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Abstract – Generative AI models have shown varying levels of success in answering academic and professional 

exam questions across different fields, such as medicine, but less so in engineering. Previous studies highlight 

their strengths in handling straightforward, fact-based questions while also pointing out difficulties with more 

nuanced and complex queries. This study evaluates eight different versions of large language models (LLMs): 

DeepSeek v3.2, Claude Sonnet 4.5, Google Gemini (1.0, 1.5, and 2.5), and ChatGPT (4.0, 4o, and 5), compared 

to 100 undergraduate students answering 100 multiple-choice questions in mining engineering. Questions were 

classified by Bloom's Taxonomy into objective types (Remembering and Understanding) and numerical problem-

solving types (Applying and Analyzing). Results show a performance hierarchy, with the latest models- ChatGPT 

5, Gemini 2.5, and Claude Sonnet 4.5- matching or surpassing high-performing students, reaching the 80th to 

84th percentile. ChatGPT 5 outperformed earlier versions and other models in accuracy and consistency. 

Statistical analysis using McNemar's and chi-square tests revealed no significant association between model 

performance and question type for all LLMs except ChatGPT 4.0 (p=0.0346), indicating consistent accuracy 

across categories. Despite comparable performance on certain questions, these AI models exhibit significant 

limitations in understanding complex, context-dependent problems that require higher-order thinking skills, 

leading to inconsistencies in generating accurate responses. The study also discusses the implications of AI 

performance in academic exams for future mining engineers, emphasizing the need to evolve assessment 

strategies in engineering education and advocating for the integration of AI as a supplementary instructional tool 

while maintaining academic integrity. 

 
Keywords: large language models, generative artificial intelligence, mining engineering education, engineering 

education 

 

 

 

 

 

I. INTRODUCTION 

 

The rapid development and ubiquity of Generative Artificial Intelligence (GenAI), 

specifically Large Language models (LLMs), have caused an unprecedented and significant 

shift in the world, particularly in work and education [1-3]. Advanced LLMs such as GPT-5 

[4], Anthropic Claude 4 [5], DeepSeek [6] and Google Gemini 2.5 [7], which are built on 

massive datasets and transformer-based architectures that utilize deep learning and natural 

language processing, now demonstrate advanced abilities such as generating coherent human-

like text and code, summarizing information, solving problems, understanding context, and 

answering questions. They even outperform human participants in specific scenarios, 
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particularly in multiple-choice questions (MCQs) [2, 8-10]. This development has numerous 

implications, especially in higher education and professional assessments and certifications 

where MCQs remain widely used across numerous domains, including medical education and 

licensing examinations, due to their ease of administration, standardized format, and broad 

curricular coverage [11]. 

 

Recent benchmarking studies show that newer LLMs can achieve accuracy rates 

comparable to, and in some cases surpassing, average student performance in various 

standardized exams, although performance still varies across different models [2, 3, 12-16]. 

However, studies also show that performance varies across subject domains and question types 

[17,18]; while LLMs perform well on straightforward factual questions, they may still struggle 

with complex mathematical concepts, nuanced or scenario-based questions, and highly 

specialized, context-dependent problem-solving in engineering [19-21]. 

 

To evaluate cognitive thresholds, the revised Bloom's Taxonomy is often used to categorize 

the cognitive complexity of assessments and to analyze LLMs' abilities across different levels 

[22]. It comprises a knowledge dimension and a cognitive process dimension, which consists 

of six levels: remember, understand, apply, analyze, evaluate, and create [22, 23]. Studies have 

also shown that AI models demonstrate proficiency with objective-type questions and 

numerical problem-solving, but may struggle with questions that require interpreting visual 

information, such as diagrams or graphs [24-26].   

 

Although evidence is accumulating across engineering and adjacent professional fields, 

course-embedded, discipline-specific studies remain sparse, especially in Philippine 

engineering contexts that use syllabus-aligned items and cognitive-level analyses [27]. 

Because of the rapid evolution of GenAI LLMs and the inconsistent performance across 

models, domains, and tasks, continuous benchmarking and performance monitoring across 

multiple LLM platforms and successive versions remain essential [2, 3, 11, 18, 28].   

 

While AI's abilities have been extensively studied in fields like medicine, computer 

science, accounting and other standardized tests worldwide, there remains a significant 

knowledge gap in understanding its applicability and effectiveness in specialized engineering 

fields, such as mining engineering. Engineering disciplines differ fundamentally due to their 

reliance on applied science, complex problem-solving skills, and mathematical concepts [19], 

[21, 29, 30]. Accordingly, this study examines whether the observed difficulty with numerical 

problems and applied technical reasoning persists in mining engineering, a specialized 

engineering discipline concerned with the extraction of valuable minerals from the earth across 

all phases, with due consideration for economic, social, and environmental sustainability [31]. 

From tertiary-level assessments to licensure examinations in Mining Engineering, MCQs are 

commonly used to evaluate fundamental concepts and students' understanding of mining 

engineering principles because they can be easily marked, efficiently cover a wide range of 

topics, and provide a standardized, objective assessment format.  At the same time, empirical 

evidence suggests that LLMs perform better on lower-order cognitive tasks (Remembering and 

Understanding), and may be less effective in evaluating higher-order thinking or problem-

solving skills, which are crucial in engineering [8, 32, 33]. Mining engineering provides a 

useful case because it combines domain-specific concepts and integrative yet specialized 
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applied technical reasoning requirements, such as handling geological and related data, 

understanding specialized concepts, and applying engineering, scientific, and mathematical 

principles within the field, that have not yet been rigorously assessed in previous research.  

 

Thus, this study contributes course-embedded evidence on contemporary LLM 

performance in a specialized engineering assessment context, particularly mining engineering 

MCQs. By comparing eight contemporary LLMs to human undergraduate students in 

answering mining engineering MCQs across Bloom’s Taxonomy cognitive levels, the main 

contributions of this study are as follows: First, it provides a course-embedded, domain-

specific empirical evaluation of contemporary LLM performance in mining engineering using 

a curated 100-item syllabus-aligned MCQ set, interpreted relative to human undergraduate 

student performance. Secondly, it contributes comparative item-level statistical evidence on 

version-to-version and cross-model LLM performance differences. And third, it provides 

evidence on whether LLM performance varies across Bloom’s Taxonomy cognitive levels in 

mining engineering MCQs. By focusing on mining engineering as a specialized technical field, 

the study addresses a critical gap in the evidence on AI performance in discipline-specific 

assessment evaluations in a higher education context. 

 

 

II. METHODOLOGY 

 

This comparative study evaluated eight publicly available LLM versions on a 100-item 

mining engineering MCQ set that includes model selection, item classification, response 

collection and item- and level-based statistical comparisons. 

 

2.1 Study Design, LLMs, and Human Reference Group 

The study evaluated eight (8) publicly available and stable LLM versions accessible during 

the 2025 data collection period. Table 1 below summarizes the providers and model versions 

used, including the reported release dates. Recent data-driven traffic studies of AI chatbots 

identify these models among the most-used chatbot platforms worldwide, with ChatGPT 

leading by annual web visits to maximize the real-world relevance and cross-provider coverage 

[34, 35].  
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Table 1. Summary of LLMs evaluated (stable releases available in 2025) 
Provider Model 

family 

Version 

used 

Reported release 

(month/year) 

Remarks on inclusion 

DeepSeek DeepSeek V3.2 Sep 2025 Major stable release available during 

the study window 

Anthropic Claude Sonnet 

4.5 

Sep 2025 Major stable Sonnet variant available 

during the study window 

Google Gemini 1.0 Dec 2023 Baseline Gemini generation used for 

cross-version comparison 

Google Gemini 1.5 Feb 2024 Successor Gemini generation used for 

cross-version comparison 

Google Gemini 2.5 Mar 2025 Latest Gemini generation during the 

study window 

OpenAI ChatGPT 

/ GPT 

GPT-4 Mar 2023 Baseline GPT generation used for 

cross-version comparison 

OpenAI ChatGPT 

/ GPT 

GPT-4o May 2024 Multimodal “omni” generation used for 

cross-version comparison 

OpenAI ChatGPT 

/ GPT 

GPT-5 Aug 2025 Latest GPT generation during the study 

window 

 

 

By incorporating various versions, the study aims to capture the evolutionary trajectory of 

the performance of these models. Analyzing responses across different iterations allows for an 

examination of improvements in accuracy, complexity, and handling of domain-specific 

queries. 

 

To establish a human performance comparison, de-identified assessment records from one 

hundred (N=100) undergraduate students from Mining Engineering, Metallurgical 

Engineering (service-course takers), and Geology (elective takers) who completed the same 

Mining Engineering course assessment were analyzed. In this study, ‘representativeness’ is 

operationalized at the course level (i.e., a course-embedded reference context), not as 

population-level representativeness of all mining engineering students. Specifically, the cohort 

shares a common assessment context: the same course learning outcomes and syllabus 

alignment, the same instructor-authored answer key, and comparable online administration 

within the institutional learning management system. Student records were pooled across 

multiple sections and two academic-year cohorts (Academic Year 2022–2023 and Academic 

Year 2023–2024) to provide a more stable course-level human baseline [2].  

 

The study utilized pre-existing, retrospective, anonymized academic performance data and 

did not involve direct student interaction or the use of personal identifiers. All student identities 

were fully anonymized prior to analysis. No personally identifiable information was collected, 

and the data were strictly processed to ensure that no personal identifiers remained in the final 

dataset. Data were compiled from institutional records using an anonymized scoring system. 

This strategy of using de-identified educational data is consistent with large-scale comparative 

LLM studies [2, 36, 37]. 
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2.2 Question Set and Classification 

The assessment material consisted of one hundred (100) MCQs drawn from the archived 

quiz and major-exam item banks of EM 10 (Introductory Mining Engineering) at the 

University of the Philippines Diliman. The archived items were authored by the course 

instructors and administered in prior offerings; items were not publicly released or posted 

online. The final 100-item MCQs set was selected from the pooled archive and reviewed to 

retain coverage across the main course modules spanning the entire mining life cycle and 

fundamental of mining engineering across several topics as shown in Table 2 below:  

 

 

Table 2. Topic distribution of the 100-item mining engineering MCQ set 
Topic Area Number of MCQ Items 

Prospecting and Exploration 15 

Economic Geology and Mining Geology 15 

Mine Development 15 

Underground Mining Methods and Design 15 

Mining Laws and Recent Developments 14 

Surface Mining Methods and Design 13 

Rehabilitation and Environmental Protection 13 

Total 100 

 

 

The assessment material consisted of 100 non-public and instructor-authored MCQs as 

determined by power analysis to ensure a comprehensive evaluation and reduce potential 

biases caused by selective sampling, using a significance level (α) of 0.05, a statistical power 

(1-β) of 0.80, and an assumed effect size (d) of 0.5 [38]. To ensure representative and broad 

coverage of the entire course curriculum topics, questions were drawn from a variety of course-

embedded quizzes and exams  [39, 40]. Items were classified into two revised Bloom’s 

Taxonomy-based groupings: (1) Remembering and Understanding (Lower-Order Cognitive 

Skills) items that evaluated both the students' and AI models’ ability to recall and comprehend 

foundational mining engineering concepts, such as definitions, basic principles, and essential 

processes; and (2) Applying and Analyzing (Higher-Order Cognitive Skills) items that focused 

on applying knowledge to solve numerical problems, analyze given scenarios, and make 

informed decisions. The categorization into Bloom's taxonomy levels was crucial in evaluating 

whether AI models could move beyond mere factual recall to more complex analytical 

problem-solving. 

 

2.3 Data Collection and Testing Procedure 

A standardized testing protocol was implemented to ensure comparability between AI 

models and human participants; it kept phrasing, terminology, and format constant to eliminate 

potential biases arising from different interpretations or language complexity, ensuring that all 

participants were tested under consistent conditions. In administering questions, the following 

was done: 

 

For the human undergraduate student scores, the 100-item MCQ assessment was 

administered via the University Virtual Learning Environment (UVLe; Moodle) from students 

of the Introductory Mining Engineering course. Student raw scores (0–100) were obtained 
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from the UVLe gradebook, which automatically grades MCQs using the instructor-defined 

answer key and generates a total score upon submission. The exported gradebook totals were 

used as the student score distribution for descriptive statistics and percentile comparisons. 

 

Each of the eight (8) versions of the LLM/AI chatbots: DeepSeek v3.2, Claude Sonnet 4.5, 

Google Gemini (1.0, 1.5, and 2.5), and ChatGPT (4.0, 4o, and 5), and the set of human students 

were asked the same set of 100 MCQs. All models received the same minimalistic or zero-shot 

prompt: "Give the letter of the answer to all of the following questions." No specific persona 

or role-based prompting, delimiters, scaffolding, or examples were utilized in conjunction with 

this minimal prompt [10, 41-43].  

 

For each LLM platform, three (3) trials/replicates were conducted in separate chat sessions 

(‘New Chat’) such that each replicate contained no prior conversation context. This procedure 

was used to reduce within-session carryover and to sample the non-deterministic response 

variability of LLM outputs. Because commercial chat interfaces do not provide externally 

audited guarantees that sessions are fully independent beyond the supplied prompt/context, 

replicates were treated as independent at the prompt level and acknowledge residual cross-

session dependence as a limitation [44-46]. The answers of the LLMs were then tabulated, and 

the mean averages of the 3 trials were determined for the direct comparison. Out of the 100 

questions, 94 questions were in a purely text-based format, while the final 6 questions (items 

95 to 100) had diagrams and were inputted as images, for which the image upload features of 

each LLM platform were used to enable the LLMs to answer.  

 

Figure 1 summarizes the methodology workflow and separates the human reference 

pathway from the LLM testing pathway prior to convergence in the statistical analyses. The 

two pathways were then synthesized through descriptive comparison and item- and level-based 

inferential tests as detailed in Section 2.4. 

 

  

 
Figure 1. Methodology flow diagram 
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2.4 Evaluation Metrics, Outcome Measures, and Statistical Analysis 

A series of metrics and statistical analyses were employed: 

 

Accuracy was defined as the number of correctly answered items out of 100 (raw score, 

0–100). For human students, raw scores were taken from the UVLe (Moodle) gradebook totals 

produced by automatic MCQ grading using the instructor-defined answer key. Question While 

the scores for each of the three individual trials and the mean scores for each AI LLM model 

were recorded for the descriptive statistical analysis, the definitive answer for each question 

per LLM version was determined by the mode of the three responses, which reflects the most 

common answer choice across the three attempts. This modal response score for each question 

was used for subsequent statistical analysis as described below. The human cohort completed 

the assessment once under standard test conditions; thus, human variability is captured across 

individuals (n=100) rather than across repeated attempts by the same individual. In contrast, 

repeated LLM trials sample within-model stochasticity under identical prompts. To avoid 

interpreting replication as ‘multiple chances,’ per-trial scores and the mean for descriptive 

benchmarking were reported, but the per-item ‘definitive’ LLM response was defined using 

the modal (majority-vote) answer across trials for item-level inferential tests. 

 

Pairwise differences in item-by-item correctness between LLMs were evaluated using 

McNemar’s test for paired nominal data. For each model pair, the test statistic (X2) was 

computed from the discordant counts as shown in Equation 1: 

 

𝑋2 =
(𝑏−𝑐)2

𝑏+𝑐
      (1) 

 

Where b is the number of items answered correctly by Model A but incorrectly by Model 

B, and c is the number of items answered correctly by Model B but incorrectly by Model A 

[47,48]. 

 

Associations between LLM performance (correct/incorrect) and Bloom’s Taxonomy level 

were tested separately for each model using a chi-square test of independence: 

 

𝑋2 = ∑
(𝑂𝑖𝑗− 𝐸𝑖𝑗)2

𝐸𝑖𝑗
      (2) 

 

Where Oij is the observed frequency of correct/incorrect answers for cognitive level j, and 

Eij is the expected frequency under the assumption of independence. 

 

 

 



 

8 

 CG Arranz Phil. Eng’g J. 2026; 47(1):1-18 

III. RESULTS AND DISCUSSION 

 

3.1 Establishing a Human-contextualized Performance Baseline  

  
Figure 1. Histogram Showing the Distribution of Raw Scores of Human Students and the 

Mean Scores of Generative AI Models (Google Gemini and ChatGPT Versions) 

 

 

Figure 1 illustrates the distribution of human students (scores) compared to the eight 

Generative AI models on a 100-item MCQ exam in mining engineering, presented as a 

frequency distribution of the students' raw scores, while the mean scores (μ) of the AI models 

are plotted across these score ranges for comparison. This format emphasizes the AI models' 

mean scores, enabling a straightforward comparison with the full range of student 

performance. Because the item bank was drawn from a single course (EM 10) at a single 

institution (UP Diliman), the findings should be interpreted as course-embedded evidence 

rather than a comprehensive representation of all mining engineering curricula. The mean 

scores covered a broad range, from a minimum of 50.67 (Gemini 1.0) to a maximum of 79.00 

(ChatGPT 5), while human scores ranged from 29 to 95, highlighting significant variability in 

individual student performance. Table 1 similarly presents the percentile rankings of the mean 

scores of multiple trials for each Generative AI model in comparison to human student scores 

from a set of 100 MCQs. 

 

Gemini 1.0 (μ = 50.67) appears near the lower student deciles, placing it in the 5th 

percentile and making it comparable only to the lowest-performing students. This marks the 

lower boundary of model performance. A second group includes DeepSeek v3.2 (μ = 70.67), 

ChatGPT 4o (μ = 67.00), ChatGPT 4.0 (μ = 66.67), and Gemini 1.5 (μ = 65.67), placing them 

in the middle of student scores, performing near or slightly above the median student level. 
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These are similar to "average-to-above-average" students, with mean scores generally in the 

mid-60s to low-70s. Three models cluster at the top: ChatGPT 5 (μ = 79.00), Gemini 2.5 (μ = 

78.67), and Claude Sonnet 4.5 (μ = 77.33). All sit in the upper tail of the student score 

distribution. These latest iterations cluster in the top quintile (20%) of the human scores, 

demonstrating proficiency similar to high-achieving human learners. ChatGPT 5 ranked at the 

84th percentile, exceeding the mean score of human students of 68.5 as shown in Figure 2. 

Within this dataset, it was among the highest performing models evaluated. 

 

The data clearly illustrate a rapid evolutionary gain within model families. Google's models 

jumped 78-percentile-points from Gemini 1.0 (5th percentile) to Gemini 2.5 (83rd percentile) 

in approximately 15 months. Similarly, OpenAI’s models advanced from the 43rd percentile 

(ChatGPT 4.0) to the 84th percentile (ChatGPT 5). In practical terms, the newest systems 

perform like upper-quartile students, whereas early-generation models perform like lower-

quartile students. That ranking relationship aligns with discipline-related benchmarking, where 

later model generations outperform earlier ones. 

 

Across three trials, within-model variability was relatively low, with per-model trial 

standard deviations ranging from 0.6 to 4.0 points out of 100. This indicates that the ranking 

patterns reported in the benchmarking and McNemar comparisons are stable/mostly stable with 

respect to stochastic response variation, although replication remains an approximation of 

independence rather than a guarantee.  

 

 

 
Figure 2. Comparative Scores of Generative AI Models 

(DeepSeek v3.2, Claude Sonnet 4.5, Google Gemini 1.0, Gemini 1.5, Gemini 2.5, ChatGPT 4.0, ChatGPT 4o, and ChatGPT 5),  

and the mean score of Human Students in a set of 100 MCQs 



 

10 

 CG Arranz Phil. Eng’g J. 2026; 47(1):1-18 

3.2 Comparative Statistical Analysis of AI LLM Performance 

The results of the McNemar test and p-values that support the performance stratification 

are shown in Table 3. Entries indicate whether the two models make systematically different 

errors (discordant pairs), not which one is higher.  

 

 

Table 3. Pairwise comparisons of Large Language Models for all questions 
 Gemini 

1.0 

Gemini 

1.5 

ChatGPT 

4.0 

ChatGPT 

4o 

ChatGPT 

5 

Gemini 

2.5 

DeepSeek 

v3.2 

Claude 

4.5 

Gemini 1.0  - 0.008 0.018 0.012 0.000 0.000 0.000 0.000 

Gemini 1.5 0.008  - 0.803 1.000 0.019 0.034 0.230 0.044 

ChatGPT 4.0 0.018 0.803  - 1.000 0.008 0.031 0.095 0.014 

ChatGPT 4o 0.012 1.000 1.000  - 0.016 0.046 0.170 0.022 

ChatGPT 5 0.000 0.019 0.008 0.016  - 0.803 0.383 0.803 

Gemini 2.5 0.000 0.034 0.031 0.046 0.803  - 0.606 1.000 

DeepSeek 

v3.2 
0.000 0.230 0.095 0.170 0.383 0.606  - 0.606 

Claude 4.5 0.000 0.044 0.014 0.022 0.803 1.000 0.606  - 

Note: p-values < 0.05 (bolded) indicate a statistically significant difference in the proportion of correct answers 

between the paired models. 

 

 

Gemini 1.0 is statistically confirmed as an outlier, with all pairwise comparisons involving 

Gemini 1.0 yielding statistically significant p-values (all p ≤ 0.018; several < 0.001), indicating 

a distinct error pattern on this item set. Its performance was notably worse than that of all other 

tested models, aligning with its 5th-percentile descriptive ranking. Gemini 1.5, ChatGPT 4.0, 

and ChatGPT 4o are statistically indistinguishable from one another in their item-by-item 

accuracy. For example, comparisons within this group produced high p-values (e.g., Gemini 

1.5 vs. ChatGPT 4.0, p = 0.803). However, this group is statistically different than the top tier, 

showing small but significant p-values when compared with models like ChatGPT 5 (p = 

0.019, 0.008, and 0.016, respectively) and Gemini 2.5 (p = 0.034, 0.031, and 0.046, 

respectively). 

 

A key finding in evaluating modern LLMs is that the top four models, ChatGPT 5, Gemini 

2.5, Claude 4.5, and DeepSeek v3.2, are also statistically indistinguishable on this specialized 

test set. Pairwise comparisons within this group consistently show non-significant p-values 

(e.g., Gemini 2.5 vs. Claude 4.5, p = 1.000; ChatGPT 5 vs. DeepSeek v3.2, p = 0.383). This 

suggests that, for this domain specific MCQ task, current leading LLMs appear to have reached 

similar performance capabilities, where differences in accuracy are minor and statistically 

unreliable. 

 

These results generally reflect the rapid growth in LLM capabilities, where newer or 

architecturally different models often outperform older or less advanced ones. For example, 

the significant differences observed between Gemini 1.0 and most other listed models align 

with the overall trend seen in studies: older, base-level LLMs tend to perform significantly 

worse than current-generation models, especially in specialized fields. 
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3.3 Evaluation of AI LLM Performance by Cognitive Complexity 

 Figure 3. Large Language Models' accuracy by Bloom's Taxonomy levels on 100 MCQs 

 

 

The results of the bivariate Chi-Squared (χ2) Test for Independence are presented in Table 

4: 

 

 

Table 4. Chi-Squared (χ2) Test of Independence Results for LLM Performance vs. Bloom's 

Taxonomy Cognitive Level (Note: p-values < 0.05 (bolded) indicate a rejection of the null 

hypothesis and a significant association) 

LLM vs Bloom’s Taxonomy 
Chi-Squared Test 

p-value 
Modal response score 

Gemini 1.0 0.9473 51 

Gemini 1.5 0.6986 67 

ChatGPT 4.0 0.0346 65 

ChatGPT 4o 0.1177 66 

ChatGPT 5 0.981 79 

Gemini 2.5 0.4091 77 

DeepSeek v3.2 0.6274 74 

Claude 4.5 0.6427 77 

 

 

For seven of the eight models, performance was found to be statistically independent of 

cognitive complexity (p > 0.05), with ChatGPT 4.0 as the sole exception. The models' 

accuracy, whether generally low (Gemini 1.0 at p = 0.9473) or high (ChatGPT 5 at p = 0.981), 

remained consistent across all tested Bloom’s Taxonomy levels (e.g., Remembering, 

Understanding, Applying, and Analyzing). The results suggest that, for these models, 



 

12 

 CG Arranz Phil. Eng’g J. 2026; 47(1):1-18 

performance did not vary strongly by nominal Bloom category under the present design; 

however, non-significance should not be interpreted as equivalence across levels. Furthermore, 

this challenges the assumption that modern LLMs are primarily proficient only in factual recall 

(LOCS). 

 

The sole exception was ChatGPT 4.0, which exhibited a significant association between 

performance and cognitive complexity (p = 0.0346). This indicates that ChatGPT 4.0's 

performance was significantly correlated with the question's cognitive level, suggesting an 

uneven ability profile across the taxonomy. This dependency was notably absent in its 

successors (ChatGPT 4o, p = 0.1177; ChatGPT 5, p = 0.981), strongly indicating it was an 

architectural limitation addressed in later versions. However, without analyzing standardized 

residuals, the specific level(s) (e.g., applying or analyzing) causing this association cannot be 

identified. Additionally, caution is advised because the significance of p = 0.0346 depends on 

whether it would remain significant after adjusting for multiple tests. 

 

3.4 Interpretations and Discussions  

Taken together, the generational improvement as shown by percentile shifts, the lack of 

significant statistical differences among top models, and the largely non-significant Bloom-

level associations, show performance comparability across the different models. There is also 

an observed consistency with emerging findings from other professional and technical 

assessment studies, where later model versions outperform earlier ones [49]. In this respect, 

this study extends the literature by providing a transparent, comparable performance baseline 

for contemporary LLMs in a highly specialized, non-public field. While LLMs have been 

widely benchmarked in areas like medicine, computer science, and general assessments, 

discipline-specific, course-embedded studies are still rare, particularly in technical fields that 

demand applied science and mathematical concepts [28, 50, 51]. The study provides instructors 

with solid guidance on which model versions are interchangeable in accuracy (the top cluster), 

which are clearly outdated (Gemini 1.0), and whether the pedagogical approach of increasing 

the cognitive level (HOCS) effectively challenges LLMs, which is generally not the case, as 

shown by the Chi-squared tests. The finding that advanced LLMs now perform proficiently 

across all cognitive levels may suggest a significant improvement in their reasoning 

capabilities, extending beyond superficial knowledge retrieval. However, this proficiency 

likely reflects an architectural alignment between the closed-ended format of MCQs and the 

probabilistic retrieval mechanisms of LLMs. Consequently, there may be inherent limitations 

of the MCQ format itself that may be exploited by the increasing sophistication of LLMs, 

suggesting that MCQs may not reliably measure the true capabilities being assessed [52]. 

Furthermore, their high performance is not absolute, and while even the best models often 

achieve high accuracy rates, there still exists variability in their answers per individual run 

[53]. This further validates the stochastic nature of LLMs, which can yield inconsistent 

responses even under identical conditions. LLM output must be carefully vetted for both 

content accuracy and structural integrity, as underlying question characteristics have been 

shown to significantly influence response-explanation consistency [54]. 

 

The results suggest that closed-ended MCQ assessments, particularly in unsupervised or 

remote settings, may be increasingly vulnerable to the use of high-performing LLMs. In this 

dataset, increasing the nominal Bloom cognitive level alone did not consistently reduce model 
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accuracy, suggesting that shifting classification from lower- to higher-order categories may 

not, by itself, be sufficient to distinguish between unassisted human performance and LLM-

assisted responses. These results support further evaluation of assessment formats that require 

constructed responses, applied judgement, or supervised performance, while broader claims 

regarding instructional or curriculum redesign remain beyond the scope of the present study. 

 

3.5. Implications for Assessment Practice 

Due to the results, educators are strongly encouraged to modify assessment methods by 

incorporating authentic, human-centered evaluations that are difficult to automate, such as 

project-based work and in-person oral exams. There is an increasing recognition of the 

potential of AI to enhance learning, particularly through personalized feedback and support, 

which could be valuable in challenging fields such as engineering [55]. Consequently, the 

proven high performance of Tier 1 models may be utilized as supplementary tools by 

integrating them into the curriculum as "AI assistants" or "co-pilots," focusing on the ethical 

and responsible use of these tools for complex engineering problem-solving. 

 

Based on the strong generational signal and the achievement of cognitive stability in 

specialized domains, the field of engineering education is expected to experience a shift over 

the next years, where top systems will be largely interchangeable for recall and single-step 

applied tasks. Differentiation will shift toward complex task scaffolding, constrained 

reasoning, and item-bank craft, requiring programs to regularly conduct model and version 

audits and to design assessments that ensure performance parity among leading tools. Future 

teaching must focus on integrated human-AI workflows, evaluating students on their ability to 

critically assess, synthesize, and apply AI-generated outputs to new and complex engineering 

challenges, rather than just answering questions that an AI can already solve. 

 

3.6 Limitations 

Several limitations of the present LLM performance evaluation and study design should be 

recognized: First, this study was limited exclusively to MCQs, which were chosen for their 

objectivity, standardization, and efficiency. However, MCQs do not capture the full range of 

engineering competencies, particularly higher-order thinking skills of creating [56, 57]. In 

addition, only six test items (number 95 to 100) contained visual or non-textual components, 

such that the findings primarily reflect text-dominant items. Incorporating open-ended and 

visual/image based questions may provide a broader assessment of AI problem-solving 

performance.  

 

Second, generalizability of findings is limited by the single-institution, course-embedded 

design and use of one Mining Engineering assessment context. Although the 100-item test 

provides a useful reference context for this course, results may not transfer to other institutions, 

cohorts, instructors, or mining engineering curricula. 

 

Third, although commercial LLM chatbots do not retain or learn from individual user 

interactions directly for their permanent, static knowledge base, thereby supporting user 

privacy and data confidentiality [58], the literature does not provide formal, peer-reviewed 

evidence that commercial LLM chat sessions are fully independent beyond the prompt/context 



 

14 

 CG Arranz Phil. Eng’g J. 2026; 47(1):1-18 

provided [59-61]. To reduce possible short-term memory retention bias, a new chat session 

was initiated for each question, consistent with prior methodological practice [45, 60, 62].  

 

Fourth, the study utilized a uniform, minimalist, zero-shot prompt (i.e., “Give the letter of 

the answer to all of the following questions”) across all platforms and model versions to ensure 

consistency and rely solely on the models' core pre-trained knowledge. However, LLM 

performance is known to be sensitive to prompt  phrasing and structure, including role-based 

prompting (e.g., instructing the LLM platform to "Act as an expert mining engineer"). 

Accordingly, the reported accuracies should not be interpreted as ceiling performance, as 

alternative prompting strategies may produce different results, especially for technical, or 

multi-step reasoning tasks [63-65]. 

 

Finally, the exploratory scope of the study forewent a full psychometric analysis based on 

Classical Test Theory (CTT) including the Item Difficulty Index (DIF I), the Item 

Discrimination Index (DI) since these are derived from human performance data and would 

require dedicated resources and broader field testing beyond the scope of the present 

comparative analysis. Emphasis of this study was placed on comparative model performance 

metrics rather than full item validation consistent with previous studies [66, 67]. A fuller 

psychometric evaluation would require a subsequent validation phase. 

 

 

IV. CONCLUSION AND RECOMMENDATION 

 

Addressing the limited evidence on LLM performance in specialized technical 

assessments, this study provides a course-embedded and human-referenced evaluation of eight 

(8) LLMs' performance on a curated 100-item mining engineering MCQ assessment, showing 

how contemporary LLMs perform relative to undergraduate student performance at the overall, 

item-comparison and Bloom’s taxonomy levels . Among the evaluated models, ChatGPT 5, 

Gemini 2.5, and Claude Sonnet 4.5 reach the upper segment of the student score distribution, 

matching the scores of high-performing students at approximately the 80th to 84th percentile. 

Item-level comparisons further showed that the top-performing models were statistically 

indistinguishable on the shared question set.  

 

Additionally, for seven of the eight models, correctness did not differ significantly across 

the Bloom’s Taxonomy category groupings used in this study. ChatGPT 4.0 was the only 

model that exhibited a significant association between correctness and question type. Taken 

together, these findings may suggest that more recent models can perform at levels comparable 

to high-performing students on this MCQ set, and have shown notable improvements, 

particularly in handling higher-order questions that involve numerical problem-solving. These 

findings should be interpreted within the limits of the study design: a single-institution, course-

embedded, 100-item MCQ context from one mining engineering course, and require further 

validation for larger, multi-course, and multi-institution assessment sets. Accordingly, these 

results should not be generalized to other courses, open-ended problem formats, practical 

judgment tasks, or broader mining engineering competence without further validation. 

Additionally, the use of 28 pairwise McNemar comparisons without family-wise adjustment 

limits the precision of specific cross-tier comparisons. Finally, because development is rapid, 
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the present results should also be interpreted as a time-bound comparative evidence rather than 

an endpoint and will need further updates. 

 

Future studies should extend the evidence base to a larger and more diverse student cohorts, 

multi-course and multi-institutional item banks, as well as other assessment types beyond 

MCQs, including open-ended, image-based, and applied complex problem-solving tasks. 

Further research could also examine the sensitivity of results to prompting strategies, session 

isolation conditions, repeated-trial scoring, and alternative statistical procedures for multiple 

comparisons to strengthen the precision and comparability of cross-model inferences. 
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