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Abstract

This study investigates the efficiency of large language model (LLM) application programming interfaces (APls)—specifi-
cally GPT-4 and Llama-3—as Al tutors for undergraduate Geotechnical Engineering education. As educational needs in
specialised fields like Geotechnical Engineering become increasingly complex, innovative teaching tools that provide
personalised learning experiences are essential. Unlike previous studies on Al-driven education, our research uniquely
focuses on assessing the role of retrieval-augmented generation (RAG) in improving the accuracy of LLM-generated solu-
tions to Geotechnical problems. A dataset of 391 questions from the related textbook written by Das and Sobhan (Das
B, Sobhan K. Principles of Geotechnical engineering, Eight Edition. In: Cengage Learning. 2014) was used for evaluation,
with solutions sourced from the textbook’s manual. Performance benchmarking focused on 20 challenging questions
previously identified by Chen et al. (Chen et al. in Geotechnics 4:470-498, 2024) as problematic for GPT-4 in Zero Shot
tasks. GPT-4 with APl support demonstrated superior accuracy, achieving accuracy rates of 95% at a temperature set-
ting of 0.1, 82.5% at 0.5, and 60% at 1. In comparison, Llama-3 achieved an accuracy of 25% in Zero Shot tasks and 45%
with APl support at a temperature setting of 0.1. The findings highlight GPT-4’s potential as an Al tutor for Geotechnical
Engineering education while demonstrating the need for domain-specific optimisation and advanced formula integra-
tion techniques. This study contributes to the ongoing discourse on Al in education by providing empirical evidence
supporting the deployment of LLMs as personalised, adaptive teaching aids in engineering disciplines. Future work
should explore optimised formula integration strategies, expanded domain knowledge bases, and long-term student
learning outcomes.
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1 Introduction

Artificial Intelligence (Al), particularly through Large Language Models (LLMs) such as GPT-4 and Llama-3, rapidly trans-
forms education by enhancing student engagement, problem-solving capabilities, and personalised learning experi-
ences. LLMs have shown exceptional proficiency in natural language processing and generating structured explanations,
positioning them as promising tools for addressing educational challenges across various disciplines [1-6].

Recent studies have assessed LLM performance in STEM-related standardised tests, including engineering licensure
exams, graduate entrance exams, and mathematics assessments. These studies offer valuable insights into LLMs' strengths
and limitations in structured problem-solving and conceptual reasoning. For example, Pursnani et al. [7] evaluated Chat-
GPT's performance on the US Fundamentals of Engineering (FE) Exam, showing that prompt modifications significantly
enhance Al accuracy, but domain-specific challenges remain. VarastehNezhad et al. [8] assessed GPT-4, Claude 3.5, and
Llama-3 on computer science graduate entrance exams, finding that LLMs excel at structured problems but struggle with
higher-order reasoning. Similarly, Maitland et al. [9] tested GPT-4 on the MRCP medical exams, revealing high accuracy
in structured multiple-choice formats but frequent factual and omission errors in open-ended questions. Additionally,
Honig et al. [10] examined student adoption of GPT-powered Al tutors in engineering education, emphasising the need
for adaptive Al-human hybrid models to enhance learning engagement. These insights highlight the importance of
exploring domain-specific adaptations to optimise the educational utility of Al tools.

Within Geotechnical Engineering, a discipline characterised by specialised knowledge and complex analytical
problem-solving, LLMs offer considerable potential. For instance, Xu et al. [11] introduced GeolLM, a specialised
model designed for intelligent geotechnical design automation. GeoLLM has demonstrated the ability to perform
calculations related to bearing capacity and settlement analysis, showcasing its effectiveness in processing profes-
sional geotechnical knowledge. Similarly, Wu et al. [12] investigated LLM integration into geotechnical workflows and
found that these models enhance problem-solving efficiency by supporting decision-making and data interpretation.
However, Kumar [3] identified key limitations of ChatGPT in handling geotechnical queries, including hallucinations,
unit conversion errors, and challenges in interpreting engineering constraints, suggesting a need for continued
refinement of Al tools within this specialised field.

Despite significant advancements, the utilisation of LLMs as educational tools within Geotechnical Engineering
remains relatively underexplored. The discipline’s reliance on complex formulas and rigorous analytical problem-
solving necessitates continuous student guidance, which traditional teaching methods often fail to provide com-
prehensively [13]. LLMs have the potential to bridge this gap by offering personalised learning experiences and
dynamically adapting content to individual student needs [14]. However, implementing Al tutors in geotechnical
education presents several challenges:

(1) Institutional Resistance: Universities and educators express concerns regarding student over-reliance on Al and
potential academic integrity issues.

(2) Accuracy and Trust Issues: LLMs, including GPT-4 and Llama-3, sometimes generate incorrect responses (hallucina-
tions), particularly in complex problem-solving scenarios requiring engineering judgment [3].

(3) Integration with Existing Learning Platforms: Al tutors must be compatible with learning management systems
(LMS), grading rubrics, and curricula, often requiring significant customisation [12].

To enhance the reliability of Al tutors, recent research has explored strategies for improving LLM performance in educa-
tional settings. Studies have shown that techniques such as Chain of Thought (CoT) prompting and custom instructional
frameworks can significantly enhance model accuracy [7, 15, 16]. The authors’ previous study showed how the efficiency
of GPT-4 can be improved by incorporating CoT and our proposed custom instruction techniques. The authors showed
that by utilising these two techniques, the accuracy of GPT-4 was improved from 29 to 34% and 67% for CoT and custom
instruction, respectively [17]. Despite these improvements, other development methods may offer unique benefits that
enhance the effectiveness and reliability of Al-driven educational tools. For instance, building a domain-specific LLM
from scratch allows for deep customisation but requires extensive resources and expertise in Al training processes, which
can be a major drawback [18]. In contrast, fine-tuning existing LLMs on specialised datasets can improve performance
in specific domains but risks overfitting and limits broader applicability [19].

Addressing these challenges requires advanced Al-human hybrid learning models and real-time retrieval-based
Al frameworks, such as Retrieval-Augmented Generation (RAG), to enhance reliability in Al tutoring [20-23]. This
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approach balances enhancing response accuracy and specificity through dynamic information retrieval, ensuring
that content remains current and aligned with the latest developments in the field [24, 24]. These various develop-
ment methods, each with their distinct advantages and challenges, are systematically presented in Table 1. This
table provides a comparative analysis of LLM development methods, highlighting aspects such as customisation,
resource requirements, and scalability.

There are more benefits of using APIs with RAG as follows. APIs with RAG significantly improve the reliability and
trustworthiness of Al-generated content. RAG-enabled APIs can cite sources and provide references for retrieved infor-
mation, akin to footnotes in academic papers. This transparency allows users to verify the information, fostering greater
trust in the Al system. Conversely, a standalone LLM, such as GPT-4, operates as a black box with responses that do not
inherently include source citations or verifiable references.

Moreover, the flexibility and adaptability of APIs with RAG are advantageous. These APIs allow for hot-swapping vari-
ous knowledge bases tailored to different subjects or domains, making them versatile tools in education. Educators can
integrate specialised databases, technical manuals, or recent research publications to customise the Al's knowledge base
to their teaching needs. This adaptability is not feasible with a standalone LLM, constrained by its fixed training data and
cannot integrate new knowledge dynamically [14, 25].

In addition, APIs with RAG offer a cost-effective and efficient solution for maintaining and updating Al systems. Retrain-
ing an LLM like GPT-4 with new data can be resource-intensive and time-consuming. In contrast, RAG-enabled APIs
continuously update their vector databases with new information, ensuring the Al remains current without extensive
retraining [26, 27].

This study builds upon the aforementioned advancements by integrating RAG with LLM-based tutoring in Geotechni-
cal Engineering. Key innovations of our approach include:

(1) Context-Aware Problem-Solving: Unlike conventional Al tutors, the RAG-enhanced system retrieves real-time geo-
technical references and equations, minimising outdated or inaccurate responses [28].

(2) Improved Conceptual Explanations: Al-generated answers are structured to align with Bloom'’s Taxonomy proposed
by Krathwohl [29], ensuring a step-by-step approach to learning.

(3) Adaptive Learning Responses: The system dynamically adjusts its explanations based on student input, making
interactions more effective than static Al tutors.

In addition, we evaluate the efficiency of various LLM APIs, including GPT-4 and Llama-3, as Al tutors in undergradu-
ate Geotechnical Engineering education. We compare these models based on their ability to integrate and apply Geo-
technical Engineering formulas, provide accurate explanations, and adapt to different learning styles and needs [30].
Although this research is focused on undergraduate-level problems in Geotechnical Engineering, it offers insights that
could potentially enhance understanding of LLMs’ applications across broader educational contexts [31]. By providing
detailed examinations of these specific areas, the study aims to contribute valuable perspectives on the potential and
limitations of LLMs as effective educational tools in the engineering field.

2 Methodology
2.1 Evaluation criteria

The efficiency of the LLM APIs equipped with RAG as Al tutors is evaluated using a set of criteria. These criteria are
designed to assess various aspects of the LLMs’ performance, pivotal for their effective deployment in educational set-
tings, specifically in Geotechnical Engineering. The evaluation metrics include:

(1) Accuracy of Content: The precision with which the LLMs deliver correct information. This metric is important for the
educational Al system because inaccurate content can mislead learners and erode trust in the tool. Prior studies on
Al tutors have therefore used answer correctness as a primary performance indicator. For example, Rosot et al. [32]
evaluated GPT-4's tutoring abilities by its accuracy on medical exam questions—reporting about 80% of answers
correct. Such findings highlight that high content accuracy is indispensable for effective learning support.

(2) Formula Integration Capability: The ability of LLMs to correctly incorporate and apply Geotechnical Engineering
formulas within their responses. In a technical domain like geotechnics, correctly using domain-specific formulas
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is essential for solving problems, so the Al tutor must demonstrate this skill. Previous research in STEM education
has explicitly assessed LLMs on their capacity to handle mathematical and engineering formulas, highlighting the
importance of this criterion. For instance, Pursnani et al. [7] noted that improvements in ChatGPT’s mathematical
problem-solving (e.g., applying formulas correctly) were key to tackling engineering exam questions.

(3) Clarity and Utility of Explanations: How effectively the LLMs understandably explain complex concepts and solu-
tions. Evaluating explanation clarity is significant in educational contexts, as a correct answer has limited value if
the student cannot follow the reasoning Chiasson et al. [33].

(4) Adaptability to Various Problem Types: The flexibility of the LLMs in handling a diverse range of question types and
problem scenarios within the discipline. An effective Al tutor should perform well across different kinds of prob-
lems—from straightforward factual queries to complex, multi-step analytical questions. This adaptability reflects
the model’s generalisation capability, which has been a focus of prior evaluations of Al in education. Studies suggest
that Al tutors need to adjust to diverse learning tasks and styles to be broadly useful [34].

A dataset of 391 questions, sourced from the geotechnical textbook by Das and Sobhan [35], a widely adopted
undergraduate textbook, was used as the foundation for evaluation. Solutions to these questions were obtained
from the textbook’s manual to ensure accuracy. The selection aimed to provide comprehensive coverage of key
geotechnical topics, including phase relationships, soil classification, consolidation, and shear strength, ensuring
a balanced representation of theoretical and applied problem-solving. Questions were chosen to reflect a range of
difficulty levels (i.e., basic, intermediate and advanced), following Bloom’s taxonomy, to evaluate Al tutors’ ability to
recall, apply, and analyse concepts. Furthermore, the dataset includes a variety of calculation-based and conceptual
questions to assess Al models’ proficiency in formula application, numerical accuracy, and explanatory depth.

Performance benchmarking focused on a subset of 20 challenging questions, previously identified by Chen et al.
[17] as problematic for GPT-4, developed by OpenAl [36], under the Zero Shot prompting strategy. These questions
were intentionally selected to cover a range of Geotechnical Engineering topics, from phase relationships to shear
strength parameters, as shown in Fig. 1. The selected questions—2.3b, 2.8¢, 2.9d, 3.5¢, 3.6a, 3.7d, 3.7¢,3.12¢, 4.5,5.2,
6.6b, 6.7a, 6.10a, 6.10b, 7.9, 11.4a, 11.18a, 12.8, 12.10, and 12.16—correspond directly to those listed in the textbook.
Upon detailed analysis, we found that the majority of questions fell within the lower cognitive levels of Bloom's
framework—specifically, Apply (80%) and Analyse (20%), as they primarily required recall and direct application of
formulas rather than complex synthesis or evaluation.

We further analysed the semantic structure of the questions:

(1) Symbolic Logic with High Semantic Density: Some questions explicitly specified the variables given and required
students to recall a specific equation and perform direct calculations. These questions primarily fell under the Apply
level of Bloom’s Taxonomy.

(2) Language-Based Logic with Lower Semantic Density: Other questions required interpretation of problem state-
ments, identifying relevant information and determining the appropriate formula or method before performing
calculations. These questions required a higher level of conceptual understanding, classifying them under Analyse
levels.

Fig. 1 Distribution of ques-
tions tested in this study with Shear Strength of Soil 15%
their percentages across dif-
B Compressibility of Soil 10%
ferent topics
Permeability 5%
Soil Compaction 20%
Classification of Soil 5%
Plasticity and Structure of Soil 5%
Weight-Volume Relationships 25%
Origin of Soil and Grain Size 15%
0 1 2 3 4 5

Number of Questions
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For this study, all 20 evaluated questions were manually typed into the LLMs as text-based inputs. No questions
included graphs, images, or visual representations, meaning the Al models were assessed purely on their ability to
interpret and solve textual problem descriptions.

Figure 2 illustrates the distribution of error types in the responses provided by GPT-4 when using the Zero Shot
prompting strategy. The chart is divided into three segments, each representing a different type of error:

(1) Grounding Errors (60%): This is the largest segment. Grounding Errors indicate that the majority of errors made by
GPT-4 under Zero Shot conditions are due to grounding issues, where the model retrieves incorrect equations or
constraints for the question posed.

(2) Conceptual Errors (20%): This segment represents errors arising from GPT-4's inability to obtain necessary concepts
or facts for solving the question.

(3) Calculation Errors (20%): This segment, also comprising 20% of the errors, involves mistakes in algebraic and arith-
metic operations. Calculation Errors highlight difficulties in the computational aspects of problem-solving by the
model.

This visual representation effectively communicates the relative frequency of each error type, underscoring
grounding as the predominant challenge faced by GPT-4 in Zero Shot scenarios.

2.2 Overview of APIs
2.2.1 GPT-4vsLlama-3

When comparing the GPT-4 APl and the Llama-3 API, several key differences and advantages emerge, reflecting
the strengths and weaknesses of each LLM in practical applications. The GPT-4 API, developed by OpenAl [37], is
renowned for its advanced natural language understanding and generation capabilities, built upon extensive training
on diverse datasets. This enables GPT-4 to excel in generating coherent, contextually appropriate, and highly accu-
rate responses across a wide range of topics. Its sophisticated architecture supports complex problem-solving and
detailed explanations, making it particularly effective for applications in education, technical writing, and customer
support. Furthermore, GPT-4's robust API infrastructure provides reliable performance and seamless integration
with various software applications, enhancing its usability for developers and end-users. However, it is essential to
note that the GPT-4 APl is a paid service, which can be a significant consideration for organisations managing their
operational budgets.

In contrast, the Llama-3 APl with 70 billion parameters, developed by Meta Al, offers a compelling alternative
emphasising efficiency and customisation. Llama-3 is free, which can be a significant advantage for organisations
looking to implement Al solutions without incurring subscription costs. Additionally, Llama-3 supports fine-tuning,
allowing users to adapt the model to specific domains or tasks, enhancing its relevance and accuracy for specialised
applications. However, running Llama-3 locally can incur initial setup costs, requiring significant hardware capabilities
to operate effectively. This can involve investment in high-performance computing resources, which might offset the
cost benefits of the free API. Unlike GPT-4, which runs on the cloud and does not require local hardware investments,
Llama-3's local deployment can be resource-intensive. GPT-3.5 was excluded due to its limited performance and the
study’s focus on evaluating Llama as a free and locally deployable alternative to GPT-4.

Fig.2 Error type distribution
visualisation in the responses
provided by GPT4 using the
Zero Shot prompting strategy

Grounding
Conceptual 20%

20%

Calculation
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2.3 Integration of APls and RAG using LangChain

LangChain is an advanced framework designed to facilitate the integration of APIs with RAG systems, significantly
enhancing the capabilities of LLMs like GPT-4 and Llama-3 [38-40]. By leveraging LangChain, developers can seam-
lessly connect LLMs to external data sources, enabling dynamic retrieval of relevant information to augment the
model’s responses [41-43]. This integration is particularly beneficial in applications requiring up-to-date, specific,
and accurate information, such as educational tools, customer support systems, and technical documentation.

LangChain creates a pipeline combining LLMs with embedding models and vector databases. When a user submits
a query to an LLM, the model first converts this query into a numeric format known as an embedding. This embed-
ding represents the query in a way that machines can process. The embedding is then compared to a vector database
containing embeddings of a vast array of documents or information sources. This comparison helps identify the most
relevant documents or data related to the query. Once the appropriate documents are identified, the information
is fetched from these external sources. This process ensures that the most current and specific information is avail-
able to generate a response. The retrieved data is combined with the LLM’s pre-existing knowledge to develop a
comprehensive and accurate response to the user’s query. The final output can also include citations or references
to the retrieved information sources, enhancing trust and transparency.

2.4 RAG with LangChain

Figure 3 illustrates the workflow of the RAG system using LangChain. The process begins with a user posing a ques-
tion, which is input into the system. The system performs an intelligent search involving vector similarity search within
a knowledge graph to find relevant information. This information and the original question are then passed to LLM
for processing. The LLM, represented by a parrot, processes the input to generate a coherent and accurate response.
The final output, depicted by a lightbulb, represents the generated answer based on the provided documents and
relevant information. This flowchart encapsulates the steps from initial query to final answer generation, showcas-
ing the integration of intelligent search techniques and LLM capabilities to enhance the accuracy and relevance of
the responses.
This study follows the steps to implement RAG with LangChain as described in Table 2.

Generate
, \ Ask answer O
- 44 —_— ‘ _— —
7 e ® .
v | Question + relevant

P\

information -
Generated answer based

-

i Smart search .
Question LLM on provided documents
Vector similarity Relevant
search information
=,

f
\ \

Vector database of the documents

(

Fig. 3 Retrieval Augmented Generation (RAG) Flowchart demonstration
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Table 2 Step-by-step implementation of Retrieval-Augmented Generation (RAG) using LangChain

Step Description

Step 1: Environment Setup A new virtual environment was created to manage the dependencies for the project. This
ensures that all required libraries and packages are in a dedicated environment, avoiding
conflicts with other projects

Step 2: Library Installation The necessary libraries for the project were installed. These libraries include tools for loading
and processing documents, creating embeddings, and building conversational Al models
Step 3: API Key Configuration An OpenAl APl key was required to access GPT-4. The API key was stored in a separate file

named constants.py for security purposes. The key was then loaded into the environment,
ensuring secure and easy access to the API

Step 4: Data Preparation A directory named data was created to store the documents (PDF, DOCX, TXT) used by the
chatbot. The script was designed to iterate through this directory and load the content of
each file type using appropriate loaders

Step 5: Document Processing The loaded documents were split into manageable chunks to facilitate efficient processing
and retrieval. This was achieved using the CharacterTextSplitter class with chunk_size set at
200 and chunk_overlap at 10

Step 6: Vector Database Creation A vector database was created from the document chunks using OpenAl embeddings,
enabling efficient searching and retrieval of relevant document sections. FAISS was used
for efficient similarity search

Step 7: Conversational Retrieval Chain Setup A conversational retrieval chain was set up using the GPT-4 and Llama-3 models. The chain
integrates a language model with a retrieval system and requires hyperparameters like
temperature and search_kwargs

Step 8: Chatbot A chatbot generates the response and formats it for the users

3 Results and discussions
3.1 Temperature settings in GPT API

The temperature parameter in LLMs like GPT-4 plays a pivotal role in defining the behaviour of generated text. Tem-
perature controls the randomness in the model’s responses by influencing the probability distribution over potential
subsequent words [44, 45]. In practical applications, especially when using APIs, setting the appropriate temperature
is crucial for optimising output quality [46].

At lower temperature settings, the model’s outputs become more deterministic and focused [32]. This characteristic
is particularly beneficial in technical and factual domains such as Geotechnical Engineering, where precision and
reliability are paramount. By reducing randomness, the model adheres more strictly to the most probable sequences
of words, thereby enhancing the accuracy of the information provided. Conversely, higher temperature settings
introduce greater randomness, allowing the model to explore a broader range of responses. While this exploration
can be advantageous for creative applications, it often leads to less accurate and relevant content due to the model
generating text that diverges from core knowledge and retrieved information. This increased variability can introduce
errors and reduce consistency. Moreover, at higher temperatures, there is an increased likelihood of hallucinations,
where the model produces responses that are plausible in form but incorrect or irrelevant in substance.

3.2 Impact of temperature on accuracy

To assess the impact of temperature settings on the accuracy of LLM outputs, experiments were conducted with
GPT-4 under Zero Shot and API configurations at three temperature settings: Temp=0.1, Temp =0.5, and Temp=1.
The top_p parameter was consistently set to its default value of 1, as altering both parameters simultaneously is
not recommended [47]. The accuracy rates achieved for each configuration are illustrated in Fig. 4. The AP| with
Temp =0.1 setting improves the GPT-4's performance significantly from an accuracy rate of 0% under Zero Shot
conditions to the highest accuracy at 95%, demonstrating that this low-temperature setting enhances performance
by reducing output variability. The Temp =0.5 setting shows a slightly lower accuracy at 82.5%, suggesting that
moderate temperatures still maintain high accuracy but with some variability. The Temp =1 setting results in a 60%
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Fig.4 Accuracy rate achieved 100% ¢ 95.0%
by GPT-4 with the Zero Shot o F 1

i : 0% ¢ 82.5%
condition and GPT-4 APl with : 0%
different temperature settings 80% £
70% F
60% [
50%

Accuracy Rate

40% F
30% [
20% £

10% F
0.0%

0% ©

Zero Shot Temp=0.1 Temp=0.5
GPT4 API Configuration

accuracy rate, the lowest among the temperature settings, indicating that higher temperatures introduce too much
variability, reducing accuracy. Overall, GPT-4's accuracy improves with lower temperature settings. For high precision
and factual correctness in applications like Geotechnical Engineering, a lower temperature setting is advisable to
ensure reliable and effective outputs.

3.3 Comparison of GPT APl and Llama API

Figure 5 illustrates the accuracy rates achieved by GPT-4 and Llama-3 under Zero Shot conditions and with API configu-
rations, with temperature values set at 0.1. Under Zero Shot conditions, Llama-3 performs better than GPT-4, achieving
an accuracy rate of 25% compared to GPT-4's 0%. Although this rate is still relatively low, it suggests that Llama-3 can
manage some accuracy without prior input.

However, the improvements seen with APl configurations show a slightly different trend. The Llama-3 API configura-
tion shows an improvement, reaching an accuracy rate of 45%, up from 25% in its Zero Shot performance, marking a
20% increase. In contrast, the GPT-4 API configuration demonstrates a remarkable jump, soaring from 0% in Zero Shot to
95% correct with the AP, indicating a 95% improvement. This substantial increase underscores the enhanced accuracy
and reliability of the GPT-4 APl when properly configured.

The figure highlights that GPT-4 and Llama-3 benefit significantly from API configurations, with notable improvements
in their accuracy rates. However, GPT-4 shows a more substantial enhancement, reaching near-perfect accuracy with its
API setup. This comparison suggests that APl configurations are crucial for optimising the performance of these LLMs,
particularly for tasks that require high precision and reliability. The outcome also implies that while both models improve
with API configurations, GPT-4 has more potential for achieving higher accuracy in practical applications.

Fig.5 Comparison of accu- 100% 955
racy rate achieved by GPT-4 [TTTT
and Llama-3 with Zero Shot E
and API 80% ;

70%

90% ’

60% '
50% '

Accuracy Rate

40% f
30% f 25%

20%

10% F
0%

0% C
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Figure 6 displays the error percentage distribution across four error types for both GPT-4 and Llama-3 models
under Zero Shot and API configurations. Regarding Conceptual Errors, GPT-4 exhibits a significant reduction when
moving from Zero Shot to API configuration, dropping from 20 to 0%. This improvement underscores the model’s
enhanced ability to retrieve and apply necessary concepts with APl support. Conversely, Llama-3 maintains a lower
level of Conceptual Errors, at 5% in both Zero Shot and API configuration, indicating a relatively stable performance
in this category. Calculation Errors also show a significant decrease for GPT-4, from 20% in Zero Shot to 0% in API
configuration. This reduction highlights the model’s improved accuracy in algebraic and arithmetic manipulations
with APl support. Llama-3, however, shows a slight increase in Calculation Errors from 10% in Zero Shot to 15% in API
configuration, suggesting some challenges in maintaining computational accuracy under API settings. Grounding
Errors are notably high in both models under Zero Shot conditions, with both GPT-4 and Llama-3 exhibiting a 60%
error rate. With API support, these errors drastically decrease to 5% for GPT-4 and 30% for Llama-3. This significant
reduction indicates that API configurations substantially enhance the models’ ability to apply retrieved concepts cor-
rectly within equations or constraints. Deficiency Errors are absent in the Zero Shot configurations for both models
but appear in the Llama-3 API configuration at a rate of 5%. This outcome suggests that while APl support generally
improves model performance, it may also introduce new challenges in interpreting images, graphs, and charts for
Llama-3. Overall, the figure illustrates that both GPT-4 and Llama-3 benefit from API configurations, with GPT-4 show-
ing a more pronounced improvement across all error types. The reduction in Grounding Errors is particularly notable,
underscoring the critical role of API configurations in enhancing model performance. However, the emergence of
Deficiency Errors in the Llama-3 API configuration highlights areas for further improvement, suggesting that while
API configurations are beneficial, they also present new challenges that need to be addressed.

The comparative analysis of GPT-4 APl and Llama-3 API highlights the importance of specialised formula integra-
tion in Al-driven educational tools for engineering disciplines. The RAG approach emerged as a promising method
for enhancing the accuracy of Al responses, suggesting that the effectiveness of LLMs in educational settings can
be significantly improved by leveraging external databases and structured knowledge.

Ultimately, the choice between GPT-4 APl and Llama-3 APl depends on the specific requirements and constraints of
the application. GPT-4 is ideal for scenarios demanding high accuracy, nuanced understanding, and seamless cloud-
based integration, offering reliable performance without substantial local hardware. On the other hand, Llama-3
provides a cost-effective, customisable solution suitable for targeted applications requiring specialised adjustments
and efficient resource use. However, it necessitates an initial investment in hardware for local deployment.

To reinforce the reliability of the accuracy evaluation, we conducted statistical significance tests to assess differ-
ences between model performances. To quantify uncertainty in the accuracy estimates, we computed 95% confidence
intervals (Cls) for each model using the Wilson Score Interval proposed by Wilson [48]. The results are summarised
in Table 3.

To assess whether the observed differences in model accuracy are statistically significant, we conducted a chi-square
test comparing GPT-4 (Temp=0.1) and Llama-3 API.

@ Discover



Discover Computing (2025) 28:76 | https://doi.org/10.1007/510791-025-09580-8

Research

Ta.ble 3 Accuracy rates of Model & Setting Accuracy (%) 95% Cl Lower 95% Cl Upper
different LLM configurations
in solving Geotechnical GPT-4 (Temp=0.1) 95.0 76.4 99.4
Engineering problems GPT-4 (Temp=0.5) 82,5 61.4 938

GPT-4 (Temp=1) 60.0 37.8 79.2

Llama-3 API 45.0 24.5 67.3

Llama-3 Zero-Shot 25.0 10.9 47.1

(1) Null Hypothesis (H,): There is no significant difference in accuracy between GPT-4 (Temp =0.1) and Llama-3 API.
(2) Alternative Hypothesis (H,): There is a statistically significant difference in accuracy between these models.

The results of the chi-square test are summarised in Table 4.

Since the p-value (0.0019) is less than 0.05, we reject the null hypothesis and conclude that GPT-4 (Temp =0.1) significantly
outperforms Llama-3 APl in accuracy. This analysis strengthens the validity of our findings and confirms that the performance
differences observed in our study are statistically significant.

3.4 Tutor capabilities

In developing the Al tutor, we focused on the following key attributes to maximise its effectiveness in personalised educa-
tion. The design objectives were to ensure adaptability to the learner’s pace and preferences, enhance engagement, and
maintain an environment conducive to diverse learning needs [34, 49].

(1) Personalised Learning Experiences: The Al tutor is engineered to tailor responses based on individual student profiles,
which include their learning pace, preferences, and previous interactions. This customisation enhances the relevance
and effectiveness of the educational content, making it more accessible to students from various skill sets.

(2) Interactive Engagement: By using clear and accessible language, the tutor maintains a high level of interaction.
Engaging students in this manner helps to keep them motivated and improves retention of the material covered.

(3) Supportand Feedback: Integral to the Al tutor’s functionality is its ability to provide constructive feedback. By clearly
explaining concepts and offering positive reinforcement, the tutor supports continuous learning and encourages
academic exploration.

(4) Resourcefulness and Flexibility: The tutor is designed to suggest additional materials and alternative learning paths.
This capability aids in the comprehension of complex topics and allows students to explore related areas indepen-
dently, fostering a richer educational experience.

(5) Safe and Ethical Learning Environment: Adherence to privacy and ethical guidelines ensures that the learning envi-
ronment remains secure, protecting student data and promoting a safe educational space.

These attributes are embedded within the prompt template that dictates the Al tutor’s interactions with students, as
demonstrated in Listing 1. This template serves as the operational foundation, ensuring that the Al’s responses are accurate,
informative, and specifically tailored to enhance the personalised learning experience. The effectiveness of this approach is
supported by the following core educational theories:

(1) Constructivism

This theory, pioneered by Piaget [50] and Vygotsky and Luria [51], posits that learners construct knowledge actively
rather than passively absorbing information. LLM-powered tutors align with this theory by facilitating interactive

Table 4 Chi-Square test results assessing the statistical significance of accuracy differences between Al models

Statistic Value
Chi-square (x?) 9.64
p-value 0.0019

@ Discover



Research
Discover Computing (2025) 28:76 | https://doi.org/10.1007/510791-025-09580-8

learning experiences where students can engage in problem-solving and inquiry-based learning. The adaptability
of Al tutors allows personalised scaffolding, similar to Vygotsky’s concept of the Zone of Proximal Development.

(2) Cognitive Load Theory

The Cognitive Load Theory was proposed by Sweller [52]. This theory emphasises the importance of managing
intrinsic, extraneous, and germane cognitive loads to optimise learning. LLM-powered tutors can help mitigate
extraneous load by simplifying complex explanations and tailoring responses to a learner’s proficiency level. The RAG
approach used in this study enhances information processing efficiency by integrating external resources, reducing
cognitive overload.

(3) Self-Regulated Learning Theory (SRL)

Self-Regulated Learning Theory, which was proposed by Zimmerman [53] and Schunk and Zimmerman [54], high-
lights goal setting, self-monitoring, and metacognitive reflection. Al tutoring systems encourage self-regulated learn-
ing by providing immediate feedback, personalised hints, and adaptive questioning. The ability of LLM-powered
tutors to track student progress and adjust their instructional approach aligns with SRL.

Table 5 presents sample interactions between the GPT-4 APl and students, illustrating how the implemented
prompt template from Listing 1 effectively facilitates these engagements.

Table5 Sample interacti
b?etweeen Z?E:Agle;; ons Prompted Question (i.e., Q12.10 from the book written by Das and Sobhan [35]:

user using the implemented In a consolidated-drained triaxial test on a clay, the specimen failed at a deviator stress of 124kN/m?2 If
prompt template from Listing 1 the effective stress friction angle is known to be 31°, what was the effective confining pressure at failure?

GPT-4’s Response:

Understanding the Problem

In a consolidated-drained triaxial test, the failure of a specimen occurs when a particular stress state, defined
by the deviator stress and the confining pressure, meets the failure criterion dictated by the soil’s friction
angle. The deviator stress (Ac) in a triaxial test is defined as the difference between the axial stress (c;) and the
confining pressure (c5), or:

Ao =0, —0;

Given:

- Deviator stress (Ac) = 124 kN/m?; and—Effective stress friction angle (¢")=31°

Calculating Effective Confining Pressure at Failure

To relate these variables to the Mohr-Coulomb failure criterion, we express the principal stresses at failure in
terms of the angle of internal friction. From the theory, we know that:

0, =Ac + 03

The Mohr-Coulomb failure criterion for maximum and minimum principal stresses is given, in its simplest form
(ignoring cohesion for purely frictional material), by:

61 = 03 X tan*(45° + %’)

Replacing (c+) in the equation gives us:

Ac + 03 = 03 X tan*(45° + %)

From this, we can solve for (o), the effective confining pressure at failure. Let’s start rearranging this equation to
isolate (o5)

Step-by-step Rearrangement

To isolate o5, we can modify the equation as follows:

Ao = oy X (ran2(45° ¥ %) -1

This equation will give us the value of o5 if we substitute the values of Ac and ¢!

Next Steps

- Calculate tan? (45° + % ) Could you go ahead and compute this value based on the given friction angle (¢’)

of31°?7
- Once you have that calculation, use it to find the effective confining pressure o5 using the rearranged formula
This calculation will incorporate the theory we've discussed, and I'm here to help guide you through each step if
you need further assistance!
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1 | prompt_template ="""
2 | # As an Al tutor, your role is to provide personalised, engaging, and supportive
3 |learning experiences. Keep the following qualities in mind:
4
5 |# 1. Personalisation: Tailor your responses based on the student's needs, learn-
6 |ing pace, and preferences.
74
8 | # 2. Interactive and Engaging: Provide interactive and engaging explanations.
9
10 [ # 3. Accessibility: Ensure your responses are clear and accessible to students of
11 |different backgrounds and abilities.
12

13 | #4. Feedback and Support: Offer constructive feedback and support, explaining
14 | concepts clearly.

15

16 |# 5. Motivational: Encourage and motivate the student with positive reinforce-
17 | ment.

18

19 | # 6. Resourceful: Provide additional resources and references when needed.

20

21 | #7.Flexible Learning Paths: Allow exploration of related topics and provide flex-
22 | ible learning paths.

23
24 | # 8. Contextual Understanding: Use context from previous interactions to pro-
25 | vide relevant assistance.

26
27 | #9. Assessment and Evaluation: Ask questions to gauge understanding and pro-
28 |vide detailed feedback.

29
30 | #10. Safety and Privacy: Ensure the conversation is safe and respects privacy.
31
32 |{context}
33
34 | # Question:
35
36 | #{question}
37 |

Listing 1 Al tutor prompt template

3.5 GPT API vs CustomGPT

Similar to GPT API, CustomGPT is an alternative feature offered by OpenAl, designed to enhance GPT’s functionality by
allowing the integration of external knowledge for more accurate responses. We also compared GPT APl and CustomGPT
as follows:

(1) Ease of Use: CustomGPT is more accessible to build and requires no code, while the GPT API offers more flexibility
and customisation.

(2) Extended Knowledge and Tools: Both options provide extended knowledge and tools, such as data retrieval and
code execution.

(3) User Interface: CustomGPT uses the familiar chat interface, while the GPT API allows for a customised user experi-
ence.

@ Discover



Research
Discover Computing (2025) 28:76 | https://doi.org/10.1007/510791-025-09580-8

(4) Maintenance: Maintenance is more straightforward with CustomGPT, as OpenAl handles hosting and updates. The
GPT API requires managing the application.

(5) Business Opportunities: The GPT API offers more business opportunities, such as providing paid tiers, while Custom
GPTs may have revenue sharing in the future.

(6) Developer Experience: CustomGPT requires no coding and can be built entirely within the chat interface, while the
GPT API requires creating an application and hosting the code externally.

(7) Classroom Impact: GPT API in classrooms is cost-effective for short-term use as users do not need a ChatGPT Plus
account. CustomGPT can be shared with students if account credentials are provided, though this can be problem-
atic due to query limits per hour in CustomGPT.

3.6 Ethical considerations

The deployment of Al-powered tutors in undergraduate Geotechnical Engineering and education broadly necessitates
a thorough examination of the ethical implications associated with its use [55-57]. Data privacy, algorithmic bias, and
the impact on traditional teaching roles are three primary areas of concern, as detailed below.

(1) Data Privacy: Using LLMs like GPT-4 and Llama-3 requires processing vast amounts of personal and academic data
from students to tailor educational experiences effectively. Ensuring the confidentiality and security of this data is
paramount. Transparency data handling and storage policies must be in place, adhering to regulations such as the
General Data Protection Regulation (GDPR) in the European Union or Family Educational Rights and Privacy Act
(FERPA) in the United States. Additionally, the consent of students and educators must be obtained, clearly outlining
how their data will be used and the measures taken to protect it.

(2) Algorithmic Bias: Al models, including LLMs, are trained on large datasets that may contain historical biases. These
biases can be inadvertently perpetuated and amplified by Al, leading to unfair or discriminatory educational experi-
ences. Continuous monitoring and updating of Al models are crucial to identify and mitigate any embedded biases,
ensuring that Al tutors provide equitable educational support to all students.

(3) Impact on Traditional Teaching Roles: Integrating Al tutors in education introduces concerns about the potential
displacement of traditional teaching roles and the devaluation of human educators. It is crucial to frame Al tutors
not as replacements but as supplements to human educators, enhancing the educational experience by providing
additional support for personalised attention and immediate feedback. Educators play a crucial role in interpreting
Al-generated content, providing context, and fostering critical thinking and emotional intelligence skills that Al
cannot replicate.

3.7 LLM APIs limitations

The LLM APIs, while advanced, present their own set of limitations. GPT-4's impressive performance, particularly with
the RAG approach, underscores the potential of integrating external knowledge sources. However, this reliance also
highlights a critical limitation: the model’s understanding and responses are as good as the data it can access, which
may sometimes be outdated or biased. Furthermore, the RAG approach requires significant computational resources
and sophisticated data management strategies, potentially limiting its accessibility for some educational institutions.

Llama-3's Zero Shot capabilities demonstrate the model’s adaptability and the potential for wide application without
extensive customisation. Yet, this strength is also a weakness, as the lack of domain-specific tuning can lead to inaccura-
cies or oversimplified explanations that might not meet the educational standards required for complex engineering
concepts.

3.8 Study limitations and areas for Al tutor enhancement

The scope of this research is confined to undergraduate Geotechnical Engineering education, which may not fully repre-
sent the challenges and opportunities of using LLM APIs in other engineering disciplines or educational levels. Moreover,
the comparative analysis primarily focused on two LLM APIs—GPT-4 and Llama-3—selected for their prominence and
accessibility. This selection excludes other emerging LLMs that offer unique advantages or drawbacks in educational
contexts. The study’s methodology, emphasising formula integration and problem-solving, may also overlook other
critical aspects of learning, such as fostering creativity, critical thinking, and collaboration among students.
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One other limitation of this study is the exclusive use of text-based questions. In Geotechnical Engineering, many
problems involve graphical data representations, such as Mohr’s circles, soil classification charts, and stress—strain curves.
Since no images or graphs were provided as input, the Al models were unable to demonstrate their ability to process
visual information—a key aspect of real-world engineering problem-solving.

Future studies should explore multimodal Al models, such as GPT-4V (Vision) or Claude Opus, which can analyse both
text and images. Evaluating LLM performance on graph-based geotechnical problems would provide deeper insights
into their practical applicability in engineering education.

The limitations identified above point to several key areas for improvement in Al tutor development. Enhancing the
quality and diversity of datasets used to train LLMs can address biases and ensure that Al tutors provide more accurate,
inclusive, and contextually relevant support. Developing more sophisticated data integration and processing techniques
can improve the models’ ability to handle complex, formula-driven problems typical in engineering education.

Additionally, there is a pressing need for mechanisms that allow educators to easily update and customise Al tutors,
ensuring that the content remains current with the latest scientific developments and pedagogical strategies. Finally,
fostering interdisciplinary collaboration between Al researchers, educators, and students can lead to the development
of more effective, user-friendly, and ethically responsible Al educational tools.

4 Conclusion and implications for future research

This study demonstrates that both GPT-4, as a commercial model, and Llama-3, as an open-source model, can effectively
generate accurate answers and step-by-step explanations for typical Geotechnical Engineering problems. These capabili-
ties suggest that LLMs may serve as a useful supplementary resource, akin to textbooks or solution manuals, for students
seeking additional guidance outside the classroom. Llama-3 showed a reasonable understanding of the subject matter,
albeit with slightly less precision in formula application than GPT-4. If Llama-3 is augmented with math capability, the
accuracy might improve as it might reduce its deficiency in solving complex maths problems.

Our results also provide new insights into how LLMs perform on Geotechnical Engineering problems, particularly
in relation to formula application, conceptual reasoning, and physics-based problem-solving. A notable finding of this
research is that GPT-4 with Retrieval-Augmented Generation (RAG) achieved a 95% accuracy rate on formula-driven
problems, demonstrating that LLMs can successfully retrieve and apply standard Geotechnical equations when properly
prompted. However, accuracy declined when problems required higher-order conceptual reasoning, particularly when:

(1) Interpreting problem constraints from textual descriptions (e.g., determining which soil parameters to use when
multiple is provided).

(2) Applying multi-step physical principles, such as stress—strain relationships and seepage analysis.

(3) Understanding implicit assumptions in soil behaviour, such as the role of effective stress versus total stress in con-
solidation problems.

The evaluation based on the set criteria—accuracy of content, formula integration, clarity of explanations, and adapt-
ability—revealed that while no model perfectly addresses all educational needs in Geotechnical Engineering, each has
unique strengths that contribute to their potential as Al tutors. This study demonstrates that GPT-4 with RAG can func-
tion as a supplementary learning tool for Geotechnical Engineering students, particularly in solving structured numeri-
cal problems with well-defined parameters. However, its limitations in contextual reasoning, multi-step dependency
problems, and boundary condition interpretation suggest that Al tutors should be used as assistive tools rather than
replacements for traditional instruction. Future work should explore how Al models can be optimised for conceptual
understanding and decision-making in engineering applications.

Importantly, this study demonstrates that Al tutors can provide structured guidance and interactive problem-solving
support, rather than merely offering solutions. By encouraging student engagement, prompting step-by-step calcula-
tions, and offering conceptual reinforcement, the Al tutor functions as a true learning aid rather than a static answer
provider. The 24/7 availability of these Al tutors further ensures that students can access learning support at any time,
fostering independent problem-solving and deeper conceptual understanding.

The potential of LLM APIs, such as GPT-4 and Llama-3, in transforming Geotechnical Engineering education is evident.
As Al technology continues to evolve, so will its capabilities to support and enrich the learning journey of engineering
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students. By harnessing these advancements, educators can look forward to more personalised, engaging, and effective
teaching tools tailored to the challenges of educating the next generation of engineers.

While this study highlights the promise of Al tutors in Geotechnical Engineering, several areas warrant further
exploration:

(1) Content Development: The technique could also be used to develop exam questions, rubric development for assign-
ments, role-playing scenarios such as Geotechnical professional evaluations, providing feedback on assignments,
and brainstorming ideas.

(2) Experimental Designs: Future studies could employ longitudinal designs to assess the long-term effectiveness of
Al tutors in Geotechnical Engineering education in the real-world environment. Tracking students’ progress over
semesters or years could provide deeper insights into how Al tutoring impacts knowledge retention, conceptual
understanding, and practical application skills over time. Additionally, experimental designs incorporating control
groups—where some students receive Al tutoring, and others do not—could offer more definitive conclusions
about the efficacy of these tools.

(3) Datasets: Developing and validating specialised datasets for training LLMs in Geotechnical Engineering are crucial.
Future research should focus on curating high-quality, diverse datasets that cover a broad spectrum of Geotechnical
Engineering topics, including emerging areas of research and development. These datasets should also aim to be
inclusive, representing a wide range of geographical regions, soil types, and engineering challenges to ensure the
models’ applicability across different contexts.

(4) Formula Integration Techniques: Exploring advanced formula integration techniques is another vital area for future
research. This includes the development of novel algorithms that can better understand and process complex math-
ematical expressions, diagrams, and data tables common in Geotechnical Engineering. Investigating the integra-
tion of symbolic computation libraries with LLMs could enhance their ability to solve complex numerical problems
accurately. Moreover, using augmented reality and virtual reality technologies to visualise complex geotechnical
processes and simulations in tandem with Al tutors could revolutionise how students interact with and understand
the subject matter.

(5) Broader Educational Contexts: Future studies should also consider the application of Al tutors in a broader range of
educational settings, including vocational training programs, continuing education for professionals, and interdis-
ciplinary engineering courses. Evaluating the effectiveness of Al tutors across different learning environments, such
as online learning platforms, hybrid classrooms, and traditional lecture halls, could provide insights into how these
tools can be best implemented to suit various educational needs.

(6) Ethical and Social Implications: Further research is needed to explore the ethical and social implications of deploy-
ing Al tutors in education. This includes studying the impact of Al on educational equity, student privacy, and the
digital divide. Developing frameworks for ethical Al use in academic settings, addressing bias in Al algorithms, and
ensuring that Al tutors are accessible to all students regardless of their socio-economic background are critical areas
for investigation.

The findings of this study provide actionable insights for educators and institutions looking to integrate Al-driven
tools into engineering education. By leveraging GPT-4 with RAG-based optimisation, educators can improve the
accuracy and reliability of Al tutors, ensuring that students receive precise and context-aware explanations for Geo-
technical Engineering problems. This approach can be particularly beneficial in flipped classroom models or blended
learning environments, where Al tutors serve as on-demand learning assistants, allowing instructors to focus on
higher-order conceptual discussions rather than repetitive problem-solving.

Additionally, the study highlights the potential for multimodal Al integration—combining text-based LLM
responses with visual aids, diagrams, and interactive simulations—to enhance student engagement and compre-
hension. Educators can adopt these techniques by incorporating Al-generated explanations into digital learning
platforms, integrating automated assessment tools, and using Al tutors for scaffolded learning experiences in STEM
courses.

These findings highlight the growing role of Al in reshaping traditional engineering education, and future research
should explore best practices for Al implementation, including pedagogical strategies for effectively incorporating
Al tutors into real-world classrooms.
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