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ABSTRACT

Understanding student problem-solving strategies in educa-
tional robotics is important for developing adaptive instruc-
tional support. However, most research in this area focuses
on final outcomes rather than the underlying processes. In
this exploratory paper, we use first-order Markov chains to
model programming strategies used by high school students
working with LEGO SPIKE Prime robots. Fine-grained in-
teraction traces are transformed into structured action se-
quences and compared between low- and high-performing
student groups using likelihood-ratio testing and standard-
ized residual analysis. Even in the first task, the Markov
chains reveal statistically significant behavioral differences
that grow with task complexity, with high-performing stu-
dents showing more systematic, goal-directed behavior and
low-performing students showing more searching, reorgani-
zation, and trial-and-error. These exploratory findings sug-
gest that process data from robotics environments can reveal
meaningful differences well before final outcomes.
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1. INTRODUCTION

Educational robotics draws heavily on constructivism and
Papert’s idea that learners develop powerful ideas by build-
ing and debugging tangible artifacts [14]. Multiple reviews
confirm that robotics activities can improve engagement and
learning outcomes [3, 2, 11]. However, the vast majority of
studies evaluate these benefits through pre- and post-tests or
final solution assessments [13, 20]. This focus on outcomes
is at odds with the constructivist premise: in a robotics pro-
gramming task, iterative debugging and refinement is cen-
tral, not incidental. Two students can arrive at the same
correct solution through very different sequences of explo-
ration, debugging, and self-regulation. An analysis of these
processes, rather than only their endpoints, may yield ac-
tionable insights for instructors and adaptive systems.
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Process-level analysis has gained traction in block-based
programming research more broadly. Dong et al. [6] ana-
lyzed trace data from Snap! to detect struggling moments
and identify when intervention might be needed. Filva et
al. [7] modified Scratch to log every interaction and used
those traces to identify behavior profiles and predict perfor-
mance. Fu et al. [8] showed that process features extracted
from MixToy improve student performance prediction. Be-
yond block-based environments, trace-based analysis has a
longer history in text-based programming contexts, where
IDE interaction logs have been used to study debugging
strategies [10, 4] and to detect productive versus unpro-
ductive programming patterns [15]. However, research that
applies interaction trace analysis to educational robot pro-
gramming specifically remains sparse. Scaradozzi et al. [17]
collected and analyzed data from LEGO Mindstorms EV3
workshops to extract problem-solving pathways across stu-
dent teams. We applied clustering to programming trace
data from robotics workshops to study students’ program-
ming strategies [21].

Given the sequential nature of trace data, Markov chains are
a natural modeling choice. Hensen et al. [9] modeled interac-
tions with a math learning platform as a single Markov chain
per student. The resulting chains were subsequently clus-
tered to draw conclusions about different behavioral types.
Markov chain transition probabilities have also been used as
inputs for a neural network trained to predict student per-
formance [16]. Aside from simple Markov models, Hidden
Markov Models are also widely used for modeling learning
processes [5, 19], with the hope that hidden states can rep-
resent higher-order behaviors than raw interaction logs.

In this work, we present an exploratory process-level anal-
ysis of students’ block-based programming with LEGO Ed-
ucation SPIKE Prime robots [12]. We propose a four-step
pipeline: (1) extraction of semantically meaningful action
sequences from raw interaction traces, (2) construction of
task-specific first-order Markov chains for high- and low-
performing groups, (3) likelihood-ratio testing to identify
statistically significant group differences, and (4) standard-
ized residual analysis to pinpoint the transitions that con-
tribute most to these differences. Our contribution is three-
fold: (1) we present, to our knowledge, the first application
of Markov-chain process analysis to block-based educational
robotics programming, extending a method established in
screen-only block environments [7, 8] to a tangible-artifact
context; (2) we demonstrate that strategy differences are
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detectable in the very first task, before any problem-solving
demands, suggesting that early process signals can precede
outcome signals by an entire workshop; (3) we identify spe-
cific transition patterns (run—reorganize-run, remove-and-
rebuild, attention-spreading across irrelevant block types)
that are candidate features for adaptive support.

2. DATA COLLECTION AND SEQUENCE

EXTRACTION

A total of 97 first-year students (average age = 15.22, SD =
0.35) from a public high school participated® in the study
during regular class hours. Each 90-minute lesson was deliv-
ered as part of the existing programming curriculum. Stu-
dents programmed a pre-built LEGO SPIKE Prime Break
Dancer robot in the accompanying block-based environment
based on Scratch. The programming environment features
a left panel containing available blocks categorized by type
and a right-side canvas where programs are constructed by
dragging, connecting, modifying, and removing blocks.

Participants completed six programming tasks arranged in
increasing difficulty, structured to build foundational con-
cepts while managing cognitive load. Task 1 introduced the
programming interface by asking students to copy a simple
motor program from a reference image. Task 2 required stu-
dents to independently program both arm and leg motors.
Task 3 asked students to set specific parameter values (e.g.,
move legs by 375° at 30% speed and arms for 5s at 50%
speed). Tasks 4-6 progressed into simultaneous motor coor-
dination, conditional logic with sensors, and an open-ended
capstone activity. Throughout the workshop, we captured
mouse and keyboard interaction data, took screenshots at
each mouse event, and recorded complete program snap-
shots following every modification.

The raw data was transformed into action sequences repre-
senting students’ interactions with the programming envi-
ronment. We extracted five action types: block ADDED,
block REMOVED, block MOVED, block MODIFIED, and
RUN. The RUN action was detected via a computer vi-
sion algorithm that identified yellow circular UI elements
(the run button) in captured screenshots. The remaining
actions were derived by comparing abstract syntax trees
(ASTs) of consecutive program snapshots. ADDED indi-
cated a new block on the canvas, MODIFIED indicated
a parameter change within an existing block, and RE-
MOVED and MOVED captured deletion or repositioning.
Because MOVED and REMOVED actions could affect mul-
tiple blocks simultaneously (e.g., dragging a root block also
moves all subsequent blocks), we aggregated them into sin-
gle actions while recording the number and types of affected
blocks.

After extracting sequences and evaluating each student’s so-
lutions, 76 complete instances remained for analysis. The re-

!The study protocol was reviewed and approved by the
Ethics Committee of the University of Zagreb Faculty of
Electrical Engineering and Computing. Informed consent
in accordance with GDPR was obtained from both partic-
ipating students and their parents or legal guardians prior
to the workshop. All interaction data were pseudonymized
at collection, and no personally identifying information is
retained in the analysis dataset.
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duction from 97 to 76 resulted from excluding students with
incomplete data: those who missed part of the workshop,
experienced technical failures in data recording, or whose
solutions could not be reliably evaluated. Summary statis-
tics are shown in Table 1.

Table 1: Summary Statistics of the Data.

Statistic Value
Average sequence length 280.09 4= 111.52 events
Number of unique states 38

Total transitions counted 45,396

20 students
17 students

High performers (top 25%)
Low performers (bottom 25%)

3. METHOD

Our main goal in this exploratory study is to ascertain
whether students’ programming process can be meaning-
fully analyzed using trace data from the LEGO block-based
environment. To this end, we categorized students into
high-performing (top 25% by assessment score) and low-
performing (bottom 25%) groups and tested for statisti-
cal differences between their processes. We adopted this
extreme-group design rather than a median split because our
exploratory aim is to surface qualitatively distinct strategic
patterns: trimming the middle 50% maximizes behavioral
contrast between groups and reduces noise from students
near the score median, who tend to differ less in program-
ming strategy than in incidental factors such as time on task
or momentary attention. This design is well suited to iden-
tifying which transitions distinguish strategies; estimating
population-level effect sizes is left to future work with larger
samples. Because students varied substantially in time on
task and total number of actions, raw transition counts are
not directly comparable across groups. We therefore con-
structed, for each group and task, a first-order Markov chain
in which states corresponded to the action—block-type com-
binations described above, and based all subsequent analyses
on transition probabilities rather than raw counts.

Transition probabilities were estimated by tallying the fre-
quency of each transition across all students within a given
group. Although the first-order assumption is clearly sim-
plified, transition probabilities are influenced by many fac-
tors beyond the immediately preceding state, more complex
models would be impractical given the relatively small sam-
ple size per task. The first-order model proved sufficient to
capture meaningful patterns.

The MOVED and REMOVED actions presented a method-
ological challenge, as they could affect multiple block types
simultaneously (e.g., moving a motor block that is connected
to a control block moves both). To address this, we counted
all pairwise combinations of affected states. For instance, if
a student moved motor and sensor blocks and subsequently
removed event and control blocks, we incremented the count
for each combination: Moved Motor — Removed Event,
Moved Motor —  Removed Control, Moved Sensor —
Removed Event, and Mowed Sensor — Removed Control.
Because this pairwise expansion could in principle inflate
transition counts for connected subgraphs, we examine its



impact in Section 4.4 by comparing against an alternative
encoding that attributes each composite event only to the
block type that the student directly grabbed.

A likelihood-ratio test [1] was used to determine whether
observed differences between the two groups were statisti-
cally significant rather than attributable to sampling vari-
ability. This test is particularly important for early tasks,
where transition counts are low due to the simplicity of the
activities. Following a significant difference, we computed
standardized residuals:

where O;; and FE;; denote observed and expected transition
counts under the null hypothesis that both groups share
the same underlying Markov chain. Expected counts were
computed by pooling all sequences, calculating transition
frequencies, normalizing them per state, and multiplying by
each group’s total transitions. Differences between groups
were quantified as:

Tij =

(1)

diff _

high
iy T -

ij

i 2)
Standardized residuals quantify the difference between the
observed counts and the counts that we would expect to see
if both groups shared the same underlying stochastic pro-
cess. Furthermore, standardized residual analysis accounts
for differing group sizes and normalizes transition counts
into comparable distributions, allowing it to identify which
transitions drive these differences.

Positive values indicate transitions more frequent among
high performers; negative values indicate transitions more
common among low performers. Following [18], [r{iT| > 2 is
considered notable and |r{iT| > 3 highly notable.

4. RESULTS

The high- and low-performer groups originate from statis-
tically different Markov chains on all six tasks (p < 0.01).
Throughout, we interpret the observed transition patterns
in terms of the programming environment’s mechanics and
the task requirements; these interpretations are intended as
plausible explanations to guide future research rather than
as established causal claims. We restrict the analysis to
Tasks 1-3 because these tasks have the most complete data,
all 76 students contributed sequences, whereas later tasks
are affected by attrition among low-performing students who
did not finish the workshop.

4.1 Task 1: Copying a reference program

The standardized residual differences for Task 1 are shown
in Figure 1. Although this task involved only copying
code from a reference image and required no debugging or
problem-solving, the estimated Markov chains for high- and
low-performing students differed significantly (G = 54.44,
df =33, p < 0.01).

The largest residual difference corresponds to the transition
Modified Motor — Added Motor (r = —3.04), indicating
that low-performing students frequently added new motor
blocks after modifying existing ones. In the programming
environment, this transition means a student changed pa-
rameters on an existing motor block and then dragged a
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Figure 1: Standardized residual differences (high — low) for
Task 1. Rows denote current states and columns denote sub-
sequent states; states with |r| < 1.0 are omitted.

new motor block from the side menu onto the canvas. Since
the task only requires placing the correct blocks and setting
values, repeatedly returning to the menu after modifying
a block suggests uncertainty about which block is needed.
In contrast, high-performing students more often followed
the transition Added Motor — Modified Motor (r = 2.51),
reflecting a more systematic strategy of first selecting the
appropriate block and then refining its parameters.

Additional low-performer transitions involved event block
movements: Moved Event — Added Motor (r = —2.56)
and Added Motor — Moved Event (r = —2.09), suggesting
that these students spent time repositioning the program’s
starting event block alongside their block-searching behav-
ior. Notably, these differences emerge despite the absence
of genuine problem-solving demands in the task, suggesting
that they reflect differences in familiarity with the interface
or approach to the task rather than debugging strategy.

4.2 Task 2: Independent multi-motor pro-

gramming
Figure 2 shows the standardized residual differences for
Task 2 (G = 62.35, df = 40, p < 0.01). In this task, students
were asked to independently program both arm and leg mo-
tors, and behavioral differences became more pronounced as
students began reorganizing their programs.

Low-performing students exhibited substantially more tran-
sitions involving movement and modification of move blocks,
particularly Added Move — Modified Move (r = —3.06)
and Modified Move — Moved Move (r = —3.61). These
patterns indicate frequent restructuring of code: students
added move blocks, changed their parameters, and then
repositioned them on the canvas. This behavior is consis-
tent with a trial-and-error approach in which students tested
partial solutions and subsequently reorganized blocks when
the outcome did not match expectations. Importantly, move



Added _
Motor

Added _
Move
Modified
Motor
Modified _
Move
Moved _
Event
Moved _
Motor
. . .

Added _
Move
Modified _

Motor
Modified _
Move
Moved
Event

Moved _
Motor
Moved |
Move
Removed _
Motor
Run -

Figure 2: Standardized residual differences (high — low) for
Task 2. Rows denote current states and columns denote sub-
sequent states; states with |r| < 1.0 are omitted.

blocks were not covered in Task 1, and the subsequent tasks
were designed to be solvable using only the previously in-
troduced motor blocks. While Task 2 could technically be
solved using move blocks, none of the students successfully
did so, meaning these move block manipulations represent
unproductive exploration.

A further notable transition was Run — Moved Event
(r = —3.90), indicating that low-performing students fre-
quently repositioned event blocks immediately after running
their programs. Combined with Moved Motor — Run (r =
—3.03), this pattern suggests a cycle of run-reorganize—run
characteristic of unsystematic debugging. High-performing
students, by contrast, showed fewer such reorganizations
and more direct transitions between adding motor blocks
and running (Added Motor — Run, r = 1.98; Run —
Added Motor, r = 2.04), indicating a more stable and an-
ticipatory approach to constructing the program.

4.3 Task 3: Parameter tuning and block or-

dering

Figure 3 presents the standardized residual differences for
Task 3 (G = 174.54, df = 104, p < 0.001). This task re-
quired students to set specific motor parameters (e.g., 375°
at 30% speed for legs, 5s at 50% speed for arms), and the
common error was placing the speed block after the move-
ment block rather than before it. By this point, differences
between groups were both larger in magnitude and more
diverse in nature.

A key difference emerged in how students handled
block ordering. Low-performing students more of-
ten moved motor blocks and then removed them
(Moved Motor — Removed Motor, r = —5.06), the

largest residual for this task, suggesting recognition
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Figure 3: Standardized residual differences (high — low) for
Task 3. Rows denote current states and columns denote sub-
sequent states; states with |r| < 1.9 are omitted.

of incorrect ordering without successfully correcting it
through repositioning. Instead, they deleted blocks and
re-added them. In contrast, high-performing students
more frequently performed consecutive move operations on
motor blocks (Moved Motor — Moved Motor, r = 3.73),
indicating deliberate reordering of the existing program
structure rather than removal and reconstruction. High
performers also showed a stronger Moved Motor — Run
transition (r = 2.59), suggesting that after reordering blocks
they tested the result, consistent with a hypothesis-driven
approach.

Low-performing students were more likely to follow

motor movements with structural changes to un-
related block types (Moved Motor — Moved Move,
r = —3.26; Moved Motor — Moved Sensors, r = —2.66;
Moved Motor — Added Event, r = —2.66), spreading

their attention across multiple block categories rather than
focusing on the motor blocks central to the task. They
also more frequently added motor blocks after running
(Run — Added Motor, r = —2.82), consistent with a cycle
of testing and then starting over with new blocks rather
than modifying the existing program.

4.4 Sensitivity to composite-action encoding
To assess whether the pairwise encoding of composite
MOVED and REMOVED actions biased the results, we
recomputed the Markov chains under a root-only alterna-
tive in which only the block type that the student directly
grabbed contributes to the transition; downstream blocks
in the dragged subtree are ignored. This scheme avoids any
inflation of transition counts from connected subgraphs at
the cost of discarding information about which block types
co-occur in composite operations.



The qualitative findings are stable across both encod-
ings. The likelihood-ratio tests remain significant on every
task under both schemes (Task 1: p = 0.011/0.020; Task 2:
p = 0.013/0.019; Task 3: both p < 1074), and the ranking,
magnitude, and sign of the largest residuals are preserved
(Table 2). Across Tasks 1-3, 89 of the top-10 transitions
per task appear in both schemes; transitions that move in or
out are predominantly those near the notability threshold
of [r4| = 2. This indicates that the strategy differences
reported in Sections 4.1-4.3 reflect genuine behavioral
contrasts rather than artifacts of how composite actions are
decomposed.

Table 2: Stability of the largest residuals across encoding
schemes (Tasks 1-3). Values are r®® under the pairwise
(default) and root-only schemes. The final column indicates
whether the transition appears in the top-10 of both schemes
for the corresponding task.

T Transition Pair. Root Top-10
1 Mod. Motor — Add. Motor —3.04 —3.10 Dboth
1 Add. Motor — Mod. Motor 2.51 2.16 both
1 Mov. Event — Add. Motor —2.56 —2.00 Dboth
1 Add. Motor — Rem. Motor —2.09 —2.30 both
1 Add. Motor — Mov. Event —2.09 —2.30 both
2 Run — Mov. Event —3.90 —4.02 Dboth
2 Mod. Move — Mov. Move —3.61 —3.61 Dboth
2 Add. Move — Mod. Move —3.06 —2.99 both
2 Mov. Motor — Run —3.03 —2.60 Dboth
2 Mod. Motor — Mov. Motor —2.70 —2.07 both
3 Mov. Control —+ Rem. Control —6.07 —4.82 both
3 Mov. Motor — Rem. Motor —5.06 —5.37 Dboth
3 Mov. Motor —+ Mov. Motor 3.73 3.08 both
3 Mod. Move — Mov. Move 3.66 3.61  both
3 Run — Add. Motor —2.82 —2.85 both
3 Mov. Motor — Run 2.59 2.54  both
5. DISCUSSION

The Markov-chain analysis surfaces three patterns that to-
gether sketch a coherent picture of how high- and low-
performing students engage with the programming environ-
ment. We discuss each in turn, relate it to prior work, and
consider its implications for instructional design.

The most striking finding is that Task 1, which required
only copying a reference program, already produces statisti-
cally significant group differences. Low-performing students
repeatedly returned to the block palette after modifying ex-
isting blocks (Modified Motor — Added Motor), while high
performers more often followed the reverse sequence. Be-
cause the task has no debugging component, the contrast
cannot be attributed to differential problem-solving skill; a
more plausible reading is that it reflects differences in inter-
face familiarity or in how students plan a sequence of ac-
tions before executing it. The practical implication is that
process-level signals can precede outcome-level signals by an
entire workshop, echoing Jadud’s broader argument [10] that
trace data serves as a formative indicator where assignments
and exams only offer summative ones, and opening a win-
dow for instructional support before students have visibly
fallen behind.

A second pattern emerges in Task 2, where low performers
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exhibit a clear Run — Moved Event — Run cycle together
with disproportionate exploration of move-type blocks that
none of the students used productively. This is precisely the
kind of behavior Dong et al. [6] identify as a “struggling mo-
ment” in Snap!: extended periods of activity without mean-
ingful progress, which they argue warrant proactive inter-
vention. Our contribution is to show that these patterns are
detectable in a robotics environment with a substantially
smaller behavioral vocabulary (38 action—block-type com-
binations), and that the transitions themselves carry the
signal. A natural application is real-time detection: when
a student’s recent trace shows a high rate of Run — Move
transitions on irrelevant blocks, an adaptive system could
surface a reflection prompt asking the student to predict
the outcome before the next run.

Task 3 produces the largest residual
low performers recognized incorrect block order-
ing but resolved it by deletion and reconstruction
(Moved Motor — Removed Motor) rather than reposi-
tioning. High performers instead produced consecutive
move operations followed by a run, consistent with
hypothesis-driven debugging. This mirrors the distinction
Piech et al. [15] draw between alpha and gamma trajectory
clusters, though their patterns emerge at the level of
entire development paths while ours localize to specific
transitions. Pedagogically, explicit instruction that blocks
can be reordered without being removed could reduce the
cost of correction for students who default to deletion.
More generally, these transitions are candidate features for
the kind of adaptive support that Fu et al. [8] build from
aggregate event and sequence features, with the advantage
that transition-level signals are directly interpretable as
moments where intervention could be inserted.

in the study:

Taken together, these patterns suggest transition-based in-
dicators that could drive lightweight adaptive support with-
out requiring full sequence modeling, whether through au-
tomated prompts or instructor dashboards. The patterns
are also entirely behavioral; combining trace data with psy-
chological instruments, eye-tracking, or verbal protocols in
future workshops would help disambiguate whether the dif-
ferences reflect cognitive load, prior experience, or self-
regulation.

6. CONCLUSION

This exploratory work-in-progress demonstrates that first-
order Markov chains applied to fine-grained programming
traces can reveal meaningful behavioral differences between
high- and low-performing students in educational robotics,
with differences detectable already in the first task, before
any problem-solving is required. The consistency of the
patterns across tasks suggests Markov chain analysis is a
promising tool for surfacing strategic differences well be-
fore final outcomes, and the pipeline itself is not specific
to the LEGO SPIKE Prime environment but applies to any
block-based platform supporting program snapshot extrac-
tion. The primary limitation is that data comes from a
single workshop context; future work should replicate the
analysis across different cohorts and curricula, and evaluate
the identified transition patterns as real-time indicators for
adaptive instructional support.
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