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Abstract

This study examines where socioeconomic differences in students’ computational thinking
(CT) learning become visible by comparing a diagnostic assessment of conceptual CT
knowledge with behavioral indicators derived from interaction data in a digital program-
ming environment. The study involved 444 elementary school students who completed a
structured sequence of programming tasks while their activity was recorded. Conceptual
CT knowledge was assessed using a validated diagnostic instrument, and four behavioral
indicators were derived from learning logs: average first-try stars, attempts per challenge,
highest challenge reached, and average solution time. Analyses were conducted at two
complementary levels: individual indicators and integrated digital behavioral types identi-
fied through clustering. The findings revealed no meaningful socioeconomic differences in
diagnostic CT performance and no consistent differences across most individual behavioral
indicators, with the exception of average first-try stars. However, socioeconomic differences
became visible when students’ interaction patterns were examined as multidimensional
configurations of engagement. These results suggest that socioeconomic variation is re-
flected primarily in students’ engagement with digital problem-solving processes rather
than in conceptual knowledge alone. The study highlights the value of combining diagnos-
tic and log-based measures for understanding how educational inequality may become
observable in computational thinking development.

Keywords: computational thinking; socioeconomic status; educational inequality; learning
analytics; programming education; log-based assessment; digital learning

1. Introduction
Computational Thinking (CT) has become an important focus of computing education,

particularly in elementary school contexts where students are increasingly introduced to
programming and digital problem-solving activities (Shute et al. 2017; Wing 2006). At the
same time, educational inequality continues to shape students’ access to digital resources,
programming opportunities, and STEM-related learning experiences (Feniger et al. 2021;
Yin et al. 2024). These two developments raise an important measurement question: when
students from different socioeconomic contexts engage with CT learning, where do such
differences become visible?

Despite growing attention to both CT learning and educational inequality, identifying
where socioeconomic differences become visible in CT learning remains empirically chal-
lenging. One reason is that different assessment approaches capture different aspects of
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learning. Diagnostic assessments are designed to capture students’ conceptual understand-
ing of computational constructs, whereas digital learning environments generate log-based
indicators that document how students act while solving computational tasks, such as their
attempts, progression, first-try performance, and time investment (Grover and Pea 2013;
Tang et al. 2020). These forms of evidence are related, but they do not necessarily represent
the same dimension of CT learning.

The present study addresses this measurement gap by examining socioeconomic dif-
ferences across three complementary assessment levels: diagnostic CT measures, individual
log-based behavioral indicators, and integrated behavioral types derived from patterns of
log-based indicators. This design enables us to examine whether socioeconomic variation
is visible in conceptual CT knowledge, in isolated behavioral indicators, or in broader
configurations of students’ digital problem-solving behavior.

The contribution of the study is therefore both substantive and methodological. Sub-
stantively, it examines how socioeconomic differences in CT learning are expressed in
students’ engagement with digital programming tasks. Methodologically, it demonstrates
the value of integrating diagnostic and log-based assessment evidence for identifying forms
of inequality that may remain hidden when only one assessment modality is used.

Research Questions

The study addresses the following research questions:

1. How are students’ diagnostic measures of CT associated with socioeconomic background?
2. How are individual log-based indicators of CT learning associated with socioeconomic

background?
3. How are behavioral types, derived from patterns of log-based indicators of CT learn-

ing, associated with socioeconomic background?

2. Related Work
2.1. Conceptual and Behavioral Approaches to CT Assessment

Computational Thinking is commonly conceptualized as a multidimensional com-
petence that includes abstraction, decomposition, algorithmic reasoning, debugging, and
systematic problem solving (Grover and Pea 2013; Montuori et al. 2024; Palop et al. 2025).
As CT has been integrated into primary and secondary education, assessment has become a
central concern: researchers and educators need tools that can capture students’ conceptual
understanding while also recognizing how CT is enacted during problem-solving activity.

Diagnostic CT assessments are designed to evaluate students’ conceptual understand-
ing of computational constructs through structured reasoning tasks that are independent
of specific learning environments (El-Hamamsy et al. 2025; Tang et al. 2020). These instru-
ments provide standardized measures of conceptual CT knowledge and enable compar-
isons across students and populations. Validation studies using diagnostic CT assessments,
including the Competent Computational Thinking Test (cCTt), have demonstrated their
ability to reliably measure students’ conceptual understanding of computational constructs
in elementary education settings (El-Hamamsy et al. 2025; Zapata-Cáceres et al. 2024).

At the same time, digital programming environments generate detailed log-based
process data that capture learners’ actions during problem solving, including attempts,
progression across tasks, response accuracy, and solution time (Banihashem et al. 2024; He
and Cui 2025). These behavioral indicators provide process-level evidence of how learners
engage with computational tasks and enact learning opportunities. Empirical studies
analyzing log-based interaction data have shown that learners with similar performance
outcomes often exhibit distinct behavioral trajectories, including differences in persistence,
number of attempts, and progression through programming challenges, indicating that
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behavioral data provide insight into learning processes not directly observable through
diagnostic assessments alone (Israel-Fishelson and Hershkovitz 2020a; Tan et al. 2025).

Importantly, the multidimensional nature of CT implies that different assessment
modalities capture complementary aspects of computational competence. Systematic
reviews and empirical studies have emphasized that conceptual understanding and be-
havioral performance represent related but distinct dimensions of learning, and that no
single assessment modality fully captures the complexity of CT development (Montuori
et al. 2024). This distinction highlights the importance of integrating multiple assessment
approaches to obtain a comprehensive understanding of students’ CT.

2.2. Log-Based Behavioral Indicators and Conceptual Knowledge

Learning analytics research has increasingly examined the relationship between behav-
ioral indicators derived from log data and conceptual measures of learning, as documented
in recent systematic reviews (Banihashem et al. 2024). Log-based process data provide
detailed traces of learners’ interactions with digital tasks, capturing behavioral dimen-
sions such as persistence, strategy use, progression, and efficiency during problem solving
(Arizmendi et al. 2022; He and Cui 2025). However, empirical research in learning ana-
lytics suggests that behavioral trace data and conceptual assessments do not necessarily
capture the same aspects of learning (Montuori et al. 2024). Learners who demonstrate
similar conceptual understanding may exhibit substantially different behavioral trajectories
in digital environments, while similar behavioral patterns do not always correspond to
comparable conceptual knowledge.

Studies in digital learning environments show that behavioral trace data may re-
late to conceptual measures under specific learning conditions and task contexts. Some
studies report measurable correspondences between behavioral indicators and conceptual
performance when both are derived from the same digital task context (Israel-Fishelson
and Hershkovitz 2020b, 2022). For example, empirical analyses of programming and
game-based learning environments indicate that indicators such as task completion ac-
curacy, progression patterns, and interaction efficiency may reflect how learners apply
domain-specific computational concepts during problem-solving activities within the same
instructional setting, rather than constituting direct measures of conceptual understanding.
Such convergence appears more likely when behavioral indicators are compared with
conceptual assessments that reflect the same learning activity, suggesting that the strength
of observed correspondence depends on the degree of contextual alignment between the
learning task generating the trace data and the conceptual construct being assessed.

Beyond task-bound comparisons, other studies document weak or inconsistent rela-
tionships between behavioral trace data and conceptual assessments administered outside
the immediate digital learning context, including in domains such as programming and
complex problem solving (Tan et al. 2025; Winter et al. 2024). For instance, learners with
similar levels of conceptual performance may exhibit substantial differences in persistence
and number of attempts during programming tasks, as well as in their progression patterns
and temporal investment in complex problem-solving environments (He and Cui 2025;
Tan et al. 2025). These findings suggest that behavioral indicators often capture dimen-
sions of engagement and strategy enactment that are only partially reflected in broader
conceptual assessments.

Because learning unfolds through coordinated cognitive and behavioral processes over
time, recent research has emphasized the importance of examining integrated behavioral
patterns rather than isolated performance indicators (Ferguson et al. 2023). Multidimen-
sional analytical approaches, including clustering methods, enable the identification of
behavioral profiles that capture coherent modes of engagement with digital learning envi-
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ronments (Ferguson et al. 2023). Recently, latent profile analysis was used to identify CT
profiles among pre-service teachers; profile membership was associated with metacognitive
strategies and prior coding experience, and behavioral measures from an interactive CT
task differed across profiles (Chichekian et al. 2026). Such approaches enable the char-
acterization of systematic variation in how learners engage with computational tasks,
thereby providing a process-oriented perspective that complements conceptual assessment
(Israel-Fishelson and Hershkovitz 2020a).

2.3. Socioeconomic Differences in CT and Digital Learning

Socioeconomic status (SES) is a well-established predictor of educational outcomes
and is consistently associated with students’ access to digital resources and learning oppor-
tunities across educational contexts (Feniger et al. 2021; Winter et al. 2024; Yin et al. 2024).
For example, in primary school settings, students from higher socioeconomic backgrounds
achieved significantly higher programming scores and progressed further within the same
instructional sequence than their lower-SES peers (Küçükaydın and Çite 2024). Similarly,
students with greater home access to computing resources tended to have greater opportu-
nities to engage in programming activities and digital learning experiences (Yin et al. 2024).

Research examining CT specifically has reported mixed findings regarding socioeco-
nomic differences in conceptual CT knowledge. Some studies have found that students
from higher-SES backgrounds show higher programming achievement and more advanced
performance in programming-related tasks, although this does not necessarily translate
into differences in conceptual CT measures, particularly when learners have unequal access
to digital learning opportunities (Küçükaydın and Çite 2024). However, other studies have
reported weak or statistically non-significant associations between SES and standardized
diagnostic measures of conceptual CT, suggesting that SES-related variation is not always
detectable at the level of conceptual knowledge alone (Montuori et al. 2024). Research using
standardized diagnostic CT assessments emphasizes that such instruments are designed to
capture learners’ conceptual computational reasoning independently of specific learning
contexts or behavioral engagement conditions (El-Hamamsy et al. 2025). This inconsistency
suggests that socioeconomic differences in CT may not always be observable through
standardized diagnostic conceptual measures.

At the same time, research using log-based interaction data suggests that SES is
associated with observable variation in how learners engage with computational tasks.
Behavioral trace data analyses have demonstrated higher attempt frequency, slower pro-
gression rates, and less stable solution trajectories among lower-SES learners compared
to their higher-SES peers (Winter et al. 2024). Because behavioral indicators capture how
learners enact learning opportunities, examining behavioral patterns provides an addi-
tional perspective for understanding how SES-related variation becomes observable in
CT development.

Despite growing research on CT assessment and educational inequality, prior studies
have typically examined socioeconomic differences either at the level of conceptual diag-
nostic assessments or at the level of individual behavioral indicators. However, studies
rarely examine conceptual measures, individual behavioral indicators, and integrated be-
havioral patterns within a unified analytical framework (Banihashem et al. 2024; Ferguson
et al. 2023). Without examining these levels simultaneously, interpretations of SES-related
variation may remain partial, as each modality foregrounds different dimensions of CT
learning. Clarifying where SES-related variation becomes observable across complementary
assessment levels is therefore essential for accurately interpreting what different forms of
assessment evidence reveal about CT development.
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3. Materials and Methods
3.1. Participants and Learning Context

The study involved 444 elementary school students from 3rd and 4th grades
(ages 8–10) attending four public elementary schools in a large metropolitan area in Israel.
The learning activity focused on the acquisition of core Computational Thinking (CT)
concepts and was implemented as part of students’ regular classroom instruction, with all
students participating in the same instructional activity during regular school hours.

Students worked in the same digital learning environment (CodeMonkey), using a
block-based programming interface designed for elementary school students. The learning
activity consisted of a structured sequence of goal-oriented programming challenges,
in which students constructed solutions by arranging visual code blocks to control a
character’s actions. The system automatically recorded fine-grained task-level interaction
data for each student, documenting how students attempted solutions, progressed across
challenges, and invested time during problem solving.

3.2. Research Tools

To examine students’ CT from complementary perspectives, the study employed two
research tools: a diagnostic pen-and-paper assessment and a digital programming environ-
ment that generated fine-grained log data. Together, these tools enabled the examination of
students’ conceptual CT knowledge alongside their observed problem-solving behavior in
a digital learning context.

3.2.1. Competent Computational Thinking Test (cCTt)

Students’ conceptual CT knowledge was assessed using the Competent Computa-
tional Thinking Test (cCTt), a validated pen-and-paper diagnostic instrument designed
for elementary school students (El-Hamamsy et al. 2025). The cCTt evaluates students’
understanding of core computational concepts through multiple-choice items that require
reasoning about algorithmic processes rather than code writing. In the present study, we
used a validated shortened version of the instrument consisting of 15 multiple-choice
items, selected from the original 25-item test and organized to represent core computational
concepts with progressive complexity.

The test targets foundational CT concepts commonly taught in introductory program-
ming instruction, including sequences, loops, conditionals, and while statements. Items
are presented in abstract, non-programming contexts and require students to interpret,
predict, or reason about the behavior of computational processes. The cCTt yields both
concept-level scores and an overall CT performance score, providing an estimate of stu-
dents’ diagnostic conceptual CT knowledge independent of interaction with a specific
programming environment. The cCTt has demonstrated satisfactory psychometric prop-
erties in prior studies with elementary school populations and has been used in multiple
large-scale investigations of CT development (El-Hamamsy et al. 2025). Illustrative ex-
amples of cCTt items are provided in Figure 1. The examples present abstract grid-based
representations of a character’s movement in a multiple-choice format with four response
options. Item 1 represents a sequencing task, whereas Item 13 represents a task involving
repeated actions.
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Figure 1. Sample items from the cCTt instrument. Item 1 shows a sequencing task, and Item 13 shows
a task that involves repeated actions. Arrows indicate movement directions, the numbers 1 and 13
identify the item numbers, and the letters A–D label the response options. The figure illustrates the
grid-based problem context and the four-option multiple-choice format.

3.2.2. CodeMonkey Digital Learning Environment

Students’ digital learning behavior was captured through CodeMonkey, a block-based
programming environment designed for elementary school learners. In CodeMonkey,
students engage with a structured and progressive sequence of programming challenges of
increasing complexity by constructing solutions through the arrangement of visual code
blocks that control a character’s actions.

Throughout students’ interactions with the environment, CodeMonkey automatically
records time-stamped task-level log data that capture individual interaction events, includ-
ing solution attempts, challenge completion, and time spent on each challenge. Behavioral
indicators used in this study were derived from these raw log records through data pro-
cessing and aggregation procedures. These log data provide detailed information about
students’ engagement and interaction patterns within the digital learning environment and
serve as the basis for the log-based analyses conducted in this study. Figure 2 shows exam-
ples of CodeMonkey challenges from the Beaver Achiever unit. The top panel shows an
early challenge, whereas the bottom panel shows a later challenge that involves organizing
repeated actions using loop blocks. The examples illustrate the block-based programming
interface and task context.

 

Figure 2. Cont.
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Figure 2. Examples of programming challenges from the CodeMonkey Beaver Achiever unit. Top
panel shows Challenge 1. Bottom panel shows Challenge 22. The # symbol in the repeat block
indicates the number of times the enclosed command sequence is repeated. The figure illustrates the
block-based programming interface and task context.

3.3. Measures

To capture students’ CT from complementary perspectives, the study included di-
agnostic CT measures, log-based behavioral measures derived from students’ interaction
data, and a school-level socioeconomic indicator.

3.3.1. Diagnostic CT Measures

Students’ diagnostic CT was operationalized using scores derived from the cCTt. The
test yields both concept-level scores (sequences, loops, conditionals, and while statements)
and an overall CT performance score, which were used as indicators of students’ conceptual
CT knowledge independent of their interaction with the digital learning environment.

3.3.2. Log-Based Behavioral Measures

Log-based behavioral measures were derived from students’ interactions with the
digital learning environment and treated as process-level indicators reflecting how students
acted while engaging with CT tasks. As students progressed through a structured sequence
of programming challenges, the system recorded detailed logs of their problem-solving
activity, capturing first-try performance, persistence, progression, and time investment.

Based on these data, four behavioral indicators were constructed: average first-try
stars, defined as the mean number of stars obtained on students’ first attempt across
completed challenges; attempts per challenge, reflecting the average number of solution
attempts and capturing persistence and trial-and-error behavior; highest challenge reached,
indicating students’ progression through the task sequence; and average time per challenge,
representing temporal investment during problem solving. Together, these indicators
provide a multidimensional characterization of students’ digital problem-solving behavior.

These indicators were selected because they represent interpretable dimensions of
digital learning behavior commonly examined in current learning analytics research: initial
task performance, repeated attempts and persistence, progression through a structured
task sequence, and temporal investment during problem solving (Arizmendi et al. 2022;
Banihashem et al. 2024; He and Cui 2025). Although this feature set does not model fine-
grained temporal sequences or strategy transitions, it provides a parsimonious basis for
comparing broad log-based behavioral evidence with diagnostic CT performance.
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3.3.3. Background Variables

Socioeconomic status (SES) was operationalized at the school level using the Israeli
Ministry of Education’s Nurture Index (BenDavid-Hadar and Ziderman 2011), with lower
values indicating higher socioeconomic status. This indicator was used to examine socioe-
conomic differences across diagnostic CT measures and log-based behavioral outcomes.
Because the available SES indicator was defined at the school level, SES was treated as a
contextual school-level grouping variable rather than as an individual-level socioeconomic
measure. Student-level background variables were not included as covariates in the main
analyses; this analytic choice is addressed as a limitation.

3.4. Data Analysis

Analyses were conducted at two complementary levels. First, socioeconomic differ-
ences were examined separately for diagnostic CT scores derived from the cCTt and for
individual log-based behavioral indicators derived from the digital learning environment.

Second, students’ digital behaviors were analyzed as structured patterns of action.
Log-based indicators were z-standardized and subjected to hierarchical clustering using
Ward’s linkage method with Pearson distance to identify digital behavioral types based on
students’ interaction patterns. Cluster solutions were evaluated using a combination of
BIC, silhouette values, the elbow plot, dendrogram inspection, cluster size, and substan-
tive interpretability.

All analyses were performed using JASP (version 0.95). Missing values were handled
using analysis-specific deletion, so the analytic sample size varied across analyses according
to the availability of the relevant diagnostic, log-based, and clustering variables.

4. Results
4.1. Diagnostic Measures and Socioeconomic Status (RQ1)

To examine socioeconomic differences in students’ diagnostic CT performance, par-
ticipants were grouped based on school-level SES. The four participating schools were
mapped into two SES groups, representing lower-SES and higher-SES school contexts.
Among students with valid school-level SES information, the higher-SES group comprised
104 students, while the lower-SES group comprised 263 students. All subsequent analyses
were conducted at the student level, using this dichotomous SES grouping as a contextual
variable rather than as an analytic unit at the school level.

Descriptive statistics were computed for cCTt scores separately for each SES group.
Due to missing cCTt data, this analysis includes 101 students from higher-SES schools and
260 students from lower-SES schools. Students in the higher-SES group obtained a mean
cCTt score of M = 0.66 (SD = 0.28), whereas students in the lower-SES group obtained a
mean score of M = 0.67 (SD = 0.25). An independent-samples t-test indicated no statistically
significant difference between groups, t(359) = −0.18, p = 0.86.

4.2. Individual Log-Based Indicators (RQ2)

Socioeconomic differences in individual log-based indicators were examined by com-
paring students from lower- and higher-SES school contexts across four predefined behav-
ioral measures: average first-try stars, average attempts per challenge, highest challenge
reached, and average time per challenge. For each indicator, an independent-samples t-test
was conducted to assess group differences.

Across the individual log-based indicators, most socioeconomic differences were not
statistically significant. No significant differences between lower- and higher-SES school
contexts were found for the average number of attempts per challenge, t(371) = −1.13,
p = 0.26, the highest challenge reached, t(371) = −1.44, p = 0.15, or the average time per
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challenge, t(371) = 1.90, p = 0.06. A statistically significant difference between groups was
observed only for average first-try stars, t(371) = 5.57, p < 0.001, with students from higher-
SES school contexts demonstrating higher average first-try stars. Descriptive statistics
and results of the independent-samples t-tests for all individual log-based indicators are
presented in Table 1. Overall, socioeconomic differences were observed for only one of
the examined log-based indicators and were not consistently present across individual
behavioral measures.

Table 1. Descriptive Statistics and SES Comparisons for Individual Log-Based Indicators.

Log-Based Indicator High-SES (n = 95)
M (SD)

Low-SES (n = 278)
M (SD) t p

Average first-try stars 2.64 (0.27) 2.42 (0.34) 5.57 <0.001
Average attempts per

challenge 1.51 (0.46) 1.58 (0.54) −1.13 0.26

Highest challenge reached 23.23 (4.74) 24.07 (4.94) −1.44 0.15
Average time per

challenge (seconds) 86.48 (65.98) 76.80 (31.50) 1.90 0.06

Note. SES = socioeconomic status. Values are means (M) and standard deviations (SD) by school-level SES group.
Group differences were tested using independent-samples t-tests. Reported n values reflect valid (non-missing)
observations for each indicator.

4.3. Digital Behavioral Types (RQ3)

To address the third research question, the analysis moved beyond examining individ-
ual log-based indicators in isolation and instead focused on identifying integrated patterns
of digital learning behavior. Rather than analyzing each behavioral measure separately, this
step aimed to capture how multiple indicators jointly characterize students’ interaction with
the CodeMonkey learning environment. Given the multidimensional nature of log-based
data, hierarchical clustering was applied to standardized measures of average first-try stars,
average attempts per challenge, highest challenge reached, and average solution time.

Hierarchical clustering identified four distinct behavioral clusters based on students’
log-based interaction patterns. The clustering solution was estimated using Pearson dis-
tance and Ward’s linkage method. Model fit indices indicated meaningful separation
between clusters, with an explained variance of R2 = 0.45 and an average silhouette coef-
ficient of 0.58. The four-cluster solution was selected as the primary model based on the
balance between BIC, silhouette values, the elbow plot, dendrogram inspection, cluster
size, and substantive interpretability, whereas higher-k solutions yielded smaller clusters
without adding substantive interpretive value.

To characterize the behavioral patterns represented by each cluster, cluster-level means
were computed for the four standardized log-based indicators, enabling direct comparison
of standardized indicator values across clusters. Rather than reflecting variation along a
single behavioral dimension, the clusters differ in the configuration and co-occurrence of
multiple indicators, as reflected in their standardized values across the four behavioral
indicators. Table 2 presents the standardized profiles of the four behavioral types across
average first-try stars, average attempts per challenge, highest challenge reached, and
average solution time, alongside the corresponding cCTt means and SES distribution.
Figure 3 presents a t-SNE visualization of the four-cluster solution based on students’
standardized log-based behavioral indicators, showing the separation between clusters in a
reduced two-dimensional space. Differences in overall cCTt scores across behavioral types
were examined using a one-way ANOVA. The analysis revealed statistically significant
differences between clusters, F(3, 321) = 16.30, p < 0.001. Mean cCTt scores were 0.52
(SD = 0.25) for Cluster 1, 0.66 (SD = 0.26) for Cluster 2, 0.63 (SD = 0.26) for Cluster 3, and
0.78 (SD = 0.21) for Cluster 4.
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Table 2. Behavioral Cluster Characteristics and Distribution by SES School Context (k = 4).

Cluster N
Avg.

First-Try
Stars

Avg.
Attempts

per
Challenge

Highest
Challenge
Reached

Avg.
Solution

Time

cCTt
Mean cCTt SD %

High-SES

Cluster 1 (High Attempts,
Low Progression) 74 −0.30 1.25 −0.98 0.26 0.52 0.25 21.62

Cluster 2 (High First-Try
Stars, Slow, Low Progression) 85 0.57 −0.07 −0.85 0.58 0.66 0.26 38.82

Cluster 3 (Low First-Try Stars,
Fast Progression) 92 −1.21 −0.28 0.57 −0.30 0.63 0.26 9.78

Cluster 4 (High First-Try
Stars, Efficient Progression) 122 0.70 −0.50 0.76 −0.33 0.78 0.21 30.33

Note. Log-based indicators are reported as standardized cluster means (z-scores). SES distribution is reported as
row percentages. cCTt values represent cluster-level means and standard deviations of overall cCTt scores.

Figure 3. t-SNE visualization of the four behavioral clusters based on standardized log-based
indicators. Each point represents a student, and colors denote cluster membership identified through
hierarchical clustering.

Cluster-level values for the log-based indicators represent standardized scores
(z-scores). Values of 0 indicate the sample average, whereas positive and negative values
indicate above- and below-average performance, respectively. These standardized profiles
provide the basis for interpreting the behavioral patterns represented by each cluster.

Cluster 1 was characterized by below-average first-try performance, substantially
above-average attempts per challenge, substantially below-average highest challenge
reached, and above-average solution time. Based on this standardized profile, this be-
havioral type is labeled High Attempts, Low Progression.

Cluster 2 showed above-average first-try performance, near-average attempts per
challenge, below-average highest challenge reached, and substantially above-average
solution time. Based on this standardized profile, this behavioral type is labeled High
First-Try Stars, Slow, Low Progression.

Cluster 3 was characterized by substantially below-average first-try performance,
below-average attempts per challenge, above-average highest challenge reached, and
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below-average solution time. Based on this standardized profile, this behavioral type is
labeled Low First-Try Stars, Fast Progression.

Cluster 4 showed above-average first-try performance, below-average attempts per
challenge, above-average highest challenge reached, and below-average solution time.
Based on this standardized profile, this behavioral type is labeled High First-Try Stars,
Efficient Progression.

After establishing the behavioral cluster structure, a chi-square test of independence
was conducted to examine whether cluster membership was associated with school-level
SES context. The analysis indicated a statistically significant association between behavioral
type and SES group, χ2(3) = 22.01, p < 0.001 (N = 373), with a small-to-moderate effect size
(Cramer’s V = 0.24). The SES distribution across clusters showed differential representation
of SES groups across specific behavioral profiles. Students from higher-SES schools com-
prised 25.5% of the clustering sample but accounted for 38.8% of Cluster 2 and 30.3% of
Cluster 4. In contrast, students from lower-SES schools comprised 74.5% of the clustering
sample but accounted for 90.2% of Cluster 3.

To complement the tabular presentation in Table 2 and the reduced-space visualization
in Figure 3, Figure 4 presents the standardized behavioral profiles of the four clusters and
the SES distribution within each behavioral type. This visualization makes the contrast
between assessment levels more explicit: diagnostic CT scores did not differ significantly
between SES groups, whereas SES-related differences became visible in the distribution of
students across multidimensional behavioral profiles.
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Figure 4. Behavioral profiles and SES distribution across behavioral types. Panel (A) presents the
standardized cluster means for the four log-based behavioral indicators. Panel (B) presents the
percentage of higher- and lower-SES students within each behavioral type. Higher values in Panel A
indicate values above the sample mean; for attempts and solution time, higher values indicate more
attempts and longer solution time. Diagnostic CT scores did not differ significantly by SES group,
whereas SES-related differences became visible in the distribution of students across multidimensional
behavioral profiles.

5. Discussion
5.1. Differences in CT Measures Across Socioeconomic Groups

In the present study, socioeconomic differences were largely absent when CT was
examined through individual indicators derived from either the diagnostic assessment
or the programming environment. This was observed across most log-based behavioral
indicators, including attempts per challenge, progression, and solution time. The only
indicator that differentiated between socioeconomic groups was average first-try stars.
Notably, a similar absence of socioeconomic differences was observed in the diagnostic
assessment, suggesting that CT performance, as captured by the diagnostic measure, may
be less sensitive to SES-related variation in how learners enact computational tasks.

These findings should be interpreted in light of recent research showing that socioe-
conomic differences in CT and digital learning are shaped not only by students’ final
achievement, but also by differences in access to digital resources, programming opportuni-
ties, school-level technology use, and broader conditions of digital participation (Gottschalk
and Weise 2023; Küçükaydın and Çite 2024). Thus, the absence of SES differences in diag-
nostic CT scores does not necessarily indicate the absence of inequality; rather, it suggests
that inequality may be more visible in how students engage with digital programming
tasks. From a measurement perspective, the present study addresses a current gap in
CT assessment: recent studies show that outcome-focused CT assessments may overlook
process-level, cognitive, and behavioral differences that become visible when learners’
task processes and multimodal evidence are examined (Bhatt et al. 2024; Yang et al. 2025).
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By comparing diagnostic CT scores with individual and integrated log-based indicators
within the same learning context, the present study shows that the assessment method
itself shapes where SES-related variation becomes observable.

Regarding the single measure that was found to demonstrate SES-based differences,
i.e., average first-try stars, research on programming learning environments suggests that
learners’ approaches to programming tasks may be shaped by differences in prior exposure
to programming opportunities and digital learning experiences (Grover and Pea 2013; Yin
et al. 2024). Access to such experiences is demographically biased, as students from higher
socioeconomic backgrounds are more likely to encounter computing technologies and
programming opportunities outside formal schooling (Küçükaydın and Çite 2024). Under
these conditions, learners may demonstrate comparable diagnostic CT performance and
similar persistence during iterative problem solving, while still differing in their patterns
of performance when first encountering a task.

From a measurement perspective, this distinction suggests that indicators capturing
immediate task success may be particularly sensitive to differences in learners’ readiness
at the point of initial task engagement (Yin et al. 2024). In contrast, persistence-oriented
indicators such as attempts per challenge or time investment reflect learners’ iterative
problem-solving behavior during task engagement rather than immediate task readiness
(Israel-Fishelson and Hershkovitz 2020b, 2022). These differences reflect the multi-faceted
nature of log-based CT indicators, which capture distinct dimensions of how learners enact
computational knowledge during task interaction. Similar patterns have been reported
in digital learning research, where indicators reflecting early task performance revealed
differences associated with prior learning opportunities even when persistence-related
measures did not (Banihashem et al. 2024).

Taken together, these findings suggest that socioeconomic variation in CT may not
always be detectable through isolated indicators. Instead, such variation may emerge
through the joint organization of multiple behavioral dimensions during interaction with
computational tasks. Learning analytics research has therefore emphasized the value of
person-centered approaches for identifying latent behavioral patterns that remain hidden
in variable-centered analyses (Dijkstra et al. 2023; Saqr 2023). These findings motivate the
transition to pattern-level analyses examining whether socioeconomic variation becomes
more visible when learning processes are modeled as multidimensional configurations.

5.2. Identification of Digital Behavioral Types

In the present study, hierarchical clustering of multiple log-based indicators revealed
distinct behavioral configurations in how students engaged with the digital programming
environment. This interpretation is consistent with learning analytics research showing that
digital interaction data often reflect coordinated aspects of learner activity and that person-
centered and multivariate analytical approaches can identify empirically interpretable
profiles of engagement across learning tasks (Arizmendi et al. 2022; Banihashem et al.
2024; Dijkstra et al. 2023). Accordingly, the clusters are interpreted here as context-specific
behavioral configurations observed within the digital programming task environment,
rather than as stable learner types or externally validated learner categories.

Prior research in learning analytics has shown that log-based interaction data often con-
tain latent behavioral structures that become visible when multiple indicators are analyzed
together. Empirical studies using clustering and person-centered analytical approaches
demonstrate that indicators such as persistence, efficiency, and progression can form dis-
tinct configurations across learners because learning processes unfold through coordinated
behavioral and cognitive actions over time. As a result, multivariate analyses reveal struc-
tured engagement profiles that reflect how learners balance multiple demands during task
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interaction, rather than isolated performance features (Arizmendi et al. 2022; Dijkstra et al.
2023). Systematic reviews further indicate that such multivariate behavioral configurations
provide more robust representations of engagement by capturing interdependencies be-
tween complementary dimensions of activity (Banihashem et al. 2024). This perspective
provides a theoretical basis for interpreting the behavioral configurations identified in the
present study as meaningful representations of how learners engage with computational
problem-solving tasks, rather than as methodological artifacts of the clustering procedure.

In the present study, the identified behavioral types reflected distinct configurations
of engagement across multiple indicators, indicating that students approached the same
sequence of computational tasks through different coordinated patterns of action. The
identification of behavioral types thus supports a complex interpretation of digital en-
gagement, in which variation in students’ engagement is understood through coordinated
configurations of activity rather than through isolated indicators (Banihashem et al. 2024).

5.3. Socioeconomic Differences in Digital Behavioral Types

Building on the first two findings, socioeconomic differences became visible when
students’ activity in the digital learning environment was examined through the behavioral
types identified in the clustering analysis. Socioeconomic differences were reflected in
the uneven representation of SES groups across behavioral types characterized by distinct
configurations of first-try performance, persistence, progression, and temporal investment.
Students from higher-SES school contexts were relatively more represented in clusters
characterized by above-average first-try performance, although these clusters differed in
progression and time investment. In contrast, students from lower-SES school contexts
were especially overrepresented in the cluster characterized by low first-try performance
combined with relatively fast progression, and were also slightly overrepresented in the
high-attempts, low-progression cluster. Thus, the SES-related pattern did not reflect a
simple high-versus-low performance gradient, but rather different configurations of how
students engaged with the digital learning environment.

Related divergences between conceptual performance and behavioral trajectories have
been documented in research on digital learning and complex problem solving, where
learners with comparable diagnostic performance exhibit different interaction patterns
reflecting variation in uncertainty management and strategy enactment (Tan et al. 2025;
Winter et al. 2024). These patterns suggest that socioeconomic differences were manifested
primarily in how learners progressed, persisted, and invested time while engaging with
programming challenges, rather than in their diagnostic CT performance.

A possible interpretation of this pattern relates to differences in prior exposure to struc-
tured programming learning environments and in the regulation of exploratory behavior
during problem solving. Learners with greater prior exposure may progress more rapidly
through programming sequences by adopting risk-taking or exploration strategies, even
when first-try performance is lower. In contrast, learners with limited exposure may adopt
more cautious or time-intensive approaches, resulting in slower progression or greater
reliance on repeated attempts (Brender et al. 2025; Schneider and Simonsmeier 2025). An
alternative, complementary interpretation is that such differences may also reflect variation
in how learners regulate uncertainty and strategic decision-making during problem solving,
rather than prior exposure alone (Bohm et al. 2024).

5.4. Implications and Limitations

The findings suggest several implications for research, instructional practice, and
the design of digital learning environments. For researchers, the results indicate that
socioeconomic variation may remain undetected when analyses rely on a single assessment
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modality, such as diagnostic measures or isolated behavioral indicators. Future research
should therefore integrate diagnostic and log-based measures to more accurately capture
how inequality is enacted during digital problem-solving processes. For educators, the
findings suggest that students who demonstrate similar levels of diagnostic CT performance
may nevertheless differ in how they progress, persist, and invest time when working with
digital programming tasks. Instructional practices should thus account for differences in
learning processes, not only for differences in conceptual performance. For developers, the
results suggest that analytic tools should be designed that capture coordinated patterns of
learner activity rather than focusing only on single performance metrics.

At the same time, several limitations should be acknowledged. First, the study was
conducted within one digital programming environment, which may limit the general-
izability of the behavioral patterns identified. In addition, the study involved a limited
population of 3rd- and 4th-grade students from four public elementary schools in one
metropolitan region in Israel, and the findings should therefore be interpreted with caution
when considering other age groups, educational systems, or national contexts. Second,
the behavioral indicators examined in this study represent a limited set of log-derived
behavioral measures and therefore do not capture the full range of cognitive and contextual
factors that may shape students’ engagement with computational tasks. Third, socioeco-
nomic status was operationalized using the Ministry of Education’s school-level Nurture
Index rather than individual-level socioeconomic data. This provided a contextual indica-
tor of students’ learning environments, but it does not fully represent the complexity of
students’ individual socioeconomic backgrounds or the broader socioeconomic influences
that may shape learning.

In addition, the analyses did not include individual-level covariates such as gender,
prior programming experience, or cognitive ability. Therefore, the findings should be
interpreted as associations between school-level SES context and assessment patterns,
rather than as evidence of causal SES effects. Finally, the log-based indicators used in
this study provide a parsimonious summary of students’ digital behavior but do not
capture fine-grained temporal dynamics, sequential strategies, or longitudinal development.
Future research should therefore combine diagnostic assessments, richer temporal learning
analytics, individual-level socioeconomic measures, and mixed-methods approaches.

6. Conclusions
This study examined where socioeconomic differences in CT become visible when

comparing diagnostic assessment results with behavioral indicators derived from a digital
learning environment. The findings show that socioeconomic differences did not manifest
in students’ diagnostic CT scores and were largely absent across individual log-based per-
formance indicators. However, such differences became visible when students’ interaction
data were examined as integrated behavioral patterns.

Taken together, these findings indicate that socioeconomic differences in CT learn-
ing become visible primarily in how students engage with digital learning environments
rather than in diagnostic measures or most isolated behavioral indicators. By captur-
ing coordinated patterns of first-try performance, persistence, progression, and temporal
investment, multidimensional analyses of interaction data provide a more sensitive per-
spective for understanding where and how socioeconomic differences emerge in digital
programming contexts.
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