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Abstract: This study investigated the effect of Al-integrated STEM activities using cocoa leaf disease
classification materials on undergraduate students’ algorithmic thinking skills. This quasi-experimental
study used a non-randomized pretest—posttest comparison design and involved 66 undergraduate
students. Data were collected using an algorithmic thinking test and an instrument validation sheet.
The instrument demonstrated acceptable content validity, with a mean validation score of 4.57, a
feasibility percentage of 91.38%, Aiken’s V coefficient of 0.892, and very high internal consistency
(Experimental 4 = 0.942 and Control 4 =0.938 ). The data were analyzed using assumption testing,
Welch’s t-tests, gain-score analysis, and ANCOVA. The experimental group achieved a substantially
larger mean gain than the control group (d = 1.43) and a higher average normalized gain (0g 0 =
0.87 versus 0.52), and outperformed the control group on all seven algorithmic thinking indicators (d
=(0.72 to 1.60). The ANCOVA indicated a significant group difference in posttest performance, F(1,
63)=29.302, p<.001, with a higher adjusted mean in the experimental group (M = 76.8) than in the
control group (M = 66.5). However, the pretest covariate explained virtually none of the posttest
variance, so the covariance adjustment was negligible, and the two intact classes differed significantly
at baseline. Because posttest variance was also heterogeneous, interpret the findings with appropriate
caution and understand them as associational rather than causal. These results suggest that Al-
integrated STEM activities based on cocoa leaf disease classification may support the development
of undergraduate students’ algorithmic thinking through structured, iterative, and evidence-based
learning processes.
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B INTRODUCTION for preparing future educators and professionals

Twenty-first-century science education
requires learners to develop systematic, logical,
and complex problem-solving skills to respond
effectively to rapid advances in science,
technology, and society. These demands have
shifted educational priorities toward developing
higher-order cognitive competencies, including
problem-solving, critical thinking, and
computational thinking, as essential foundations

(Ogegbo & Ramnarain, 2022; Rusmin et al.,
2024). In Indonesia, this shift is explicitly reflected
in national education policy, where computational
thinking is positioned as a core competency in
primary and secondary education and is expected
to be developed in science and STEM learning
contexts (Ministry of Primary and Secondary
Education, 2025). Within this policy framework,
attention has increasingly focused on learning
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designs that operationalize computational thinking
in authentic and contextually meaningful learning
environments.

Computational thinking is a
multidimensional cognitive competence that
enables learners to formulate problems and
develop solutions through systematic processes
such as decomposition, pattern recognition,
abstraction, and algorithmic reasoning (Wing,
2006; Ridlo, Ningsih, et al., 2025). Rather than
being limited to programming, computational
thinking involves applying structured problem-
solving processes across diverse contexts,
including science and STEM education. These
processes enable learners to break down
complex problems, identify relevant patterns,
abstract essential information, and develop
systematic solutions. One component of
computational thinking that deserves attention is
algorithmic thinking,.

Algorithmic thinking refers to the ability to
construct, organize, evaluate, and refine
systematic procedures for solving problems
through logical and sequential reasoning. As an
essential component of computational thinking,
algorithmic thinking has become increasingly
important in science and STEM education
because it enables learners to develop, test, and
improve solutions to complex problems
(Lehmann, 2024; Wong et al.,2024). However,
previous studies show that many students still
struggle to construct valid algorithms, debug
errors, and refine procedural solutions during
problem-solving activities (Tupouniua, 2023; Sun
et al., 2024). These findings suggest that
algorithmic thinking does not develop
automatically through conventional instruction but
requires learning experiences that explicitly
engage students in designing, testing, evaluating,
and improving solution procedures. In this regard,
Research-Based Learning (RBL) provides a
promising instructional approach by involving
students in authentic inquiry, problem-solving, and

iterative solution development, thereby creating
meaningful opportunities to foster algorithmic
thinking.

Research-Based Learning (RBL) is a
pedagogical approach that engages students in
authentic inquiry and systematic problem-solving.
By positioning students as active researchers,
RBL involves processes such as problem
formulation, evidence collection, data analysis,
solution development, evaluation, and
communication of research findings (Dafik et al.,
2023). These processes are highly relevant to
algorithmic thinking because they require students
to organize complex tasks into systematic
procedures and iteratively refine solutions based
on evidence. One approach that can be used with
the research-based learning model is STEM
(science, technology, mathematics, and
engineering).

STEM education provides an
interdisciplinary learning framework that connects
science, technology, engineering, and mathematics
through authentic and problem-oriented activities.
Recent research indicates that integrated STEM
learning can promote higher-order thinking by
engaging students in problem identification,
solution design, experimentation, data analysis,
and reflection (Astawan et al.,2023; Le et al.,
2023). These processes closely relate to
algorithmic thinking because students must
organize procedures, develop systematic
solutions, evaluate outcomes, and refine their
reasoning. However, developing these
competencies increasingly requires learning
environments that give learners opportunities to
engage with contemporary technologies and
complex data-driven problems.

Attificial intelligence (Al) has emerged as a
promising technological component for
strengthening STEM leaming by enabling students
to engage with classification, prediction, and
data-driven decision-making. Recent research has
highlighted AI’s potential to support inquiry,
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problem-solving, and higher-order thinking in
science education by giving learners opportunities
to interact with complex data and technological
systems (Zhai et al., 2021; Almasri, 2024). In
Al-supported classification activities, students
must organize information, identify relevant
features, evaluate outputs, and refine solutions
based on evidence. These processes give students
opportunities to engage in systematic, iterative
reasoning rather than merely using Al as a passive
technological tool. Therefore, the educational
value of Al depends not only on the technology
itself but also on the authenticity and cognitive
richness of the problem in which it is embedded.
This consideration highlights the importance of
situating Al-supported STEM learning within
meaningful scientific contexts.

Cocoa (Theobroma cacao L.) is an
important plantation commodity in Indonesia and
plays asignificant role in the country’s agricultural
and economic activities (Ramadhani et al.,
2023). East Java, specifically Jember Regency,
provides arelevant local context for this study
because cocoa production and related agricultural
research have been conducted there (Thifany et
al.,2020). Cocoa in Jember is highly diverse and
has distinct leaf characteristics, as shown in Figure
1. This diversity may be associated with
differences in disease susceptibility and
resistance. Cocoa diseases present complex
biological problems that require observing and
classifying visual symptoms, comparing diagnostic
features, and making evidence-based decisions.
Research on cocoa disease management in
Indonesia further highlights the importance of
identifying and managing pest and disease
problems to support cocoa production (Sari et
al.,2025). Because disease symptoms are often
manifested in visible leaf features, cocoa leaves
provide a suitable image-based substrate for Al-
assisted disease classification (Ferentinos, 2018;
Mohanty et al., 2016). These characteristics
make cocoa leaf disease classification a

meaningful context for Al-assisted STEM learning
because the process requires learners to organize
information, apply classification criteria, evaluate
diagnostic results, and refine their decisions.

Three important research gaps remain in the
current literature. First, an instrument gap
concerns assessing algorithmic thinking in
undergraduate science education. Recent studies
have developed specific tools for assessing
algorithmic thinking, including game-based tests
and digital or unplugged assessment environments
(Zengin & Karal, 2024; Adorni et al., 2024).
However, existing instruments differ in their
conceptualizations, assessment formats, and
target populations, and much recent work focuses
on school-age learners and algorithm-
construction tasks. Limited research has
developed and psychometrically evaluated an
instrument that operationalizes algorithmic thinking
through multiple dimensions relevant to
undergraduate science learning, including
sequencing, control flow understanding, algorithm
design, representation, debugging, optimization,
and generalization. This limitation underscores the
need for valid and reliable assessment instruments
that can capture algorithmic thinking as a
multidimensional competence in higher education
science contexts.

Second, a contextual gap concerns the
scientific problems in which Al-supported STEM
learning is situated. Existing studies have largely
embedded artificial intelligence in generic,
decontextualized, or pre-packaged datasets such
as ready-made image libraries and simulated
classification tasks, in which learners operate a
model without confronting the ambiguity of
authentic scientific evidence (Zhai et al., 2021;
Almasri, 2024). Because the training data are
already curated, students are rarely required to
establish classification criteria, justify category
boundaries, or account for the biological
variability that generates misclassification in the
first place. Authentic and locally meaningful
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scientific contexts, such as plant disease diagnosis,
offer precisely these affordances, since disease
symptoms are visually graded, overlapping, and
variable across cultivars (Ferentinos, 2018;
Mohanty et al., 2016). Nevertheless, such locally
grounded agricultural contexts have seldom been
converted into structured learning designs that
make students responsible for constructing the
dataset, the labels, and the decision rules. This
gap indicates that the cognitive value of Al-
supported STEM learning cannot be separated
from the authenticity of the scientific problem in
which the technology is embedded.

Third, an empirical gap concerns the
evidential basis for claims about the effectiveness
of Al-supported STEM learning at the
undergraduate level. Reviews of computational
thinking in science and STEM education indicate
that the available evidence is dominated by K-
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12 populations, descriptive or small-scale
designs, and composite measures of
computational thinking in which algorithmic
thinking is not reported as a distinct outcome
(Ogegbo & Ramnarain, 2022; Tang et al., 2020;
Li & Oon, 2024). Comparative studies that
contrast an Al-supported STEM condition with
an equivalent non-Al condition while statistically
controlling for baseline differences remain scarce,
particularly among preservice teachers and other
undergraduate science learners. As aresult, it is
still unclear whether the gains attributed to Al-
supported learning reflect the instructional design
itself or merely pre-existing differences in prior
ability. Addressing this gap requires quasi-
experimental evidence which algorithmic thinking
is measured with a validated multidimensional
instrument and analyzed with procedures that
account for non-equivalent groups.
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Figure 1. Differences in varieties of cocoa leaves

Integrating cocoa disease classification into
Al-supported RBL-STEM activities therefore
provides a theoretically grounded response to the
identified research gaps. Previous research shows
that Al can support science learning by engaging
students in data-driven inquiry, classification, and
problem-solving processes (Zhai et al., 2021;
Almasri, 2024). Research on integrated STEM
education has also emphasized the importance
of authentic, interdisciplinary, and problem-
oriented learning experiences for developing
higher-order thinking and applying knowledge
across disciplinary boundaries (Thibaut e al.,
2018; Li et al., 2020). In addition, research-
based STEM learning can engage students in
inquiry, data analysis, solution development,

evaluation, and communication of evidence-
based outcomes (Dafik et al., 2023). Together,
these findings suggest that combining Al-
supported classification with research-based
inquiry and interdisciplinary STEM learning can
provide a structured environment for students to
engage in iterative and evidence-based reasoning.
In the present study, this framework was
contextualized through cocoa leaf disease
classification. Through machine learning
applications such as Google Teachable Machine,
students engaged in activities that required them
to organize data, evaluate classification outputs,
identify inaccuracies, and refine solution strategies.
The cocoa disease context provided an authentic
scientific problem, while the RBL-STEM
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framework structured students’ engagement with
inquiry, technology, and problem-solving.
Accordingly, Al was positioned not merely as a
technological tool but as a component of a
learning environment in which students could
develop and apply algorithmic thinking through
observable and revisable problem-solving
processes. Based on the identified research gap,
this addresses the following research questions:

RQI1. To what extent is the algorithmic thinking
test valid for measuring undergraduate
students’ algorithmic thinking skills?

RQ2. To what extent does the algorithmic thinking
test demonstrate internal consistency in
measuring undergraduate students’
algorithmic thinking skills?

RQ3. To what extent do Al-integrated STEM
activities using cocoa leaf disease

=

Literature Review
Identify visual patterns
like color, spots, leaf
damage in cocoa
leaves

Problem Orientation
Define the problem
about cocoa leaves

Presentation
Explain the results such
as accuracy, graph, ete.

=

-

classification materials affect undergraduate
students’ algorithmic thinking skills?

® METHOD
Research Design

This study used a quasi-experimental
methodology based on a non-randomized pre-
intervention and post-intervention comparison
between two groups (Ridlo, Dafik, et al., 2025).
Figure 2 shows the research flow. Within this
framework, participants assigned to the
experimental condition completed an initial
assessment prior to the instructional intervention
and a final assessment after the treatment was
implemented. In parallel, acomparison group with
no treatment exposure completed the same
sequence of assessments without receiving the
instructional intervention. The overall structure of
this design is summarised below.

Research Design
Define class of healthy
leaves and leaves
diseases

Data Collection
Collect labeled images

L 2

Model Development
Use teachable machine
to upload dataset, train

model, and identify
result

Testing and Evaluation
Test predictions and
analyze erros

-

Figure 2. Research flowchart

Formally, the design comprised two non-
equivalent intact groups measured on two
occasions. The experimental group completed an
initial assessment (O1), received the STEM-
based instructional intervention using cacao
disease materials (T1), and then completed a final
assessment (O2). In parallel, the comparison
group completed an initial assessment (O3),
followed a contextual learning approach applied
to the same cacao disease materials without Al
support (T2), and then completed the same final
assessment (O4). Both groups were therefore
assessed with the identical instrument at both time

points, and two conditions differed only in the
presence of Al-supported classification activities.

Before the instructional intervention began,
both the experimental and control groups
completed the same algorithmic thinking pretest
to establish baseline equivalence. The intervention
was conducted over eight weeks, with one
instructional session of 2 x 50 minutes per week.
Both groups studied the same topic, cocoa leaf
diseases, and were taught by the same teacher
using equivalent learning objectives, instructional
duration, classroom organization, and assessment
procedures.
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In week 1 (phase 1: orientation and
problem identification), students in the
experimental group were introduced to authentic
cases of cocoa leaf diseases found in local
agricultural environments and identified plant-
health problems. This phase emphasized the
science component of STEM and primarily
developed the generalization indicator of
algorithmic thinking by encouraging students to
recognize patterns across different disease cases.
In the control group, the teacher introduced cocoa
leaf diseases through contextual examples from
the local environment and guided students through
question-and-answer activities to connect the
content with their daily experiences.

In week 2 (phase 2: literature exploration
and observation), experimental-group students
explored scientific references, observed healthy
and diseased cocoa leaves, and recorded
distinguishing characteristics of each disease. The
activities integrated science through systematic
observation and data organization and targeted
the representation indicator of algorithmic thinking.
In the control group, students observed printed
images and teacher-provided cocoa leaf samples
and completed observation worksheets based on
textbook descriptions and classroom
explanations.

During week 3 (phase 3: research planning),
students in the experimental group worked
collaboratively to design procedures for collecting
cocoa leaf images and planned a simple
investigation for disease identification. This phase
reflected the engineering aspect of STEM and
developed the sequencing indicator by requiring
students to organize and arrange investigation
steps logically. In contrast, the control group
followed a predetermined procedure
demonstrated by the teacher and practiced the
sequence of disease-identification activities
provided in the learning materials.

In week 4 (phase 4: data collection and
STEM investigation), experimental-group
students collected cocoa leaf image data,

organized their observations, and prepared
datasets for subsequent analysis. This phase
integrated science and technology and
strengthened control flow understanding as
students managed ordered procedures during
data collection and preparation. In the control
group, students conducted observation and
classification exercises using teacher-provided
materials and organized observational data
according to the teacher’s instructions.

In week 5 (phase 5: Al-supported analysis
and solution development), students in the
experimental group used Google Teachable
Machine to train and test a simple image-
classification model for cocoa leaf diseases. They
interpreted prediction results, analyzed
classification errors, and discussed possible
improvements to the model, integrating
technology and engineering while developing
algorithm design and debugging/error-detection
skills. In the control group, students manually
compared leaf characteristics with disease-
identification criteria provided in textbooks and
worksheets and discussed possible diagnoses
without using Al-based image classification tools.

In week 6 (phase 6: optimization and
application), experimental-group students refined
image inputs, evaluated model performance, and
proposed improvements to both the disease-
identification procedure and the model. This
phase integrated engineering and mathematics and
focused on the optimization indicator of
algorithmic thinking. The control group reviewed
the results of manual disease identification,
corrected classification errors based on teacher
feedback, and revised worksheet responses
through guided classroom discussion.

In week 7 (phase 7: presentation and
scientific communication), students in the
experimental group presented their investigation
process, Al classification outcomes, and
evidence-based recommendations for cocoa
disease management. This phase integrated
science and technology and further developed
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representation and generalization skills through
scientific communication and justification of
findings. The control group presented the results
of manual disease-identification activities and
discussed appropriate treatment
recommendations based on classroom learning
materials.

Finally, in week 8 (phase 8: conclusion and
evaluation), students in the experimental group
synthesized the findings from the research
process, formulated evidence-based conclusions
about the effectiveness of Al-assisted cocoa leaf
disease identification, and completed the posttest.
The control group summarized the main concepts
learned through contextual instruction, formulated
conclusions about cocoa leaf disease
identification, and completed the same posttest.
The parallel instructional structure ensured that
both groups received equivalent instructional time
and learning content, while differing in the
implementation of the STEM framework with Al
support in the experimental group and the
contextual learning approach without Al support
in the control group.

Participant and Sampling Technique

This study involved 66 undergraduate
students from the Mathematics Education
Program at the University of Jember. The
participants were selected using criterion-based
purposive sampling with an intact-group selection
approach. This sampling technique was used
because the study required participants who had
relevant prior knowledge and learning experiences
related to STEM-oriented instruction.
Specifically, the selected students were enrolled
in a science learning innovation course that
emphasized applying STEM-based instructional
approaches. Two existing groups were selected,
each consisting of 33 students. One group was
designated as the treatment group, while the other
was assigned as the comparison group.
Participants in the treatment group received the
designated instructional intervention involving
STEM-based learning integrated with artificial

intelligence-based cacao leaf disease
classification, whereas participants in the
comparison group followed a contextual learning
approach using the same cocoa leaf disease
materials without Al support; the parallel activities
of each phase are detailed in the Research Design
section. The study was implemented across one
academic term using a hybrid instructional format
that integrated in-person sessions with online
learning activities, in accordance with curricular
requirements and institutional timetables.

Ethical approval for this study was granted
by the Institutional Review Board of the Faculty
of Teacher Training and Education, Universitas
Jember (Reference Number 9754/DST/
UN25.B5/SP/2026) prior to data collection. All
participants were informed about the purpose,
procedures, potential benefits, and voluntary
nature of the study before participation. Written
informed consent was obtained from all
participants. Participants were informed that
participation was voluntary, that they could
withdraw at any time without academic
consequences, and that their identities and
individual responses would be kept confidential.
The data were analyzed and reported in an
anonymized form and were used solely for
research purposes.

Research Instrument

This study used two instruments: an
algorithmic thinking test and an expert validation
sheet. The algorithmic thinking test was
developed to measure undergraduate students’
algorithmic thinking skills before and after the
instructional intervention. The test consisted of
28 items distributed across seven indicators:
sequencing, control flow understanding, algorithm
design, algorithm representation, debugging and
error detection, algorithm optimization, and
generalization of algorithmic procedures. Each
indicator was represented by four problem-based
items embedded in cocoa leaf disease
classification contexts. The items were designed
to assess students’ ability to organize procedures,
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apply conditional rules, construct and represent
algorithms, identify procedural errors, optimize
solutions, and transfer algorithmic reasoning to
new conditions. Each item was scored on a four-
point rubric ranging from 0 to 3, giving a maximum
of 12 points per indicator and 84 points for the
whole instrument. The same test instrument was
administered as a pretest and posttest to measure
changes in students’ algorithmic thinking
performance.

An expert validation sheet was used to
evaluate the content and feasibility of the
algorithmic thinking test. The validation sheet
employed a five-point rating scale ranging from
1 (very inappropriate) to 5 (very appropriate).
The assessment covered the relevance of the items
to the indicators of algorithmic thinking, the clarity
of instructions and item statements, the suitability
of'the cognitive demand, the contextual relevance
ofthe cocoa disease classification scenarios, and
the overall feasibility of the instrument. An expert
reviewed the instrument before it was used in the
main study. The validation results were then
used to determine the instrument’s content
feasibility.

The algorithmic thinking test was further
evaluated for internal consistency using
Cronbach’s alpha based on study participants’
responses. The reliability analysis was conducted
to determine the consistency of the items in
measuring the intended construct. The resulting
coefficient was interpreted as evidence of the
instrument’s internal consistency.

Research Procedures

The learning treatment applied to the
experimental group consisted of Al-integrated
STEM activities centered on classifying cocoa
plant diseases, as shown in Figure 3. These
activities utilized Google Teachable Machine as
amachine learning platform to support image-
based classification tasks. Students engaged in a
structured learning sequence that included: (1)
organizing step-by-step procedures for identifying
cacao leaf diseases, (2) designing decision
branches for disease classification, (3)
constructing diagnostic algorithms, (4)
representing algorithms in the form of flowcharts
or pseudocode, (5) testing and debugging
prediction errors generated by the model, (6)
optimizing model performance through iterative
refinement, and (7) testing model generalization
using new images and different cacao varieties.
Through this process, Al functioned as an
epistemic scaffold that externalized students’
algorithmic reasoning into explicit and observable
procedures. The instructional syntax used in this
study follows an RBL-STEM structure in which
students engage in research-oriented activities,
beginning with problem formulation and ending
with project reporting and presentation. The
syntax connects scientific problem identification,
engineering-based machine learning
preparation, technological data collection
and Android application development,
and mathematical analysis of classification
performance.

Open Problems of the Research Group >

1. Formulate problems reloted to
cocoa leof disease (Science)

(Engineering)

2.Engineering data training setup
using Teachable Machine

3. Collecting data from cellphone
cameras related to plant diseases

{Technology)

6. Students write a project report
and present it in class (RBL-Report)

‘ (Mathematics)

‘ 5. Analyze accuracy, confidence, |
confusion matrix, etc. k

4. Developing an Android
I application for detecting plant
| diseases (Technology)

< We use the authentic assessment for the learning evalutation |

Figure 3. Syntax of RBL-STEM integrated with CNN and computer vision
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Students’ algorithmic thinking was assessed
using a cognitive-based test developed to measure
algorithmic thinking as a distinct construct within
a STEM learning context. The instrument
operationalized algorithmic thinking into seven
indicators: (1) sequencing, (2) control flow
understanding, (3) algorithm design, (4)
representation of algorithms, (5) debugging and
error detection, (6) algorithm optimization, and
(7) generalization of algorithmic procedures.
These indicators were derived from established
theoretical frameworks of computational and
algorithmic thinking,.

Each indicator was measured using
problem-based test items embedded in cacao

disease classification scenarios. For example,
sequencing items required students to arrange
diagnostic steps in a logical order; debugging
items asked students to identify and correct errors
in a given classification procedure; and
optimization items required students to propose
improvements to increase classification accuracy
or efficiency. Table 1 presents the mapping
between students’ algorithmic thinking indicators
and sample test items. Measurements were
conducted at the outset and at the conclusion
of the instructional period using the
same assessment instrument in order to
determine changes in students’ algorithmic
thinking.

Table 1. Algorithmic thinking indicators and conceptual description of test items

Algorithmic Cognitive Number
Thinking Conceptual Description of Item Content
. Focus of Items
Indicator
Sequencing Logical Items require students to determine the correct order of 4
ordering procedural steps involved in identifying cacao leaf
diseases, emphasizing step-by-step reasoning rather than
factual recall
Control Flow Conditional Items assess students’ ability to apply conditional decision 4
Understanding logic rules (e.g., if-then relationships) when differentiating cacao
disease types based on observable
Algorithm Procedure  Items focus on students’ ability to formulate a complete 4
Design constructio  and coherent diagnostic procedure for cacao disease
n classification, including inputs, decision rules, and outputs
Representation ~ Symbolic Items measure students’ capacity to represent diagnostic 4
of Algorithm representati  algorithms using structured formats such as flowcharts or
on pseudocode that clearly reflect logical decision paths.
Debugging and  Error Items require students to identify inconsistencies or errors 4
Error Detection  analysis in existing diagnostic procedures and to explain how such
errors affect classification outcomes
Algorithm Refinement Items assess students’ ability to refine diagnostic 4
Optimization and procedures by improving efficiency, accuracy, or clarity
efficiency through modification of decision steps or criteria.
Generalization Transfer of  Items evaluate students’ ability to apply established 4
of Algorithmic  reasoning diagnostic procedures to new cacao varieties or altered
Procedures conditions while maintaining algorithmic consistency
Data Analysis calculated to describe performance patterns

Data on students’ algorithmic thinking were
examined through both summary-based and
inferential statistical techniques. Measures of
central tendency and score dispersion were

before and after the instructional intervention.
Prior to inferential analysis, assumption testing was
conducted to examine data normality and
variance homogeneity. Considering the non-
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randomized grouping and observed differences
in baseline performance, a covariance-based
analytical framework was initially selected.
Because the assumption checks reported in the
Results indicated violations of normality and of
posttest variance homogeneity, Welch’s t-tests on
gain scores were subsequently adopted as the
primary inferential analysis, with the covariance-
based analysis retained in a supporting role.
Outcome scores obtained after instruction were
treated as the response variable, group
membership as the predictor, and baseline
performance as a control factor. This analytical
strategy was intended to provide a more precise
estimation of instructional impact by accounting
for initial disparities between groups; as reported
in the Results, however, the pretest covariate
ultimately explained little of the posttest variance.
Normalized gain was computed at class level
following Hake (1998). All computations were
carried out using the jamovi statistical platform.

The Al-supported STEM learning design
implemented in this study was grounded in
supervised machine learning to externalize and
structure students’ algorithmic reasoning within
an authentic scientific context. Google Teachable
Machine was employed not merely as a
technological platform, but as an instructional
medium through which core principles of
convolutional neural networks (CNNs) were
operationalized into observable learning activities.
The learning design emphasized students’
algorithmic processes underlying image-based
classification rather than the technical
implementation of deep learning models.

Data collection constituted the initial stage
of the Al-supported learning process. Students
collected digital images of cacao leaves
representing different disease conditions and
healthy samples. This activity required students
to apply systematic observation and classification
criteria when selecting representative images,
thereby introducing the concept of structured

input data as a prerequisite for students’
algorithmic processing. Through this stage,
students learned that algorithmic outcomes
depend on the quality, diversity, and relevance of
input data.

After data collection, students labeled
features by assigning disease categories to the
collected cacao leafimages. Although feature
extraction in CNNs occurs automatically through
convolutional layers, the labeling process required
students to explicitly identify salient visual
characteristics, such as leaf color changes, lesion
patterns, and spot distribution. This step
functioned as a cognitive bridge between human
perceptual reasoning and algorithmic
representation, reinforcing the role of rule-based
categorization in students’ algorithmic thinking,

The training—testing cycle represented the
core algorithmic phase of the learning design.
Students trained the classification model using
labeled image data and then tested it on unseen
samples. Through iterative training and testing,
students observed how changes in data
composition and labeling affected model
performance. This cycle engaged students in key
algorithmic thinking processes, including
sequencing, debugging, and optimization, as they
refined inputs and evaluated outputs based on
performance feedback.

Decision boundaries emerged implicitly
through the model’s classification behavior during
the testing phase. Students analyzed
misclassification cases to infer how the model
differentiated between disease categories,
thereby engaging in reflective reasoning about
decision rules and conditional logic. This analysis
required students to articulate why certain samples
were classified correctly or incorrectly and how
algorithmic decisions could be improved. In this
way, decision boundaries served as a concrete
representation of students’ algorithmic reasoning,
transforming abstract if-then logic into observable
classification outcomes.
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B RESULTAND DISCUSSION

Algorithmic thinking in this study consisted
of seven indicators: sequencing, control flow
understanding, algorithm design, representation
of algorithms, debugging and error detection,
algorithm optimization, and generalization of
algorithmic procedures. To foster these indicators,
STEM activities were implemented using cacao
plant disease classification materials supported
by Google Teachable Machine. The learning
activities were organized into sequential stages,
beginning with arranging step-by-step procedures
for identifying cacao leaf diseases, followed by
designing decision branches for disease
identification, constructing diagnostic algorithms,
representing algorithms in flowcharts or
pseudocode, testing and correcting prediction
errors using the Teachable Machine model,
improving model accuracy and efficiency, and
finally testing algorithm generalization under
new conditions and across different cacao
varieties.

The content validity of the algorithmic
thinking test instrument was evaluated through
expert judgment by three independent validators
with expertise in science education and
educational assessment. The validators assessed
28 essay items across five dimensions: (1)
relevance to the algorithmic thinking indicators,
(2) accuracy of science concepts and the cocoa
leaf disease context, (3) clarity of item

construction, (4) language and readability, and
(5) suitability of the scoring rubric. A five-point
validation scale was employed, ranging from 1
(notvalid) to 5 (very valid). The overall validation
of Items 1-28 yielded a mean score of 4.57 and
anAiken’s V coefficient 0f 0.892, indicating high
content validity. Based on these results, the
instrument was considered appropriate for
measuring students’ algorithmic thinking skills after
minor revisions based on the validators’ comments
(Table 2, Panel A).

The internal consistency reliability of the
algorithmic thinking test instrument was examined
using Cronbach’s Alpha separately for the
experimental and control groups based on pretest
responses. The analysis included 28 essay items
completed by students in each group, and only
the scores for Items 1-28 were included in the
reliability analysis. Separate reliability analyses
were performed because the two groups
exhibited different baseline achievement levels,
and estimating Cronbach’s Alpha within each
group provides a more accurate assessment of
internal consistency by avoiding inflation of the
reliability coefficient due to between-group
variance. The results showed high internal
consistency across the seven algorithmic thinking
indicators and the overall instrument in both
groups, indicating that the instrument was reliable
for measuring students’ algorithmic thinking skills
before the intervention (Table 2, Panel B).

Table 2. Content validity and internal consistency of the algorithmic thinking test instrument

Panel A. Content validity (expert judgment of 28 items)

Feasibility Aiken’s

Validation Aspect Mean Score (%) vV Category
Relevance to algorithmic thinking 4.57 91.43% 0.893 Very valid
indicators
Accuracy of science concepts and 4.65 93.10% 0.914 Very valid
cocoa leaf disease context
Clarity of item construction 4.51 90.24% 0.878 Very valid
Language and readability 4.67 93.33% 0.917 Very valid
Suitability of the scoring rubric 4.44 88.81% 0.860 Very valid
Overall 4.57 91.38% 0.892 Very valid
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Panel B. Internal consistency (N = 66 students)

Indicator Item Number Experimental Control o Category (Exp / Ctrl)
Number of Items a (n=33) (n=33)
Sequencing 14 4 0.838 0.765 High / High
Control flow 5-8 4 0.748 0.829 High / High
Algorithm 9-12 4 0.935 0.851 Very high / High
design
Representation  13-16 4 0.685 0.838 Acceptable / High
Debugging 17-20 4 0.866 0.955 High / Very high
Optimization 21-24 4 0.958 0.950 Very high / Very high
Generalization  25-28 4 0.883 0.955 High / Very high
Total 1-28 28 0.942 0.938 Very high / Very high

The reliability analysis showed that the
overall Cronbach’s Alpha coefficient was 0.942
for the experimental group and 0.938 for the
control group, indicating very high internal
consistency in both groups. Across the seven
algorithmic thinking indicators, Cronbach’s Alpha
values ranged from 0.685 to 0.958 in the
experimental group and from 0.765 t0 0.955 in
the control group, demonstrating that all indicators
exhibited acceptable to excellent reliability. These
results indicate that the 28-item cognitive test
instrument possessed strong internal consistency
and was therefore considered reliable for
measuring students’ algorithmic thinking skills in
the context of Al-integrated STEM learning.

To complement the quantitative findings, a
process-oriented analysis was conducted to
explain how the Al-integrated STEM activities

may have contributed to the observed
improvement in students’ algorithmic thinking.
Table 3 maps each algorithmic thinking indicator
onto the corresponding learning task and reports
the change actually observed on that indicator in
both groups. Because each indicator was
measured by four items scored from 0 to 3,
indicator scores range from 0 to 12, and gains
are expressed on that scale. This allows the
process-based account to be tested rather than
merely asserted. If the Al-supported activities
operate through the mechanisms proposed, the
indicators most directly exercised by those
activities should show the largest between-group
differences.

The experimental group gained more than
the control group on every indicator, and all seven
between-group differences were statistically

Table 3. Learning tasks and observed change in each algorithmic thinking indicator (maximum score

per indicator = 12)

Algo.rltl.lmlc Student Task in the STEM-AI COI.ltI'OI Experimental Welch  Cohen's
Thinking Activity Gain M (- in M (SD) t d
Indicator (SD)

Sequencing Organizing step-by-step procedures for  1.03 (2.46) 3.55(3.32) 3.50 0.86
identifying cacao leaf diseases

Control flow Designing conditional (if-then) rules 2.18 (3.30) 5.52 (3.69) 3.87 0.95

understanding to differentiate disease categories

Algorithm design ~ Developing a complete classification 1.12 (3.13) 5.70 (5.25) 4.30 1.06
procedure with multiple decision
points

Representation of  Converting diagnostic procedures into  2.58 (3.86) 7.97 (2.78) 6.52 1.60

algorithms flowcharts or pseudocode

Debugging and Identifying misclassified samples and 3.36 (4.44) 7.30 (4.07) 3.76 0.93

error detection

analyzing causes of prediction errors
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Algorithm Adjusting training parameters to 3.48 (5.32) 8.61(3.97) 4.43 1.09
optimization improve model performance

Generalization of ~ Testing the trained model on new 5.18(5.39) 8.48 (3.68) 291 0.72
procedures images and different cacao varieties

Note: Gain = posttest “ pretest for each student; n =33 per group. Welch’s t compares the gain scores of the two
groups; all comparisons were statistically significant (p < .01). Cohen’s d is the standardized between-group

difference in gain

significant. The effects were not uniform,
however, and their ordering is informative. The
largest difference occurred for representation of
algorithms (d = 1.60), followed by algorithm
optimization (d= 1.09) and algorithm design (d
=1.06). Control flow understanding (d = 0.95),
debugging and error detection (d =0.93), and
sequencing (d =0.86) formed an intermediate
group, while generalization showed the smallest
advantage (d = 0.72). The indicators that
benefited most were therefore those requiring
students to externalize a procedure in an explicit
symbolic form and modify it deliberately, rather
than those requiring them to recognize or repeat
an ordered sequence.

Representation of algorithms also began at
the lowest baseline in both groups (M =1.73 of
12 in the experimental group and M =3.36 in
the control group), indicating that translating
diagnostic reasoning into flowcharts or
pseudocode was the competence least available
to students before instruction. The control group
remained comparatively weak on this indicator
after instruction (M =5.94 of 12, or 49% of the
maximum), whereas the experimental group
reached M = 9.70 (81%). This is the clearest
point of divergence between the two conditions,
and it is consistent with the requirement, specific
to the Al-supported activities, that students
commit their classification logic to an explicit
representation before a model could be trained
and evaluated. Conversely, the smallest difference
for generalization arose because the control group
also improved substantially on this indicator (gain
= 5.18), suggesting that both instructional
conditions supported transferring a procedure to

new cases rather than Al in particular.The
development of sequencing and control-flow
understanding was supported during the initial
stages of the Al-based classification activity.
Students were required to organize the procedure
for identifying cocoa leaf diseases, beginning with
image collection and observation, followed by
feature identification, labeling, model training,
testing, and classification evaluation. This
sequential structure required students to determine
not only what action to perform, but also when
to perform it. In addition, students formulated
conditional decision rules based on observable
characteristics of cocoa leaves, such as symptom
patterns, discoloration, or lesion distribution.
Thus, the Al classification task transformed the
abstract notion of procedural order and if~then
reasoning into a concrete classification workflow.
The repeated use of this workflow may explain
why students demonstrated more structured
reasoning in tasks involving ordering procedures
and applying conditional rules.

The algorithm design and algorithm
representation indicators were developed when
students transformed the disease classification
problem into an explicit computational procedure.
Students were required to identify the input data,
define the classification process, establish decision
points, and determine the expected output.
Converting this procedure into flowcharts or
pseudocode required students to externalize their
reasoning and make relationships between
successive steps and conditional branches visible.
This activity was important because students did
not merely operate an existing Al tool; they were
required to conceptualize the logic underlying the

1691



1692

Jurnal Pendidikan Progresif, Vol. 16, No. 03, pp. 1679-1703, September 2026

classification process. Consequently, the Al-
supported activity provided a concrete context
in which students could construct and represent
algorithmic procedures rather than simply
memorize algorithmic concepts. This requirement
is the most likely reason why representation of
algorithms and algorithm design showed the two
largest between-group differences reported in
Table 3, since neither competence can be
bypassed if'a working classifier is to be produced.

Debugging and error detection clearly
illustrate the mechanism, although the empirical
advantage on this indicator was moderate rather
than the largest observed (d = 0.93). During
model testing, students encountered misclassified
or incorrectly predicted cocoa leafimages. These
prediction errors created an immediate feedback
loop: students compared the model output with
the expected disease category, identified possible
sources of error, and then examined the image
data, labels, or classification procedure. For
example, when visually similar disease symptoms
led to incorrect predictions, students had to
reconsider whether the training images were
sufficiently representative or whether the
classification criteria needed refinement. This
process transformed an incorrect Al output into
an opportunity for systematic error analysis.
Therefore, the improvement in algorithmic thinking
can be explained not simply by students’ use of
Al but by their repeated engagement in the cycle
of prediction, error identification, cause analysis,
procedural revision, and retesting. Such a cycle
directly operationalizes debugging as a cognitive
process.

Similarly, students developed algorithm
optimization through iterative refinement of the
classification model. Students compared model
performance after modifying aspects of the
training process, such as the composition and
quality of the training data and the training
configuration. Rather than accepting the first
classification result as final, students were required

to evaluate whether the model produced
sufficiently accurate and efficient outcomes and
to consider how to improve the procedure. This
iterative process encouraged students to compare
alternative solutions, evaluate the consequences
of procedural changes, and select more effective
strategies. The activity therefore provided an
authentic context for understanding optimization
as a process of systematic improvement rather
than as a one-time correction.

The generalization indicator was supported
when students tested the trained classification
procedure using images that were not included in
the original training examples, including images
representing different conditions or cocoa
varieties. This activity required students to
determine whether the classification procedure
remained applicable when the input conditions
changed. When the model produced different
results for unfamiliar images, students were
encouraged to consider the limitations of the
existing procedure and how far the classification
rules could be transferred to new cases. This
process developed algorithmic transfer because
students had to evaluate whether a procedure
constructed from known examples could be
applied beyond the original training conditions.

Taken together, these learning processes
provide a plausible explanation for the quantitative
improvement observed in the experimental group.
The Al-integrated STEM activities did not treat
algorithmic thinking as an isolated theoretical
construct. Instead, the seven indicators were
embedded in a sequence of authentic scientific
and technological activities: students organized
procedures, constructed conditional rules,
designed and represented algorithms, debugged
prediction errors, optimized solutions, and tested
the transferability of procedures to new cases.
The Al system was particularly important because
it provided immediate empirical feedback through
classification outputs, enabling students to
observe the consequences of their decisions and
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revise their procedures accordingly. In this sense,
Al functioned as an interactive epistemic scaffold
that connected students’ algorithmic reasoning
with observable model behavior. This process-
oriented evidence helps explain why the
experimental group achieved a higher posttest
mean than the control group, and the ordering of
effects across the seven indicators is broadly
consistent with the mechanisms proposed.
However, the correspondence is not exact:
generalization, which the activities also targeted
explicitly, showed the smallest between-group
difference.

Prior to evaluating the effect of the Al-
integrated STEM activities using cocoa disease
classification materials on students’ algorithmic
thinking, the assumptions underlying the
subsequent ANCOVA were examined. The
Shapiro—Wilk test indicated that neither
distribution met the normality assumption: W =
0.945, p=0.006 for the pretestand W =0.903,
p <0.001 for the posttest. The assumption was
not satisfied for the ANCOVA residuals either
(W =0.960, p = 0.032). Within groups, the
picture was more favorable, and the departure
was confined to the experimental pretest scores
(W=0.894,p=0.004), which were compressed
toward the lower end of the scale; the remaining
three distributions did not depart significantly from
normality (W = 0.955 to 0.967, p = 0.189 to
0.399). Levene’s test indicated that the pretest
variances were homogeneous, F(1,64) =0.09,
p=0.766, whereas the posttest variances were
markedly heterogeneous, F(1,64)=15.20,p <
0.001. The source of this heterogeneity is visible
in the descriptive data. Posttest scores in the
experimental group clustered near the upper limit
of the instrument, averaging 91.3% of the
maximum attainable score of 84 and ranging from
71 to 83, whereas the control group averaged
79.3% and ranged from 42 to 81. The
experimental distribution was therefore
compressed against the test ceiling, reducing its

posttest variance to approximately one-seventh
of'that observed in the control group. Two of the
three assumptions required for ANCOVA were
therefore violated, and the third, independence
of the covariate from the treatment, was also
compromised by the significant baseline difference
between groups reported below. For this reason,
the analytic strategy was reordered: Welch’s t-
tests on gain scores, which require neither variance
homogeneity nor an effective covariate, were
treated as the primary inferential evidence, and
the ANCOVA was retained as a supporting
analysis whose results are reported for
completeness and interpreted with corresponding
caution.

To complement the inferential analysis, the
distribution of students’ algorithmic thinking
scores was visualized using paired boxplots for
the pretest and posttest assessments in both the
experimental and control groups (Figure 4). The
boxplots display the median, interquartile range
(IQR), whiskers, and outliers, allowing direct
comparison of score distributions before and after
the intervention.

As shown in Figure 4, the pretest
distributions indicate a noticeable baseline
imbalance between the two groups. The
experimental group was concentrated at lower
pretest scores, with a median of approximately
23, whereas the control group had a substantially
higher median of approximately 47. The
experimental group also exhibited a wider spread
of low scores, while the control group showed a
broader distribution across the middle score
range. The posttest boxplots reveal a markedly
different pattern. The experimental group shifted
upward to a median of approximately 77 and
displayed a relatively narrow interquartile range,
indicating that most students achieved consistently
high scores. This compression of scores into a
narrow upper range suggests a ceiling-effect
tendency in the experimental group. In contrast,
the control group also improved, with a median
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Figure 4. Distribution of students’ algorithmic thinking scores in the pretest and posttest by group

of approximately 67, but retained a wider
interquartile range and greater overall variability.
The control group additionally showed a lower
outlier, indicating that some students remained
substantially below the main distribution after
instruction. Taken together, the boxplots show
that although both groups improved from pretest
to posttest, the experimental group achieved
higher posttest scores with considerably lower
variability. The figure also makes the initial baseline
imbalance visible. It therefore serves as a
descriptive visualization of score distributions that
complements the inferential analyses reported
below rather than constituting evidence of an
instructional effect in its own right.

Because the posttest scores violated both
the normality and the homogeneity-of-variance
assumptions, Welch’s t-tests, which do not
require equal variances, were used as the primary
inferential analysis. These were conducted on
pretest scores and on gain scores.

The Welch’s t-test indicated a statistically
significant difference in pretest scores between
the control and experimental groups, t(64)=3.93,
p<.001, Cohen’s d=0.968. The control group
obtained a higher mean pretest score (M =47.6,
SD = 18.8) than the experimental group (M =
29.5,SD=18.6), indicating a substantial baseline
imbalance between the two groups. The analysis
of gain scores also revealed a statistically

significant difference between groups, t(64) =
“5.81, p<.001, Cohen’s d = 1.43 in favor of
the experimental group. The experimental group
demonstrated a substantially greater mean gain
(M =47.1, SD = 19.8) than the control group
(M = 18.9, SD = 19.6). This result provides
descriptive evidence of greater improvement in
algorithmic thinking among students who
participated in the Al-integrated STEM activities.
Because the groups differed significantly at
baseline, a covariance-adjusted analysis was
subsequently conducted to account for initial
pretest differences when comparing posttest
performance. Before interpreting the adjusted
group effect, we examined the homogeneity-of-
regression-slopes assumption by including the
interaction between class and pretest scores in
the model. The interaction effect was not
statistically significant, F(1,62)=1.739,p=.192,
indicating that the relationship between pretest
and posttest scores did not differ significantly
between the two groups. Therefore, the
ANCOVA model without the interaction term
was considered appropriate for estimating the
adjusted group effect.

As presented in Table 4, the ANCOVA
indicated a statistically significant effect of class
on posttest algorithmic thinking scores, F(1, 63)
= 29.302, p < .001. The pretest covariate,
however, was not statistically significant, F(1, 63)
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Table 4. Ancova - posttest

Sumof df  Mean F P n? n’p w?
Squares Square
Overall 1683.34 2 841.67 17.4645 <0.001
model
Class 1412.18 1 1412.18  29.3023 <0.001  0.299 0.317 0.286
Pretest 3.21 1 3.21 0.0666 0.797 0.001  0.001 -0.009
Residuals  3036.19 63 48.19

=0.067,p=.797, partial ¢*=0.001. The pooled
within-group correlation between pretest and
posttest scores was r = .03, and the
corresponding within-group coefficients were r
= .15 for the control group and r = .27 for the
experimental group. Two consequences follow
and are reported here explicitly. First, because
the covariate accounted for almost none of the
variance in posttest scores, the covariance
adjustment was numerically negligible: the
adjusted means (66.5 and 76.8) are effectively
identical to the unadjusted posttest means (66.6
and 76.7). The ANCOVA therefore did not
materially correct for the baseline imbalance
between the two groups, and the group effect
reported above is best understood as an
essentially unadjusted comparison of posttest
performance. Second, a near-zero association
between two administrations of the same
instrument is itself unexpected, since scores on a
stable measure would ordinarily be expected to
correlate across occasions; the principal reason
is a ceiling effect in the posttest scores of the
experimental group, whose values fell within a
narrow band close to the maximum of 84 (range
71-83, SD = 3.42) compared with the far wider
spread of the control group (range 42—-81, SD =
9.13). At the indicator level, the same
compression is evident: experimental posttest
means reached 97% of the maximum for
sequencing and 95% for control flow
understanding and generalization. Because almost
all students in the experimental group converged
on similar posttest scores regardless of their

starting point, there was little residual variance
for the pretest to explain. This same disparity in
dispersion, a posttest variance approximately 7.1
times larger in the control group, is also the source
of the significant Levene’s test reported earlier.
Because the posttest homogeneity-of-variance
assumption was also violated, the ANCOVA
results were interpreted alongside complementary
analyses. The Welch’s independent-samples t-
test showed a statistically significant difference in
gain scores between the control group (M =18.9)
and the experimental group (M =47.1), t(64) =
“5.81,p<.001, with a very large effect size (d =
1.43). This pattern was also reflected in the
analysis of normalized gain (Hake, 1998),
computed atclasslevelas (g) = (mean
posttest ““mean pretest) / (maximum score “ mean
pretest), with the maximum attainable score being
84 (28 items scored 0-3). The experimental
group achieved{g> 0.87, which falls in the high
category, whereas the control group achieved g )=
0.52, which falls in the medium category. The
class-level form of the index was used rather than
the mean of individual normalized gains because
the latter is unstable when a student’s pretest
score is close to the maximum: the denominator
becomes very small, so a decline of a few points
produces an extreme negative value. Seven
students in the control group scored lower on
the posttest than on the pretest, and three of them
had high pretest scores, which distorted the mean
of the individual index without affecting the class-
level estimate. Taken together, the higher
normalized gain and absolute gain observed in
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the experimental group, together with the
significant covariance-adjusted group difference,
indicate a consistent pattern of greater
improvement in algorithmic thinking among
students who participated in the Al-integrated
STEM activities. Nevertheless, these findings
should be interpreted cautiously because the
posttest homogeneity-of-variance assumption
was violated.

These findings are consistent with the
process-oriented learning activities implemented
in the intervention. Through the Al-supported
classification tasks, students repeatedly organized
procedures, constructed decision rules, evaluated
model outputs, identified classification errors, and
refined their solutions based on feedback. This
iterative interaction with Al-generated outputs
gave students opportunities to externalize and
revise their reasoning, particularly in sequencing,
control flow, debugging, and algorithm
optimization. Thus, the observed improvement in
algorithmic thinking can be understood not only
as a difference in final test scores but also as the
result of sustained engagement with structured,
iterative, and evidence-based algorithmic
processes during the STEM learning activities
(Otto et al., 2025).

The results indicate that the two instructional
conditions were associated with substantially
different posttest outcomes. Given the negligible

covariance adjustment reported above, however,
this difference should not be described as one
that persists after controlling for initial ability, since
no effective statistical control was in fact
achieved. The analysis does establish that
students who participated in the Al-integrated
STEM activities improved substantially more than
their peers, and that this pattern is consistent
across three indices: absolute gain, normalized
gain, and posttest standing. It cannot establish
that the improvement is attributable to the
intervention alone. In relation to the third research
question, the findings therefore support the
conclusion that Al-integrated STEM activities
using cocoa disease classification were
accompanied by markedly greater improvement
inundergraduate students’ algorithmic thinking,
while stopping short of a causal claim.

After establishing a significant main effect
of group in the ANCOVA analysis, the adjusted
posttest means were examined to clarify the
direction and magnitude of the group difference.
In principle, the adjusted means represent
posttest students’ algorithmic thinking scores
corrected for initial differences between groups;
in this dataset, however, the correction was
negligible because the pretest covariate explained
almost none of the posttest variance, so the values
below are effectively unadjusted group means
(Table 5).

Table 5. Adjusted means of algorithmic thinking

Group Mean

SE

95% Confidence Interval

Lower Upper
Control Group 66.5 1.21 64.1 68.9
Experimental Group 76.8 1.21 74.4 79.2

The estimated post-intervention mean for
the intervention group exceeded that of the
comparison group. Students exposed to Al-
enhanced STEM learning therefore achieved
stronger algorithmic thinking outcomes than peers
who experienced contextually oriented instruction
without artificial intelligence. The absence of

overlap between the confidence intervals
indicates a distinct and practically meaningful
separation in post-intervention performance
between the two groups. This separation should
nonetheless be read as a difference in outcome
rather than as an isolated estimate of the
instructional effect, because the covariance
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adjustment did not materially offset the baseline
difference between the classes.

To provide a visual comparison of the
adjusted posttest performance, the estimated
marginal means of students’ algorithmic thinking
scores were plotted for the control and
experimental groups. The adjusted means
nominally represent posttest performance
adjusted for differences in students’ pretest
scores, although this adjustment was negligible in
the present data. Error bars represent 95%
confidence intervals (Figure 5).
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Figure 5. Estimated marginal means of posttest
algorithmic thinking scores by instructional group

The figure shows a clear difference in
adjusted posttest performance between the two
groups. The experimental group exhibited a
higher estimated marginal mean than the control
group. This visual pattern is consistent with the
significant group effect identified in the
ANCOVA, bearing in mind that the covariance
adjustment underlying these means was negligible
in the present data. However, interpret the
adjusted means alongside the assumption tests,
Welch'’s t-test results, gain-score analysis, and
individual score distributions because the posttest
homogeneity-of-variance assumption was not
satisfied.

The findings demonstrate that Al-integrated
STEM activities based on cocoa disease

classification were associated with substantially
greater improvement in students’ algorithmic
thinking than the comparison learning condition.
The experimental group achieved significantly
higher posttest scores and a substantially larger
gain, and the covariance-adjusted analysis
showed a significant between-group effect,
although that adjustment was numerically
negligible. This finding is consistent with recent
evidence that STEM-integrated learning can
support the development and transfer of
computational forms of reasoning through
interdisciplinary and problem-oriented learning
experiences (Li & Oon, 2024). The large gain-
score effect observed in the present study further
suggests that the intervention produced a
meaningful educational effect rather than a trivial
difference between groups.

The observed improvement can be
interpreted as an outcome of learning experiences
that actively engaged students in structured and
procedural reasoning. STEM activities based on
cacao disease contexts required learners to
systematically analyze symptoms, organize
observations into ordered steps, and apply
explicit decision rules to reach conclusions. These
cognitive operations align closely with the
fundamental dimensions of algorithmic thinking,
including problem decomposition, sequencing,
rule-based decision-making, and cycles of
evaluative refinement (Kanaki & Kalogiannakis,
2022; Wong et al., 2024). Similar patterns have
been reported in recent studies showing that
STEM learning environments emphasizing
procedural and rule-based reasoning significantly
enhance students’ algorithmic thinking skills (Tang
et al.,2020; Kong & Lai, 2022; Cheng et al.,
2023).

The negligible contribution of pretest
performance to the posttest outcome requires
careful interpretation and, in this study, constitutes
alimitation rather than a strength. Anon-significant
covariate does not demonstrate that differences
in initial ability have been neutralized; it indicates
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the opposite, namely that the statistical mechanism
intended to adjust for those differences was
ineffective in this sample. Nor should it be read
as evidence that prior knowledge is generally
irrelevant to learning outcomes. This limitation is
compounded by the direction of the baseline
imbalance. The control group began with a
substantially higher pretest mean (M =47.6) than
the experimental group (M =29.5), yet finished
with a lower posttest mean. This is precisely the
pattern that regression to the mean would be
expected to produce even in the absence of a
treatment effect, because groups that are selected
or observed at the extremes of a distribution tend
to move toward the overall mean when they are
measured again.

The comparison of non-equivalent groups
on pretest-adjusted outcomes is also subject to
Lord’s Paradox, in which gain-score and
covariance-adjusted analyses can support
divergent conclusions without either being
demonstrably correct. The convergence between
the gain-score, normalized-gain, and covariance-
adjusted results reported above should therefore
not be treated as three independent confirmations
of the same conclusion, since all three rest on the
same two intact classes and are susceptible to
the same source of bias. At the same time, the
magnitude of the observed difference (d=1.43)
is considerably larger than regression artifacts
alone would ordinarily generate, which makes a
genuine instructional contribution plausible. The
most defensible reading of the evidence is thus
an intermediate one: participation in the Al-
integrated STEM activities was accompanied by
markedly greater improvement in algorithmic
thinking, and this pattern is consistent with
research emphasising structured learning
environments and explicit opportunities for
computational and algorithmic reasoning (Li &
Oon, 2024; Wong et al., 2024), but the present
design cannot rule out regression to the mean,
pre-existing differences between the intact

classes, or the novelty of the technology as partial
explanations.

An important insight offered by this
research is a clearer understanding ofhow artificial
intelligence facilitates the cultivation of algorithmic
thinking. By engaging students in machine
learning—driven classification activities using
Google Teachable Machine, algorithmic
reasoning was made explicit through concrete
decision rules, allowing abstract computational
processes to be transformed into observable and
empirically examinable procedures. Recent
studies have highlighted that Al-supported
learning environments facilitate this externalization
process by making learners’ reasoning visible
through data-driven feedback and iterative model
refinement (Zhai et al.,2021; Chen et al., 2023).
Park et al. (2023) reported similar conclusions,
highlighting that incorporating artificial intelligence
into science instruction supports systematic
reasoning by promoting data-informed decision
processes. By interacting with a convolutional
neural network (CNN)-based image
classification system, students were required to
examine feature representations, interpret
classification outcomes, identify prediction errors,
and refine decision criteria through repeated
training—testing cycles. This interaction aligns with
recent findings indicating that CNN-based visual
classification tasks can support algorithmic
reasoning by linking perceptual features with
structured decision-making processes (Li et al.,
2020).

Beyond the conceptual contribution of
CNN-driven classification, the instructional
process was further enhanced by learners’
engagement with core training parameters
provided within Google Teachable Machine,
including epochs, batch size, learning rate, and
model accuracy. By adjusting the number of
epochs, students observed how repeated training
cycles influenced model convergence and
performance stability, reinforcing their algorithmic
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understanding of iteration. This is consistent with
Chen et al. (2023), who found that engagement
with machine leaming model evaluation promotes
deeper algorithmic reasoning. Variations in batch
size allowed students to experience trade-offs
between training speed and prediction
consistency. At the same time, changes in learning
rate provided concrete insights into optimization
processes, including underfitting and overfitting
behavior. Model accuracy functioned as a
transparent feedback indicator, allowing learners
to assess the quality of their algorithmic choices
and to iteratively improve their classification
strategies. Through engagement with these
parameters, abstract notions of optimization,
evaluation, and refinement in students’ algorithmic
thinking became observable and measurable
processes, supporting students’ understanding of
how algorithmic performance is shaped by
systematic parameter tuning rather than trial and
error alone.From a pedagogical perspective, Al
in this learning design did not function merely as
atechnological tool but as an epistemic scaffold
that supported the construction, evaluation, and
optimization of students’ algorithmic thinking.
Studies over the last five years have emphasized
that Al-enhanced STEM learning environments
promote deeper reasoning when students actively
engage in data labeling, model evaluation, and
error analysis, as these activities require explicit
articulation of algorithmic logic and conditional
reasoning (Zhai et al.,2021). This explains why
students exposed to Al-integrated STEM
activities demonstrated stronger students’
algorithmic thinking outcomes than those engaged
in contextual learning without Al support.
Previous theoretical frameworks further
support these findings. Algorithmic thinking is
characterized by the ability to formulate
executable procedures and refine them through
iterative evaluation (Kanaki et al., 2025). Recent
empirical work has shown that learning designs
emphasizing iteration, debugging, and

optimization are particularly effective in
strengthening this form of reasoning. Within
science education, situating these processes in
biologically meaningful settings has been
associated with heightened learner engagement
and deeper cognitive processing, particularly
when students work with real-world classification
and diagnostic challenges (Le et al., 2023;
Almasri, 2024).

B CONCLUSION

This study addressed three research
questions concerning the validity, reliability, and
effectiveness of an Al-integrated STEM learning
intervention for developing undergraduate
students’ algorithmic thinking. First, the
algorithmic thinking test demonstrated high content
validity, with an overall mean validation score of
4.57, a feasibility percentage 0f 91.38%, and an
Aiken’s V coefficient of 0.892, indicating strong
agreement among the three independent expert
validators on the instrument’s relevance and
quality. Second, the instrument demonstrated very
high internal consistency, with Cronbach’s alpha
coefficients of 0.942 for the experimental group
and 0.938 for the control group across the seven
targeted algorithmic thinking indicators, indicating
that the instrument was reliable for measuring
students’ algorithmic thinking skills prior to the
intervention. Third, the findings provide evidence
of a consistent pattern of greater improvement in
algorithmic thinking among students who
participated in the Al-integrated STEM activities
based on cocoa leaf disease classification. The
experimental group demonstrated a higher class-
level normalized gain(0g0 = 0.87, high
category) than the control group (0g 0 = 0.52,
medium category), and the gain-score
comparison indicated a very large between-group
effect (d=1.43). The advantage was observed
on all seven indicators, with between-group effect
sizes for gain ranging from d = 0.72 for
generalization to d = 1.60 for representation of
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algorithms. The covariance-adjusted analysis
showed a significant group difference in posttest
performance. However, the pretest covariate
explained virtually none of the posttest variance,
so that this analysis functioned in practice as an
essentially unadjusted comparison. Together,
these findings suggest that integrating Al-
supported image classification into STEM learning
can contribute to the development of students’
algorithmic thinking by engaging them in
sequencing procedures, applying conditional
logic, designing and representing algorithms,
debugging errors, optimizing solutions, and
generalizing procedures to new cases. However,
the findings should be interpreted with
appropriate caution, and four limitations constrain
the strength of these conclusions. First, the
normality and homogeneity-of-variance
assumptions were both violated; the latter was
attributable to a ceiling effect: experimental
posttest scores averaged 91.3% of the maximum
attainable score, which compressed their
distribution and meant the instrument could not
register further growth in that group. Second, the
two intact classes differed substantially at baseline,
and the direction of that difference coincides with
the observed effect, so regression to the mean
cannot be excluded as a partial explanation. Third,
the pretest covariate did not function as an
effective statistical control, which left the study
without a working mechanism for adjusting the
baseline imbalance. Fourth, although three
independent experts corroborated the
instrument’s content validity, inter-rater reliability
for scoring the open-ended responses was not
established, so scoring objectivity remains a
limitation. Taken together, these limitations mean
that the results are best understood as evidence
that participation in the Al-integrated STEM
activities was accompanied by substantially
greater improvement in algorithmic thinking,
rather than as a demonstration that the intervention
caused that improvement. The non-randomized

design and variance heterogeneity limit the extent
to which causal conclusions can be generalized.
Future research should replicate the intervention
with larger, more diverse samples; randomized
or more closely matched groups; multiple expert
reviewers and independent scorers; a delayed
posttest to examine retention; an instrument with
sufficient headroom to avoid ceiling effects; and
statistical approaches specifically designed to
address heteroscedasticity.
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