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Abstract

Science fairs in Taiwan serve as crucial platforms for fostering students’ scientific literacy, inquiry
competence, and creativity. However, teachers often struggle to guide elementary students in developing
feasible yet innovative research projects due to limited time and ambiguous evaluation criteria. This
study explores the feasibility of using ChatGPT-40—a large language model—to analyze and predict
award-winning reports in the elementary chemistry division of Taiwan’s National Science Fair. A total of
38 reports from 2021 to 2024 were analyzed, with 29 reports (2021-2023) used for model training and
9 reports (2024) for prediction testing. The model successfully identified all three top-award reports from
2024, achieving 100% prediction accuracy. Repeated trials indicated high test-retest consistency under
identical prompts. The results suggest that constructing a feature-based evaluation model enhances the
reliability and interpretability of Al-assisted assessments. This stu  dy highlights the potential of Al tools
to complement human judgment in science fair evaluation, offering new directions for integrating Al into
inquiry-based science education and assessment practices.

Keywords: Al-assisted assessment, ChatGPT, elementary chemistry reports, inquiry-based learning,
science fair.

Introduction
1.1 Background of Science Fairs in Taiwan

Since their establishment in 1955, Taiwan’s science fairs have become essential mechanisms for
promoting students’ inquiry and problem-solving abilities [1,2]. The fairs follow a three-tier progression
system—school, municipal, and national levels—creating a structured pathway for project advancement
[3]. The elementary division currently covers eight disciplinary categories [4], with top-performing
projects often linked to academic recognition and secondary school admissions. These competitions
therefore serve both educational and selection functions.

Despite their long history and institutional support, disparities in mentoring quality and resource
allocation persist. Teachers often face difficulties providing consistent guidance, especially when
assisting students with limited disciplinary knowledge but strong creative potential. Consequently,
establishing more objective and transparent evaluation mechanisms has become essential to ensure

fairness and improve instructional alignment.

1.2 Challenges in Guiding Elementary Student Research

Guiding elementary students through independent research projects is both pedagogically demanding
and time-intensive [5,6]. Students at this level often exhibit high imagination but limited understanding
of experimental control, data interpretation, or logical structure. Teachers must therefore strike a delicate
balance between offering necessary scaffolding and maintaining student ownership of the work—a
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dilemma reinforced by national regulations requiring students to complete and defend their projects
independently [5].

Drawing from Vygotsky’s Zone of Proximal Development [7,8], appropriate scaffolding can help
students transcend their current competencies. However, interdisciplinary projects—such as those
combining chemistry, physics, and environmental science—often exceed a single teacher’s expertise,
highlighting the need for collaborative or technology-assisted approaches [6].

1.3 Al as a Collaborative Assistant in Science Education

Artificial intelligence (Al) has recently emerged as a potential “second mentor” in education [9,10].
Large language models (LLMs) can support teachers by accelerating literature reviews, suggesting
research ideas, and simulating rubric-aligned feedback [11]. Prior studies have shown that Al can
identify learning gaps, provide formative feedback, and enhance scoring consistency [9,10]. Within
science education, Al-assisted evaluation could reduce teachers’ workload while maintaining fairness
and transparency in assessment.

Recent evidence also supports the concept of human-Al collaboration. According to Shneiderman’s
Human-Centered Al (HCAI) framework [12], Al should be designed to augment rather than replace human
capacities, emphasizing safety, explain ability, and empowerment. In both educational and industrial
contexts, Al-augmented teams have demonstrated improved performance, creativity, and collaboration
quality [13,14].

The integration of Al into science fairs presents an opportunity to bridge the gap between student
creativity and systematic evaluation. By analyzing past award-winning projects, Al can help identify latent
patterns and features associated with successful reports—insights that teachers can use to design
instructional scaffolds and guide students’ project development [9,11].

1.4 Research Purpose and Significance

This study investigates whether an Al model, specifically ChatGPT-40, can accurately identify and
predict award-winning reports in Taiwan’s National Elementary Science Fair (Chemistry Division). The
research aims to:

A. Develop a feature-based Al model derived from historical science fair reports.

B. Evaluate the model’s predictive accuracy and stability.

C. Explore the implications of Al-assisted assessment for supporting teacher decision-making in

science education.

By examining the feasibility of Al-based report evaluation, this study contributes to emerging
discussions on Al-supported inquiry assessment, providing empirical evidence for how Al can function as
a formative evaluation assistant in science learning environments.

2. Methodology

This study used OpenAl’'s GPT-4o, released on 13 May 2024, which operates at approximately twice
the speed of GPT-4 at roughly 50% lower cost, and remains accessible to free-tier users with limited
quotas [15,16]. According to official OpenAl documentation, free users are limited to a small number of
messages within a rolling five-hour window [16], Plus subscribers can send approximately 80 messages
per three-hour window [17], and Team/Pro workspaces have higher caps [14]. Selecting GPT-40
therefore enables secondary school teachers to replicate the analytic pipeline without subscription fees,
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aligning with the practitioner-oriented objectives of this study.

To assess output stability, each prompt was re-run three times between June and July 2025 under
identical parameter settings (e.g., temperature, random seed), and the results were compared for
consistency. This procedure follows the test-retest reliability framework proposed by Mondal et al., who
reported a Pearson correlation coefficient of r = .71 for ChatGPT-3.5 in statistical-test recommendation
tasks, and extends this approach to GPT-40 [18]. Upon completion of all report processing, GPT-40 re-
examined and summarized the main writing features of award-winning reports based on the entire
dataset.

While this study primarily focuses on developing and analyzing an Al-assisted evaluation model,
the model itself was intentionally designed to be applicable across different subject domains rather
than restricted to a specific discipline. By training the model on datasets containing student work
from multiple subjects, we aimed to identify common evaluative features that transcend disciplinary
boundaries. Interestingly, the extracted features showed strong correlations with domain-specific
patterns, and models trained on diverse data often yielded more consistent and accurate scoring
outcomes than those based solely on standardized rubrics. These findings suggest that cross-disciplinary
Al models have the potential to provide teachers with data-informed insights for evaluating and guiding

student learning across subjects [19,20].

Step 1: Data Collection and Preparation

The data for this study were drawn from publicly available chemistry projects in the Taiwan National
Science Fair, which annually announces approximately 10-15 reports, all of which are submitted by
winners of local competitions in each county and city. In Taiwan’s ranking system, awards are granted
to the first, second, and third place winners, followed by honorable mentions, referred to locally as Merit
Awards. From this pool, we collected 38 chemistry reports from 2021 to 2024, as shown in Table 1. The
sample included the top three national award-winning reports for each year (if multiple reports shared
the same rank, all were included) as well as non-awarded projects. Merit Awards were excluded because
they represent an intermediate ranking between winners and non-winners, which could introduce
classification ambiguity in system analysis.

To confirm feasibility, the model was trained on reports from 2021-2023 and tested on those from
2024. Because the ChatGPT-40 version used in this study (June-July 2025) allowed a maximum of ten
files to be uploaded per run, the analysis was conducted in batches of up to ten reports. This design
consisted of three independent rounds, with awarded and non-awarded works compared within the
same year. During data preparation, cover pages and any content revealing award status were removed
to ensure complete blinding. In addition, persistent conversation history was disabled during analysis to
avoid influence from prior data. This design minimizes evaluation bias and ensures replicability for future
research.
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Table 1 2021-2024 National Chemistry Exhibition Reports

Number of Top three(First, honorable Non-awarded Total selection

entries(Number second, and third  mentions

of selected place)

entries)

2021 3 (randomly 4 (Not used) 7 (randomly 10
selected from 5) selected from 11)

2022 3(randomly 3 (Not used) 7 (all 7 Selected) 10
selected from 5)

2023 3 (randomly 3 (Not used) 6(all 6 Selected) 9
selected from 4)

2024 3(randomly 3 (Not used) 6(all 6 Selected) 9

selected from 4)

Step 2: Model Training

Reports were entered into ChatGPT-40 for analysis of their strengths and weaknesses (e.g., research
motivation, methodology, data processing, and writing quality). To improve output quality, the prompts
were iteratively refined within the same session.

Because the ChatGPT-40 version used in the experimental tests (June-July 2025) allowed a
maximum of ten files to be uploaded per run, the training was conducted in three cumulative rounds:

Round 1: Training with up to 10 reports from 2021 only, analyzed according to the official National
Science Fair scoring criteria (research motivation, method design, data processing, and report writing).

Round 2: Training with up to 10 reports from 2021 and 2022, incorporating the 2022 data into the

previous round and establishing a revised feature set of award-winning standards.

Round 3: Training with up to 10 reports from 2021, 2022, and 2023, further extending the dataset to

refine and validate the feature model.

For each round, the system was asked to:

1. Compare the advantages and disadvantages of award-winning reports and non-award-winning
reports from the 2021-2023 in the following aspects, as specified in the official evaluation
standards:

A. Research motivation

B. Method design

C. Data processing

D. Report writing

2. Summarize the main writing features that appeared in the award-winning reports.

In Rounds 2 and 3, two additional system prompts were added: (a) repeat the results of the previous

round before analyzing the new set of reports, and (b) after completing all provided reports, re-identify
and summarize the key writing features of the award-winning reports across the entire dataset.

Step 3: Building the Award-Winning Report Feature Model

Based on the results of the three training rounds, key writing features that consistently appeared in
award-winning reports were identified. These features included strengths in research motivation, method
design, data processing, and report writing.

The recurring characteristics were then synthesized to form a preliminary “award-winning report
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feature model.” This model served as the reference framework for evaluating new reports in the
subsequent prediction and validation stage.

Step 4: Prediction and Validation
Using the feature model constructed from the 2021-2023 reports, we conducted a prediction test on
the award-winning reports from the 2024 National Chemistry Fair (a total of nine reports).

This step aimed to determine whether the award-winning report feature model could accurately
identify winning projects in a 2024 dataset, while also assessing the reliability of the system under
repeated testing conditions.

The direct human evaluation of students’ science fair reports was conducted strictly in accordance
with the official scoring criteria announced by the National Taiwan Science Education Center [5]. In
contrast, the Al model was independently developed by refining the official rubric into four analytical
dimensions—scientific reasoning, experimental design, data interpretation, and presentation clarity—
derived from the core components of the original framework. Because the written reports did not include
presentation-related elements, the modeling process focused solely on the content-based aspects of
evaluation. This approach enabled the model to preserve alignment with the official standards while
enhancing its analytical precision and generalizability.

3.Results
3.1 Prediction Accuracy

Using science fair reports from 2021-2023 to build a predictive model yielded stronger results for
forecasting 2024 award-winning projects. To ensure blinding, the cover pages and acknowledgments of
award-winning reports were removed before analysis. Due to system constraints (maximum of 10 reports
per run), the training process was conducted year by year. In each round, the model was re-instructed
to analyze all available reports according to the four official evaluation criteria: (A) research motivation,
(B) method design, (C) data processing, and (D) report writing. The evaluation of students’ science fair
reports was conducted strictly in accordance with the official scoring criteria announced by the National
Taiwan Science Education Center [5]. Building on this framework, the model further refined the criteria
into four analytical dimensions to enhance the consistency and interpretability of Al-based evaluation, in
line with established principles of performance-based and formative assessment [19,20].

Table 2 summarizes the predictive accuracy under three evaluation conditions, all conducted in
June 2025. When using only the official evaluation rubric (Test 1), the model correctly identified 2 out
of 3 award-winning reports (success rate: 67%). In contrast, when predictions were based on the round
3 trained model (Test 2), accuracy improved to 100% (3/3). Finally, when the round 3 model was re-
established and reapplied (Test 3), the system again achieved 100% success (3/3). Across all tests, the
total number of reports considered remained nine.

Table 2. Al Prediction Accuracy Across Different Evaluation Conditions(June 2025)

. .. Predi 2024 -
Evaluation Condition— All conducted ‘rec'hcted 024 award
i Tune 2025 winning reports (Success Total Reports
Rate)
Test 1 — Using official rubric only 2/3 (67%) 9
Test 2 — Using round 3 trained model 3/3 (100%) 9
Test 3 — Re-establishing round 3 model 3/3 (100%) 9

35



3.2 Recurrent Features of Award-Winning Reports
In addition to higher predictive accuracy, the third round of training revealed recurring features that
consistently characterized award-winning reports:
1. Creative questions inspired by daily life - Projects often originated from real-world problems or
observations.

2. Well-planned experiments with clear variables and creative tools - Designs included control and
test groups, frequently using self-made devices or innovative methods.

3. Strong data analysis with clear explanations and real-life applications - Data were presented
transparently, results explained logically, and applications linked to daily life.

4. Clear reports with strong writing and visuals - Reports were well-organized, easy to read, and
supported with charts or pictures.

5. Creative integration of ideas from multiple fields - Knowledge from different subjects was
combined to generate novel insights or propose improvements.

Overall, these results indicate that while the official evaluation rubric provides a useful baseline for
prediction, its accuracy was limited when applied directly. In contrast, the trained Al model was able
to capture additional latent features and patterns from prior years’ reports that were not explicitly
represented in the rubric. The iterative training process allowed the system to refine its recognition of
nuanced characteristics—such as innovative approaches, depth of analysis, and clarity of presentation—
that often distinguish award-winning projects. This highlights the potential of Al-assisted evaluation to
complement traditional rubrics by detecting subtle, multidimensional qualities beyond explicit scoring
guidelines.

4, Discussion and Conclusion
4.1 Discussion

This study demonstrates that constructing a feature-based evaluation model enhances Al
performance in recognizing and predicting award-winning science fair reports. Compared with direct
application of the official rubric, the trained model achieved higher accuracy and reliability. The iterative
process allowed the Al to detect nuanced elements—such as coherence, creativity, and contextual
reasoning—that are difficult to quantify but crucial in authentic student research.

Repetition tests indicated that GPT-40 maintained a high level of response consistency within three
identical prompt iterations, aligning with prior findings on LLM stability [18]. Beyond this threshold, slight
variations emerged due to stochastic generation processes. These fluctuations underscore the need for
clear and detailed prompts when employing Al for evaluative purposes.

A limitation observed in this study was the Al's occasional overreliance on visual proxies (layout
consistency, image quality) rather than genuine visual interpretation. Because GPT-40 primarily
processed text, its inference of “clear visuals” likely resulted from statistical associations rather than
semantic understanding. Future models integrating vision-language architectures may better capture

multimodal aspects of report quality.

4.2 Educational Implications

For educators, the findings suggest that Al can serve as a diagnostic and formative assessment
assistant rather than a grading authority. By identifying characteristic features of exemplary reports,
teachers can design more effective scaffolding for student research projects. The Al-generated feature
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summaries may also assist in professional development by illustrating how high-quality reports
demonstrate creativity, logical reasoning, and coherence.

4.3 Limitations and Future Work

Although the feature model performed consistently within the tested dataset, generalization remains
limited by the small sample size and subject specificity. Expanding the corpus to include other disciplines
(e.g., biology, physics) and multimodal data (e.g., oral defenses, presentation slides) could improve
robustness. Additionally, longitudinal studies could examine how Al-supported feedback influences
students’ inquiry competence and teachers’ assessment literacy.

4.4 Conclusion

This research provides empirical evidence that Al-based evaluation, when structured around feature
extraction and iterative refinement, can effectively identify the characteristics of award-winning science
fair reports. The study confirms the feasibility and educational potential of Al-assisted assessment
in elementary science education. While human judgment remains indispensable, integrating Al
as a complementary tool can enhance fairness, reduce teacher workload, and promote sustained
engagement in inquiry-based learning.
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