
mat invariance we observed may reflect the specific nature of
our dataset rather than a general principle, and the bound-
ary conditions under which keystroke patterns remain stable
across task variations remain to be established through more
systematic investigation of problem characteristics.

4.2 Future Directions
While our study is fundamentally explanatory rather than
predictive or interventional, the patterns we identified may
inform future work in several directions. The fast response
threshold, in particular, emerges as a robust behavioral marker
that could potentially serve as a trigger for lightweight prompts
asking students to reflect before submitting [5]. The broader
pattern—that slower, more variable, more effortful typing
is associated with correctness—suggests that learning envi-
ronments should encourage deliberation rather than rapid
response entry. However, implementing such features would
require careful validation, as we cannot assume that prompt-
ing students to engage in behaviors associated with success
will actually improve their performance (e.g., Roll et al.
[29]).

Future research could address several limitations and open
questions. First, combining keystroke data with other pro-
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cess measures—such as embedded probes asking students to
explain their thinking, concurrent eye-tracking, or retrospec-
tive interviews—could help map particular keystroke pat-
terns onto specific cognitive activities and disambiguate the
interpretive ambiguity inherent in behavioral traces. Sec-
ond, examining whether keystroke dynamics are associated
with different types of errors (conceptual vs. procedural,
early-stage vs. late-stage) or different qualities of correct re-
sponses (well-reasoned vs. lucky guesses, perhaps inferred
through a contextual guessing model—e.g., Baker et al. [4])
could provide more nuanced understanding than our binary
correctness measure allows.

Finally, cross-context replication would strengthen confidence
in generalizability. Our dataset came from a single online
mathematics platform serving middle school students; the
extent to which these findings apply to other age groups,
content areas, or learning environments remains uncertain.
Different mathematical topics, problem structures, and stu-
dent populations might produce different relationships be-
tween keystrokes and other constructs.

4.3 Conclusion
Keystroke dynamics reliably differentiate correct from in-
correct responses in mathematics problem solving. Students
who answered correctly typed more slowly, with greater vari-
ability and more frequent revision, compared to those who
answered incorrectly. The strongest association involved re-
sponses completed in under five seconds, which were correct
less than 2% of the time. While problem format (image ver-
sus text) was associated with correctness, it did not mean-
ingfully affect keystroke patterns, suggesting that the be-
havioral indicators we identified may be reliable process sig-
nals even across different problem presentation formats. Ma-
chine learning models successfully learned the complex re-
lationships between keystroke features and correctness (bal-
anced accuracy = 0.69, MCC = 0.35), and counterfactual
analysis revealed that timing-related features and the fast
response threshold were the most decision-relevant factors
in the model’s representation. These findings demonstrate
that keystroke logging can reveal meaningful signals about
problem-solving processes. Our results extend prior work
showing that keystroke patterns inform predictions of edu-
cational outcomes, demonstrating that typing dynamics also
differentiate immediate problem-solving success in mathe-
matics. While interpretive ambiguity remains regarding the
specific cognitive processes underlying different typing pat-
terns, and causal relationships cannot be established from
these analyses, this work provides empirical evidence that
fine-grained behavioral traces differentiate successful from
unsuccessful mathematical problem solving. Future work
combining multiple process-tracing methods, exploring in-
tervention designs, and testing generalization across con-
texts can build on this foundation to deepen understanding
of how students think through mathematics problems.
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