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Abstract   
Evaluating the quality of student-generated user stories is important in software engineering education, but only a limited 
number of industry practitioners can assist. The integration of generative AI can facilitate this process. To do so, the INVEST 
quality evaluation framework is widely recognized for assessing user story quality; however, prior research has not explored 
its use in conjunction with generative AI. This study investigated ChatGPT's ability to evaluate user stories using the INVEST 
framework. This study compares two ChatGPT-based evaluation approaches with those of experienced practitioners, focusing 
on student-generated user stories. Discrepancies between ChatGPT and practitioner evaluations were measured using Mean 
Absolute Deviation (MAD), Mean Squared Error (MSE), and Root Mean Squared Error (RMSE). Statistical significance was 
tested using the Mann-Whitney U Test. The results indicate that ChatGPT’s 1st approach yielded lower discrepancies than 
practitioner evaluations. Moreover, significance testing showed no statistically significant differences between the ChatGPT 
and practitioner results for the two INVEST criteria- Independent and Estimable. These findings suggest that the 1st approach 
can assist in the evaluation process, although practitioners must ensure comprehensive and accurate evaluations. ChatGPT 
can provide preliminary evaluations in educational contexts, enabling students to receive formative feedback and allowing 
educators to streamline evaluation processes. Although practitioner validation is still required, their role may shift toward 
verifying AI-generated results, thus reducing the overall workload and accelerating quality evaluation 
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1. Introduction  

Software engineering education increasingly 
incorporates Agile Software Development (ASD) 
approaches to prepare students for industry demands. 
One critical aspect of this preparation is ensuring 
students can effectively identify and gather user or 
client requirements. However, capturing these 
requirements is not enough; the quality of requirement 
documentation must adhere to established evaluation 
standards to support efficient development processes 
[1], [2]. 

In the requirement engineering phase of ASD, user 
stories are a widely adopted method for documenting 
user needs [3]. However, assessing their quality 
presents significant challenges in educational settings. 
Various frameworks have been developed for 
evaluating user story quality [4], including the INVEST 

[5] - [7] and the Quality User Story (QUS) framework 
[8] - [10]. Each framework offers unique perspectives, 
but their application in student-generated user stories 
remains a critical research area. 

Beyond selecting an appropriate evaluation framework, 
inviting practitioners is also widely applied to evaluate 
user story quality in requirement engineering studies 
[11], [12]. However, engaging industry practitioners 
introduces additional complexities. Practitioners often 
have full-time responsibilities, making participation in 
the learning process challenging to secure. Continuous 
requests for involvement may disrupt their professional 
commitments, making relying on practitioners for 
consistent academic collaboration impractical. 
Consequently, alternative approaches to user story 
evaluation are necessary to minimize reliance on 
industry experts while maintaining assessment quality. 

https://doi.org/10.29207/resti.v9i5.6950
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Various tools have been developed to automate user 
story evaluation to address these challenges. One such 
tool is AQUSA [13], [14], which facilitates the 
evaluation of user stories based on the QUS framework. 
While AQUSA has proven beneficial in enhancing the 
assessment [15], there is still a gap in automated tools 
designed to evaluate user stories using the INVEST 
framework. The lack of INVEST-based evaluation tools 
presents an opportunity for further research and 
development in this area. 

Research related to the development of student user 
stories has been widely conducted. Bernardo et. al [16] 
focused on the instructional methods used to teach 
students how to write user stories. While the study 
involved evaluating the quality of user stories using 
specific criteria, it did not clearly specify the evaluation 
framework adopted. This distinguishes it from the 
current study, which explicitly focuses on assessing 
user story quality using the INVEST framework. 

Another relevant study highlights the evaluation of 
student-generated user stories using a custom-
developed tool called the User Story Quality Analyzer 
(USQA) [8]. Although this study focuses similarly on 
user story quality, the tools employed differ. Moreover, 
unlike prior research, the current study goes beyond 
quality assessment by further validating the evaluation 
results through statistical analysis, offering a more 
rigorous methodological contribution. 

A similar activity was conducted in a study [17], where 
students created user stories. However, the key 
distinction lies in using generative Artificial 
Intelligence (AI) in the classroom. While both studies 
incorporate generative AI, the purposes differ. The 
present study employs generative AI not to generate 
user stories but to evaluate their quality. 

Furthermore, the rapid advancement of generative AI 
has opened new possibilities for addressing these 
challenges. With its increasing prominence in various 
fields, generative AI, such as ChatGPT, offers a 
promising solution for evaluating user stories. Previous 
research has explored the potential of ChatGPT in user 
story assessment [18]; however, these studies have 
primarily focused on the QUS framework. Despite this 
limitation, existing research provides valuable insights 
that can serve as benchmarks for integrating AI-driven 
tools in user story evaluation. 

Building on existing literature, this study investigates 
the capability of generative AI, specifically ChatGPT, 
to evaluate user story quality using the INVEST 
framework. The research focuses on student-generated 
user stories within a software engineering course and 
compares two ChatGPT's evaluation approaches with 
those of experienced practitioners using statistical 
analysis. One of the contributions of this study lies in its 
support for the learning process of user story 
development in software engineering education. By 
integrating AI-generated feedback, particularly from 
ChatGPT, the study demonstrates how generative AI 

can enhance the quality of student-generated user 
stories without replacing human evaluation. Instead, 
ChatGPT serves as a complementary tool that assists 
academic instruction, especially in contexts where 
access to industry practitioners is constrained. This 
approach is expected to enable students to receive 
structured, consistent, and timely feedback aligned with 
the INVEST criteria. It fosters a deeper understanding 
of user story quality and supports their iterative 
refinement efforts throughout development. 

2. Methods 

2.1 Research Design 

This research is conducted in an academic setting, 
specifically within a higher education institution. As a 
result, the user story dataset used in this study is 
generated from educational activities. The collected 
data is evaluated through two approaches: evaluation by 
practitioners and ChatGPT. The evaluation results from 
both methods are compared using statistical tests to 
examine the evaluation discrepancy and significance. 
The findings are analyzed to address the research 
objectives. A visual representation of the research 
design can be seen in Figure 1. Furthermore, the details 
of each research stage are explained in the following 
subsections. 

 
Figure 1. Research Design 

2.2 Student-generated User Story Approach 

This study's user stories were developed in a regular 
classroom setting, where students collaborated on real-
world case studies provided by an industry partner 
seeking IT-based solutions. This approach aimed to 
immerse students in authentic requirement elicitation 
experiences while enhancing their practical skills in 
software engineering.  

Although this activity formed part of an action research 
project in a classroom, this paper concentrates explicitly 
on evaluating the quality of the resulting user stories. In 
this context, practitioners serve as evaluators, and the 
role of ChatGPT is examined as a supplement in the AI 
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evaluation process. Consequently, the methodological 
aspects of the action research are detailed in a separate 
publication. A total of 36 students actively participated 
in this study, which was structured into eight distinct 
groups. Each group consisted of four to five members, 
allowing for effective collaboration and idea sharing. 
During the course, these groups worked to brainstorm 
and develop a total of 67 user stories. This process 
encouraged teamwork and creativity as students turned 
their ideas into clear stories. 

2.3 Quality Evaluation Framework 

Based on previous studies, various frameworks have 
been developed to evaluate the quality of user stories. 
Two widely recognized frameworks are INVEST [7] 
and Quality User Story (QUS) [10]. INVEST comprises 
six key criteria: independent, negotiable, valuable, 
estimable, small, and testable. Meanwhile, QUS 
comprises 13 criteria categorized into three groups: 
syntactic, semantic, and pragmatic [19], [20]. Both 
approaches have been extensively utilized in research 
and practice to assess the quality of user stories in ASD.  

INVEST was the first model introduced among these 
frameworks and has been applied in various 
approaches. One of its key developments is the 
INVEST grid, which serves as a reference for 
evaluating user story quality [5]. The INVEST grid 
assesses user stories across four dimensions using a 
Likert scale: poor/absent (0), fair (1), good (2), and 
excellent (3). Numerous studies have adopted INVEST 
as the primary framework for evaluating user stories in 
academic and industrial contexts [11], [21], [22]. 
Therefore, by applying the INVEST grid, this study 

employs INVEST as the evaluation framework for user 
stories. 

2.4 User Story Quality Evaluation Approach 

The quality of user stories was evaluated through the 
practitioner and ChatGPT evaluations. Industry 
practitioners are involved in the evaluation as 
practitioners. Specifically, each practitioner evaluated 
user stories from 2-3 teams, estimating a total of 16–25 
user stories per practitioner. The invitation and inquiry 
were achieved by email and involved 18 software 
engineering practitioners from Indonesia, Malaysia, 
Singapore, and Australia, all of whom possessed 3–19 
years of experience in software engineering, especially 
in ASD. The detailed practitioner data can be seen in 
Table 1. 

Table 1. Software Engineering Practitioners 

No Practitioner Initial  
(Experience in Year) 

Company Base 
Country 

1 DB (10), FM (8), WJ (5), AN (4), DK 
(3), BO (2), SO (8), BZ (3), DE (3), 
MD (19), FA (4) 

Indonesia 

2 RM (9), NA (8) Singapore 
3 AJ (9), IA (9) Malaysia 
4 FS (11) Australia 

 

The evaluations conducted by practitioners are 
inherently influenced by bias. Bias reduction was 
performed for all practitioner evaluation results to 
ensure quality. This action was taken by analyzing their 
evaluation scores. Thus, the final evaluation score was 
determined by selecting the median value for 
practitioners' scores. 

Table 2. ChatGPT 1st Approach Evaluation 

Context ChatGPT Prompt/Instruction 
Understanding 
the INVEST 
Grid 

The evaluation process must begin with thoroughly examining the INVEST Grid document. You are required to 
understand each of the six INVEST criteria—Independent, Negotiable, Valuable, Estimable, Small, and Testable—
along with their respective definitions and scaling guidelines. Importantly, the scoring range from 0 to 3 must be applied 
objectively. A score of 0 should not be avoided or overlooked; it must be assigned whenever a User Story fails to meet 
even the minimum expectations of a particular criterion. 
[INVEST Grid document was uploaded] 

System/ Project 
Context 

The User Stories under evaluation pertain to developing an information system designed to track and monitor project 
progress within a corporate setting. The intended users of this system include company employees, senior management, 
and commissioners. These contextual details must be taken into account when assessing the relevance and utility of 
each User Story. No new requirements are to be elicited during the evaluation process; the analysis is limited strictly to 
the user stories provided 

Initial Data 
Familiarization 

Before commencing the evaluation, you must read and comprehend all User Stories listed in the dataset. This 
familiarization stage is critical for building contextual awareness and ensuring informed judgment during scoring. No 
evaluative action should be taken at this point; instead, the focus should be on understanding the content, structure, and 
intent of each User Story. 
[user story dataset was uploaded] 

Team-Specific 
Evaluation for 
Certain Criteria 

Special attention must be given to the criteria “Independent” and “Small.” These two aspects should only be assessed 
in the context of individual teams. Each User Story should be compared and interpreted relative to other user stories 
created by the same team, as inter-team dependencies are considered irrelevant for these dimensions. This ensures that 
independence and size are measured consistently within bounded project scopes. 

Context-Based 
Evaluation for 
Remaining 
Criteria 

The remaining criteria—Negotiable, Valuable, Estimable, and Testable—must be evaluated based on contextual 
interpretation and the evaluator’s expertise. These dimensions require professional judgment that accounts for the 
narrative, clarity, and purpose embedded within each User Story. Evaluators are expected to go beyond keyword 
matching and consider how each story contributes to the system’s usefulness, feasibility, and testability in practical 
terms. Assess the "Testable" criterion using a more flexible approach. Assign reasonable scores where there are hints 
of testability, even if not fully explicit. 

Three-Round 
Evaluation 
Process 

The evaluation is carried out in three iterative rounds, with each round allowing for score adjustments based on 
improved understanding or contextual insights. To ensure transparency and traceability, each round must generate a 
separate CSV file containing the evaluation results. After every round, the outcomes should be reviewed with a 
researcher to validate alignment with the data and the INVEST Grid, and to inform revisions for the subsequent iteration. 
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In the ChatGPT evaluation, ChatGPT 4o was employed. 
The process was structured systematically to ensure 
evaluation consistency in each user story. This 
evaluation is conducted through two approaches. In the 
first (1st) approach, ChatGPT was trained to understand 
the INVEST grid by uploading the grid document. 
Subsequently, a set of instructions was used to verify 
ChatGPT’s ability to recognize and apply the  INVEST 
criteria and its context precisely. Following this step, 
the user stories file was uploaded to ChatGPT for 
quality evaluation. After that, the result was analyzed to 
identify any missing criteria, skipped values, or format 
inconsistencies. The evaluation was conducted three 
times in a sequence of sessions to provide the scoring 
result. This approach was adopted by the works of 
Ronanki et al. [18]. The ChatGPT instruction in this 
approach is described in Table 2. 

Lastly, the final ChatGPT score was determined by 
taking the median value of these evaluations. This 
approach ensured consistency and minimized the 
influence of variations in ChatGPT evaluation. 

In the second (2nd) approach, ChatGPT was trained to 
understand the INVEST grid, as well as the 1st 
approach. Next, the user story file was uploaded, and 
the evaluation was conducted using the criteria. The 
emphasis on each criterion is intended to sharpen the 
instructions defined in the INVEST Grid, ensuring that 
ChatGPT applies a consistent interpretation across all 
criteria.  

This approach also ensures that ChatGPT remains 
focused on the specific evaluation reference for each 
criterion and avoids conflating interpretations across 
different criteria. Each prompt for all criteria can be 
seen in Table 3. 

Table 3. ChatGPT 2nd Approach Evaluation 

Context ChatGPT Prompt/Instruction 
Understanding 
the INVEST 
Grid 

Please evaluate each user story based on the six INVEST criteria (Independent, Negotiable, Valuable, Estimable, Small, 
and Testable), using the story's wording and context within its project team. This evaluation follows the standard INVEST 
Grid but applies a more refined interpretation tailored to actual user intent, clarity, and development feasibility.  
[INVEST Grid document was uploaded] 

Independent 
Criterion 

For the Independent (I) criterion, assess dependencies only within the same team’s project. A story is considered 
“Independent” if it does not rely on another story from the same team. Ignore any dependencies that might exist across 
different teams. Provide the result in csv file! 
[user story dataset was uploaded] 

Negotiable 
Criterion 

For the Negotiable (N) criterion evaluates how open a User Story is to discussion between users and developers. A story 
that is clearly written, focused on user needs, and open to feedback receives a score of 3. These stories allow both sides 
to collaborate and adjust requirements as needed. A score of 2 is given when the story is understandable but doesn't 
strongly encourage negotiation. If the story describes a function but feels rigid or final, it is scored 1. A score of 0 is used 
when the story reads like a technical specification or command with no flexibility. This evaluation focuses on the overall 
tone and context, not just specific words. Provide the result in csv file! 

Valuable 
Criterion 

For the Valuable (V) criterion, assess whether the story communicates a clear and meaningful benefit to the user. A score 
of 3 should be given when the story emphasizes a user goal or outcome (e.g., understanding progress, making 
evaluations). A score of 2 applies when the function supports the user, but the value is more implicit. Use 1 for weakly 
stated benefits, and 0 for stories lacking any clear value. Provide the result in csv file! 

Estimable 
Criterion 

For Estimable (E), assess whether the story provides enough clarity through actor, action, and goal to allow reasonable 
estimation by a developer. Provide the result in csv file! 

Small 
Criterion 

For Small (S) criterion. Judge whether the story is appropriately sized for a sprint; clear, focused stories should score 
higher, while vague or overly broad ones should score lower. Provide the result in csv file! 

Testable 
Criterion 

For Testable (T) by determining whether the outcome can be verified through observable or testable results. Give the 
highest scores to stories that lead to specific and verifiable outputs, and lower scores to those with vague or ambiguous 
outcomes. This strengthened interpretation of the INVEST Grid is intended to support consistent, context-aware 
evaluation aligned with agile best practices. Provide the result in csv file! 

2.5 Statistical Measurement and Test 

To measure the evaluation discrepancies between the 
scores provided by Practitioners and ChatGPT, two 
distinct approaches were analyzed using statistical 
measures, including Mean Absolute Deviation (MAD), 
Mean Squared Error (MSE), and Root Mean Squared 
Error (RMSE) [23]. These metrics serve to quantify the 
disagreement between the two evaluators. MAD 
calculates the average absolute difference in scores, 
indicating how far apart the evaluations tend to be on 
average [24], [25]. MSE, on the other hand, emphasizes 
larger discrepancies by squaring the differences, 
thereby highlighting more significant errors. RMSE, as 
the square root of MSE, translates these discrepancies 
back to the same scale as the original ratings, making 

the results easier to interpret. The formulas of these 
metrics are shown in Formulas 1 to 3. 

𝑀𝑀𝑀𝑀𝑀𝑀 = ∑ ⌈(𝑦𝑦𝑖𝑖−𝑦𝑦𝚤𝚤�)⌉𝑛𝑛
𝑖𝑖=1

𝑛𝑛
                        (1) 

𝑀𝑀𝑀𝑀𝑀𝑀 = ∑ (𝑦𝑦𝑖𝑖−𝑦𝑦𝚤𝚤�)2𝑛𝑛
𝑖𝑖=1

𝑛𝑛
                       (2) 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 =  �∑ (𝑦𝑦𝑖𝑖−𝑦𝑦𝚤𝚤�)2𝑛𝑛
𝑖𝑖=1

𝑛𝑛
                (3) 

𝑦𝑦𝑖𝑖 is the practitioner evaluation score, 𝑦𝑦𝚤𝚤�  ChatGPT 
evaluation score, and n is the total number of user story. 
These metrics comprehensively analyze the 
discrepancies observed when comparing practitioner 
evaluations against ChatGPT's first and second 
approaches. 
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A normality check was conducted to determine whether 
the data followed a normal distribution, ensuring an 
appropriate significance test method was selected for 
analysis. If the data were non-normally distributed, a 
non-parametric test would be applied to compare the 
significance of evaluation results between practitioners 
and ChatGPT. Data type and sample size also 
influenced the choice of a significant test method. Since 
the INVEST Grid categorizes data as ordinal and 
independent, the Shapiro-Wilk test validated the 
statistical approach [26], [27]. 

To further analyze the significant differences between 
the two evaluation approaches, a statistical comparison 
was performed to examine the significance of 
evaluation scores [28], [29]. Each INVEST criterion 
was assessed separately to evaluate the practitioners' 
and ChatGPT's evaluations significantly. The 
agreement metrics and significance analysis are 
presented in the results section. 

3. Results and Discussions 

3.1 Practitioner and ChatGPT Evaluation Result 

67 user stories created by students were evaluated using 
two approaches: evaluation conducted by practitioners 
and ChatGPT. Among the 18 practitioners invited to 
participate in the evaluation, 16 submitted their scoring 
results. Each practitioner was assigned to evaluate 2 to 
4 groups consisting of 7 to 10 user stories. This 
distribution was designed to respect the time constraints 
of practitioners who volunteered for the evaluation. 

Outlier detection was performed to ensure the reliability 
of the practitioners’ assessments and identify potential 
biases and inconsistencies in their evaluations. The 
analysis revealed that three practitioners assigned 
identical scores across all evaluation criteria, indicating 
they filled out the assessments arbitrarily without 
thoroughly reviewing the user stories. As a result, their 
evaluations were excluded from further analysis. 
Consequently, the final processed evaluations used for 
calculating the median score were based on the 
assessments of 13 practitioners. 

The ChatGPT evaluation was conducted using two 
approaches; the 1st approach was adopted from Ronanki 
et al. [18], and the 2nd approach was proposed in this 
study. The results from each prompt were collected, and 
the median score was calculated to generate a single 
consolidated evaluation score. The comparison of the 
practitioner's and ChatGPT evaluation results can be 
seen in Figure 2. While the left bar represents the 
evaluations by practitioners, the center bar represents 
the evaluations by ChatGPT 1st Approach, and the right 
bar represents the evaluations by ChatGPT 2nd 
Approach. Each bar chart displays the six INVEST 
criteria, and the y-axis represents the frequency of each 
score category. 

Figure 2 shows the diversity of evaluation scores given 
by the three evaluation approaches used in this study. 
None of the criteria showed near-perfect consistency. 

Based on this figure, it is necessary to examine the 
extent of the discrepancy between the evaluation results 
of the two ChatGPT approaches and how significant the 
differences are. This discussion can be found in the 
following subsection. 

 
Figure 2. Distribution of Evaluation Result based on INVEST Grid 

3.2 Evaluation Discrepancy Result 

As explained in subsection 2.4, evaluation 
discrepancies were measured between practitioners 
with the ChatGPT 1st approach and the ChatGPT 2nd 
approach. A complete overview of the discrepancy 
measurement results for each INVEST criterion can be 
seen in Table 4. 

Table 4. The Discrepancy Measurement Result 

Criterion 
Practitioner vs. ChatGPT 

1st Approach 
Practitioner vs. ChatGPT 

2nd Approach 
MAD MSE RMSE MAD MSE RMSE 

Independent 0.49 0.49 0.70 0.54 0.54 0.73 
Negotiable 0.45 0.57 0.75 0.85 1.30 1.14 
Valuable 0.57 0.75 0.86 1.69 3.90 1.97 
Estimable 0.58 0.64 0.80 0.84 1.19 1.09 
Small 0.57 0.87 0.93 0.96 1.25 1.12 
Testable 0.88 1.21 1.10 1.51 3.18 1.78 

The discrepancy analysis between practitioner 
evaluations and the two ChatGPT evaluations across the 
INVEST criteria indicates notable differences in 
alignment levels. Based on the MAD, ChatGPT’s 1st 
approach demonstrates relatively lower discrepancies, 
with MAD values ranging from 0.49 (Independent) to 
0.88 (Testable). These values indicate mild to moderate 
divergence from practitioner evaluation. In contrast, the 
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ChatGPT 2nd approach exhibits higher discrepancy 
levels in several criteria, notably Valuable (MAD=1.69) 
and Testable (MAD=1.51), suggesting considerable 
deviation. 

The MSE further substantiates these patterns. For the 1st 
approach, MSE values are consistently below 1.5, with 
the highest at 1.21 (Testable), indicating relatively 
contained error magnitudes. Meanwhile, the 2nd 
approach records the highest MSE of 3.90 (Valuable) 
and 3.18 (Testable), reflecting larger squared 
discrepancies and suggesting outliers or divergence in 
those assessments. 

The RMSE values indicate that the ChatGPT 1st and 2nd 
approaches yield different results. This is evident from 
the number of criteria with RMSE values in the 2nd 
approach exceeding one, which has five criteria 
(Negotiable, Valuable, Estimable, Small, and Testable). 
When compared based on the average metrics across all 
criteria, the ChatGPT 1st approach performs better than 
the ChatGPT 2nd approach. The complete overview of 
the average metrics comparison based on each metric is 
presented in Figure 3. 

 
Figure 3. Overall Metrics Comparison in Average 

Figure 3 illustrates the average values of all discrepancy 
results based on the MAD, MSE, and RMSE 
calculations across all INVEST criteria, as presented in 
Table 4. It can be observed that the ChatGPT 1st 
Approach performs considerably better than the 2nd 
Approach, which exhibits discrepancy values 
exceeding 1. 

The key findings suggest that ChatGPT’s 1st approach 
maintains lower discrepancy across all metrics, making 
it more consistent and closer to practitioner-level 
evaluation standards. The observed discrepancy may be 
attributable to the more comprehensive training 
methodology employed in the 1st approach, which 
incorporates knowledge verification and a three-time 
evaluation process. This approach is designed to ensure 
the consistency and reliability of the evaluation 
outcomes produced by ChatGPT. However, these 
results are still unsatisfactory regarding the Testable 
criterion. This can be seen from the discrepancy values 
in the MAD, MSE, and RMSE. 

Based on this discrepancy analysis, although 
ChatGPT’s 1st approach demonstrates a high level of 
discrepancy across several criteria, ChatGPT is a 

helpful tool to support the user story evaluation process. 
Nevertheless, the involvement of human practitioners 
remains essential to revalidate and ensure the accuracy 
and reliability of ChatGPT-generated evaluations. 

3.3 Statistical Test Practitioners vs. ChatGPT 
Evaluation 

The selection of an appropriate statistical method 
begins with assessing the normality of the evaluation 
data from both practitioners and ChatGPT. Calculations 
were performed using the Shapiro-Wilk test to achieve 
this. The results indicate that neither dataset follows a 
normal distribution when considered as a whole and 
analyzed according to individual criteria. As a result, 
the most suitable statistical test is a non-parametric 
approach, specifically the Mann-Whitney U test [30]. 
This decision is further supported by the nature of the 
data, which is ordinal (Likert scale) and two 
independent samples. 

Furthermore, because the dataset contains more than 20 
data points, the critical value of the Mann-Whitney U 
test cannot be used. Instead, it is replaced by the normal 
distribution. Consequently, conclusions will be drawn 
based on the p-value calculation, which is obtained by 
determining the z-score of the U-value for each criterion 
[31]. The Mann-Whitney U test equation is provided im 
Formulas 4 to 6. 

𝑈𝑈1 = 𝑛𝑛1𝑛𝑛2 + 𝑛𝑛1(𝑛𝑛1+1)
2

− 𝑅𝑅1, and  (4) 

𝑈𝑈2 = 𝑛𝑛1𝑛𝑛2 + 𝑛𝑛2(𝑛𝑛2+1)
2

− 𝑅𝑅2, and then  (5) 

𝑈𝑈 = 𝑚𝑚𝑚𝑚𝑚𝑚 (𝑈𝑈1, 𝑈𝑈2) (6) 

𝑛𝑛1 is the number of practitioner evaluation scores, 𝑛𝑛2 is 
the number of ChatGPT evaluation scores, 𝑅𝑅1 is the sum 
of ranks for practitioner scores, and 𝑅𝑅2 is the sum of 
ranks for ChatGPT scores. 𝑈𝑈 is the Mann-Whitney U 
Statistic. The U-statistic is converted into a z-score 
using Formula 7. 

𝑍𝑍 =
𝑈𝑈−𝑛𝑛1𝑛𝑛22

�𝑛𝑛1𝑛𝑛2(𝑛𝑛1+𝑛𝑛2+1)
12

 (7) 

The final p-value is calculated using the cumulative 
distribution formula (CDF) given in Formula 8. 

𝑝𝑝 = 2 × (1 − 𝛷𝛷(⌈𝑍𝑍⌉)) (8) 

The Φ(⌈Z⌉) is CDF of the normal distribution and ⌈Z⌉ is 
the absolute value of the z-score. 

The threshold value used for the p-value is 5% (0.05) to 
define the significance level of the evaluation 
differences between practitioners and ChatGPT 
approaches. The results of the Mann-Whitney U test for 
the significance test between the evaluation results of 
Practitioners vs. ChatGPT 1st Approach and 
Practitioners vs. ChatGPT 2nd Approach can be seen in 
Tables 5 and 6.  

Table 5 presents the results of the Mann-Whitney U 
Test calculations. The table shows that several criteria 
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in both the 1st  approach and 2nd approach have 
significant results when compared to the practitioners' 
evaluation. In the 1st approach, the Independent and 
Estimable criteria indicate a non-significant difference 
between ChatGPT's and practitioners' evaluations, with 
a p-value >0.05. Meanwhile, the other three criteria, 
Negotiable, Valuable, Small, and Testable, show 
significant results in this test. These results indicate that 
two INVEST criteria in the 1st approach align between 
practitioners' evaluations and ChatGPT's.  

Table 5. Mann-Whitney U Test Practitioner vs. ChatGPT 1st  
Approach 

Criterion Mann 
Whitney U 

z-score p-value 
(0.05) 

Independent 2344.0 0.442764 0.657937 
Negotiable 3054.5 3.604408 0.000313 
Valuable 3024.5 3.470911 0.000519 
Estimable 1913.0 -1.475137 0.140176 
Small 2996.5 3.346315 0.000819 
Testable 3200.5 4.254092 0.000021 

Furthermore, in Table 6, the significance test 
calculations between the practitioners' evaluation and 
the 2nd approach show different results. This test 
indicates that the 2nd approach produces greater 
divergence from practitioners’ evaluation—all criteria 
except Testable show statistically significant 
differences. Significantly, the Negotiable, Valuable, 
and Small criteria show marked differences in both 
methods, yet these variations are more pronounced in 
the 2nd approach. 

Table 6. Mann-Whitney U Test Practitioner vs. ChatGPT 2nd 
Approach 

Criterion Mann 
Whitney U 

z-score p-value 
(0.05) 

Independent 2914.5 2.981424 0.002869 
Negotiable 1055.5 -5.290915 0.000000 
Valuable 3896.0 7.348988 0.000000 
Estimable 1300.5 -4.200693 0.000027 
Small 892.5 -6.016247 0.000000 
Testable 2616.0 1.653133 0.098304 

Figure 4 compares the significance test results between 
the ChatGPT 1st and 2nd approaches based on the 
practitioner evaluations. The red line in the figure 
indicates the threshold for statistical significance (p-
value=0.05).   

Based on Figure 4, the difference is also contradictory 
when comparing the 1st and 2nd approaches, as depicted 
in Figure 4, where the 1st approach is non-significant, 
while the 2nd approach is significant. This also occurs 
vice versa. For example: Estimable in the 1st approach 
is declared non-significant (p-value=0.140176 > 0.05), 
but in the 2nd approach it is declared highly significant 
(p-value=0.000027 < 0.05), and conversely in Testable, 
in the 1st approach it is declared highly significant (p-
value=0.000021< 0.05), but in the 2nd approach it is 
non-significant (p-value=0.098304 > 0.05). However, 
there are consistently significant criteria when testing 
the results between practitioners using the two 
approaches, such as Negotiable, Valuable, and Small. 
These findings are illustrated in the comprehensive 

visualization of the p-value comparison, as depicted in 
Figure 4. 

 
Figure 4. p-value Comparison in the Mann-Whitney U Test 

Key findings from this significance test are: 1) Not all 
criteria show non-significant differences with the 
results of the practitioners' evaluation, indicating that 
there are differences in evaluation methods between 
practitioners and ChatGPT, even though two different 
approaches were used; 2) differences in 
instruction/prompt approaches when evaluating user 
stories using ChatGPT significantly influence the 
evaluation results. They can even be contradictory. 3) 
Among all the INVEST criteria, Negotiable, Valuable, 
and Small present challenges regarding the consistency 
between ChatGPT's evaluation results (from both the 1st 
and 2nd approaches) and those of practitioners. It is 
essential to address these discrepancies in future 
studies.  

3.4 Discussion 

The quality evaluation of the student-generated user 
stories involving practitioners and two distinct 
ChatGPT-based approaches has been conducted 
comprehensively. Discrepancy analysis reveals that the 
1st approach exhibits lower disagreement levels than the 
2nd. This outcome is likely attributed to the more 
comprehensive training process and the additional 
consistency checks performed three times during the 
development of the first approach. From the perspective 
of statistical significance, only 3 (Independent, 
Estimable, and Testable) of the six identified criteria 
showed non-significant differences in value compared 
to the results of the practitioners' evaluation. The results 
of these three non-significant criteria were obtained 
from two different ChatGPT approaches (1st approach: 
Independent and Estimable, and 2nd approach: 
Testable). The results suggest that while both 
approaches align with practitioner evaluation for 
specific criteria, neither fully replicates human 
evaluation. These findings reinforce that the evaluation 
process should not be delegated entirely to ChatGPT; 
practitioners’ involvement remains essential for 
validating AI-generated evaluations. Moreover, the 
variability of prompt strategies given to ChatGPT may 
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significantly influence its outputs, sometimes resulting 
in contradictory evaluations. This is evident in the 
contrasting significance test outcomes between the 1st 
and 2nd approaches.  

Nonetheless, the study offers notable advantages over 
related work. For example, Ronanki et al. [18] 
evaluated fewer user stories and relied on sampling, 
whereas the present study analyzes complete user story 
sets derived from real student projects. Additionally, 
this study incorporates a broader set of metrics—
examining discrepancy and statistical significance—
whereas Ronanki's study focused solely on inter-rater 
agreement. Using these complementary metrics enables 
a deeper understanding of evaluation consistency and 
the degree of divergence across human and AI 
assessments. Despite methodological differences, both 
studies converge on a key insight: the role of human 
practitioners remains critical in evaluating user story 
quality, even when leveraging ChatGPT. 

Despite several findings, the study has limitations. First, 
only two prompt strategies were explored; alternative 
prompt formulations may produce different results, a 
topic that warrants further investigation. Second, the 
user stories evaluated were written in Bahasa Indonesia. 
Evaluations might differ if the user stories were 
authored initially in English, limiting the findings' 
generalizability. Third, the Likert scale operationalizing 
the INVEST grid may not fully capture the nuances of 
evaluating a user story set, raising concerns about 
measurement validity. 

The findings of this study carry significant implications 
for software engineering education. The scarcity of 
practitioner availability for user story evaluation can be 
mitigated by adopting the AI-assisted approach 
proposed herein. Such a strategy could accelerate the 
evaluation process while reducing dependency on 
expert involvement, particularly in academic settings. 
Rather than replacing practitioners, ChatGPT can serve 
as a supplementary tool, with human validation retained 
as a necessary checkpoint. This approach could 
improve the quality of student-generated user stories by 
integrating Generative AI as a supportive evaluation 
tool in instructional contexts. 

3.5 Future Work 

This study also presents opportunities for further 
research, particularly in selecting quality frameworks. 
The same prompting methodology applied in this study 
can be extended to alternative frameworks, such as the 
QUS Framework [10], [13], which offers different 
criteria for evaluating user stories. Exploring the 
applicability of ChatGPT across various quality 
frameworks may provide insights into the 
generalizability and adaptability of generative AI in 
diverse evaluation contexts. Regarding the evaluation 
metrics, incorporating a broader range of inter-rater 
agreement metrics presents an opportunity to conduct a 
more comprehensive comparative analysis. Future 
studies can better understand evaluation consistency 

and reliability by including alternative statistical 
measures and agreement indices.  

Furthermore, from an educational standpoint, the 
evaluation method explored in this study can be used to 
improve the quality of user stories produced by students 
in SEE. ChatGPT-generated recommendations may 
serve as formative feedback, guiding students in 
revising and refining their user stories. This strategy 
supports learning and empowers educators to scale 
feedback delivery, ensuring quality assurance through 
practitioner validation. 

4. Conclusions 

This study compared the quality evaluation of user 
stories conducted by practitioners with two ChatGPT-
based approaches using the INVEST evaluation 
framework. The discrepancy analysis revealed that the 
ChatGPT 1st approach produced results that were more 
closely aligned with those of practitioners. Regarding 
statistical significance, two out of the six INVEST 
criteria (Independent and Estimable) exhibited p-values 
that were not significantly different from practitioner 
assessments. These findings suggest that the 1st 
approach is considered a viable support tool for 
evaluating user stories produced by students. However, 
practitioner involvement remains essential, as the 
ChatGPT-based approaches did not demonstrate 
consistent reliability across all INVEST criteria. 
Consequently, the role of practitioners or domain 
experts in user story evaluation cannot be entirely 
replaced by generative AI models. Despite these 
findings, the study provides valuable insights for 
educators looking to incorporate AI tools into user story 
evaluation. ChatGPT can speed up the evaluation 
process if used alongside the INVEST framework, 
helping reduce the need for many practitioners while 
still preserving their essential role in education. 
Practitioners can also validate the results generated by 
ChatGPT. 

This study offers several directions for future research. 
The prompting systematic approach can be applied here 
to other quality frameworks, such as the QUS 
Framework, to explore how well ChatGPT performs 
across different evaluation frameworks. This could help 
assess the generalizability of generative AI in user story 
evaluation. Future work can also include a broader 
range of inter-rater agreement metrics and statistical 
measures to better understand the consistency and 
reliability of AI and human evaluations. In educational 
settings, ChatGPT has the potential to provide 
formative feedback to students, helping them improve 
their user stories. This approach supports learning and 
allows educators to scale feedback while relying on 
practitioners for final validation. 
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