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Abstract—During the Software Development Lifecycle (SDLC), 

the first stage entails the Requirement Engineering phase. In this 

phase, engineers gather, analyze, and specify the requirements for 

a software system. Requirements play a crucial role in the SDLC 

as they establish the foundation for the entire system by defining 

the expected behaviors of the software system to be built. The 

resulting specifications are captured in a Software Requirement 

Specification (SRS) document. As part of the validation process, 

requirement specifications are traced. Requirement tracing 

involves linking the requirement to the artifacts where the 

customer requested the high-level requirement. Teaching proper 

requirements tracing can be challenging in a traditional classroom 

setting. It is essential to educate future software engineers on the 

proper process of developing an SRS document and of tracing 

requirements back to the originating artifact, which is also 

challenging due to the complexity and large scope of applying the 

complete requirements engineering process. Understanding how 

changes in customer needs can impact requirements is an 

imperative learning opportunity. In this work, we aim to 

incorporate the use of AI in the teaching of requirements tracing 

using Large Language Models. In this experiment, both GPT-3.5 

and GPT-4 are provided the transcript of an interview between 

the customer and the engineering team, as well as the subsequent 

requirements elicited from that meeting and other customer 

provided artifacts. The GPTs are then instructed to determine 

which requirements can be traced back to the interview transcript. 

At the same time, the students (the requirements engineering 

team) conduct their own effort to trace requirements back to the 

original interview. The experiment was taken one step further to 

assess students' and the GPTs abilities to address requirements 

modifications. After another interview with the customer, where 

some needs were changed, some requirements were modified, and 

students, and GPTs were asked to trace the modified requirements 

to the new interview. The results proved that students are better 

than both GPT versions at tracing modified requirements, yet 

GPTs again identified requirements that students didn't trace 

back. The findings, illustrate that AI can help in the teaching of 

requirement tracing; these results suggest that while no AI model 

is currently capable of replacing real requirement engineers as 

they don't outperform students, it can be used as a tool to test the 

completeness of the requirement tracing process. We posit that 

GPT can be a tool for students to self-assess the degree to which 

their own requirements tracing is exhaustive.  

Keywords—AI, Requirement Tracing, Education, Software 

Requirement Specification, Large Language Models 

I. INTRODUCTION 

Requirement tracing, also known as requirements traceability, 

is a crucial aspect of the Software Development Lifecycle 

(SDLC), which involves tracking and documenting the 

relationships between various elements of a software project, 

primarily requirements [1]. SDLCs ensure that the software 

being developed aligns with the initially defined requirements 

and helps in managing changes, testing, and quality assurance. 

Requirement tracing supports maintaining transparency and 

accountability throughout the SDLC [2], and connects every 

requirement with the artifact used to conceive the requirement. 

An artifact is a tangible document, file, or item that is generated 

during the requirement elicitation process [3]. By performing 

requirement tracing, the developers can visually show to the 

customer at what point during the requirement elicitation 

process the customer asked for any requirement specification, 

this is known as software validation [4]. Requirement tracing is 

usually performed after the requirements are written down, i.e., 

the engineers must go back and check every single document 

written for the instance at which every requirement was asked 

for [5].  

Due to Large Language Models’ (LLMs) Natural Language 

Processing (NLP) capabilities, can aid with requirement 

tracing, as they can understand and generating natural language 

texts [6]. They can analyze and extract information from the 

different artifacts used to generate the requirements. This paper 

aims to answer the following research question:  

• Can LLMs be used as a tool to teach students on 

requirements tracing and track their progress?  

This paper examines several scenarios in which different 

versions of GPT are given a list of requirements and a 

corresponding artifact that captures the source of requirements, 

and engineers a prompt to trace the requirements back to the 

artifacts.  

The organization of this paper is as follows. Section II 

outlines the background knowledge required to understand the 

content of this paper, including ways to trace requirements and 

explains what LLMs are used for. Section III explains this 

research work’s approach. Section IV displays the results of the 

experiment. Section V presents common uses for LLMs and 



proposes how it would be possible to modify these uses for the 

different activities. Finally, section VI contains the authors’ 

suggested future work and concluding statements. 

II. BACKGROUND 

Validation and Verification (V&V) are used within the SDLC 

to comprehensively determine that software is both correctly 

implemented and meets the specified requirements [7]. 

Although Verification and Validation bear similarities, they are 

inherently different and cater to distinct aspects of the software 

assurance process. Both must be distinctly understood to ensure 

the effective and accurate assessment of software products. 

The IEEE Standard Glossary of Software Engineering 

Technology provides specific definitions for V&V. 

Verification is defined as the process of evaluating the 

system/components to determine if the product satisfies the 

given condition. This represents the need to continuously 

monitor the software’s alignment with its design objective at 

every development stage. In contrast, validation is defined as 

the process of evaluating the system/components during or after 

development to determine if it satisfies requirements. This 

ensures that, beyond meeting design specifications, the 

software genuinely meets the end user's needs and the broader 

system objectives [8]. Software requirements are an agreed 

statement of what a proposed system must accomplish. 

Requirements can describe a system's functionality but also 

non-functional issues, constraints on the design, or 

implementation constraints [9]. 

For standard engineering projects, the stakeholders and 

subject experts will show their needs and requirements for a 

project. These requirements have to be elicited into 

requirements specifications by the development group to make 

these requirements understandable by the team members, 

represent all of the client’s needs, and are testable. Stakeholder 

requirements must be elicited since they often do not account 

for all the intricacies or edge cases present when developing a 

large software system. Mismanaged requirements are initially 

small problems but can cause the complete failure of a software 

project [10, 11, 12, 13].  

To prevent incorrect requirements, it has become standard 

practice to implement the process of eliciting and refining 

stakeholder needs into requirements. It is common belief that 

effective requirement elicitation is essential to a successful 

project [14]. Through requirement validation, incorrect 

requirements are found and removed [15]. Software 

requirements have also proven useful in helping to rank and 

organize functionalities of the system [16, 17].  

For most software systems, there will be many requirements 

created during the elicitation phase. To ensure accountability 

between all groups, the process of requirement tracing is used. 

Requirement traceability describes the ability to follow a set 

requirement though its lifetime in a forward and backward 

manner [18]. There are many methods to implement 

requirement tracing. Most common approaches use a 

standardized matrix system [19], but implementations also exist 

using various techniques [20, 21] such as key phrases [22], 

scenarios [23], or ontologies [24]. 

NLP encapsulates a set of techniques used to achieve 

human-like language text processing. Generic goals of NLP are 

to paraphrase a text, translate it into another language, answer 

questions about its contents, and draw inferences from it. NLP 

has previously been able to satisfy the first three but was not 

able to routinely draw new inferences from a given text [25]. 

Building on the foundation of NLP, LLMs have recently 

begun an exponential upward trend in popularity. In 2020, 

Kaplan et al. produced a study that showcased and defined laws 

for the scaling properties between increasing parameter size and 

language replication ability [26]. 

Since then, LLMs have been researched extensively and 

have seen increasingly large performance results in tasks such 

as multi-step reasoning, instruction following, program 

execution, model calibration, and reading [27, 28].  

III. APPROACH 

In the early stages of the Requirements Engineering phase of 

the SDLC, the engineering team and the customer meet to 

discuss and get more information about the project. During that 

phase, a series of models and artifacts are used to analyze the 

elicited customer requirements regarding what the project must 

provide to the different stakeholders. Finally, a series of 

requirement specifications are generated, which are 

documented within the SRS and serve as a contract on what the 

engineering team must deliver to the customer at the end of the 

project. Once the requirements specifications are written down, 

they must be traced back to the artifact that was used to elicit 

them. This is necessary to ensure the functionality delivered by 

the development team was requested by the customer at some 

point and to pinpoint exactly where and when it was asked for. 

The approach used in this paper involved providing GPT 

with a transcript of a team of requirement engineers 

interviewing a customer. Additionally, GPT was provided with 

a list of the requirements specifications written by the 

developers and agreed to by the customer through the 

requirement elicitation process. Once GPT had the transcript 

and the list of requirements, GPT was prompted to determine 

how many of those final requirement specifications were asked 

for in the transcript. At the same time, a group of 20 software 

engineering master’s students were asked to trace the same 

requirement specifications. A comparison of GPT's response 

was conducted against the requirement traceability matrix 

generated by the engineering team. Further, GPT was also 

asked to identify out of all the requirements in the requirement 

specification document, which ones it believed to have a 

prototype, which was provided, as the original artifact used to 

elicit those requirements. The response was analyzed against 

the requirement traceability matrix.  

A common situation that is often encountered is when some 

needs are changed during the development of a product. As a 

result of the change in needs, some requirements must be 

changed, causing disruption in the development process. A 



similar situation was used to test the students and GPT’s 

capabilities of tracing modified requirements. After completing 

the initial tracing, some a scenario where the customer changed 

the requirements was conducted, causing modifications to the 

existing requirement specifications. After changing the 

requirements, both the teams and GPT were asked to trace the 

# of 

prompt 

Prompt used # of 

requirements 

traced by 

GPT 3.5 

# of 

requirements 

traced by 

GPT 4.0. 

0 I'm going to give you an interview verbatim between a customer and a software development 

team, a project description and a list of software requirements specifications and I want you to 

tell me how many of the requirements were asked by the customer 

 

Question 1. Give brief description of system  

Answer: The software will be the backbone of a ground station for satellite communications. The 

software controls the positioner of, so, I should first mention, the ground station is basically an 

antenna system that receives the signals from space, it can be a CubeSat, nano-satellite or 

spacecraft. So, basically, what it will do is you will have a positioner that moves antenna around 

to align to the satellite or the spacecraft and that positioner tracks the satellite/spacecraft as it 

moves around, you know, on the orbit and then as its tracking movement is receiving the data 

down to ground.  

 

So, a few things that the software must do are know the orbit of the satellites with a few 

parameters and then the software must know when that orbit is visible for a particular location of 

the ground station. When the satellite is visible to the ground station, it then starts tracking from 

one side to the other. 

  

1 These are the requirements. How many were asked for by the customer? 

 

1. The system shall be able to determine the needed angular position (two angular axes) needed to 

track a spacecraft given the orbit parameters and time to perform the signal reception.  

2. The system shall save a prioritized list, determined by user input, of spacecrafts to receive 

from.  

3. The system shall let the user determine the priority through a numerical ranking.  

4. The system shall not allow two or more satellites have the same priority.  

5. The system shall compute when a tracked satellite will be visible for the ground station, given 

the ground station coordinates and the maximum reception angle from the horizon.  

6. The system shall compute the expected frequency doppler shift for a given angular 

94 164 

2 How many of the requirements given were asked initially by the customer in the interview? 159 255 

3 How many of these requirements are not explicitly mentioned in the transcript, but are requested 

by the customer? 

229 365 

4 I am going to give you a series of prototypes, how many of the provided requirements can you 

trace to these prototypes? 

 

287 379 

 

Table 1. Iteration of prompts and requirements specifications traced to interview and description. 



requirements specifications that had been changed. Finally, the 

results of both GPT versions used and those of the students 

were analyzed. 

Table 1 shows the prompts used and a brief example of the 

information given to GPT to trace the requirements to the 

interview and description and the number of requirements 

traced because of the prompts used. The whole transcript is not 

displayed as it would take several pages, same as for the 

requirements, and the prototypes. 

IV. RESULTS 

Table 2 displays the results of the activities conducted. Both 

GPT-3.5 and GPT-4 were given a total of 888 requirements to 

trace, which were the result of the requirement elicitation 

process. Out of those 888, the engineering team traced back 399 

(44.93%) to the interview between the customer and 

engineering team, and to the customer project description, and 

traced a total of 490 (55.18%) back to the protypes shown to 

the customer. In some cases, a requirement could be traced back 

to both a prototype and interview or prototype and project 

description, this happens when the customer shows need for a 

functionality in the interview or description, and the prototype 

displays that functionality visually for the customer to agree on 

how it looks. GPT-3.5 was capable of tracing 229 back to the 

interview or description, and 287 to the prototype. As expected, 

GPT-4 performed significantly better than GPT-3.5, as it was 

capable of tracing 365 to the interview and 379 to the prototype. 

This increase in performance from one version to other displays 

how much impact the increase of parameters in the training of 

GPT has on the performance of the LLMs. 

When comparing the performance of the requirements 

engineering team to both GPT versions, it can be seen that when 

it comes to tracing back to the given interview or description, 

GPT-4 performs almost as well as the engineering team, while 

GPT-3.5’s performance is considerably worse. Furthermore, 

neither GPT versions perform nearly as well as the engineering 

team when it came to tracing back to the prototype. The reason 

for this could be potentially the lack availability of high-quality 

training data [29]. One interesting note regarding the tracing 

performed by LLMs and the engineering group was that, while 

the students traced more requirements than GPT-4 to the 

interview, GPT-4 traced some requirements the group of 

students weren’t able to trace back to the interview. This raises 

the idea that LLMs could be used to validate the process 

followed by students and ensure the tracing process is 

exhaustive to ensure all requirements are traced to the right 

artifact.  

As can be seen in Table 1, GPT was unable to trace many 

requirements after the original prompt, therefore, modifications 

had to be made. The biggest improvement within the prompt 

iterations was between the second and third prompt. It is 

possible that GPT assumes the user asks for explicitly 

mentioned requirements unless specified. This could explain 

why specifying that the requirements asked to trace do not have 

to be explicitly mentioned in the artifacts, as it increases the 

total number of requirements traced.  

Most of the requirements were not explicitly mentioned in 

the interview. This is where the training of the language models 

come into play. The most novel version, GPT-4, can understand 

the context better than 3.5 and therefore is able to trace more 

requirements that have related words, but not identical, to the 

interview and where they were asked for by the customer [30]. 

The level at which the LLMs can understand what a 

requirement means and can find the relationship with the 

interview is the main reason why the newest version of GPT 

outperforms the earlier. GPT-4 also outperforms GPT-3.5 when 

it comes to understanding which requirements could have used 

a prototype as the artifact. However, seems like both GPT 

GPT Version # of modified requirements traced # of requirements traced to prototype # of modified requirements  

 

3.5 35 17 53 

4 42 21 53 

Students 53 35 53 

 

Table 3. Tracing modified requirements breakdown for GPT-3.5, GPT-4 and, requirements engineering team. 

GPT Version # of requirements 

traced 

# of requirements traced to 

interview or description 

# of requirements traced to 

prototype 

# of requirements total 

 

3.5 516 229 287 888 

4 676 365 379 888 

Students 888 399 490 888 

 

Table 2. Tracing breakdown for GPT-3.5, GPT-4 and, requirements engineering team. 



versions are unable to get a full understanding of everything 

that is displayed within the image, hence why the requirements 

engineering team outperforms both. 

Following the tracing of the requirements, the customer 

changed some of the needs for the system. As a result of these 

changes, a total of 53 requirements had to be modified. Once 

these modifications were completed, both GPT versions and the 

requirements engineering team were asked to trace the modified 

requirements back to the interview. As an addition, GPTs and 

the team were also prompted to trace the modified requirements 

to the interview too, to see which of the requirements were 

traced to both artifacts. Table 3, shows the modified 

requirements and how effective GPT-3.5, GPT-4 and the 

requirements engineering team were at tracing them back. 

GPT-4 outperforms GPT-3.5 once again at tracing the modified 

requirements back to the interview, tracing 42 and 35 

respectively, and prototypes, 21 to 17. However, the 

performance of both GPT versions fall short to the engineering 

teams which traced all 53 modified requirements to the 

interview, finding 35 which were also traced to the prototype. 

V. RELATED WORK 

This section will discuss related work that leverages LLMs for 

different software development activities other than 

requirement tracing, along with current methods to perform 

validation for software systems and any methods that aim to 

automate this validation process.  

When it comes to requirements validation, there have been 

several works that aim to improve the field. Some research 

focuses on already existing techniques that are common in the 

industry, such as inspections, requirements prototyping, 

reviews, viewpoint-oriented requirements validation, and use-

case modeling. Some of these techniques are used to elicit 

requirements like prototypes and viewpoint-modeling, while 

inspections and reviews tend to be performed during the 

development of the software [31]. Other research made to 

improve requirement validation was done to suggest that the 

requirement validation process needed to consider the 

consistency, completeness and correctness or the requirements 

[32]. The authors proposed new methods of validating and 

managing the consistency of requirements to make the 

generation and management of requirements more streamline.  

Following one step further on the research for requirements 

validation, requirements traceability was investigated as an area 

that could greatly improve the efficiency of requirement 

validation methods as traceability would serve as an easily 

visualized tool which the customer and developer can look back 

now a requirement was asked for. An idea that combined with 

requirement tracing could potentially become a breakthrough in 

the field were ontologies. Ontologies are sets of entities in a 

specific domain that shows their properties and relations 

between them [33, 34]. Requirement traceability matrices serve 

is a management tool that helps visualize where each 

requirement and artifact align, meaning that it helps show 

which artifact was used to generate each requirement. 

Ontologies were suggested as another method to visualize their 

relations [35, 36]. In essence, both ontologies and requirement 

traceability matrices are used for the same purpose, however, 

ontologies were initially created with the purpose of 

automation, which would speed up the process of manual 

generation of a requirement traceability matrix. 

There are exiting tools used for requirement tracing such as 

DOORS [37], Rational Rose, or XDE among others [38]. These 

tools require the user to enter UML diagrams, code, 

requirements, and interfaces manually to allow for in-place 

traceability of artifacts. For large systems, this becomes a time-

consuming task, which is why the use of LLMs as a tool to 

automate requirement tracing would simplify the current 

tracing process and make it much faster. 

In the context of automation of the requirement traceability, 

an interesting approach was suggested that requirement 

traceability could be performed using Unified modeling 

Language (UML) models [39]. UML models were generated 

from different requirement elicitation models like Use case 

diagrams and scenarios, which would then turn into Activity 

diagrams and later Sequence diagrams. Since use case 

descriptions explain the actors involved, the pre- and post- 

conditions and action flows, they are used to describe the uses 

the different actors have for the system. Later, the activity and 

sequence diagrams aid to ensure the traceability between 

analysis and the design of the system. Machine learning models 

were also used to automate the requirement tracing process. 

Reinforcement learning was used to generate links between 

requirements and artifacts [40]. It was proven that 

reinforcement learning models could generate links documents 

with common words located close to each other faster than 

manually doing so, even though it was only capable of linking 

73% of the concepts. In addition to machine learning, some 

deep learning has been applied to the requirement tracing 

process. Recurrent Neural Networks (RNNs) and pretrained 

LLMs were used showing that both models struggled to link 

between artifacts, having the highest performance of 72% [41]. 

The authors suggest that the main reason for this low 

performance could be the amount of data used for the 

pretraining of the LLMs. 

On the other hand, LLMs are still in their infancy stage. It 

is quite unknown how much potential they have but are already 

being used in several fields, not only in regular life to perform 

simpler tasks, but also related to software development. One of 

these main uses is code explanation. GPT-3 has been used in 

the past as a tool to explain code given to it [42]. This way, a 

developer could focus on developing code and use an external 

tool to write the explanation for other developers or 

stakeholders to look at. LLMs have also been used for 

educational purposes. LLMs have been used to explain code for 

students in a way they could easily understand what a code is 

doing [43]. LLMs have also been used to walk students through 

their own code to double check its behavior [44]. This way 

students can make sure that their code is working as intended 

before submitting it to the instructor.  



One of the key problems LLMs might encounter when 

generating code is that they write the code and assume it is 

correct, when indeed it is not. If you give them that same code, 

it can detect that the code doesn’t work as intended. An iterative 

method that keeps asking LLMs if the code works to detect the 

errors in the code previously generated until the input and the 

output is the same was proposed as a possible solution [45]. 

Multi-program synthesis is very similar to iterative methods but 

instead of asking itself, it asks the user for feedback as to how 

the user would rate the code returned. Each time the user 

interacts with the model by giving feedback on how to improve 

the code or what aspects to change, the model improves the 

code to make it more tailgated to the user’s needs [46]. 

However, using only one model to generate code could cause it 

to fall constantly into the same mistakes as it might not know 

where the error is in the first place. That is why using an 

ensemble of LLMs outputs was used to see if it could make an 

improvement in the quality of the code generated by LLMs 

[47]. The outputs from different GPT versions and InstructGPT 

were used to carry out this experiment. In 20-shot and 50-shot 

learning, the ensemble method outperformed individual LLMs 

by over 20% and 15% respectively.  

Regarding requirements specifically, there has been 

research done on different applications of LLMs for them. The 

use of LLMs during the requirement elicitation process was 

investigated as a potential application. GPT-3.5 was used to 

elicit requirements and then compared its results to the 

requirements given by different experts from academia and 

industry. GPT generated requirements had high Abstract, 

Atomic, Consistent, Correct and Understandable scores but 

yielded lower scores in Unambiguity and Feasibility categories 

[48]. LLMs show promise for their use in the Requirements 

Engineering activities. Calculating the completeness of 

requirements using LLMs was also researched. BERT models 

were used to identify relevant but missing terminology within 

requirements [49]. Results showed that BERT could identify 

where there could be an instance of incompleteness but not 

always point out what the incompleteness is caused by. Other 

BERT models were used to standardize requirements. This 

standardization aims for the requirement specification to use the 

same structure when being written, following industry 

standards “The system shall…”. To account for different types 

of requirements, such as design, functional, behavioral or 

performance requirements, the model generated several 

different templates to be used for each of those categories [50]. 

Our research, like the previous ones mentioned in this 

paragraph, aims to apply LLMs for requirements related 

purposes, however, this work focuses on tracing the origin of 

the requirement to the artifact used to generate it. 

VI. CONCLUSION 

This paper showed that GPT-3.5 and GPT-4 can be used as 

additional tools to check generated requirement traceability 

matrixes, helping to validate requirements specifications. 

However, due mainly to the weak image processing capabilities 

from GPT, it is not a tool that can be used to validate 

requirements, as it will not get understanding of the prototypes, 

hence not tracing all the generated requirements to the artifact 

used to generate it.  

The students used for this experiment outperformed both 

GPT versions. One of the potential reasons was the quality of 

the prompts used. It is possible that with different prompts that 

asked GPT to carry out the same task, its performance would 

have  improved.  

There is a significant performance improvement when using 

GPT-4 compared to GPT-3.5 as the former used a much larger 

training dataset. This resulted in GPT-4 being able to track 

many more requirements than the earlier version. Not only that, 

but GPT-4 was also able to figure out more requirements that 

were related to prototypes or other sort of visual artifacts, 

making them impossible to trace back to the interview 

transcript. One of the main reasons for the difference in 

performance might be a difference in context understanding 

that there is between GPT-4 and GPT-3.5. Since the input 

window for GPT-3.5 was not big enough to accept whole 

batches of requirements at once, they had to be broken down 

GPT-4’s input window was large enough to accept whole lists.  

Undoubtedly, AI can help in the teaching of requirement 

tracing; the results suggest that while no AI model is currently 

capable of replacing real requirement engineers as they don't 

outperform students, it can be used as a tool to test the 

completeness of the requirement tracing process as it was 

capable of tracing some of the requirements students weren’t 

able to trace. This paper shows the promise that GPT can be a 

tool for students to self-assess the degree to which their own 

requirements tracing is complete. Furthermore, LLMs could be 

used as an assessment tool to evaluate student’s performance in 

different software engineering related activities, such as 

software design and modeling, by tracking the models and 

ensuring they don’t contradict each other.  

VII. FUTURE WORK 

This research focused on validation and verification of 

requirement specifications. In the future, we would like to 

implement this method and build a class around leveraging 

LLMs in all steps of the requirements engineering process. 

Thus, future research should explore the efficacy of LLMs in 

eliciting requirements as well as generating requirements 

specifications that meet the customer’s needs. New 

technologies are developed every day, and it is necessary to 

adapt to be able to utilize them efficiently. Breaching the gap 

between what is taught in the classroom and what is used in the 

industry is pivotal to student’s success. By designing a class 

that uses the method proposed in this paper, students could be 

better prepared to use new technologies after their education is 

complete instead of having to adapt to them while on the job. 
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