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Abstract

Keystroke logging offers a scalable way to ob-
serve writing as it unfolds, but its value for
educational measurement depends on whether
process features are valid and stable across
schools, grades, and writing contexts. We
analyze 8,576 authentic classroom documents
from 423 seventh- and eighth-grade students
in two U.S. middle schools. Twenty-four
theory-motivated keystroke measures were or-
ganized into fluency, revision, complexity, and
engagement families and expanded through
distributional summaries of timing measures.
We examine associations between process fea-
tures and incoming state English Language
Arts (ELA) proficiency, the interpretability
and stability of latent factor structures, and
the consistency of gender-linked differences
across schools and writing contexts. Results
show that several process features, particu-
larly those related to engagement and timing,
were associated with ELA proficiency, with the
strongest and most consistent patterns emerg-
ing in Grade 8. These associations showed
moderate replication across schools and writ-
ing contexts. Factor analyses identified recur-
ring dimensions related to engagement, revi-
sion, timing variability, and planning, although
their structure was not fully stable across co-
horts. Gender-linked differences were also in-
consistent across grades and schools. Over-
all, the findings support keystroke measures as
promising process signals for Al-enabled for-
mative assessment while highlighting the need
for local validation, adequate sampling, and
fairness checks before deployment.

1 Introduction

Writing proficiency is expressed not only in the
quality of a finished text but also in the processes
through which that text is planned, produced,
reviewed, and revised. Cognitive models de-
scribe writing as a recursive, self-regulated activ-
ity in which writers allocate limited attention and

working-memory resources across planning, trans-
lating, and reviewing (Flower and Hayes, 1981;
Graham et al., 2017; Zimmerman and Risemberg,
1997). Traditional product-focused assessments
observe the outcome of these processes, emphasiz-
ing text quality, coherence, and surface-level cor-
rectness, but provide limited evidence about how
students reached it. With advances in educational
data mining, keystroke logging now enables the
fine-grained observation of writing in real-time,
capturing insertions, deletions, pauses, and navi-
gational behaviors (Leijten and Van Waes, 2013;
Baaijen et al., 2012).

This process evidence is increasingly relevant
to artificial intelligence (Al) in educational mea-
surement. Automated writing evaluation has his-
torically relied primarily on features extracted
from the final text, but more recent studies have
used keystroke traces in machine-learning models
to predict writing quality, identify students who
may need support, distinguish human from Al-
generated text, and differentiate planning strategies
across student clusters (Conijn et al., 2022; Litman
et al., 2022; Jiang et al., 2024). More recent mea-
surement research has also modeled raw keystroke
sequences with large language model architectures
to infer stable characteristics of writers (Zhang
et al., 2025). These applications make keystroke
data attractive as an additional behavioral channel
for Al-enabled assessment, but they also raise a
basic measurement question: before process mea-
sures are used for prediction, feedback, or auto-
mated decision-making, are the signals sufficiently
stable and generalizable across educational con-
texts?

Existing keystroke studies provide evidence that
timing, fluency, revision, and time-on-task mea-
sures can relate to writing quality, but much of that
evidence comes from controlled or time-limited
tasks, adult or postsecondary writers, or a single
assessment context (Leijten and Van Waes, 2013;
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Conijn et al., 2022, 2019). Authentic middle-
school writing is less standardized: students write
across subjects, assignments, teachers, and time
spans, and the meaning of a pause or revision may
vary with task demands (Conijn et al., 2019). A
signal that is predictive in one cohort may therefore
fail to transfer to another. This is especially impor-
tant for classroom-embedded Al systems, where
instability can be mistaken for student differences
and where demographic patterns can become em-
bedded in automated interpretations.

We address this issue using a full academic
year of naturally occurring writing from two U.S.
middle schools. The study treats cross-context
replication as a measurement requirement rather
than as an afterthought. RQ1, our primary focus,
asks which keystroke-derived behaviors are asso-
ciated with students’ incoming ELA proficiency
and whether those associations replicate across
schools, grades, and writing contexts. RQ2 asks
whether the features form interpretable latent di-
mensions and whether those structures general-
ize. RQ3 provides an exploratory fairness-oriented
check of whether gender-linked feature differences
are stable or context-bound. Together, the analy-
ses evaluate whether process features are plausible
candidates for classroom-embedded, Al-supported
formative measurement, where process evidence
may complement established approaches to forma-
tive writing assessment (Graham et al., 2015).

2 Background

2.1 From Keystrokes to Writing Constructs

Keystroke logging has become instrumental in
identifying writing strategies and understanding
cognitive processes by making the process un-
derlying the written product observable (Deane
et al., 2026). To interpret keystroke data meaning-
fully, low-level behavioral metrics must be linked
to higher-order cognitive constructs (Deane et al.,
2008; Odendahl and Deane, 2018). The present
study organizes its features into four theoretical
families grounded in established models of writing
cognition:

* Fluency reflects the efficiency and rhythm
with which ideas are translated into text,
including insertion activity and inter-
keystroke intervals within and between words
(Van Waes and Leijten, 2015).

* Revision captures self-monitoring and correc-

tion through edits, backspaces, and deletion
sequences, consistent with models of writ-
ing as a self-regulated process (Baaijen et al.,
2012; Graham et al., 2017; Zimmerman and
Risemberg, 1997).

* Complexity captures timing and behavior at
clause and punctuation boundaries, where
sentence-level and rhetorical planning may
become visible (Flower and Hayes, 1981;
Deane et al., 2008).

* Engagement captures sustained allocation of
attention through active writing, reading, nav-
igation, and menu time (Conijn et al., 2019).

The feature families are theoretical reference
frames rather than claims that a single keystroke
event uniquely identifies a cognitive state. Pauses
at different textual locations can reflect different
underlying processes, including lexical processing
and higher-level planning, making one-to-one map-
pings between pause behavior and cognition diffi-
cult (Conijn et al., 2019; Révész et al., 2026). This
approach also motivates the latent-structure anal-
ysis in RQ2: if multiple observed features repeat-
edly cluster in interpretable ways, that convergence
provides additional evidence about construct repre-
sentation, while instability cautions against univer-
sal feature-to-construct mappings.

2.2 Keystroke Data in AI-Enabled
Assessment

Process data are already being incorporated into
Al and machine-learning approaches to writing as-
sessment. Conijn et al. (2022) trained regression
and classification models on keystroke features to
test early prediction of writing quality and identi-
fication of writers who might need support. Jiang
et al. (2024) used keystroke behavior patterns in
machine-learning detectors of nonauthentic writ-
ing in a large-scale assessment and explicitly eval-
uated fairness across demographic groups. Zhang
et al. (2025) described both theory-driven feature
modeling and an approach in which raw keystroke
logs were input to large language models to infer
stable writer characteristics. These studies show
that keystroke traces are not merely descriptive
research data; they are becoming inputs to Al-
supported measurement systems.

More broadly, unobtrusively collected behav-
ioral traces have also been used for “stealth” as-
sessment, in which learner performance is in-
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ferred from activity generated during authentic
tasks rather than from a separate test (Shute et al.,
2016). That trajectory strengthens the need for val-
idation studies that test portability before deploy-
ment. Keystroke features can be sensitive to task
demands (Conijn et al., 2019), meaning that a sig-
nal that is statistically useful in one dataset may
not have the same distribution or interpretation
elsewhere. Our emphasis on cross-school, cross-
grade, and cross-context stability therefore comple-
ments predictive-model research: it asks whether
the behavioral signals themselves behave consis-
tently enough to support downstream Al use.

3 Data and Methods

3.1 Participants, Writing Data, and
Proficiency Measure

Data were collected during the 2023-2024 aca-
demic year from students in Grades 7 and 8 at
two U.S. middle schools participating in a re-
search project. School 1 is a large urban school
in Utah (857 students; 42% White, 42% His-
panic, 8% multiracial, 3.5% African American,
3% Asian), and School 2 is a suburban school in
Pennsylvania (713 students; 75% White, 7% His-
panic, 7% Asian American, 4.2% African Amer-
ican). A classroom-embedded Chrome extension
captured Google Docs writing activity, includ-
ing insertions, deletions, pauses, navigation, and
reading-related events. The logs span ELA as-
signments (e.g., essays, narratives, text-dependent
analyses) and non-ELA writing (e.g., lab reports,
notes). The non-ELA category is important be-
cause students engage in substantial writing activi-
ties across subjects, while explicit writing instruc-
tion typically occurs in ELA. The study was con-
ducted under Institutional Review Board approval
with pseudonymized data handling.

The initial collection contained 9,831 docu-
ments from 544 students. Documents shorter than
50 words were excluded. Students’ prior-year
(2022-2023) state ELA proficiency scores served
as the reference performance measure. Although
assessments differ by state, scores were harmo-
nized into four bins (1 = Below Basic, 2 = Basic,
3 = Proficient, 4 = Advanced). Because School
2 contained no Below-Basic cases and School 1
contained few, bin 1 was excluded, and the re-
maining three levels were used to ensure compa-
rability across schools. The final corpus consisted
of 8,576 documents (School 1: 3,641; School 2:

Students Documents
School Context G7 GS8 G7 G8
School 1 Full 110 98 1,840 1,801
School 1 ELA 102 93 510 417
School 2 Full 61 154 989 3,946
School 2 ELA 55 153 170 806

Table 1: Analytic sample by school, context, grade, and
document count.

School 1 — Grade 7 vs Grade 8 (bins 2-4)
Full dataset
T

mmm Grade 7
wem Grade 8

Number of students

Basic (2) Proficient (3) Advanced (4)

(a) School 1

School 2 — Grade 7 vs Grade 8 (bins 2-4)
Full dataset

= Grade 7
W Grade 8

o
3

Number of students
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3

Proficient (3)

Basic (2) Advanced (4)

(b) School 2

Figure 1: Distribution of state ELA proficiency levels
by grade and school.

4,935) from 423 students. We analyze two writ-
ing contexts. The Full dataset contains all eligi-
ble classroom writing while the ELA subset fo-
cuses on extended ELA writing identified through
assignment-title keywords (e.g., Essay, Narrative,
Argument, Analysis, TDA) and minimum thresh-
olds of 200 words and 50 insertion events. Compar-
ing the two contexts tests whether associations ob-
served in ELA writing also hold across the broader
scope of classroom writing. Student demograph-
ics (gender, grade, class period, English Learner
status) were obtained from school rosters. Table
1 summarizes sample sizes by school, grade, and
dataset. Figures la and 1b show the distribution of
both schools for the full dataset.
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Dimension  Keystroke measures

Number of inserts; in-word inserts; between-
word inserts; word-start inserts; IKI between
inserts (interval between successive inser-
tions); IKI within-word (interval between let-
ters); IKI between words (interval between
words); IKI before-word (interval preceding
word onset); IKI at word-start (interval at
word initiation).

Fluency

Before-word inserts;
backspaces (at word start); continuing
backspaces (sequential deletions across
words); IKI starting backspace (interval
before deletion onset); IKI continuing
backspace (interval during deletion se-
quences); edit duration.

Revision total edits; starting

Clause-break inserts (marking syntactic
boundaries); minor punctuation inserts
(within-sentence punctuation); IKI at clause-
break (interval at clause boundaries); IKI
at minor punctuation (interval surrounding
within-sentence punctuation).

Complexity

Engagement  Overall menu time; overall reading time (inac-
tive but focused); overall navigation time (cur-
sor, scroll, and arrow-key movement); overall

active writing time.

Table 2: Theory-motivated keystroke feature families
used in the analysis.

3.2 Feature Extraction

The keystroke logs were transformed into quanti-
tative indicators of writing behavior from times-
tamped keypress, deletion, pause, and navigation
events. Following the framework in Section 2.1,
the 24 extracted measures were grouped into flu-
ency, revision, complexity, and engagement di-
mensions (Table 2). Ten measures were fre-
quency based and fourteen were time based. Inter-
keystroke interval (IKI) denotes the elapsed time
between successive keystroke or editing events and
captures temporal aspects of writing behavior.

To reduce the influence of heavy-tailed tim-
ing distributions, time-based measures were trans-
formed using log(1 + z), and pauses exceeding
120 seconds were truncated as likely off-task inter-
vals. For timing measures other than overall writ-
ing, reading, navigation, and menu time, we cal-
culated the mean, median, standard deviation, and
variance, yielding 54 analytic variables (Leijten
and Van Waes, 2013; Baaijen et al., 2012; Conijn
etal., 2022,2019; Van Waes and Leijten, 2015). In
the variable names for the analyses, mean, median,
std, and var denote the distributional summaries,
while n denotes a count.

3.3 Analyses

* RQ1: Within each School x Grade x Con-
text cohort, we computed Spearman rank
correlations between each feature and the
ordered incoming ELA proficiency level.
Benjamini-Hochberg false discovery rate
(FDR) correction (Benjamini and Hochberg,
1995) was applied at @ = .10. To test gen-
eralizability, sets of significant features were
compared using Jaccard similarity (Jaccard,
1901) across (a) ELA versus Full contexts
within school and grade, (b) Grade 7 versus
Grade 8 within school and context, and (c)
School 1 vs School 2 within grade and con-
text. Directional agreement was calculated
for shared features, and correlation analyses
used students with valid proficiency scores
and available feature data; consequently, an-
alytic N may be slightly smaller than the co-
hort counts reported in Table 1.

* RQ2: Exploratory factor analysis (EFA) was
conducted separately by cohort using stan-
dardized features, principal-axis factoring,
and Promax rotation. Extreme values were
winsorized at the 1% tails. Cohorts required
N > 40, and sampling adequacy was as-
sessed using the Kaiser-Meyer-Olkin (KMO)
statistic (Kaiser, 1960), with values below
.60 treated as marginal. Factorability was
also assessed using Bartlett’s test of spheric-
ity (Bartlett, 1950), and loadings with |A\| >
.30 were treated as salient. Factor reten-
tion used parallel analysis (Horn, 1965) to-
gether with the eigenvalue-greater-than-one
criterion, conservatively retaining the smaller
estimate. Tucker’s congruence coeflicient
(Lorenzo-Seva and ten Berge, 2006) quanti-
fied similarity between factor-loading struc-
tures across contexts, grades, and schools. Be-
cause several cohorts are modest in size rela-
tive to the number of variables, low congru-
ence is interpreted as potentially reflecting
both genuine context sensitivity and estima-
tion instability (MacCallum et al., 1999).

* RQ3: Gender comparisons were exploratory
and limited to binary roster labels (Fe-
male/Male), the only consistently available
demographic field across sites. Two-sided
Mann-Whitney U tests were applied within
cohorts with FDR correction at « = .10,
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and Cliff’s delta (9) summarized effect mag-
nitude and direction (Cliff, 1993). Analyses
required at least 10 students per gender group
and 30 students per cohort. Jaccard overlap
and directional consistency assessed replica-
tion across contexts, grades, and schools.

4 Results

4.1 RQ1: Proficiency Associations and
Generalizability

The clearest proficiency associations emerged in
Grade 8 (detailed feature-level results are reported
in Appendix A.1). In School 1 ELA writing, over-
all reading time (p = .35), between-word tim-
ing variability (p = .34), and clause-break tim-
ing variability (p = .30) were positively associ-
ated with incoming ELA proficiency, while longer
mean clause-boundary pauses were negatively as-
sociated (p =~ —.24). The Full dataset showed a
similar pattern, with reading, active-writing, and
between-word activity among the strongest sig-
nals.

School 2 showed an even clearer Grade 8 pro-
file: navigation, reading, and active-writing time
correlated positively with proficiency (p ~ .35-
.41), whereas mean and median clause-boundary
timing correlated negatively (p ~ —.40). Together,
these results suggest that students with higher in-
coming ELA proficiency were characterized not
simply by greater text production, but by sustained
engagement and distinct temporal patterns, includ-
ing shorter pauses at linguistic boundaries.

Neither school’s Grade 7 ELA subset produced
significant feature—proficiency associations after
FDR correction. In the Full datasets, School 1
Grade 7 showed three associations involving ac-
tive writing, menu time, and between-word inser-
tions, whereas School 2 Grade 7 showed only a
navigation-time association. Differences in co-
hort size, score distributions, and range restriction
prevent interpreting this pattern as developmental
change.

Replication analyses nevertheless reinforced the
Grade 8 result (Table 3). ELA-Full overlap was
moderate in both schools (J = .53 and .58) with
perfect directional agreement, while cross-school
Grade 8 overlap reached J = .36 in ELA and
J = .58 in the Full dataset. Thus, the strongest
Grade 8 fluency and engagement signals general-
ized beyond a single school or writing context.

Comparison Cohort Jacc. Overlap Sign

ELA vs. Full S1, G8 0.53 8 1.00
ELA vs. Full S2, G8 0.58 15 1.00

S1vs. S2 ELA,G8 0.36 9 0.89

S1vs. S2 Full, G8 0.58 5 1.00

G7 vs. G8 S1,Full 027 3 1.00

G7vs. G8 S2,Full  0.05 1 1.00
Table 3:  Stability of significant RQ1 feature—

proficiency associations. Overlap is the number of
shared significant features; Sign is the proportion with
matching direction.

4.2 RQ2: Latent Behavioral Structure

Exploratory factor analysis yielded five to eight
factors across cohorts. Despite variation in exact
composition, several recurring behavioral dimen-
sions emerged. A global-engagement factor com-
monly combined active-writing, reading, and nav-
igation time. Revision-related factors separated
rapid local revision from more sustained editing,
with insertion and backspace intervals reflecting
revision fluency and longer edit durations captur-
ing deliberate multi-step refinement. Timing vari-
ability formed another recurring dimension, while
pre-word pauses and clause- or punctuation-level
timing reflected planning and linguistic rhythm.
These planning and clause-level patterns were
more prominent in Grade 8.

The Grade 8 ELA solutions illustrate both
the recurring behavioral dimensions and differ-
ences in their precise composition across schools.
In both schools, active-writing, navigation, read-
ing, and menu time clustered within a global-
engagement factor, while continuing-backspace
and edit-duration measures formed a sustained-
revision factor. The ordering and composition of
the remaining factors differed across schools (Ap-
pendix A.2).

Bartlett’s tests of sphericity were significant
across all analyzed cohorts, supporting factorabil-
ity. Sampling adequacy ranged from marginal to
acceptable (KMO = .52-.78), with the weakest val-
ues occurring in School 2 Grade 7. Although these
recurring dimensions were interpretable, their ex-
act factor composition was not stable across co-
horts. Cross-context congruence was negligible
in Grade 7 but higher in Grade 8, particularly for
School 1 (¢ = .66). Cross-grade and cross-school
congruence remained below conventional similar-
ity thresholds.

Thus, the data support recurring families of en-
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School Grade ELA KMO FullKMO Congr. Comparison Cohort Jacc. Overlap Interpretation
School 1  G7 782 (6) 7157 (8) .01 ELA vs. Full S1, G7 57 12 Strong within-
G8 767 (6) 764 (6) .66 cohort replication
School 2 G7 520 (5) 609 (5) 07 ELAvs. Full 52,G8 .50 6 gg‘l’lgfﬁteepllgg‘;‘
G8 725 (6) 721 37 G7 vs. G8 All pairs .00 0 No  cross-grade
persistence
Table 4: RQ2 sampling adequacy and cross-context fac-  S1 vs. S2 Full, G7 .11 2 Minimal  cross-

tor stability. KMO values are followed in parentheses
by the number of retained factors. Congr. denotes
ELA-Full Tucker congruence.

gagement, revision, timing variability, and plan-
ning behavior, but not a single invariant latent
structure. Given the modest size of several cohorts,
this instability may reflect both genuine context
sensitivity and factor-estimation uncertainty (Mac-
Callum et al., 1999).

4.3 RQ3: Exploratory Gender Differences

Gender-linked differences were less stable than
proficiency associations. In School 1 Grade 7, fe-
male students showed greater between-word inser-
tion activity (6 = —.57), navigation (§ = —.52),
active-writing activity (§ = —.51), and reading ac-
tivity (0 = —.48), whereas male students showed
greater clause-boundary timing variability (§ =
.52). These effects replicated across ELA and Full
writing contexts. In contrast, no significant gender
differences were observed for School 1 Grade 8.

School 2 showed a different pattern. Grade 7
ELA produced no significant differences, while
the Full dataset showed only a small number of
male-dominant word-start timing effects. In Grade
8, female students showed somewhat greater en-
gagement, whereas male students showed longer
or more variable clause- and word-start pauses.
Detailed feature-level gender comparisons are re-
ported in Appendix A.3.

Within-cohort replication could therefore be
moderate to strong, but cross-grade and cross-
school persistence was minimal or absent (Table 5).
The results do not support gender as a stable ex-
planation of keystroke behavior; instead, observed
differences appear contingent on cohort and writ-
ing context.

5 Discussion

This study examined whether keystroke-derived
writing-process measures remain meaningful
across schools, grades, and writing contexts. The
strongest evidence emerged in Grade 8, where
higher incoming ELA proficiency was consistently

school replication

Table 5: RQ3 stability of significant gender-linked fea-
ture differences. S1 and S2 denote Schools 1 and 2; G7
and G8 denote Grades 7 and 8.

associated with greater reading, navigation, and
active-writing activity and with shorter pauses
at clause boundaries. Replication across schools
and across ELA and broader classroom writing
suggests that these relationships are not confined
to a single institutional or task context. These
findings are broadly consistent with prior work
showing that keystroke-derived timing, fluency,
revision, and engagement measures contain in-
formation related to writing performance (Conijn
et al., 2022; Van Waes and Leijten, 2015). At the
same time, prior evidence that keystroke features
are sensitive to writing-task demands (Conijn
et al.,, 2019) makes the cross-context replication
observed here particularly important.

At the same time, the findings caution against
treating all process measures as portable indicators.
Grade 7 associations were sparse, factor structures
were not invariant, and gender-linked differences
did not replicate consistently. These results matter
for Al-enabled educational measurement because
predictive usefulness within one cohort does not
by itself establish the validity of an interpretation
or its transferability to other populations and con-
texts (American Educational Research Association
et al., 2014). A model may exploit local timing,
task, or demographic patterns while performing
poorly or differently elsewhere.

The results therefore support a staged approach
to using keystroke data in Al systems. Candi-
date features should first be theoretically motivated
and locally validated, then tested for replication
across relevant contexts and subgroups. Predic-
tive models should be evaluated not only for ac-
curacy but also for stability and subgroup per-
formance, particularly because automated scoring
models can reproduce measurement and algorith-
mic biases through their features and modeling de-
cisions (Johnson et al., 2022; Jiang et al., 2024).
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Process-based feedback should likewise remain
tied to observable behavior rather than treating iso-
lated keystroke events as direct evidence of internal
cognitive states.

The recurring fluency, revision, engagement,
and planning-related patterns provide some sup-
port for the interpretability of the feature design,
but the unstable factor structures suggest that these
categories are better treated as organizing frame-
works than fixed latent scales. This interpreta-
tion is consistent with prior cautions that observ-
able keystroke behaviors do not map uniquely onto
higher-order writing processes (Deane et al., 2008;
Conijn et al., 2019). For downstream Al appli-
cations, keystroke features may therefore be most
useful as context-sensitive evidence sources rather
than universal proxies for proficiency.

Among the features examined, reading, naviga-
tion, active-writing time, and clause-boundary tim-
ing appear most promising because their relation-
ships with proficiency replicated across Grade 8
schools and writing contexts. By contrast, features
or factor structures observed in only one cohort
should be treated as locally informative until they
replicate elsewhere. This distinction is important
as keystroke data are increasingly used for writing-
quality prediction, detection of nonauthentic text,
and other Al-supported assessment tasks (Conijn
et al., 2022; Jiang et al., 2024; Zhang et al., 2025;
Deane et al., 2026).

6 Limitations and Future Work

First, excluding Below-Basic students was neces-
sary to harmonize proficiency categories across
states but restricted the criterion range, which can
reduce observed correlations (Mendoza and Mum-
ford, 1987). The findings therefore apply only to
students represented in the Basic, Proficient, and
Advanced categories.

Second, the Grade 7/Grade 8 comparison is
cross-sectional. Differences in sample size, score
distributions, assignment mix, or cohort compo-
sition may explain the stronger Grade 8 associa-
tions; longitudinal data are needed before interpret-
ing this pattern developmentally.

Third, some EFA cohorts were small relative
to the 54 analytic variables, and one cohort had
KMO=.52. Low Tucker congruence may there-
fore reflect estimation instability as well as gen-
uine contextual variation (MacCallum et al., 1999).
Larger samples and confirmatory or resampling-

based analyses are needed before defining reusable
latent scales.

Finally, gender analyses were limited to binary
roster labels and do not constitute comprehensive
fairness evidence; fairness in educational measure-
ment concerns the validity and comparability of
score interpretations and uses across relevant pop-
ulations, rather than any single demographic com-
parison (American Educational Research Associa-
tion et al., 2014; Johnson et al., 2022). Future work
should examine other relevant student characteris-
tics where ethically and legally appropriate.

7 Conclusion

Keystroke process data provide information about
writing behavior that is not visible in final text
alone, but their value depends on validation across
contexts. Across two middle schools and thou-
sands of classroom documents, Grade 8 profi-
ciency associations involving engagement and tem-
poral fluency replicated across schools and writ-
ing contexts, whereas Grade 7 associations were
sparse, latent structures were unstable, and gender-
linked patterns were context dependent. These
findings support cautious use of keystroke mea-
sures in Al-enabled formative assessment and re-
inforce a central requirement: behavioral process
signals should demonstrate validity, generalizabil-
ity, and fairness before being used for automated
inference or feedback.
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A Detailed Results

A.1 RQI1: Feature—Proficiency Associations

Tables 6-9 report significant feature—proficiency
associations after FDR correction. Here, G de-
notes grade and p,q; denotes the FDR-adjusted p-
value.
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G Feature P Dadj G Feature p Dadj
8  overallReadingTime 0.3481 0.0242 7  overallNavigationTime 0.3974  0.0622
8  stdLogBetweenWordInsertTime 0.3366  0.0242 R
8  varLogClauseBreakInsertTime 0.3024  0.0474 8  overallReadingTime 04735 0.0000
. 8  nBetweenWordlInserts 0.4093  0.0000
8  overallMenuTime 0.2927  0.0474 AT
8  overallNavigationTime 0.3961  0.0000
8  nBetweenWordlInserts 0.2887  0.0474 . o
. - 8  overallActiveWritingTime 0.3858  0.0000
8  stdLogMinorPunctlnsertTime 0.2823  0.0480 . .
. 8  medianLogClauseBreakInsertTime -0.3825  0.0000
8  stdLogWordStartInsertTime 0.2709  0.0575 . .
. S 8  medianLogWordStartInsertTime -0.3414  0.0001
8  overallActiveWritingTime 0.2504 0.0770 .
. 8  meanLogClauseBreakInsertTime -0.3399  0.0001
8  varLogBetweenWordInsertTime 0.2497  0.0770 .
. 8  meanLogWordStartInsertTime -0.3026  0.0006
8  meanLogClauseBreakInsertTime -0.2440  0.0770 .
P 8  meanLogInWordInsertTime -0.3016  0.0007
8  overallNavigationTime 0.2437  0.0770 . .
8  medianLogClauseBreakInsertTime -0.2344  0.0893 8 medianLogInWordInsertTime -0.2975 - 0.0007
. . 8  medianLogStartingBackspaceTime -0.2660  0.0032
o ) 8  stdLogBeforeWordInsertTime -0.2629  0.0034
Table 6: Significant feature-ELA proficiency correla- 8  varLogContinuingBackspaceTime ~ 0.2608  0.0034
tions for School 1 in the ELA writing context. 8  meanLogStartingBackspaceTime ~ -0.2507  0.0050
8  overallMenuTime 0.2407  0.0072
8  stdLogInWordInsertTime -0.1920  0.0437
8  stdLogMinorPunctlnsertTime -0.1840  0.0525
G  Feature P Dadj 8  stdLogEditTime -0.1831  0.0525
7 overallActiveWritingTime 02931 0.0546 8  medianLogBetweenWordInsertTime -0.1619  0.0969
7  overallMenuTime 0.2838  0.0546 o .
7 nBetweenWordInserts 02561 0.0947 Table 9: Significant feature-ELA proficiency correla-
8 nBetweenWordInserts 03851 00024  tons for School 2 in the Full writing dataset.
8  overallReadingTime 0.3811  0.0024
8  overallActiveWritingTime 0.3327 0.0119 . .
8  stdLogBetweenWordInsertTime 0.2953  0.0286 A.2  RQ2: Ilustrative Factor Solutions
8  overallMenuTime 0.2938  0.0286 .
8  varLogWordStartInsertTime 0.2829  0.0341 The follqwmg tables present the Grade S.ELA fac-
8  overallNavigationTime 0.2622 0.0555  tor solutions for both schools as illustrative exam-
8  varLogBetweenWordInsertTime 02438 0.0764  pleg of the recurring behavioral dimensions and
8  varLogInWordInsertTime 0.2423  0.0764 L. . ..
8  varLogStartingBackspaceTime 02337 0.087]  Vvariation in their composition across schools.
8  varLogClauseBreakInsertTime 0.2283  0.0913

Table 7: Significant feature-ELA proficiency correla-
tions for School 1 in the Full writing dataset.

G  Feature p Dadj
8  medianLogClauseBreakInsertTime -0.4328  0.0000
8  overallNavigationTime 0.4067  0.0000
8  meanLogClauseBreakInsertTime -0.4007  0.0000
8 overallReadingTime 0.3794  0.0000
8  overallActiveWritingTime 0.3515  0.0000
8 nBetweenWordInserts 0.3334  0.0002
8  meanLogInWordInsertTime -0.2838  0.0027
8  medianLogWordStartInsertTime -0.2709  0.0043
8  medianLogInWordInsertTime -0.2629  0.0055
8  varLogStartingBackspaceTime 0.2518  0.0080
8  varLogContinuingBackspaceTime  0.2417 0.0111
8  meanLogWordStartInsertTime -0.2282  0.0171
8  overallMenuTime 0.2267 0.0171
8  medianLogEditTime -0.2187  0.0216
8  varLogEditTime 0.2123  0.0255
8  meanLogContinuingBackspaceTime -0.2096  0.0264
8  medianLogContinuingBackspaceTime0.2004  0.0344
8  medianLogStartingBackspaceTime -0.1983  0.0350
8  meanLogEditTime -0.1832  0.0546
8  meanLogStartingBackspaceTime  -0.1814  0.0551
8  varLogClauseBreakInsertTime 0.1774  0.0594
8  stdLogMinorPunctInsertTime -0.1703  0.0705

Factor

Dominant features

Theme

F1

F2

F3

overallNavigationTime,
overallActiveWritingTime,
overallReadingTime,
overallMenuTime,
varLogMinorPunctInsertTime,
varLogBetweenWordInsert-
Time,
varLogStartingBackspaceTime,
varLogInWordInsertTime
medianLogInWordInsertTime,
meanLogStartingBackspace-
Time,
medianLogStartingBackspace-
Time,
medianLogBetweenWordInsert-
Time,
meanLogBetweenWordInsert-
Time,
meanLogWordStartInsertTime,
medianLogWordStartInsert-
Time

meanLogContinuing
BackspaceTime,
meanLogEditTime,
medianLogEditTime, median-
LogContinuingBackspaceTime,
stdLogContinuingBackspace-
Time

Global

engagement

time

Quick revision

Sustained

revision

Table 8: Significant feature-ELA proficiency correla-

tions for School 2 in the ELA writing context.

Table 10: Dominant features and interpreted factor
themes for School 1, Grade 8, ELA writing.
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Table 10 continued

Factor

Dominant features

Theme

F4

F5

F6

stdLogClauseBreakInsertTime,
stdLogBetweenWordInsert-

Time,

stdLogInWordInsertTime,
stdLogStartingBackspaceTime,
stdLogWordStartInsertTime
medianLogMinorPunctInsertTime

meanLogBeforeWordInsertTime,
medianLogBeforeWordInsert-
Time

Edit variability

Minor-
punctuation
rhythm
Pre-word
planning

Factor

Dominant features

Theme

F1

F2

F3

F4

F5

F6

meanLogInWordInsertTime,
medianLogInWordInsertTime,
meanLogBetweenWordInsert-
Time,
medianLogBetweenWordInsert-
Time,
meanLogStartingBackspace-
Time,
medianLogStartingBackspace-
Time,
meanLogWordStartInsertTime,
medianLogWordStartInsert-
Time,
meanLogClauseBreakInsert-
Time,
medianLogClauseBreakInsert-
Time
overallActiveWritingTime,
overallNavigationTime,
overallReadingTime,
overallMenuTime,
nBetweenWordInserts,
varLogEditTime,
varLogStartingBackspaceTime,
varLogContinuingBackspace-
Time

meanLogContinuing
BackspaceTime,
meanLogEditTime,
medianLogEditTime, median-
LogContinuingBackspaceTime
stdLogInWordInsertTime, std-
LogBetweenWordInsertTime,
stdLogWordStartInsertTime,
stdLogBeforeWordInsertTime,
stdLogMinorPunctInsertTime,
stdLogStartingBackspaceTime
meanLogBeforeWordInsertTime,
stdLogClauseBreakInsertTime

medianLogMinorPunctInsertTime,

meanLogMinorPunctlnsert-
Time

Quick revision
/ clause-level
rhythm

Global
engagement
time

Sustained
revision

Edit variability

Pre-word
planning
Minor-
punctuation
rhythm

Table 11: Dominant features and interpreted factor

themes for School 2, Grade 8, ELA writing.

A.3 RQ3: Gender-Linked Feature

Differences

The following tables report feature-level gender
differences that remained significant after FDR
correction. Negative Cliff’s § denotes higher val-
ues for female students, whereas positive values
denote higher values for male students. No signifi-
cant differences were observed for School 1 Grade
8 or for School 2 Grade 7 in the ELA writing con-

text.

Feature Dagj  Cliff’s §
nBetweenWordInserts <.0001  -0.5710
stdLogClauseBreakInsertTime 0.0003 0.5249
overallNavigationTime 0.0003  -0.5164
overall ActiveWritingTime 0.0003  -0.5062
overallReadingTime 0.0005  -0.4832
varLogContinuingBackspaceTime 0.0008  -0.4670
stdLogBetweenWordInsertTime 0.0033 0.4132
overallMenuTime 0.0033  -0.4128
varLogInWordInsertTime 0.0098  -0.3710
varLogEditTime 0.0166  -0.3390
varLogBetweenWordInsertTime 0.0186  -0.3394
stdLogBeforeWordInsertTime 0.0295 0.3168
meanLogMinorPunctInsertTime 0.0295  -0.3117
varLogWordStartInsertTime 0.0295  -0.3096
varLogStartingBackspaceTime 0.0443  -0.2913

Table 12: Significant gender-linked feature differences
for School 1, Grade 7, ELA writing (35 male, 67 fe-

male).

Feature Dagj  Cliff’s §
nBetweenWordInserts <.0001  -0.5657
stdLogBetweenWordInsertTime < .0001 0.5429
overallNavigationTime 0.0009  -0.4585
stdLogClauseBreakInsertTime 0.0009 0.4514
overallActiveWritingTime 0.0020 -0.4214
stdLogBeforeWordInsertTime 0.0034 0.4007
overallMenuTime 0.0095  -0.3629
stdLogInWordInsertTime 0.0142 0.3443
overallReadingTime 0.0185  -0.3307
meanLogMinorPunctInsertTime 0.0382  -0.2993
medianLogWordStartInsertTime 0.0503 0.2836
meanLogWordStartInsertTime 0.0503 0.2807
stdLogContinuingBackspaceTime 0.0706 0.2629
varLogStartingBackspaceTime 0.0964  -0.2446
stdLogEditTime 0.0975 0.2407
medianLogMinorPunctInsertTime 0.0975  -0.2332
varLogWordStartInsertTime 0.0975  -0.2243
varLogEditTime 0.0975  -0.2021

Table 13: Significant gender-linked feature differences
for School 1, Grade 7, Full writing dataset (40 male, 70

female).
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Feature Dagj  CliffP’s §

medianLogWordStartInsertTime 0.0264 0.5097
meanLogWordStartInsertTime 0.0593 0.4452

Table 14: Significant gender-linked feature differences
for School 2, Grade 7, Full writing dataset (30 male, 31
female).

Feature Pagj  Cliff’s 6
meanLogBeforeWordInsertTime 0.0591 0.2782
nBetweenWordInserts 0.0591  -0.2742
medianLogBeforeWordInsertTime 0.0591 0.2699
overallNavigationTime 0.0591  -0.2562
overallReadingTime 0.0591  -0.2523
overallActiveWritingTime 0.0591  -0.2494
varLogEditTime 0.0882  -0.2272
medianLogClauseBreakInsertTime 0.0882 0.2263

Table 15: Significant gender-linked feature differences
for School 2, Grade 8, ELA writing (75 male, 74 fe-
male).

Feature Pagg Cliff’s 6
stdLogClauseBreakInsertTime 0.0117 0.3144
nBetweenWordInserts 0.0117  -0.3139
overallNavigationTime 0.0117 -0.3114
stdLogBeforeWordInsertTime 0.0240 0.2844
overallMenuTime 0.0348  -0.2655
overallActiveWritingTime 0.0348  -0.2618
overallReadingTime 0.0521  -0.2432
stdLogBetweenWordInsertTime 0.0521 0.2402
medianLogClauseBreakInsertTime 0.0827 0.2208
medianLogBeforeWordInsertTime 0.0992 0.2106

Table 16: Significant gender-linked feature differences
for School 2, Grade 8, Full writing dataset (79 male, 75
female).
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