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Abstract

Blood supply shortages continue to challenge healthcare systems, with particularly low participation
rates among young adults. This paper reports on the development and pilot evaluation of an
immersive virtual reality (VR) system designed to improve donor comfort and strengthen motivation
to donate. Informed by the Theory of Planned Behavior and an extensive review of prior literature, the
system integrates multiple virtual environments that combine education, relaxation, and interactive
engagement, including a media space, information hub, calming room, game-based activities, and an
exploratory gallery. Twenty-two participants between the ages of 18 and 39 completed pre- and post-
experience measures assessing satisfaction, perceived anxiety, usability, and donation intent. The
results indicate high overall acceptance of the VR experience, with most participants reporting strong
satisfaction and an increased willingness to donate. Interactive and visually engaging components
were rated most favorably, while reports of cybersickness highlighted important usability and technical
limitations. Together, these findings demonstrate the promise of immersive VR as a tool for
addressing psychological and experiential barriers to blood donation among younger populations.
Ongoing work will focus on improving system stability, expanding content, and examining longer-term
impacts on donor behavior through larger-scale studies.

Keywords: Virtual reality, blood donation, donor recruitment, immersive technology, anxiety
reduction
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Yi Li, Maria Valero, Brooke Berman, Junhong Min, Lakeeya Wiggins, Lin Li
Afekwo Mary Ukuku and Robert Keyser

1. INTRODUCTION

Blood donation remains a cornerstone of modern
healthcare, providing essential support for
surgeries, trauma care, cancer treatments, and
chronic illnesses. Despite this critical need, blood
supplies in many regions, including the United
States, have faced persistent shortages.
According to recent estimates, although
approximately 62% of Americans are eligible to
donate blood, only about 3% do so regularly
(Keyser et al., 2025). This gap between
eligibility and participation poses significant
challenges for maintaining a stable blood supply.

The problem is especially pronounced among
younger adults. From 2019 to 2021, donations
among individuals aged 16-24 dropped sharply,
driven in part by the COVID-19 pandemic’s
impact on donation events and broader shifts in
attitudes and lifestyle. Common barriers
identified in prior research include fear of
needles, discomfort with medical environments,
lack of time, and limited awareness of the need
for donation (Armitage & Conner, 2001;
Lemmens et al., 2009).

VR is an emerging tool to address these
challenges. Prior studies show that VR can
reduce anxiety and increase engagement in
healthcare, from surgical preparation to phobia
treatment. In the blood donation context, VR
may combine education, distraction, and
relaxation to make the process less intimidating.
It can also create positive associations for
younger donors who are comfortable with
interactive media. Yet, its use for blood donation
has been studied little.

This study presents the design and pilot
evaluation of a VR application developed to
support donor education and reduce anxiety.
The intervention was informed by the Theory of
Planned Behavior and prior research on donor
motivations and technology-enabled
engagement. The goal was to assess the
feasibility, acceptability, and perceived impact of
the VR experience on participants’ attitudes and
willingness to donate blood.

2. LITERATURE REVIEW

The persistent shortage of blood donations
remains a critical public health concern in the
United States and worldwide. According to
Keyser et al. (2025), while approximately 62%
of the U.S. population is eligible to donate blood,
only about 3% donate each year, underscoring
an urgent need to attract and retain new donors.
Declines have been most severe among younger
age cohorts: from 2019 to 2021, donations fell
by 62.5% among individuals aged 16-18 and by
34.9% among those aged 19-24, partly due to
the COVID-19 pandemic's impact on school-
based drives and partly due to broader shifts in
attitudes and habits among young adults.
Additional factors, including fear of needles, lack
of time, perceived inconvenience, and distrust in
healthcare institutions, contribute to this trend
(Keyser et al., 2025).

To address these barriers, more research has
explored emerging and disruptive technologies
such as mobile applications, gamified
engagement, mixed reality (MR), and VR. Ghouri
et al. (2023) advocate the integration of
technologies such as blockchain, AI, and neural
networks to improve the transparency, safety,
and efficiency of donation systems.

Evidence supporting the use of VR in blood
donation contexts is robust. A pilot study
published in Transfusion found that 68.4% of
donors who used MR during blood collection
reported a measurable reduction in pre-donation
anxiety (Pandey et al., 2024). Williams et al.
(2024) demonstrated that immersive VR
interventions elicit positive emotions and can
reassure donors, contributing to improved
willingness to return. Research showed VR
interventions  can improve mood and
significantly reduce tension and fear of needles
in first-time donors (Tarrant et al., 2019).
Additionally, Deighan et al. (2024) reported that
while healthcare professionals recognize the
promise of VR in clinical workflows, they note
the importance of addressing challenges such as
motion sickness and usability constraints in
confined donation spaces.
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The ACM Symposium on Virtual Reality Software
and Technology presented further evidence of
VR's motivational potential, leveraging the
Proteus effect—where users' avatars
progressively became more energetic and
positive as they engaged with a donation
simulation—to foster positive associations with
the donation experience among young adults.
Makinen et al. (2020) concluded from a
systematic review that VR supports enhanced
learning and engagement in healthcare training,
suggesting similar potential to educate and
motivate donors.

To bridge knowledge gaps and address
behavioral barriers, our team’s prior work
(Keyser et al., 2025) synthesized 166 studies
and recommended integrated interventions
combining accurate education, interactive
components, and opportunities for self-directed
exploration. This recommendation aligns with
the Theory of Planned Behavior (TPB), which
identifies perceived behavioral control,
subjective norms, and attitudes as the primary
predictors of donation intention (Ajzen, 1991).
Studies applying TPB in blood donation contexts
(Armitage & Conner, 2001; Lemmens et al.,
2009) have underscored the importance of
providing clear information and reinforcing
perceptions of control and self-efficacy.

These insights directly informed the design of
our VR system. The prototype combines a suite
of selectable environments: (1) a virtual theater
offering high-quality informational videos on the
donation process and its lifesaving impact; (2) a
library where wusers can read articles and
complete interactive quizzes to reinforce
learning; (3) a meditation room with calming
natural scenery and guided breathing exercises
to reduce anxiety; (4) an arcade with simple,
low-effort games designed to distract and
occupy the donor during the procedure; and (5)
an art gallery featuring curated works with
optional descriptive captions. This approach aims
to build confidence, alleviate fear, and
strengthen positive associations with donation,
especially in the critical 18-39 age group.

3. METHODOLOGY

This project followed a multi-phase, mixed-
methods research design combining literature
review, user-centered design, prototype
development, and pilot evaluation.

Phase 1: Literature Review and Needs
Assessment
We conducted a systematic literature review

informed by PRISMA guidelines, examining 166
peer-reviewed studies published between 1970
and 2024 (Keyser et al., 2025). Search queries
included “blood donation barriers,” “emerging
technology in donor recruitment,” and “VR in
healthcare education.” Major themes were
synthesized and mapped to the Theory of
Planned Behavior framework to identify
determinants of donation intention.

Phase 2: Prototype Design

Drawing on research showing that VR can help
reduce anxiety and improve engagement, we
developed the VR prototype in Unity 3D and
tailored it for Oculus Quest 2 and 3 headsets.
Table 1 provides an overview of the main
features and the reasons behind their inclusion.
The design focused on four key priorities:

Educational Relevance: Delivering clear,
factual information about the donation process,
its benefits, and overall safety.

Anxiety Reduction: Offering calming
environments, guided breathing exercises, and
options for distraction, whether passive or
interactive.

User Agency: Using a simple navigation model
so donors could easily choose the environment
that suited them best.

Accessibility: Keeping interaction
straightforward and comfortable for people who
would have a needle in one arm during the
experience. The one-handed control setup
allowed users to explore and interact without
needing both hands.

Feature Description Rationale
Educational | Informational Increase
Theater videos with knowledge;
donation process | correct
and its impact misconceptio
ns
Library w/ Articles; Reinforced
Trivia interactive learning;
questions confidence
building
Meditation Calming visuals; Reduce
scenery guided breathing | anxiety &
stress
Arcade Simple engaging | Distraction &
Games activities fun
Art Gallery | Curated artworks | Additional
with captions calming
content

Table 1: VR Prototype Design Overview
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Phase 3: Iterative Development and Pilot
Testing

During the pilot testing sessions, participants
were invited to a controlled lab environment
where they received an orientation on the VR
equipment and study purpose. Each participant
completed the pre-survey before being fitted
with the VR headset. They were guided through
calibration and shown how to navigate the scene
selection menu using their unoccupied hand.
Participants then explored each of the five VR
scenarios at their own pace, spending
approximately 20-30 minutes in total. Research
staff observed interactions unobtrusively,
recording notes on usability issues, observed
discomfort, and participant questions. After
completing the experience, participants
immediately completed the post-survey and
were encouraged to elaborate on their ratings
and suggestions in open-ended responses. Data
were collected anonymously and linked using
participant IDs for paired pre/post analysis.

The prototype underwent iterative refinement
with feedback from stakeholders, including
healthcare professionals and prospective donors
aged 18-39. Usability issues—such as headset
fit, navigation clarity, and cybersickness—were
systematically documented and addressed.

Phase 4: Evaluation

Participants completed a pre-survey capturing
demographic data (age, gender, prior donation
history, prior VR experience) and attitudes about
blood donation and VR. The post-survey included
ratings of overall satisfaction, experiences of
cybersickness, perceived anxiety reduction,
favorite scenarios, interaction effectiveness,
helpfulness of hints, suggestions for
improvement, and willingness to recommend the
program. Participants also reported whether the
VR experience increased their inclination to
donate and provided open-ended feedback
describing their feelings during specific activities.
Quantitative items were summarized with
descriptive statistics, while qualitative responses
were thematically coded to identify patterns in
perceived effectiveness, usability, and emotional
impact.

Ethics

This study protocol was reviewed and approved
by the relevant institutional ethics board. All
participants provided informed consent.

4. RESULTS

Participants were recruited through campus
flyers, classroom announcements, and word-of-

mouth among college students. The final sample
consisted of 22 participants aged 18 to 26. The
demographics information is shown in Table 2.
Almost half (46%) were between 18 and 20
years old, with another 46% between 21 and 23,
and one participant aged 26. The majority
identified as female (59%), with 36% identifying
as male and 5% as another gender.

Variable Category N %
Gender Female 13 | 59%
Male 8 | 36%
Other 1| 5%
Age Group | 18-20 10 | 46%
21-23 10 | 46%
24-26 1| 5%
Education | College 21 | 95%
Level
Graduate School 1| 5%
Prior Yes 7 | 32%
Donation No 15 | 68%
Prior VR | Yes 11 | 50%
Experience | No 11 | 50%

Table 2: Demographics information

Education levels were diverse, with 32% of
participants in their final year of college, 41%
enrolled in college without senior standing, and
smaller groups representing juniors, freshmen,
and graduate students. Approximately one-third
of participants (32%) reported having previous
experience in blood donation, while two-thirds
never donated blood. Prior VR experience was
evenly distributed, with 50% indicating they had
used VR before and 50% reporting no prior
experience. This demographic diversity provided
a relevant perspective on the usability and
perceived impact of the VR intervention
targeting young adults.

All participants completed the pre- and post-
surveys following the VR experience. Overall
satisfaction with the program was high, with
82% (18 participants) rating their experience as
“Very Satisfied” or “Extremely Satisfied,” and
18% (4 participants) indicating a neutral
response. No participants reported
dissatisfaction. The most frequently cited
positive aspects included the variety of
interactive environments and the informative
content, particularly in the arcade and art
gallery scenarios.
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Figure 1: Overall satisfaction with VR prototype

Cybersickness was reported by 9 participants
(41%), with symptoms ranging from mild
dizziness and nausea to eye discomfort. Notably,
several participants who experienced
cybersickness still expressed overall satisfaction
with the program.

Yes
41%

59%
No

Figure 2: Participants reporting cybersickness

Half of the participants (11) indicated that the
VR activities helped alleviate their concerns
about blood donation. Among the factors
contributing to reduced anxiety were the
immersive distractions (e.g., arcade games, art
gallery) and the clear, structured information
provided in the library  and theater
environments. For some participants, the
calming visuals and guided breathing in the
meditation scene also played a role in reducing
stress.

Figure 3: Concern alleviation.

The arcade and art gallery were the most
popular activities, selected as favorites by 16
and 13 participants respectively. The library was
endorsed by 9 participants for its educational
value, though it was also among the most
commonly cited least favorite experiences, along
with the meditation room, due to
overstimulation or confusion about purpose.
Several participants noted that more instructions
and clearer navigation cues would improve
usability.

Regarding interaction effectiveness, 11
participants reported being able to interact
effectively with the VR environment, while 10
indicated they were somewhat effective,
suggesting moderate learning curves and
opportunities for refinement. Hints provided
within the program were rated as helpful or very
helpful by most respondents (86%).

Importantly, 64% of participants (14) stated
that they were more inclined to donate blood
after completing the VR experience. Reported
reasons included increased understanding of the
process, reduced anxiety, and the appeal of
engaging distractions during donation. Five
participants indicated they were less inclined,
primarily due to persistent needle anxiety or
discomfort with VR itself.

14 ¢

Number of Participants

Less Inclined
Respanse

Figure 4: Change in willingness to donate blood

More Inclined No Change
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On a scale from 1 to 10, the likelihood of
recommending the VR program to others
averaged approximately 8.3, with scores ranging
from 3 to 10. The most frequent ratings were 8
and 10, reflecting positive overall perceptions.

i~
o N B O

Number of Participants

= I -

8—5[0 517 114 No Reéponse
Score Range
Figure 5: Recommendation likelihood (1-10

scale).
5. DISCUSSIONS

Overall, the findings indicate that VR
interventions hold considerable promise for
enhancing donor education, reducing anxiety,
and increasing willingness to donate.

Participants’ satisfaction ratings were largely
positive, with 82% reporting being "“Very
Satisfied” or “Extremely Satisfied.” This aligns
with prior research showing that immersive
technologies can elicit positive emotional
responses and improve perceptions of medical
procedures (Williams et al., 2024; Pandey et al.,
2024). Notably, 64% of participants reported
that the VR experience increased their
inclination to donate blood, suggesting the
approach is effective in addressing attitudinal
barriers.

The most frequently endorsed features were the
arcade and art gallery, underscoring the value of
interactive and visually engaging environments

for distraction. This supports the design
rationale that combining educational
components with appealing, low-pressure

activities can maintain engagement and reduce
perceived stress. However, the mixed feedback
regarding the meditation and library scenes
highlights the need for careful calibration of
content complexity and sensory input to avoid
overstimulation or confusion.

Cybersickness emerged as a substantial
limitation, with 41% of participants experiencing
some discomfort. This proportion is consistent
with other VR studies in healthcare contexts and
reinforces the importance of optimizing frame

rates, headset ergonomics, and motion design to
mitigate adverse effects (Deighan et al., 2024).
Despite these issues, most participants still
rated their experience positively, indicating that
the benefits of immersion outweighed the
drawbacks for many users.

Interaction effectiveness ratings and feedback
also pointed to opportunities for improvement.
While the majority of participants could navigate
and interact with the scenes successfully, a
subset indicated only partial success, often
related to unfamiliarity with VR controls or
headset adjustments. Enhancing onboarding
instructions, simplifying navigation gestures, and
providing real-time guidance may help address
these usability barriers.

Future work will focus on several areas. First,
expanding the study to larger and more diverse
participant samples will help validate these
findings and explore subgroup differences in
response to VR interventions. Second,
incorporating longitudinal follow-up can assess
whether the positive impacts on willingness to
donate translate into actual donation behavior
over time. Finally, iterative development will
continue to refine content, interaction design,
and technical performance to maximize both
engagement and comfort.

6. CONCLUSIONS

This pilot study demonstrates that a VR
approach can be a promising tool for engaging
and educating prospective blood donors. The
majority of participants expressed high
satisfaction with the experience, and many
reported that it reduced their anxiety and
increased their willingness to donate. Interactive
and visually rich environments, particularly the
arcade and art gallery, were especially well
received. These findings are consistent with prior
studies that have highlighted VR’s capacity to
improve mood and support health-related
behavior change.

In parallel, the prevalence of cybersickness
among participants underscores the need for
careful attention to technical optimization and
ergonomic design. Usability feedback also
indicated opportunities to improve navigation
clarity and onboarding instructions to ensure a
comfortable and accessible experience for first-
time VR users.

In summary, the proposed work contributes to
the growing evidence base supporting the role of
immersive technologies in healthcare
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engagement and highlights the potential for VR 100(1), 71-90.

to become a valuable component of blood
donation recruitment and retention strategies.
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Abstract

Large language models (LLMs) and the use of artificial intelligence (AI) are becoming increasingly
integrated into everyday life. As the models continue their training and improvement, leading
technology companies are competing to create the most advanced artificial assistant. This competition
has produced a variety of large language models, each with different capabilities. While LLMs like
ChatGPT, Claude, and Gemini have proven effective at handling everyday tasks, they often lack the
domain-specific expertise necessary for more specialized consultations. This limitation makes it
essential to integrate a targeted knowledge base when developing chatbots for specific domains.
Therefore, this study aims to address the question: Is there a model that clearly outperforms the
others, considering correctness and comprehensiveness? In the study, we conducted an experiment to
investigate the performance of chatbots utilizing LLMs within the context of a custom, mid-scale
knowledge base designed for a university located in the southeastern United States. Using a web-
crawled knowledge base, we created chatbots across multiple platforms and LLMs, testing them
against a set of predefined questions to evaluate correctness and comprehensiveness. The findings
highlight the disparity in the capability of LLMs and offer practical guidance for their effective use.
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1. INTRODUCTION

Generative artificial intelligence has developed
rapidly in recent years. Large Language Models
(LLMs) represent a breakthrough in Al
technology. These models are changing how
people acquire, understand, and use
information. Popular examples include ChatGPT
(Firat, 2023), Claude (Liu et al., 2024), and
Gemini (Islam & Ahmed, 2024). LLMs possess
powerful natural language processing and
knowledge generation capabilities. This
enhances the efficiency and convenience of
obtaining information through the internet. In
fields that require domain knowledge and
understanding of the context/scenario, such as
consultation, LLMs have demonstrated
“remarkable potential” (Song et al., 2023). In
education settings, LLMs are also “promising
tools for open education” as they can provide
customized and interactive assistance to
students and thereby improve the independence
and autonomy of the learners (Firat, 2023).
"Domain-specific" LLMs (Zhang et al., 2024) can
respond quickly to diverse student needs. They
provide personalized advice and information
based on massive datasets. This capability
reduces the burden on traditional consultation,
support, and feedback methods.

However, LLMs face significant reliability and
accuracy challenges in practical applications. The
training data for these models is complex,
diverse, and potentially biased. This leads to
several problems during the understanding and
inference processes. LLMs may misunderstand
queries or engage in erroneous reasoning. They
can even generate fabricated information, a
phenomenon sometimes called "hallucination"
(Chang et al., 2024). These issues highlight the
gap between LLMs' demonstrated potential and
their current limitations in real-world settings.

This uncertainty creates potential risks for users.
Many users rely on LLM recommendations when

making important decisions. Poor model
accuracy could lead to harmful outcomes.
Therefore, researchers must examine the

accuracy and reliability of LLMs in consultation
contexts. Such exploration is essential for

promoting safe applications across different
domains. Understanding these limitations will
help ensure healthy deployment of LLM
technology.

This study systematically evaluates the
performance of major LLMs in answering a
common set of questions. We used web crawling
technology to collect extensive information
about an R2 university in the southeastern
United States. This information served as our
knowledge base. The evaluation included two
types of questions. Objective questions
focused on new student enrollment topics such
as tuition fees, accommodation, and food
services. Subjective questions used specific
scenarios and personas to assess contextual
understanding. We input this data into multiple
LLM platforms to create chatbots. The platforms
included both commercial and open-source
models: ChatGPT, Claude, Gemini, Copilot,
Llama, and DeepSeek. These chatbots were
designed to simulate real-life question-
answering scenarios using the university
knowledge base.

We compared and analyzed answers from
different LLMs to achieve three main objectives.
First, we demonstrate our evaluation framework
for LLMs. This framework uses a knowledge base
and question set that includes both objective
and subjective items. Second, we explore the
impact of reliable knowledge bases versus online
search capabilities in building domain-specific
chatbots. We analyze how these components
improve answer quality and identify their
limitations. Third, we propose strategies for
improving LLM applications in educational
consulting based on our research results. These
recommendations serve as a reference for
practitioners and researchers in related fields.

2. BACKGROUND

Chatbots represent an important research area
within natural language processing (NLP), which
is a subfield of AI that uses machine learning to
help computers interpret, manipulate, and
comprehend human language. Early machine
translation research, a subdomain of NLP, relied
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on specific evaluation metrics. BLEU (Papineni et
al., 2002) and METEOR (Banerjee & Lavie, 2005)
were two common approaches. BLEU evaluates
translation accuracy by calculating similarity
between machine-generated translations and
reference translations. METEOR improves upon
BLEU by introducing an alignment algorithm.
This algorithm better handles synonyms and
word order differences when evaluating
similarity between generated and reference
translations. However, these metrics are
ineffective for evaluating chatbots.

Mehri and Eskenazi (2020) proposed the FED
measurement metric to address this limitation.
FED measures fine-grained dialogue quality at
two levels. It evaluates individual dialogue turns,
defined as "a dialog context and a system
response (from chatbot)" (Mehri & Eskenazi,
2020), and entire dialogues. FED achieved
moderate to strong correlation with human
judgments at both levels.

Chatbot technology has advanced significantly
with the introduction of LLMs. End users now
have higher requirements for chatbot
performance. User focus has shifted from basic
fluency to  multi-dimensional  evaluations.
Current assessments examine reading
comprehension, reasoning capability,
mathematical skills, and other technical
measures (Al et al., 2024).

Higher expectations for chatbot performance
bring attention to the Turing Test. Alan Turing,
often called the "father of computer science,"
first introduced this concept in 1950. The test
was originally known as the imitation game
(Oppy & Dowe, 2021). The game involves
behavioral evaluations that assess whether a
machine can imitate human conversation. The
key question is whether machine responses
become indistinguishable from human
responses. Turing argued that if a computer's
response seems indistinguishable from a human
response, we should consider whether it
qualifies as a thinking entity. This question
remains relevant today. Some research claims
that modern LLMs have "passed" the Turing
Test. This study does not conduct the Turing
Test directly. However, we draw from similar
principles by analyzing chatbot responses. Our
focus is on their ability to provide accurate and
contextually appropriate answers.

Researchers use specific datasets to evaluate
dialogue response quality. These evaluations
test fluency, naturalness, and other aspects to
determine whether chatbots reach human-level

performance. Mendonca et al. introduced a new
evaluation benchmark called SODA-EVAL
(Mendonca et al., 2024). This dataset used more
than 120,000 turn-level assessments for training
across 10,000 conversations. The researchers
conducted human validation and annotation
tasks to confirm automatic annotation quality.
The evaluation system used a rating scale from
1 to 5 to assess dialogue response quality.
Several factors determined these ratings.
Evaluators  examined whether  responses
contradicted dialogue history information. They
assessed whether models covered all relevant
conversation information. The system also
measured fluency and naturalness of dialogue
responses. This included evaluating common
sense, participation levels, and repetition in
conversations. The research revealed important
findings about GPT-4 performance. Although
GPT-4 performed well in many aspects, it
showed room for improvement in coherence and
common-sense reasoning. This indicates that
large language models have made significant
progress in generating fluent and relevant
responses. However, they still face challenges in
simulating the complexity of human dialogue.

Researchers have successfully created domain-
specific chatbots that support domain experts in
reading and decision-making. This progress has
stimulated research in domain-specific chatbot
evaluation methods. Song et al. (2023)
developed an evaluation framework for medical
applications. They created a questionnaire with
21 questions and two clinical scenarios related to
urolithiasis. The researchers tested four LLMs:
Claude, Bard, ChatGPT-4, and Bing. Domain
experts evaluated the model responses using
multiple criteria. These included accuracy,
comprehensiveness, legibility, human care, and
clinical case analysis ability. Evaluations used a
5-point Likert scale for systematic assessment.
The study found that Claude and GPT-4 were the
top-performing LLMs across their evaluation
metrics. However, the research had a limited
scope. The evaluation focused only on clinical
urolithiasis-related dialogues, which represent a
relatively narrow domain.

Educational applications of LLMs have also
received research attention. Hwang et al. (2023)
used an Al-driven approach to create and assess
multiple-choice questions in chemistry and
biology. They evaluated question quality using
Item Writing Flaw (IWF) criteria (Breakall et al.,
2019). The researchers combined machine
learning models with human assessments to
verify question alignment with Bloom's
Taxonomy. The study used the RoBERTa model
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to validate 120 generated questions. A domain
expert with over 28 years of STEM education
experience assessed 57 of these questions. The
research found that GPT-3.5 can generate
questions aligned with Bloom's Taxonomy levels.
However, notable differences emerged between
human and machine quality assessments. These
findings suggest a discrepancy between machine
learning models and human evaluations when
assessing Al-generated content. The results
indicate that carefully considered evaluation
standards are necessary for assessing AI-
generated materials. This highlights ongoing
challenges in developing reliable automated
evaluation methods for educational content.

3. EXPERIMENT DESIGN

The scope of the experiment involves building
chatbots on different platforms using data
related to UNC Wilmington, a university we
selected for this research, which is also the
home institution of the authors. The data is
crawled mainly from the website of the
university under the uncw.edu domain. We also
compare the performance of the chatbots when
they answer evaluation questions with or
without restricted internet access. In the data
acquisition process, a web crawler was used to
gather content from multiple pages within the
domain from a URL such as
https://library.uncw.edu/,
https://uncw.edu/seahawk-life/dining-
housing/housing/, or
https://uncw.edu/research/. Those are the
URLs that students may need to visit frequently,
especially in their freshman year. The web
crawling process ensures that the pages cover
comprehensive information about this university,
including details on housing, transportation,
safety reports, meal plans, tuition fees,
scholarships, and student life. The web crawler
organized content into 20 topic-specific files.
These files were saved in .docx, .pdf, or .csv
formats. The collected data generated more than
148,000 tokens, which formed the foundation
for the chatbot knowledge base. We conducted a
preliminary comparison to determine the optimal
file format. Two chatbots used the same
knowledge base content, but one received a .pdf
file while the other received a .docx file. The
chatbot that used the .docx knowledge base
performed better than its counterpart. Based on
this finding, all subsequent chatbots in this study
were trained using .docx files as their knowledge
base unless otherwise noted.

We explored various open-source LLM and
commercial Al chatbot frameworks to identify

suitable tools for testing and comparison. Six
platforms were selected for this project: GPT-40,
Gemini 1.5, Claude, Copilot Studio, Llama, and
DeepSeek. We created multiple chatbots using
these platforms and provided our knowledge
base to each for testing. We included a baseline
comparison by testing GPT-40 without any
knowledge base. We also analyzed the impact of
allowing chatbots to access the internet for
searches in addition to using the knowledge
base. For Llama, we tested different model sizes
to assess performance variations. These
included Llama 2 13B and Llama 2 70B models.

We focused exclusively on independent models
and model providers when selecting commercial
LLMs. Therefore, the “secondary” AI platforms
that use those LLMs (such as BoodleBox) were
excluded. Table 4 in Appendix A lists the
chatbots we have tested. When testing these
LLMs, to minimize the impact of irrelevant
factors, we provided the same prompt for the
chatbots on each platform and conducted the
tests using identical questions.

4. EVALUATION FRAMEWORK

We developed a structured framework to assess
chatbot performance using two sets of testing
questions. The first set contained 20 objective
questions designed for single-turn interactions.
In these tests, users asked one question and
received one response without follow-up or
context retention. This approach allowed us to
evaluate basic chatbot performance. The second
set introduced three fictional personas to test
more complex interactions. Each persona
engaged with chatbots through 13 subjective
questions in  multi-turn  dialogues. These
conversations involved multiple exchanges
between users and chatbots. The format allowed
for context retention and follow-up questions
within coherent conversations. Table 3 in
Appendix B lists the objective and subjective
questions we created.

We created two test sets covering various
aspects of university life. The first set contained
22 objective questions that focused on factual
information. These questions addressed topics
such as tuition and fees, housing options, and
campus safety policies. The second set included
three fictional personas and 13 subjective
questions related to personal preferences.
Example questions included "What food options
that align with my taste does the on-campus
dining offer?" and "Are there any on-campus
housing options that will fit my lifestyle and
preferences?" We developed detailed profiles for
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three virtual incoming college students to create
these personas. Each profile specified preferred
majors, food preferences, personal hobbies, and
other individualized characteristics. This
approach allowed us to test how well chatbots
could provide personalized responses based on
specific user needs and preferences.

We used different testing approaches for each
question set. For the first set of questions, we
conducted single-turn conversations to obtain
and evaluate responses directly. This provided
straightforward assessment of factual question
handling. For the second set, we employed a
multi-turn dialogue approach. We first provided
each fictional persona's background information
to establish context for the interaction. We then
asked subjective questions from the test set. We
expected chatbots to respond using both the
knowledge base and specific persona details.
Table 3 in Appendix B lists all the assessment
questions we have created for our experiments.

We evaluated chatbot dialogues using two key
aspects: correctness and comprehensiveness.
Each chatbot response received ratings on both
dimensions using a 3-point Likert scale. Two
researchers conducted the rating process
independently. The inter-rater reliability
achieved a Kappa index of 0.68, indicating
substantial agreement between evaluators. The
Likert scales were defined as follows in Table 3.

Please note that we used a 3-point Likert scale
instead of the more commonly used 5-point
version. We adopted simplicity and faster
training of raters for the project timeline.

Correctness

Wrong information (hallucination)
or refusal to answer when the
knowledge base includes the
information needed.

0 (Poor)

Partially wrong/inaccurate or
misleading information provided,
or refusal to answer when the
knowledge base does not provide
adequate information to answer.

1 (Fair)

Accurate information, or the
information is very close to the
information provided (considering
some numbers, like student
population, will change every
year).

2 (Good)

Comprehensiveness

Not enough information is
provided to cover all the aspects
of the question.

0 (Poor)

1 (Fair) | Some information related to the

question but inadequate, or too
much additional and unrelated
information.

Good coverage of all the aspects,
2 (Good) | no or limited unrelated
information provided.

Table 3: Evaluation Scales
5. EVALUATION RESULTS

Objective Questions

We created three ChatGPT-based chatbots with
different configurations: GPT-40 without a
knowledge base (GPT-40), GPT-40 with
knowledge base only (GPT-40+KB), and GPT-40
with knowledge base plus search capabilities
(GPT-40+KB+S). The baseline GPT-40 relied on
built-in  knowledge and real-time internet
searches. We found that GPT-40 was able to
produce reasonably accurate and comprehensive
answers that are comparable to GPT-40+KB and
better than Gemini, Copilot Studio, Llama 13B,
Llama 70B, and DeepSeek. However, GPT-40
may make mistakes because the information
searched may not be from the university
website/domain. The ChatGPT-based model that
uses the given knowledge base but no real-time
searches, GPT-40+KB, could produce a similar
level of correctness, but we observed that its
performance of comprehensiveness was slightly
weaker. The ChatGPT-based model that uses
both the given knowledge base and online
searches (the prompt required it to use the
knowledge base as the primary information
source), GPT40+KB+S, produced the highest
correctness and comprehensiveness among all
the models. The results are listed in Appendix C
(Table 6, Table 7)

Claude achieved the highest accuracy despite
being an offline LLM without real-time search
capabilities. Claude's correctness scores were
phenomenal (tied for highest among all models).
However, Claude frequently provided additional
unrelated information, resulting in the fifth-
highest comprehensiveness score due to
irrelevant content. Claude's knowledge base
capacity limitations required us to split our files
and create four separate chatbots to answer all
test questions.

Our Gemini-based chatbot missed important
information from the knowledge base and often
provided incomplete answers. For example,
when asked about tuition, it provided only in-
state rates while omitting out-of-state costs.
Additionally, Gemini could not process tabular
data such as Excel or CSV files. This limitation
prevented it from accessing major lists and core
course requirements, resulting in several "n/a"
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responses in our results.

The Copilot Studio-based chatbot received the
most zero scores, indicating frequent inability to
provide answers even when information existed
in the knowledge base. Copilot provided shorter,
less comprehensive responses compared to
other chatbots. Despite allowing searches across
four hyperlink domains, it performed weakest in
both correctness and comprehensiveness.
However, Copilot Studio offered the most
extensive customization features, including
conversational flow management, suggesting
potential for handling complex tasks in future
applications.

We tested two different Llama chatbots: Llama 2
13B and Llama 2 70B, both tested on LM Studio.
Although Llama 13B is significantly smaller in
size, it outperformed Llama 70B in both
correctness and comprehensiveness. This
suggests that larger model size does not
necessarily lead to better performance,
especially in domain-specific tasks. Llama70B
struggled more with hallucinations but generally
stayed on topic. In addition, both models
outperformed Copilot Studio.

DeepSeek 7B performed surprisingly well despite
being one of the smallest models in the study. It
received second place for comprehensiveness
and third place for accuracy. DeepSeek
frequently produced well-rounded responses, but
it primarily suffered from providing partially
incorrect information. Unlike Claude, DeepSeek
was thorough enough without going into too
much detail or overburdening the response. It is
worth noting that DeepSeek is a relatively new
model and was added towards the end of the
study. Testing was restricted to a shorter period
of time after access was made available via LM
Studio. Despite these challenges, DeepSeek still
performed well considering it's the smallest
model tested in this study. Tables 4 and 5 list
the scores we have given to our chatbot on
correctness and comprehensiveness.

Subjective Questions

We tested chatbot performance using three
fictional personas with different university fit
levels. The first persona was a poor fit based on
intended major, location preferences, and city
setting. The second was clearly a good fit
considering academic plans and personal
hobbies. The third represented a "borderline fit"
for academic goals. These personas tested
chatbot ability to answer subjective questions
tailored to specific needs and interests. The
results are listed in Appendix C (Table 8, Table

9, Table 10).

ChatGPT-based models (GPT-40+KB and GPT-
40+KB+S) showed good but unstable
performance across the three personas. Zero
ratings primarily resulted from hallucinations
where models fabricated information not in the
knowledge base. For example, GPT-40+KB+S
incorrectly suggested a "Bachelor of Science in
Civil Engineering" degree that wasn't on the
provided major list. GPT-40+KB, which relied
solely on the knowledge base, showed fewer
hallucinations.

Claude was most straightforward in advising
"this university is not a good fit" for the first and
third personas, making it the top performer for
the first persona. However, Claude sometimes
couldn't provide personalized suggestions due to
limited information access (no real-time search
capability). When lacking specific knowledge
base information, it offered general responses
instead. For example, when asked about off-
campus apartment rentals aligned with personal
needs, Claude provided only general information
about housing availability and costs rather than
personalized recommendations.

Gemini often ignored specific persona attributes
when answering questions. For example, it
calculated student loans using in-state tuition
rates for an out-of-state student. Gemini
provided lengthy responses with factual
information that wasn't necessarily relevant to
individual needs. However, it performed better
than GPT-40 and Claude for the third persona.
Gemini's inability to process tabular data
prevented us from using all test questions,
resulting in "n/a" entries in Tables 6-8.

Copilot Studio provided answers consistent with
the knowledge base but often ignored fictional
persona needs. For example, when the first
persona preferred "her own apartment/suite
with a private bedroom and bathroom," Copilot
still suggested "double-occupancy, pod-style
rooms." Copilot's responses were also less
comprehensive than other chatbots. When asked
to estimate student loans, most chatbots
provided calculations and numbers, while Copilot
offered only generic advice: "You can estimate
your total student loan payment by multiplying
the annual loan amount by the number of years
and adding any interest accrued." While
technically correct, this response wasn't helpful.

Both versions of LLama performed moderately;
LLama 13B slightly outperformed LLama 70B in
both correctness and comprehensiveness. LLama
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13B tended to produce more grounded and
relevant responses, particularly when dealing
with questions related to housing, campus life,
and tuition estimates. In contrast, LLama 70B
occasionally hallucinated program names or
exaggerated student life details that were not
included in the knowledge base. However, both
models did better than expected, especially
considering they operated entirely offline without
real-time search. Llama 13B and Llama 70B
hallucinated, but their responses were often
aligned with the persona's background. For
example, both models sometimes offered
generic recommendations without fully
incorporating the unique hobbies or goals of the
student persona. Nonetheless, their mostly
accurate responses allowed them to outperform
Copilot Studio and, in some cases, Gemini.

DeepSeek 7B proved to be both precise and
efficient in addressing the subjective needs of
the personas. Deepseek responded with relevant
answers that aligned well with the persona’s
background and avoided unrelated content. The
third persona was notably difficult for DeepSeek
to handle. DeepSeek's responses lacked context
of this persona, and it frequently overexplained
or hallucinated information such as degrees or
on-campus student services. Additionally,
DeepSeek occasionally lacked deeper
personalization when compared to models like
Claude or GPT-40+KB+S. Overall, DeepSeek’s
performance was solid and commendable.

6. CONCLUSION

In this paper, we crawled available information
from a university in the southeastern United
States, UNC Wilmington. The data covered
multiple aspects, including academics,
admission, student life, research, and university
athletics. The volume of this unstructured
knowledge base was comparable to that of a
small-to-medium corporation (Jorddo & Novas,
2024). We also included the university's annual
security report as a PDF file. Additionally, we
incorporated a major list and core course list
that were crawled as Excel files. We created a
testing framework to assess chatbot capabilities
using the given knowledge base. The framework
targeted chatbot performance in answering both
objective and subjective questions. Objective
questions focused on factual information while
subjective  questions  addressed personal
preferences. All questions were designed from
the perspective of potential incoming students.

Among the commercial LLM models tested,
ChatGPT-40-based models performed strongest

in both correctness and comprehensiveness for
objective questions. This finding aligns with
Rydzewski's research (Rydzewski et al., 2024).
However, no single model consistently achieved
the highest performance on subjective questions
across different fictional personas. ChatGPT-4o,
Claude, DeepSeek, and Gemini each
demonstrated superior capabilities for different
fictional personas. The following section presents
our qualitative findings for different commercial
LLM models.

ChatGPT-40: Providing a customized knowledge
base and utilizing online search options tends to
improve responses for objective questions.
However, hallucination remains a significant
concern with this configuration. Maintaining the
knowledge base while disabling online search
can reduce hallucination occurrences.

Claude: This model does not offer real-time
search capabilities. The responses are generally
more "faithful" to the provided knowledge base.
However, Claude's allowed knowledge base size
is smaller than ChatGPT's capacity. This
limitation makes it challenging to build domain-
specific models on Claude when the knowledge
base exceeds the textual data volume of an R2
university.

Gemini: This model does not support real-time
searches. It typically excels at providing general
answers and considering personal needs.
However, the current version does not support
structured input formats such as Excel files as
part of the knowledge base.

Copilot Studio: This platform currently shows
weakness in both correctness and
comprehensiveness as of the first quarter of
2025. It is particularly weak in answering
subjective questions related to specific persona
needs. However, the developer's ambitious
approach is evident. We remain hopeful for
improved performance in future versions.

Llama: Both open-source models do not support
real-time searches. The responses are stronger
in relating back to the persona, but hallucination
is of significant concern, especially with the 70B
model. Despite the model being considered
“open source,” the limitations of licensing and
regulations made the model difficult to use
locally. The models performed relatively well
overall and performed adequately on the
subjective scenarios.

DeepSeek: The new model has generated
significant buzz since its release, often compared
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to ChatGPT and its ability to compete. Although
we tested a small 7B version, DeepSeek scored
third place in the objective questions. Similarly
to ChatGPT, it struggled with hallucination to a
moderate extent. However, as the smallest
model tested in this study, DeepSeek performed
especially well in comprehensiveness. There is
strong potential in this model as it continues to
grow.

Limitations

The knowledge base we have created for this
paper is for one single university, and yet this
knowledge base cannot be processed by some
commercialized LLM models (such as Claude).
For even large knowledge bases, our approach
will not be applicable.

This study aimed to create an assessment
framework and evaluate current state-of-the-art
LLM models. However, the rapid pace of
innovation in this field will inevitably limit the
generalizability of our results and observations.
Our assessment framework has longer-lasting
impact compared to our specific findings. The
experiment was conducted between May 2024
and March 2025. The new OpenAl ol model was
not included in the scope of this project.

Institutional or corporate regulations may
prevent knowledge bases from being uploaded
or shared online in certain cases. The technical
approaches discussed in this paper will not be
applicable under these circumstances. For
researchers and working professionals facing
such constraints, the optimal solution involves
creating an in-house LLM server. This approach
would utilize open-source LLM models such as
Llama or DeepSeek.

Future work

For future work, instead of general daily tasks
(like a college-related information chatbot in this
paper), the authors are developing similar
testing frameworks on more domain-specific
chatbots with an unstructured or semi-
structured knowledge base, like network system
risk analysis.
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APPENDIX A
LLMs Studied in the Project

Domain Based Search
Chatbot Ch_atbot Function Cost Online in Additional Constraints
with Knowledge .
Real-Time?
Base Support
ChatGPT My GPTs $20/month yes Lb’;’szo 20 files as the knowledge
All the input knowledge base
Free should be in one category: (1)
Gemini Vertex Al (Gemini 1.5 no PDF or doc, (2) JSON, or (3)
flash) CSV; 10 files, 1-million-line
window size
Input knowledge base total line
Claude Claude Pro projects | $20/month no limit (20,000-40,000) because
of Claude's maximum context
window size
Yes (but onl Can only support four URLs, two
Copilot Copilot studio $200/month - ONY | Dataverses (up to 15 tables),
from 4 links) ;
supports file uploads
Llama LM studio free o E;Jseports file-based knowledge
DeepSeek LM studio free no E;Jseports file-based knowledge

Table 4: LLMs Studied in the Project
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APPENDIX B
Questions for Chatbots

Objective Questions
Q1 What is the size of the school?
Q2 What is the location of the school, rural or urban?
Q3 What is the student-to-faculty ratio, and how large are the class sizes?
Q4 What is the tuition cost, and what financial aid options are available?
Q5 Does the school offer a computer science major?
Q6 What is the college's retention rate, and how many students complete their degrees?
Q7 How many students are there?
Q8 What is the university's overall ranking among national universities?
Q9 How many residence halls or dorms does the school have?
Q10 | How many dining halls or cafeterias are available for students on campus?
Q11 | What percentage of incoming freshmen receive scholarships?
Q12 | What is the reported campus crime rate per year by the school's police department?
Q13 | What is the average starting salary for students who graduate with a Bachelor’s degree?
Q14 | How many student organizations and clubs does the school have?
Q15 | How to get access to the college’s wifi?
Q16 | What is the most recent year's acceptance rate for incoming freshmen?
Q17 | What is the volume of the university's library collection?
Q18 | What is the proportion of Asian students in the total number of students?
Q19 | What are the school's wireless network coverage and stability metrics?
Q20 | How many free or low-cost campus transportation options does the school offer?
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Q21 | Which majors of this school are better known?

Does the school offer any job connections with any company? [you may not find a good
Q22 answer]

Subjective Questions

Q1 What is my intended major, and does the college offer a strong program for it?

Q2 Considering my preference of the campus size, does this university's campus size a good fit
for me?

Q3 Will I enjoy the location of this university considering my personal preferences?

Q4 | Are there any on-campus housing options that will fit my lifestyle and preferences?

Q5 What on-campus clubs or activities can I join during my college years?

Would the tuition be too expensive for me considering the tuition range I am okay with?
Q6 And considering my academic level, if there are possible scholarships for me from this
university?

Could you compare my intended major at this university with other university at similar
level?

Q7

Q8 How is the safety of the school compared to the average of the universities in the U.S.?

Q9 What food options that aligns to my state does the on-campus dining offer?

Is there any famous scenery/place to visit outside campus that are aligned to my personal

Q10 preference?

Q11 | What kind of sports am I likely to watch on campus at this university?

If I am taking a full student loan and using a 10-year payment plan, could you give me an
Q12 | estimate about how much I'm paying after college? And is this too high for the average
salary of the students who graduate with my major?

Is it easy to rent an off-campus apartment near the school that is aligned to my personal

Q13 need, and do I need to buy a car if I live off campus?
Table 5: Questions for Chatbots
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APPENDIX C
Performance of Chatbots
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Table 6: Correctness of Chatbots on Objective Questions
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Q21 1 1 1 0 0 1 2 1 1
AVG. 1.52 1.48 1.86 1.52 1.30 1.33 1.67 1.57 1.76
Std. Dev. | 0.68 0.68 0.36 0.60 0.73 0.73 0.48 0.68 0.44
CV. 0.45 0.46 0.19 0.39 0.56 0.55 0.29 0.43 0.25
Table 7: Comprehensiveness of Chatbots on Objective Questions
Correctness Comprehensiveness
GPT4 Gemi|Copil Deep GPT4 Gemi|Copil
gtlils GI:;M _?_ Clau| ni- | ot LI:m LI:m S G:I4 o+ [Clau| ni- | ot LI:m LI:m geeeellz
ns |+ KB|KB+ de | -5+ Studl 138 | 708 | S | kB |KBF| de |25 Studl 435|708 | 78
QL] 2 2 2 |nfal O 0 0 1 2 2 1 |najl o 1 1 1
Q2| 2 2 2 2 2 2 1 2 2 2 1 2 2 2 0 2
Q3| 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2
Q4| 2 2 2 2 1 2 2 2 1 1 2 2 1 2 2 2
Q5| 2 2 2 2 2 2 1 1 1 2 1 1 1 2 2 1
Q6| O 0 2 2 2 1 1 1 0 1 2 1 1 2 0 2
Q7] O 0 2 [NA| O 0 0 0 1 1 2 |NA| 1 1 1 1
Q8| 1 1 2 2 1 2 1 2 2 1 2 2 1 2 2 2
Q| 1 2 0 2 1 1 1 2 2 2 2 2 1 2 2 2
Q10| 1 2 2 2 2 1 2 2 1 2 2 1 2 1 2 2
Q11| 2 2 2 2 1 1 1 2 1 2 1 1 1 1 1 2
Q12| 1 1 2 1 1 1 1 1 2 2 2 1 1 2 2 2
Q13| 2 2 2 1 1 1 2 2 2 2 2 1 1 0 2 2
Avg. 1.38/1.54/1.85|1.82|1.23/1.23|1.15|1.54|1.46|1.69(1.69|1.45|1.15(1.54|1.46 |1.77
Std.|0.77|0.78|0.55/0.40(0.73|0.73 |0.69 |0.66 |0.66 |0.48|0.48|0.52|/0.55|0.66 |0.78 |0.44
%‘3’.' 0.55|0.50(0.30|{0.22|0.59(0.59|0.60|0.43 0.45|0.28|0.28|0.36|0.48(0.43|0.53|0.25
Table 8: Performance of Chatbots on Subjective Questions (First Persona)
Correctness Comprehensiveness
GPT4 Gemi|Copil Deep GPT4 Gemi|Copil
gtl:ce) Gl:;” _?_ Clau| ni- | ot LI:m LI:m S G:I“ o+ (Clau| ni- | ot LI:m LI:m g::II:
ns |+ KB|KB+ de | -5 Studll 138 | 708 | S | kg |K3+| 9 |15+ Studl 438 | 708 | 78
QL] 2 2 2 |nfa| 2 2 2 1 2 2 2 | n/a 1 2 2 2
Q2| 2 2 2 2 2 2 2 2 2 2 2 2 1 2 1 2
Q3| 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2
Q4 2 2 2 2 1 2 2 2 1 2 2 1 1 2 2 2
Q5| 2 2 1 1 2 2 2 2 1 1 2 1 1 2 1 2
Q6 1 2 1 1 1 1 1 2 2 2 1 2 2 1 2 2
Q7 1 2 1 n/a 1 1 1 1 0 2 2 n/a | n/a 1 2 1
Q8 1 2 2 1 n/a 2 2 2 2 2 2 2 0 2 2 2
Q9| 2 2 2 1 2 | n/a 1 2 2 2 2 2 2 |nfal| O 2
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Q10| 2 2 2 2 n/a 2 1 1 2 1 2 2 n/a 2 0 2
Q11| 2 2 2 0 2 2 2 1 1 1 0 2 2 2
Q12| 1 2 1 0 1 1 1 1 2 2 2 1 2 2 2
Q13| 2 2 2 n/a 1 2 2 2 2 2 1 n/a 1 2 2 1
Avg.[1.69| 2 (1.69| 1.5 (1.27/1.75|/1.62|1.69|1.54|1.77|1.77|1.67|1.09|1.83|1.54|1.85
Std.|0.48|0.00|0.48|0.53|0.79|0.45|0.51|0.48|0.66|0.44|0.44|0.48|0.70|0.39|0.78|0.38
%?7.. 0.28|0.00|0.28/0.35/0.62|0.260.31|0.280.430.25|0.25|0.280.64 |0.21 |0.50 | 0.20
Table 9: Performance of Chatbots on Subjective Questions (Second Persona)
Correctness Comprehensiveness
GPT4 Gemi|Copil Deep GPT4 Gemi|Copil
(s:tlils GI:;M _?_ Clau| ni- | ot LI:m LI:m S G:I4 o+ [Clau| ni- | ot LI:m LI:m zeeeellz
ns |+ KB|KB+ de |25 Studll 438 | 708 | S | kg K3+ | 9 |15 Studl 438 | 708 | 78
Q1 1 1 2 n/a 0 0 0 0 2 2 2 n/a 1 1 1 0
Q2| 2 1 2 2 1 1 1 2 2 2 2 2 0 0 2 2
Q3| 2 1 2 2 1 1 1 2 2 1 1 2 0 1 2 2
Q4| 2 2 2 2 2 2 2 2 2 2 1 2 1 2 2 2
Q5 1 1 1 1 2 1 1 0 2 1 1 2 1 2 2 1
Q6| O 2 2 1 1 1 1 2 1 2 2 1 1 1 2 2
Q7| 2 0 1 n/a 0 0 0 0 2 1 2 n/a 0 1 1 1
Q8| 2 2 1 2 0 2 2 2 2 2 1 1 1 2 2 2
Q9| 2 2 1 2 1 2 1 2 2 1 1 2 1 2 2 1
Q10| 1 2 1 2 0 1 2 1 1 1 2 2 1 1 2 2
Q11| 2 2 2 2 2 1 2 2 2 2 2 2 1 2 2 2
Q12| 1 1 1 1 1 1 1 0 2 2 2 1 1 1 1 1
Q13| 2 2 2 2 2 2 1 2 2 2 2 2 2 2 0 2
Avg.1.54(1.46(1.54/1.72| 1 |1.15/1.15/1.30/1.85|/1.62|1.62|1.73|/0.85|1.38(1.62|1.54
S:c‘ll.. 0.66/0.66(0.52/0.47/0.82/0.69/0.69/0.95/0.38/0.51|0.510.47 |0.55|0.65 |0.65 |0.66
CV.|0.43|0.45/0.34|0.27|0.82|0.60/0.60|/0.72|0.20|0.31|0.31|0.27|0.66(0.470.40(0.43

Table 10: Performance of Chatbots on Subjective Questions (Third Persona)
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Abstract

Artificial intelligence continues to transform the workforce. Educators, job seekers, and policymakers
need to understand the changing needs of Al-related job roles. This study examines 435 AI job
postings on PostlJobsFree.com utilizing text mining techniques that include word frequency analysis,
TF-IDF, Named Entity Recognition (NER), and Linguistic Inquiry and Word Count (LIWC). The analysis
shows that the job posts are requesting a well-rounded skill set that includes both technical skills -
such as Data Science and Natural Language Processing - with durable skills such as teamwork,
communication, problem solving, and interpersonal skills. The most used words are AlI, Data, and
Team. TF-IDF displays more domain-specific words, such as Generative Al and Al Models. NER
indicates the importance of tools (such as Python and AWS) and security clearances for DOD
personnel. LIWC shows that the descriptions are extremely analytical and achievement oriented.
These findings suggest that companies continue to value core technical proficiency while also looking
for applicants who can work in complex, interdisciplinary environments. This study adds to the
literature on Al labor market trends and provides insights into the AI industry's dynamic demands. In
addition, this study can be used by both job seekers aiming for Al positions and employers seeking
professionals in the Al field. The results can assist job seekers in identifying the necessary technical
skills they need to develop to obtain specific Al jobs. Employers can use the result to have a better
understanding of the essential skill sets to look for in candidates applying for Al related positions.

Keywords: Al jobs, Job applications, text mining, job market, Al, Artificial Intelligence
Recommended Citation: Peslak, A., Ceccucci, W., Jones, K., Gachau, M.W., (2026). Examining

Artificial Intelligence Job Descriptions: An Analysis of Current Job Postings. Journal of Information
Systems Applied Research and Analytics v19(n2) pp 25-35. DOI# https://doi.org/10.62273/CC]1X2208
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An Analysis of Current Job Postings

Alan Peslak, Wendy Ceccucci, Kiku Jones and Margaret Wanjiku Gachau

1. INTRODUCTION

Artificial intelligence (AI) has become a
transformative force across industries, reshaping
workflows, decision-making processes, and
organizational priorities. As companies
increasingly seek to integrate AI technologies
into their operations, the demand for skilled
professionals in this field has surged. This
demand is reflected in the job postings across
various online platforms, where employers
highlight the skills, qualifications, and roles
required for Al-related positions.

PostlobsFree.com, a widely used platform for
job advertisements, provides a unique
opportunity to analyze trends in Al job postings.
By examining these listings, it is possible to gain
insights into the evolving requirements of the Al
workforce, including the technical proficiencies
and domain expertise that employers prioritize.

This paper aims to systematically review Al job
postings on PostlobsFree.com to identify key
trends and patterns in the field. The study
examines job titles, required qualifications,
preferred skill sets, and job descriptions to
uncover the nuances of the AI labor market.
Through this analysis, the paper seeks to
provide actionable insights for educators,
policymakers, and job seekers, enabling them to
align their strategies with the dynamic demands
of the Al industry.

2. LITERATURE REVIEW

Job Market Trends

The Al job market is  experiencing
unprecedented growth, with demand surging
across multiple sectors including technology,
healthcare, finance, and manufacturing. Recent
data from UMD-LinkUp (2025) and the
University of Maryland reveals a remarkable 68
percent increase in Al job postings in the United
States, rising from 29,509 in 2022 to 49,577 by
the end of 2024.

The World Economic Forum projects a significant
reshaping of the global job landscape by 2030.
Technological advances are expected to create

170 million new jobs while displacing 92 million,
resulting in a net gain of 78 million jobs. This
transformation underscores the critical need for
comprehensive workforce training and education
reforms to prepare workers for emerging roles.

Al is fundamentally reshaping the workplace,
presenting a complex landscape of both
opportunities and challenges. Technology has
the potential to simultaneously automate routine
tasks and create new roles requiring specialized
Al expertise.

Generative Al offers promising opportunities for
workforce empowerment. It could enable less
specialized employees to perform more complex
tasks, expanding the functional capabilities of
roles such as accounting clerks, nurses, and
teaching assistants. For skilled professionals like
electricians, doctors, and engineers, Al can
provide access to cutting-edge knowledge,
dramatically improving problem-solving
efficiency.

Researchers like Shen (2024) emphasize that
the most beneficial technological developments
will focus on enhancing human capabilities
rather than simply substituting human labor.

The integration of AI into the workforce is
creating a polarized employment landscape.
While generating numerous new jobs, Al is also
causing significant disruption, particularly in low-
cost, labor-intensive sectors.

Key observations include:
e Increasing employment thresholds

Widening income disparities
Higher compensation for Al managers

and experts compared to manual
workers
e Automation technologies replacing

repetitive and basic skilled roles

As noted by Shen and Zhang (2024), these
technological shifts are fundamentally altering
traditional labor market dynamics, presenting
both challenges and opportunities for workers
across various industries.
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In the healthcare sector, AI has revolutionized
diagnostics, drug discovery, personalized
medicine through technologies like image
recognition for disease detection, and the
development of Al-powered prosthetics
(Kolakowski, 2025).

In Finance, Al has transformed financial services
through applications such as fraud detection,
algorithmic trading, and personalized financial
advice (Shen, 2024). Al is now being used in
traditional financial activities such as customer
collection, identification, risk management,
investment advisory and customer service.

In Manufacturing, AI-powered robotics and
automation are streamlining production
processes, improving efficiency, and enhancing
product quality (Shen, 2024).

From the perspective of the application of
artificial intelligence technology, there will be
many jobs set around Al in the future, which will
produce more new occupations and new
opportunities that are difficult to evaluate
(Jepperson, 2025). The proportion of blue-collar
workers will gradually decrease while the
proportion of white-collar workers in the new
knowledge economy will expand. Comunale and
Manera (2024) conclude that occupations with
high task exposure will face higher
displacement, and exposed workers will see
reduced employment opportunities.

Asim and Ding (2025) used Structural Equation
Modeling with 500 professionals from various
industry sectors, and found that artificial
intelligence  adoption creates measurable
improvements in both workforce engagement
and job performance outcomes. Additionally,
their research identified job complexity levels
and individual AI expertise as powerful
moderating variables that can either strengthen
or diminish these positive effects, indicating that
both personal capabilities and work environment
characteristics play decisive roles in determining
how effectively organizations can harness
artificial intelligence benefits.

Han, Chen Wand, and Xu (2025) conducted an
online survey of 519 Chinese employees with Al
experience. Using regression analysis they found
that the use of Al positively enhanced innovative
workplace behaviors through its ability to enable
job crafting activities, with this effect being more
pronounced among employees who possessed
greater confidence in their creative abilities. The
study also found that workplace environments
emphasizing employee strengths served as a

positive moderating factor, amplifying the
connection between job crafting practices and
innovative behavioral outcomes.

The evolving technological landscape presents
significant challenges for workers with limited
skill sets. Professionals who possess only basic
operational skills face heightened risks of:

e Potential unemployment

e Reduced income opportunities

e Displacement by intelligent engineering

systems

As intelligent technologies systematically replace
traditional employment roles, enterprises'
human resource demands are expected to
contract, creating substantial pressure on the
job market. This transformation underscores the
critical importance of continuous learning, skill
development, and technological adaptability.

Skills and Qualifications in AI Job Postings

Generative Al technologies like ChatGPT are
fundamentally reshaping creative industries,
catalyzing the emergence of innovative
professional roles that demand sophisticated
technological understanding. This technological
shift is creating unprecedented opportunities for
professionals who can strategically leverage Al
for content creation, design, and complex
problem-solving across diverse sectors.

Employers are increasingly seeking hybrid talent
with a skill set that combines:

e Technical capabilities such as data
manipulation and training data
development

e Strategic competencies including
advanced problem-solving and strategic
decision-making

According to research by Jepperson (2025), the
Al revolution is driving substantial demand for
professionals with expertise in:

1. Data analytics

2. STEM disciplines

3. Information technology
Organizations integrating AI are rapidly
transitioning toward more educated and
specialized workforces, with a particular
emphasis on technical domains. Hazan,
Madgavkar, Chui, Smit, Maor, Dandona and
Huyghues-Despointes (2024) further highlight
this trend, noting a significant increase in job
postings requiring specialized skills like:
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e Robotics engineering
e Advanced data analysis
e Complex system integration

The AI professional landscape requires a
sophisticated and multifaceted skill set that
exceeds the traditional technological boundaries.
Technical competencies form the foundational
framework for success in this rapidly evolving
field, with programming languages like Python
and R serving as critical tools for innovation.

Machine learning frameworks such as
TensorFlow and PyTorch represent essential
platforms through which professionals can
develop and implement advanced computational
solutions.

Data engineering knowledge has become
increasingly important, reflecting the growing
complexity of AI systems. Professionals must
demonstrate advanced capabilities in data
manipulation, analysis, and interpretation. This
requires not only technical proficiency but also
the ability to extract meaningful insights from
intricate datasets using advanced visualization
tools like Power BI and Tableau.

Cloud computing platforms including Azure and
AWS have emerged as crucial infrastructure for
Al development, necessitating strong familiarity
and strategic implementation skills. These
platforms enable scalable, flexible technological
solutions that are fundamental to modern Al
research and application.

Beyond technical skills, employers are placing
increased emphasis on complementary
professional attributes. The World Economic
Forum's (2025) research highlights the critical
importance of soft skills such as strategic

problem-solving, advanced critical thinking,
professional communication, and effective
collaboration. These capabilities enable AI

professionals to translate complex technological
concepts into actionable business strategies.

Educational pathways for Al professionals have
become increasingly  specialized.  Typical
credentials include bachelor's degrees in
computer science, master's degrees in Al-
related disciplines, and doctoral research
focusing on advanced technological applications.
Emerging specialized roles like Generative Al
Engineer, Computer Vision Engineer, and
Remote AI Training Specialist underscore the
field's growing complexity and segmentation.

Researchers like Shen (2024) emphasize that
success in the Al ecosystem requires continuous
learning and adaptive professional development.
Professionals must consistently update their
knowledge frameworks, cultivate innovative
thinking, and maintain a dynamic approach to
technological engagement. This involves not
only mastering existing technologies but also
developing the capacity to anticipate and
integrate emerging computational paradigms.

The rapidly transforming labor market demands
that AI professionals remain agile, proactively
updating their skills to match evolving
technological demands. This requires a holistic
approach that balances deep technical expertise
with broader strategic understanding,
positioning professionals to navigate the
complex and dynamic landscape of artificial
intelligence.

3. THEORETICAL FRAMEWORKS

Labor market analysis theories and
computational linguistics frameworks provide the
foundation for this study. The application of text
mining techniques in employment research is an
emerging area of interest.

Text Analysis in Job Postings & Theoretical
Framework

Prior research has used NLP techniques to
analyze job postings for various fields. Text
mining, sentiment analysis, and keyword
extraction have been employed to understand
employment trends and required skills.

Based on our goal of understanding the current
Al job requirements, we have developed the
following research questions.

Research Questions

1. What are the most frequently occurring
words and phrases in Al job postings?
2. What insights can Term Frequency-

Inverse Document Freguent analysis provide

about distinguishing terms in Al job
descriptions?
3. What key entities (e.g., organizations,

technologies, skills) appear most frequently in Al
job postings?

4, What psychological, emotional, and
linguistic attributes are present in Al job
postings as analyzed by LIWC?
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4. METHODOLOGY

Data Collection

Al job postings were collected from
PostJobfree.com. This source was used since it
does not have restrictions on web scraping
whereas other job boards such as Indeed and
Ziprecruiter have specific prohibitions against
web scraping in their terms of service. Tools
used for data analysis included Wordstat 8,
LIWC, and Voyant Tools.

Data Preprocessing

Text preprocessing steps included removing stop
words, special characters, and irrelevant data.
Tokenization and lemmatization were applied to
standardize the text.

Analytical Methods

Five different methods were used to analyze the
job descriptions.

1. Word Clouds

Word clouds are visual representations of
frequently occurring words. In a word cloud, the
size of each word corresponds to its frequency:
the more often a word appears, the larger it is
displayed. This visualization makes it easy to
identify the most commonly used words.

2. Word and Phrase Frequency

Analyzing the frequency of the most common
words and two- or three-word phrases helps to
identify which terms and expressions appear
most frequently in job descriptions. This method
provides a clear understanding of the prevalent
skills and requirements requested by employers.

3. TF-IDF (Term Frequency-Inverse
Document Frequency)

The term frequency (TF) measures how often a
word appears in a document. The Inverse
Document Frequency (IDF) measures how rare
or less common a word is. It is a term
frequency measure which gives a larger weight
to terms which are less common in the
document set (Nguyen, 2014). This method
“allows for common words that appear in many
documents (like ‘the’ or ‘and) to be assigned less
weight, while more distinctive words receive
higher weights, making TF-IDF a useful tool for
identifying keywords and important themes
within documents.” (Fan & Qin, 2018). The
result is a determination of the most distinctive
words in Al job descriptions compared to other
job postings.

4. Named Entity Recognition (NER)
“Named entity recognition is an important basic
tool for information extraction, question

answering system, syntactic analysis, machine
translation and other application fields, and
plays an important role in natural language
processing technology” (Chang, Zhang, Ly,
Zhou, & Bai, 2022). As a result it has become an
integral tool in text analytics research.

5. LIWC (Linguistic Inquiry and Word
Count) Analysis

LIWC is a tool used by many researchers for
understanding sentiment and many other
linguistic characteristics of documents (Bahgat,
Wilson, & Magdy, 2022).

It is used to assess and measure psychological,
emotional, and linguistic dimensions, including
tone, formality, and cognitive processes in Al job
descriptions. LIWC is the software tool
developed by Pennebaker.

5. RESULTS

1. Word Cloud Analysis

Figure 1 illustrates the 100 most frequently
occurring individual words in the job descriptions
through a word cloud. The prominence of Al and
Data is evident, as they are the most commonly
used terms. Additionally, the word cloud
highlights other frequently mentioned words
such as Team, Development, Learning,
Business, and Support.

Figure 2 the most common phrases found in job
descriptions through a word cloud. Artificial
Intelligence and Machine Learning stand out as
the most frequently used phrases, appearing
significantly larger than the others. The next
most prominent phrases include AI ML, and
Computer Science which are noticeably smaller
in comparison.

OPPORTUNITY
STRONG
STATUS
SCIENCE
TECHNICALMACHINE ‘pOSITION

DEVELOPMENT uoBcompany
pesich [ EAMLEARNING

MODELS TIME
SOLUTIONSA I SVSTEMS
INCLUDING
DEVELOP
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Figure 1: Top 100 Individual Words
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Figure 2: Top 50 Phrases

2. Word and Phrase Frequency Analysis

As anticipated, AI is the most frequently
occurring word, appearing 2094 times. Following
closely is Data, with 1438 instances, and Team,
with 982 instances. Table 1 lists the most
common words that appear at least 500 times.
The complete table of 100 individual words and
their frequencies can be found in Appendix A.
The phrases Artificial Intelligence and Machine
Learning are the most frequently used, with 599
and 515 instances respectively. The third most
common phrase is AI ML, which appears 265
times, notably much less often. The full table of
most common phrases and their frequencies is
available in Appendix B. Note that common EEO
phrases were excluded in this table.

In‘?‘;z:z:al Frequency
Al 2094
Data 1438
Team 982
Development 838
Learning 815
Support 671
Business 641
Ability 620
Technology 611
Systems 605
Information 587
Including 582
Years 581
Solutions 578
Research 578
Job 573
Technical 572
Machine 548
Position 546
Technologies 513
Requirements 507
Science 504
Environment 502

Table 1: Frequency of Individual Words
With at Least 500 Instances

3. TF-IDF Results

The TF-IDF analysis (Figure 3) surfaces domain-
specific terms that are distinctively emphasized
in AI job postings. High scores for "Generative
AI" (139.5) and "AI ML" (201) underscore the
increased demand for cutting-edge skills
following the 2022-2023 surge in public
awareness and use of tools like ChatGPT. This
finding directly supports the narrative of
“dynamic demands” within the AI industry,
reflecting how quickly generative technologies
have moved from research into practice.

AI ML

Generative AT
Machine Learning
Patient Care

Data Science

AI Models
Computer Science
AI Solution

Deep Learning

Years of Experience

=]

20 40 60 a0 100 120 140 160 180 200
Figure 3. Top AI Job Description Terms by
TF-IDF Score

Additionally, the presence of terms like "Patient
Care" (119) and "Data Science" (117) suggests
a significant overlap between Al and healthcare,
as well as data-centric applications. Technical
terms such as "Al Models", "Deep Learning", and
"Computer Science" further emphasize the
skillsets and knowledge areas critical to the field.
Overall, TF-IDF scoring is effective for identifying
terms that are both highly frequent in a specific
context and relatively rare elsewhere, making
them strong indicators of domain-specific
language—in this case, uniquely associated with
the AI workforce.

4. Named Entity Recognition (NER)
Findings

NER analysis (Figure 4) reinforces these trends
by highlighting specific technologies and
organizational affiliations. Python, TensorFlow,
and PyTorch feature prominently—common
across machine learning stacks—while Azure and
AWS suggest a strong orientation toward cloud-
native Al deployment. This supports the view
that AI job roles now demand “full-stack”
proficiency: from programming and model
training to cloud integration and deployment.

Furthermore, the frequent mention of "DoD",
"SCI", and "Security Clearance" reflects the
unique demand for Al professionals in defense
and government sectors, particularly for roles
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requiring advanced clearance. This implies that
national security applications of Al are a growing
employment segment, which carries implications
for both technical preparedness and citizenship
eligibility.

Together, the TF-IDF and NER results confirm
that AI hiring reflects a dynamic and integrated
skills economy—one in which deep technical
fluency must coexist with security compliance,
interdisciplinary understanding, and deployment
readiness.

750 500 750 1000 1250 1500 1750 2000

Figure 4. Top 20 Entities by
Total and Unique Mentions

5. LIWC Analysis

The composite LIWC analysis of 436 Al job
descriptions reveals a communication style that
is highly structured, confident, and performance-
driven. The Analytic score is exceptionally high
(mean = 93.44), indicating logically organized,
formal text, while the Clout score (75.49)
reflects a commanding and authoritative voice.
Despite this assertiveness, the Authentic score
is low (19.28), suggesting that the language is
impersonal and detached—typical of
standardized, professional postings. A high Tone
score (84.23) signals a generally positive
emotional valence, likely used to attract
applicants while maintaining a formal tone.
Linguistically, the descriptions are complex,
featuring high usage of six-letter words
(40.82%) and elevated words-per-sentence
(26.98), reflecting a sophisticated and technical
vocabulary. The psychological dimension of
these postings emphasizes cognition and
achievement: scores are high for Cognitive
Processes (9.94), especially Insight (3.81)
and Cause (2.55), and for Achievement (5.51)
and Work (13.14), underscoring the intellectual
and goal-oriented nature of Al roles. In contrast,
social references (7.16) and personal
pronouns—especially first-person “I” (0.03)—
are used sparingly, indicating a depersonalized,
objective style with limited interpersonal or
community language. Emotional expressiveness
is tightly restrained, with minimal negative
emotion (0.56), anxiety (0.13), or anger
(0.09), reinforcing a composed and positive

narrative. Temporal focus centers on the
present (5.10), with relatively little emphasis
on past (0.46) or future (1.07), further
suggesting an emphasis on immediate
performance rather than historical experience or
long-term vision. Overall, AI job postings
construct a professional persona that is
analytical, upbeat, intellectually demanding, and
achievement-focused, while downplaying
emotional tone, personal expression, and social
connectedness—strategically aligning with the
technical rigor and high expectations of roles in
artificial intelligence.

6. DISCUSSION

Interpretation of Findings

Analyzing the most frequently occurring words
and phrases, along with their frequencies,
reveals trends in the expected and required
technical and durable skills for job applicants.
While it is unsurprising to see terms like Al and
Data frequently mentioned, other technical skill
words such as Development (838 instances),
Engineering (484 instances), Models (474
instances), Program (312 instances), and Cloud
(245 instances) highlight the technical expertise
employers are seeking. Additionally, common
phrases provide further insight into the specific
technical skills required: Computer Science (227
instances), Data Science (172 instances),
Generative Al (162 instances), Deep Learning
(124 instances), and Natural Language
Processing (79 instances, with Natural Language
appearing uniquely 14 times).

Beyond technical terms, other words like Team
(982 instances, with Teams appearing 340
times), Business (641 instances), Research (578
instances), Management (485 instances), and
Analysis (303 instances) paint a broader picture
of the qualities expected from applicants. These
words suggest that employers are looking for
candidates with a well-rounded skill set. This is
further supported by phrases such as
Communication Skills (124 instances), Problem
Solving (111 instances), Cross Functional (107
instances), Interpersonal Skills (83 instances),
and Solving Complex Problems (81 instances).

Implications for Researchers

The linguistic analysis of Al job descriptions has
several important implications for both
researchers and practitioners. For researchers,
the consistent use of highly analytical,
impersonal, and achievement-focused language
raises questions about how such communication
styles might influence perceptions of Al roles
and contribute to patterns in applicant self-
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selection. The minimal use of personal pronouns, 7. Limitations and Conclusions
emotional expression, and social references

suggests a depersonalized tone that could deter Limitations

candidates who prioritize collaboration, The major limitation of this study is the

inclusivity, or emotional intelligence. This opens
opportunities for further research into the
framing effects of job language on different
demographic groups, and whether such
language reinforces existing gender or diversity
imbalances in the tech workforce. Researchers
may also explore how linguistic markers like
cognitive complexity and goal orientation reflect
broader cultural norms in Al-related fields and
how they compare to other domains.
Implications for Practitioners

These findings can serve as a valuable resource
for both job seekers aiming for Al positions and
employers seeking Al professionals. Job seekers
can leverage these findings to gain a clearer
understanding of the qualities and skills
employers are currently prioritizing. With this
insight, they can identify which technical skills
they need to develop before beginning their job
search. Additionally, recognizing that employers
value more than just technical expertise will help
job seekers highlight their durable skills,
presenting themselves as well-rounded
candidates.

For employers, reviewing these findings can
provide a comprehensive understanding of the
essential skills required for AI positions. This
ensures they do not overlook any critical
components of the skill set necessary for
success in the role. These findings will help
employers avoid the consequences of focusing
solely on technical skills, enabling them to seek
candidates with a balanced mix of technical and
durable skills.

Additionally, these findings point to the need for
more balanced job descriptions. While the
current emphasis on confidence, technical skill,
and achievement is aligned with performance
expectations, it may unintentionally limit the
appeal of these roles to a narrow segment of
applicants. Incorporating more authentic,
inclusive, and people-oriented language could
broaden the talent pool and better reflect
collaborative and human-centered workplace
values. Additionally, re-evaluating how work
intensity and expectations are framed can help
ensure job ads don't inadvertently suggest high-
pressure or unsupportive environments.
Ultimately, aligning the tone and content of job
descriptions with both organizational values and
evolving workforce expectations can support
more effective and inclusive recruitment in the
Al field.

relatively small sample set. This was due to
download restrictions from postjobsfree.com.
Further analysis with larger datasets is
suggested to confirm our findings.

Future Research Directions

Future researchers should aim to expand this
analysis by collecting job descriptions from
global job markets, including those in different
languages. Expanding the scope of the analysis
could allow for the integration of data to identify
the most critical skills worldwide. Additionally,
comparing job descriptions from various
countries might reveal whether similar priorities
are shared globally.

Incorporating sentiment analysis into future
research could provide insights into the tone of
job postings, offering a deeper understanding of
how job descriptions are framed. This could help
employers as they are creating their job
descriptions to convey their intended message
rather than risk misunderstandings in what they
are putting in the descriptions.

Lastly, employing deep learning models for
advanced classification of job descriptions would
enhance the understanding of different AI
position segments and the specific skill sets
required for success. This knowledge would help
job seekers identify the roles best suited to their
skills and enable employers to craft job
descriptions that more accurately reflect their
candidate requirements.

Conclusion

This study provides key insights into AI job
postings using text analysis techniques. The
findings contribute to AI labor market research
and computational linguistics, highlighting the
evolving nature of AI job descriptions.
Generative Al being highly weighted aligns with
the post-ChatGPT surge in interest for that
skillset and the prominence of cloud platforms
and ML frameworks in entities confirms how Al
roles now demand full-stack implementation
abilities.

Disclaimer

The authors generated parts of this paper
including in the introduction and literature
review with assistance from GPT-4, OpenAl’s
large-scale language-generation model. Upon
generating draft language, the author reviewed,
edited, and revised the language to their own
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Appendix A: Top 100 Most Common Individual Words
Individual " Individual Frequency Individual Frequency
Words Words Words
Al 2094 ML 441 Patient 309
Data 1438 Employment 436 Expertise 308
Team 982 Status 422 Benefits 305
Development 838 Software 422 Analysis 303
Learning 815 Qualifications 418 Applicants 301
Support 671 Strong 414 Field 291
Business 641 Security 409 Performance 283
Ability 620 Opportunity 407 Full 278
Technology 611 Time 402 Equal 278
Systems 605 Develop 394 Products 278
Information 587 Computer 384 Industry 277
Including 582 World 377 Application 277
Years 581 Process 376 Mission 275
Solutions 578 High 371 Education 270
Research 578 Training 369 Product 268
Job 573 Degree 364 Gender 266
Technical 572 Quality 360 Problems 265
Machine 548 Tools 354 Level 264
Position 546 Professional 352 Success 260
Technologies 513 Complex 349 Employees 260
Requirements 507 Working 344 Deliver 255
Science 504 Teams 340 Include 255
Environment 502 Opportunities 335 Stakeholders 254
Engineering 494 Services 330 Understanding 252
Provide 490 Patients 327 Marketing 250
Required 488 Ensure 325 Part 247
Related 486 Disability 324 Operations 245
Management 485 Based 322 Cloud 245
Models 474 National 317 Projects 241
Design 468 Across 314 State 240
Company 467 Applications 314 Relevant 238
Knowledge 453 Program 312 Customers 237
Role 442 Range 310 Language 235
©2026 ISCAP (Information Systems and Computing Academic Professionals) Page 34

https://jisara.org; https://iscap.us



Journal of Information Systems Applied Research and Analytics (JISARA)

ISSN: 1946-1836

19 (2)
June 2026

Appendix B: Most Common Phrases

Frequency ‘ G E Frequency

Phrase

Artificial Intelligence 599 Job Description 109
Machine Learning 515 Al Models 108
Al ML 265 Cross Functional 107
Computer Science 227 Team Members 106
Data Science 172 Al Solutions 104
Generative Al 162 Team Of Professionals Who

Years Of Experience 155 Deliver 95
Veteran Status 153 Natural Language 93
Patient Care 151 Preferred Qualifications 91
High Quality 150 Fast Paced Environment 86
Full Time 148 Relevant Experience 84
Related Field 141 Interpersonal Skills 83
Fast Paced 130 Cutting Edge 82
Artificial Intelligence Ai 129 Ability To Work Gl
Communication Skills 124 Masters Degree 81
Deep Learning 124 Solving Complex Problems 81
Qualified Applicants 122 TS Scl 81
Bachelors Degree 118 Security Clearance 80
Complex Problems 114 Degree In Computer Science 79
Problem Solving 111 Natural Language Processing 79
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Abstract

This study focuses on improving LLM contextual understanding through external context sourcing
RAG. In this approach, documents containing text, images, and tables, are transformed into high-
dimensional vectors via LLM-generated embeddings, then stored in a vector database. When a user
submits a query, the LLM retrieves the most relevant documents from this vector store, enabling a
deeper understanding of the query and improving response quality. A comparative analysis—
supported by a t-test—indicates that this RAG-based model outperforms typical LLM, demonstrating
greater efficiency and accuracy. These research studies are combined in this thesis to unlock the
hidden potentials of LLMs by providing a comprehensive understanding of improving Artificial
Intelligence in contextualization for accurate answer generation and engagement. This solution
eradicates LLMs’ hallucinations by providing them with the right context and putting machines’
reasoning on the same page as humans. The thesis also creates a solution to the long challenges of Al
and the battle with the spread.
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Retrieval Augmented Generation (RAG)
Based Question and Answer System

Emmanuel Balogun, Hayden Wimmer and Carl Michael

1. INTRODUCTION

The integration of artificial intelligence (AI) into
healthcare has introduced transformative tools,
with Al-powered chatbots emerging as a key
technology for patient engagement and
information dissemination (Laranjo, 2018). In a
field where the precision and reliability of
information can have profound consequences,
the demand for accurate and contextually aware
conversational agents is paramount. However,
the efficacy of many current chatbot systems is
often undermined by their reliance on generalist
language models (Kung et al., 2023). These
models, trained on vast but non-specialized
datasets, are prone to significant shortcomings
in high-stakes environments like healthcare,
frequently producing responses plagued by
factual inaccuracies, hallucinations, and a
general lack of domain-specific knowledge,
thereby eroding user trust and limiting their
clinical utility (Jiang et al., 2023;
Thirunavukarasu et al., 2023).

While various approaches have been developed
to ground AI models in specific knowledge
domains, a persistent challenge lies in effectively
parsing the complex and varied document
formats endemic to medical literature, such as
PDFs containing a mix of unstructured text and
structured tabular data (Lin et al.,, 2019).
Existing systems often struggle to extract and
synthesize information from these
heterogeneous sources, failing to capture the
complete context required for precise query
resolution (Wang et al., 2018). This gap
highlights the need for a sophisticated data
processing pipeline capable of interpreting both
textual and tabular content to build a
comprehensive and reliable knowledge base for
specialized applications.

To address these challenges, this paper
introduces a novel Retrieval-Augmented
Generation (RAG) framework  specifically
designed to enhance the accuracy of healthcare
chatbots for answering frequently asked
questions (FAQs). The model implements a
specialized ingestion process that not only
extracts textual content from PDF documents
but also transforms embedded tabular data into
a markdown text format, a method shown to

improve multimodal data handling (Lewis et al.,
2020). By converting both content types into a
unified embedding representation, the system
creates a robust, domain-specific knowledge
base, building on prior work in the joint
understanding of textual and tabular data (Yin et
al., 2020).

This research argues that by systematically
processing the entirety of  specialized
documents, RAG-based approach significantly
mitigates the risks of misinformation and
hallucination, leading to a more reliable and
effective Al-powered conversational tool for the
healthcare sector (Shuster et al., 2021).

2. LITERATURE REVIEW

The fast rising and adoption of Large Language
Models (LLMs) has created new opportunities for
patient engagement, with Al-powered chatbots
being explored for tasks ranging from answering
patient queries to medical education (Laranjo et
al., 2018). However, the high-stakes nature of
healthcare demands a high level of precision and
reliability that general-purpose models often fail
to provide. Studies evaluating models like
ChatGPT on medical licensing exams have shown
promising results, but also highlight significant
limitations (Brucks & von Bayern, 2020). These
models, trained on broad internet corpora, are
likely to generating factually incorrect
information, a phenomenon often termed
"hallucination” [3] (Thirunavukarasu et al,,
2023). In a clinical context, such inaccuracies
can erode user trust and pose significant risks,
underscoring the critical need for systems
grounded in domain-specific, verified knowledge.

RAG has emerged as a leading architectural
model to address the limitations of standalone
LLMs. First proposed by (Lewis et al., 2020), the
RAG framework enhances generative models by
enabling them to retrieve relevant information
from an external knowledge base before
generating a response. This approach directly
grounds the model's output in factual data,
which has been shown to significantly reduce the
incidence of hallucination in conversational Al
(Shuster et al., 2021). In the medical field, RAG
offers a pathway to create more reliable AI
systems by connecting them to curated sources
of medical literature and data. Recent work by
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(Yang et al., 2024) demonstrates the application
of RAG in healthcare to mitigate biases and
overcome the static knowledge limitations of
generative models, thereby improving the
reliability of AI-driven responses.

While RAG provides a robust framework, its
effectiveness is fundamentally dependent on the
quality of its knowledge base. In healthcare, a
significant portion of specialized knowledge is
encapsulated in PDF documents, which often
feature complex layouts containing a mixture of
unstructured text, tables, and figures. Traditional
methods for clinical information extraction have
long grappled with the complexities of parsing
these varied formats (Lin et al., 2019; Wang et
al., 2018). This challenge persists in modern
RAG systems. (Lin, 2024) highlights that
conventional PDF parsing methods often fail to
accurately recognize document structures,
leading to flawed information retrieval. To
address this, the introduction of deep learning-
based parsers like ChatDOC has been shown to
significantly improve the chunking and
extraction of content from complex layouts,
including tables and multi-column text, thereby
enhancing the accuracy of downstream RAG
tasks.

Beyond simple text extraction, a key challenge is
creating a unified understanding of both the
textual and tabular data within medical
documents. Foundational work (Yin et al., 2020)
with TaBERT demonstrated the feasibility of
pretraining models to jointly comprehend
information from natural language text and
structured tables. This is crucial for healthcare
applications where clinical data, lab results, and
treatment guidelines are often presented in
tabular form.

Building on this, recent advancements in RAG
have focused on optimizing the retrieval process
itself. For instance, the Blended RAG framework
proposed by (Sawarkar et al.,, 2024) combines
keyword-based, dense vector, and semantic
search to form hybrid queries, improving
retrieval relevance. Similarly, (Ghali et al.,
2024; Koo et al.,, 2024) introduced a query
optimization method that refines user queries to

enhance retrieval accuracy, particularly in
scientific contexts.
These advanced retrieval strategies, when

combined with sophisticated parsing techniques,
provide a foundation for building a
comprehensive and reliable knowledge base
from the heterogeneous data found in medical
literature. This review reveals a clear need for
an integrated RAG framework that specifically

addresses the end-to-end challenge of ingesting
complex PDF documents, transforming both
textual and tabular data into a unified
representation, and leveraging this for accurate,
domain-specific answer generation in healthcare.

3. METHODOLOGY

The methodology described herein outlines the
development of a RAG based question-answering
(QA) system. The system’s primary goal is to
utilize document retrieval to enhance the
relevance and accuracy of LLM outputs when
answering questions based on knowledge
retrieved from PDF documents. While we use
PDF documents as case study, modern RAG can
accept a myriad of document types. This section
delves into all RAG process stages, from data
preprocessing, embedding, and indexing
strategies, retrieval techniques, and the final
question-answering mechanism, thoroughly
exploring each component of the system.

We utilized a series of highly optimized Python
libraries like Unstructured, LangChain,
PDFplumber, Natural Language Processing
(NLP), Numpy, and pandas to handle the
various data types and formats present in PDF
documents. By partnering with Institute for
Health Logistics & Analytics (IHLA), case study
documents which contains the One health joint
plan of action (2022-2026) and The US
investigating the origins of covid-19 hearing.
These documents were parsed using
UnstructuredPDFLoader, a component  of
langchain library built to process unstructured
text data from diverse document formats,
making it well-suited for extracting both textual
and tabular data from complex PDF documents.
Additionally, the PDFplumber was employed to
extract tabular data from document. This choice
was guided by the PDFplumber's ability to
accurately detect table boundaries and parse
them into structured data formats. Using
multiple parsing libraries was critical to ensure
data integrity and maximize the quality of the
extracted content.

Document Preprocessing

Document processing involved reading the PDF
input document using the
UnstructuredPDFLoader. The text contained
within the document was extracted and prepared
for subsequent operations. This was done to
ensure that the model received a clean and
consistent input across all document sections.

One of the significant challenges when handling
PDFs is the extraction of tabular data. Tables,
which often contain structured numerical or
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categorical information, cannot be processed in
their native format by LLMs. To address this,
PDFplumber was used to extract tables, which
were then converted into a Markdown format.
Markdown allows for the structured
representation of tabular data using simple text
symbols, which the downstream LLM can easily
understand during the question-answering
phase.

Figures 1 and 2 as shown below illustrates how
tabular data is converted into markdown format
to help LLMs understand the concept of tables.

Column1 Column 2 Column 3

Row 1, Col 1 Row 1, Col 2 Row 1, Col 3

Row 2, Col 1 Row 2, Col 2 Row 2, Col 3

Row 3, Col 1 Row 3, Col 2 Row 3, Col 3

Figure 1: Initial Table

| Column 1 | Column 2 | Column 3 |
e f-=-----=-- === [

| Row 1, Col 1 | Row 1, Col 2 | Row 1, Col 3|
| Row 2, Col 1 | Row 2, Col 2 | Row 2, Col 3 |
| Row 3, Col 1 | Row 3, Col 2 | Row 3, Col 3|

Figure 2: Markdown text format for LLM

This process of converting tables into Markdown
offers two key advantages:

¢ Text-based Representation: The LLM can
now process the tables as text, enabling it to
understand tabular relationships linearly,
which is vital for generating answers that
consider tabular data.

¢ Seamless Integration: Markdown tables
integrate smoothly with other text, ensuring
that the context of both text and tabular
data is preserved during the chunking and
embedding stages.

Once the text and tables were extracted and
cleaned, the next step involved dividing the
document into smaller chunks for embedding.
The document was split into text blocks of
approximately 4,000 characters each using the
RecursiveCharacterTextSplitter, a LangChain
Python library tool. This recursive text splitter
was selected due to its ability to maintain
context while chunking large volumes of text.

Chunking is an essential step in building
retrieval-based systems because large
documents must be broken down into more
manageable pieces. In this context, a balance
was struck between chunk size and
computational efficiency:

¢ Chunk Size: A 4,000-word chunk was
chosen because it fits well with the input
token limits of 4,000 OpenAl's language
models input token and ensures that the
context within a chunk remains coherent.

¢ Recursive Splitting: The recursive splitting
strategy allows the algorithm to adjust
chunk boundaries intelligently, ensuring that
the content isn't arbitrarily truncated in a
way that may lose important context (e.g.,
between paragraphs or sections).

Text Embedding and Indexing

After chunking, each text block was passed
through the OpenAl embedding model to
generate a dense vector representation.
Embeddings are critical in enabling the system
to perform semantic search, as they convert
textual information into numerical vectors that
capture the meaning of the text.

Mathematical Representation
Let:

T; represent the i-th text block in the set of text
blocks.

f(Ti) =vi, Where wvi is the dense vector
representation (embedding) of dimension k
generated by the embedding model f(-)

Thus, the embedding generation process can be
expressed as:

v; = f(T;), foreachie{l,2,..,n}

Here, f(Ti) maps the text block T; to its
corresponding embedding vector wv; which
enables tasks like semantic search by comparing
vectors in the embedding space.

We used OpenAl’s embedding model to generate
vector representations of each text chunk
(Figure 3). Embeddings are a core component of
most modern NLP models, as they encode the
semantic content of text in a continuous vector
space. The advantage of OpenAl embeddings
lies in their pre-training on diverse datasets,
enabling robust and generalizable
representations of a wide variety of text types.

By encoding the text as vectors, we could
transform the text retrieval problem into a
vector similarity search  problem. This
transformation enables the model to retrieve
chunks based on the semantic similarity
between the user query and the embedded text.

Once the document chunks were embedded,
they were stored in a vector index for fast and
efficient retrieval. The FAISS (Facebook AI
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Similarity Search) library was chosen to build
this vector store. FAISS is a widely used library
for fast approximate nearest neighbor (ANN)
search, particularly when working with large sets
of dense vectors. FAISS supports both exact and
approximate searches, with its approximate
search algorithms being ideal for large-scale
systems where retrieval speed is critical. In this
system, FAISS provided the following benefits:

Efficiency: FAISS offers highly efficient
indexing and search capabilities, even on
datasets containing millions of vectors.

Scalability: The system can easily be
scaled up to handle much larger or multiple
documents without a significant increase in
query latency.

o

Data Preprocessing using python Libraries

PDF document input

Extracted Text Corpora and Table in Markdown form

Text Embedding using OpenAl
API through Langchain

—

W
(@

& 5

FAISS Vector store

Figure 3: Document
FAISS Vector store.

Embedding using

Retrieval and Answer Generation

Each document chunk's embedding was added
to the FAISS index. This allowed the system to
perform a similarity search across the document
when the user posed a query. The index was
built using FAISS’s IndexFlatL2 algorithm, which
performs an exact search based on Euclidean
distance between vectors. FAISS was chosen for
its ability to handle large amounts of vector data
in memory, providing a balance between
accuracy and speed. By storing the embedded
document chunks in this index, we enabled the
model to perform quick lookups of relevant
sections of the document based on a user’s
query.

The core of the retrieval process is based on
cosine similarity, which measures the angular
distance between vectors. Cosine similarity was
chosen for this application because it has been
shown to be highly effective in semantic search
tasks, where the goal is to retrieve content

based on meaning rather than exact keyword
matches.

Given two vectors v, and v, representing the
query embedding and document embedding,
respectively, the cosine similarity cos(v,, vq)
between the query and a document chunk can
be computed using the following formula:

vq~vd

Cos(vq, 'Ud) = m

Where:

v, - vq is the dot product of the query vector
and the document vector.

|vgl is the Euclidean norm (magnitude) of
the query vector.

v4| is the Euclidean norm (magnitude) of the
document vector.

The cosine similarity measures the cosine of the
angle between these two vectors. A higher value
(closer to 1) indicates higher semantic similarity
between the query and the document chunk,
while a value closer to 0 indicates less similarity.

Therefore, in the retrieval process:

e For each document chunk d in the FAISS
index, compute its embedding v,

e For a given query, compute its embedding v,
using the same embedding model.

e Cosine similarity between v, and v, .

e Rank the document chunks based on their
cosine similarity scores and retrieve the
most relevant chunks (those with the
highest similarity).

When the user asks a question (query), the
system first generates an embedding for the
query using the OpenAl embedding. This query
embedding will then be compared against the
document embeddings stored in the FAISS index
using cosine similarity to determine which
chunks from the document are semantically
closely related to the query.

Once the most relevant document chunks were
retrieved, they were passed along with the
user’s question into the final question-answering
stage. The retrieval process ensured that the
model had access to only the most pertinent
sections of the document, reducing noise and
improving the quality of the generated response.

The system as shown in Figure 4 wused
LangChain, a framework designed to integrate
document retrieval with LLMs to generate an
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answer from the retrieved document chunks.
LangChain was selected due to its modular
architecture, which facilitates easy integration of
various components, such as document retrieval,
question answering, and generation workflows.

Prompt

Langchain(LLM API

A | v

Related Document LLM

(v .
(O

Vector Store

Figure 4: RAG Question and Answer
working system.

Once LangChain combined the retrieved
document chunks and the user’s query, it was
passed into OpenAl’s language model for answer
generation. The language model used the
retrieved context to generate accurate, context-
aware answers to the user's question. This
hybrid approach, leveraging both retrieval and
generation, ensured that the system could
answer complex queries grounded in the
document's content while benefiting from the
broad linguistic capabilities of OpenAl’s language
models.

4. RESULTS

The evaluation of LangChain and LLM involves
assessing the semantic accuracy of their
answers compared to a ground truth answer.
These answers were evaluated based on
Bidirectional Encoder Representations from
Transformers score (BERT) similarity, providing a
detailed comparison of the effectiveness of each
model in understanding and generating
responses.

Model Performance on Various Questions

Various questions from the document were
passed on to the models; their answers were
evaluated against the ground truth using BERT.
BERT scores quantify the semantic similarity
between two pieces of text, and in this case, it

was used to compare the answers generated by
the models to the ground truth. A detailed
breakdown of the questions, model answers, and
their corresponding BERT scores is shown in the
Appendix.

Each model demonstrated distinct strengths
across different types of questions. The LLM was
generally more consistent in providing concise
and factual responses, particularly when the
question directly aligned with specific document
content. However, with more BERT score values,
the RAG often outperformed the LLM in
generating more precise and contextually richer
responses that offered more detailed insights,
especially when dealing with more complex or
interpretive queries.

Research Result Hypothesis

Answers generated by RAG and LLM seem to
show a significant difference in efficiency. To
further demonstrate these differences, we
conducted a human survey through Institutional
Review Board (IRB) approved health
professionals recruited from a prominent One
Health conference. All subjects are verified
experts in the OneHealth model. A total of 17
respondents participated, each rated 15 sets of
questions and answers. There is a null
hypothesis (HO) and an alternative hypothesis
(H1).

HO (null hypothesis): No statistically
significant difference exists between standard
LLM and RAG.

H1 (research hypothesis): RAG significantly
outperforms LLM.

We used Qualtrics, an online survey platform, to
conduct our survey. Out of 20 RAG questions, 14
were randomly shown to participants. The
answers from the model and RAG were also
randomized, ensuring that the order of the
answer switches between the LLM and RAG
responses. Participants were asked to rate the
accuracy of the answers based on how closely
they matched the ground truth, using a 1 to 7
scale. On this scale, a lower score indicated
more substantial agreement with the answer,
while a higher score indicated stronger
disagreement. Data from the survey was
collected and analyzed, and the hypothesis
testing was followed by applying a t-test
evaluation to assess the differences between the
models. The results of the analysis are
presented in the Table 1 below.
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LLM RAG
Mean 3.919 2.784
Variance 3.993 2.583
Observations 74 74
Pearson
Correlation 0.225
Hypothesized
Mean 0
Difference
df 73
t Stat 4.31
P(T<=t) 0.0000
one-tail
t Critical one- 1.666
tail
P(T<=t) two- 0
tail
t Critical two- 1.993
tail

Table 1: T-test for Research Result
Hypothesis.

The mean score for RAG (2.784) is lower than
that for LLM (3.919), indicating that participants
rated RAG answers as more accurate and closely
aligned with the ground truth. The t-statistic of
4.31 exceeds the critical t-value for both one-tail
(1.666) and two-tail (1.993) tests, indicating
that the difference is statistically significant at
the 5% level. The p-value for the one-tailed test
is approximately 0.000000, which is well below
the significance threshold (0.05). Therefore, we
reject the null hypothesis and conclude that
there is a statistically significant difference
between LLM and RAG.

Since RAG has a lower mean score (indicating
higher accuracy based on the rating scale), the
results support the alternative hypothesis (H1)
that RAG with BERT similarity improves
robustness and significantly outperforms LLM
model. Through human evaluation, findings
shows that RAG significantly outperforms LLM
regarding accuracy and alignment with the
ground truth.

5. CONCLUSION

A comparative analysis was performed to
evaluate the performance of a RAG model
against a standard LLM in a question-and-
answer system. The study aimed to assess the
accuracy and alignment of responses generated
by both models through a structured human
survey. Participants rated the accuracy of the

answers based on their agreement with the
ground truth using a 1 to 7 scale, where lower
scores indicated more substantial agreement
and higher scores indicated stronger
disagreement. A paired t-test was conducted to
determine  whether this difference was
statistically significant. The t-statistic value of
4.31 exceeded the critical t-values for both one-
tailed (1.666) and two-tailed (1.993) tests at the
5% significance level.

The p-value for the one-tailed test was
approximately 0.000000, which is well below the
significance threshold of 0.05. As a result, the
null hypothesis (H,) was rejected, and findings
support the alternative hypothesis (H;) that RAG
significantly outperforms LLM in terms of
accuracy based on human evaluation. The
superior performance of RAG is attributed to its
ability to combine external knowledge retrieval
with language generation.

Unlike standard LLMs relying solely on pre-
trained knowledge, RAG systems enhance
accuracy by retrieving information from
authoritative sources, ensuring that generated
answers are contextually grounded and
accurate. This hybrid approach enables RAG to
provide more detailed and reliable answers,
particularly for complex or fact-based queries.

These results underscore the potential of RAG-
based systems to improve the accuracy and
trustworthiness of  Al-generated content,
especially in real-time information validation and
fact-checking applications. This research has
several key limitations that will be addressed in
future work, including a limited case study
dataset, the exclusion of image content retrieval,
and the use of a single LLM model for
comparison.

In conclusion, the findings demonstrate that
RAG significantly outperforms LLM regarding
accuracy and alignment with the ground truth,
highlighting the value of retrieval-augmented
frameworks in delivering more reliable and
context-aware responses.
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Appendix

Detailed breakdown of the questions, model answers, and their corresponding
BERT scores

QUESTION 1 What organizations make up the quadripartite?

LLM ANSWER

The Quadripartite is composed of four international organizations: the World Health Organization
(WHO), the Food and Agriculture Organization (FAO), the World Organisation for Animal Health
(WOAH, formerly OIE), and the United Nations Environment Programme (UNEP). These organizations
collaborate to address global health challenges at the human-animal-environment interface, focusing
on areas like zoonotic diseases, food safety, and antimicrobial resistance. Their combined efforts aim
to promote a unified approach to global health, known as the One Health initiative.
LANGCHAIN-ANSWER

The quadripartite is made up of the Food and Agriculture Organization of the United Nations (FAO),
the United Nations Environment Programme (UNEP), the World Organisation for Animal Health
(WOAH, founded as OIE), and the World Health Organization (WHQ). These organizations collaborate
to address health challenges at the human-animal-plant-environment interface. They have developed
the One Health Joint Plan of Action (OH JPA) to promote sustainable health solutions.
LANGCHAIN-BERT-score 0.9366606

LLM-BERT-score 0.90872216

QUESTION 2 Why is a joint Plan of Action needed?

LLM ANSWER

A joint Plan of Action is needed to ensure coordinated efforts and alignment among stakeholders
toward achieving a common goal. It helps in pooling resources, avoiding duplication of efforts, and
maximizing the impact of collective actions. Moreover, it establishes clear roles and responsibilities,
which enhances accountability and efficiency in addressing the targeted issue.
LANGCHAIN-ANSWER

A joint Plan of Action is needed to address the interconnected health threats to humans, animals,
plants, and the environment in an integrated manner, promoting sustainable development. It aims to
improve collaboration, coordination, and capacity-building across sectors to effectively prevent,
predict, detect, and respond to health threats. Additionally, it seeks to leverage resources and
expertise from various stakeholders to achieve comprehensive One Health outcomes.
LANGCHAIN-BERT-score 0.8954361

LLM-BERT-score 0.87486625

QUESTION 3 What is the definition of One Health?

LLM ANSWER

One Health is an integrated, unifying approach that aims to optimize the health of people, animals,
and ecosystems by recognizing their interconnection. It involves collaboration across various
disciplines, including human medicine, veterinary medicine, environmental science, and public health,
to address complex health challenges. The One Health approach is critical for effectively managing
zoonotic diseases, food safety, and environmental hazards that impact global health.
LANGCHAIN-ANSWER

One Health is an integrated, unifying approach that aims to sustainably balance and optimize the
health of humans, animals, plants, and ecosystems. It recognizes that the health of humans, domestic
and wild animals, plants, and the wider environment are closely linked and interdependent. The
approach mobilizes multiple sectors, disciplines, and communities at varying levels of society to work
together to foster well-being and tackle threats to health and ecosystems.
LANGCHAIN-BERT-score 0.9097894

LLM-BERT-score 0.91218096

QUESTION 4 List the key objectives of the Joint Plan of Action.

LLM ANSWER

The Joint Plan of Action (JPA) aimed to ensure that Iran's nuclear program would be exclusively
peaceful by limiting its nuclear activities. It sought to provide Iran with limited, temporary, and
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reversible sanctions relief in exchange for verifiable actions that curtail its nuclear program.
Additionally, the JPA established a framework for future negotiations towards a comprehensive and
long-term solution to Iran's nuclear issue.

LANGCHAIN-ANSWER

The key objectives of the One Health Joint Plan of Action (OH JPA) include providing a framework for
collective and coordinated action to mainstream the One Health approach at various levels, offering
policy and legislative advice and technical assistance to set national targets and priorities, and
promoting collaboration, learning, and exchange among nations, sectors, and disciplines. Additionally,
the OH JPA aims to take stock of existing cross-sectoral initiatives, identify synergies and overlaps,
and support coordination. It also focuses on mobilizing and optimizing the use of resources across
sectors, disciplines, and stakeholders.

LANGCHAIN-BERT-score 0.84955204

LLM-BERT-score 0.8311661

QUESTION 5 How can the environmental sector contribute to the initiative?

LLM ANSWER

The environmental sector can contribute to the initiative by promoting sustainable practices that
reduce carbon emissions and conserve natural resources, ensuring long-term environmental health.
By integrating eco-friendly technologies and supporting renewable energy solutions, it can drive
innovation in reducing environmental impact. Additionally, collaboration with other sectors can help
raise awareness and implement policies that prioritize sustainability in both local and global contexts.
LANGCHAIN-ANSWER

The environmental sector can contribute to the initiative by developing and implementing advocacy
training and tools for decision-makers, conducting national environment sector needs assessments,
and creating interoperable One Health training courses for professionals. Additionally, the sector can
ensure the inclusion of environmental considerations in medical, public health, and veterinary training,
and integrate systems thinking into core academic modules. These efforts will help influence One
Health policies and ensure that environmental priorities are adequately represented.
LANGCHAIN-BERT-score 0.88010305

LLM-BERT-score 0.8791212

QUESTION 6 What is the Joint Plan of Action?

LLM ANSWER

The Joint Plan of Action (JPOA) is an interim agreement reached in 2013 between Iran and the P5+1
(the U.S., UK, France, Russia, China, and Germany) concerning Iran's nuclear program. It aimed to
limit Iran's nuclear activities in exchange for temporary relief from economic sanctions while a more
comprehensive agreement was negotiated. The JPOA served as the foundation for the subsequent
2015 Joint Comprehensive Plan of Action (JCPOA), commonly known as the Iran nuclear deal.
LANGCHAIN-ANSWER

The One Health Joint Plan of Action (OH JPA) is a strategic framework developed by the Quadripartite
organizations (FAO, WHO, WOAH, and UNEP) to address health threats at the human-animal-
environment interface. It aims to prevent, predict, detect, and respond to health threats while
promoting sustainable development. The OH JPA outlines specific actions, deliverables, and timelines
to achieve long-term and medium-term health outcomes through a coordinated One Health approach.
LANGCHAIN-BERT-score 0.8350722

LLM-BERT-score 0.83486396

QUESTION 7 Describe the theoretical basis of the plan

LLM ANSWER

The theoretical basis of the AI-Driven Agile Risk Management Tool lies in leveraging machine learning
algorithms to predict risks by analyzing historical project data, team dynamics, and project
complexity. This approach integrates principles from Agile methodologies, emphasizing adaptability
and iterative improvements in risk management through real-time assessments. By utilizing predictive
analytics, the tool provides proactive risk mitigation strategies, enabling teams to make informed
decisions and maintain project momentum amidst uncertainties.

LANGCHAIN-ANSWER

The theoretical basis of the One Health Joint Plan of Action (OH JPA) is built on the premise that an
integrated, multisectoral, holistic, and transdisciplinary approach can effectively address pressing
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health challenges. The theory of change is supported by three pathways: policy, legislation, advocacy,
and financing; organizational development, implementation, and sectoral integration; and data,
evidence, and knowledge. These pathways collectively aim to achieve the medium- and long-term
outcomes of improved health for humans, animals, plants, and the environment, while reducing health
threats at the human-animal-plant-environment interface.

LANGCHAIN-BERT-score 0.8406563

LLM-BERT-score 0.81940776

QUESTION 9 What are the six action tracks?

LLM ANSWER

The six action tracks refer to key focus areas outlined in various global frameworks for addressing
critical challenges. These tracks typically include areas like health, climate action, poverty reduction,
education, economic development, and technology innovation. Each track represents a targeted
approach to solving specific issues within these broad domains, often fostering collaborative efforts
between governments, organizations, and communities.

LANGCHAIN-ANSWER

"The six action tracks are:

. Enhancing One Health capacities to strengthen health systems.

. Reducing the risks from emerging and re-emerging zoonotic epidemics and pandemics.

. Controlling and eliminating endemic zoonotic, neglected tropical, and vector-borne diseases.

. Strengthening the assessment, management, and communication of food safety risks.

. Curbing the silent pandemic of antimicrobial resistance.

. Integrating the environment into One Health."

LANGCHAIN-BERT-score 0.83532774

LLM-BERT-score 0.84236777

aOUhWNHE

QUESTION 9 How does the plan of action build upon other initiatives?

LLM ANSWER

The plan of action builds upon other initiatives by leveraging past successful strategies and
incorporating lessons learned to enhance current objectives. It aligns with ongoing projects to create
synergy, ensuring that resources and expertise are shared effectively. Additionally, it introduces
innovative approaches to address gaps identified in previous efforts, aiming for more comprehensive
and sustainable outcomes.

LANGCHAIN-ANSWER

The One Health Joint Plan of Action (OH JPA) builds upon other initiatives by complementing and
supporting their implementation at various levels, including global, regional, and national. It
strategically aligns with relevant initiatives such as the Global Action Plan on AMR, the Road Map for
Neglected Tropical Diseases, and the WHO global strategy on health, environment, and climate
change. The OH JPA offers a coordinated framework that integrates existing guidance, best practices,
and tools from these initiatives to advance One Health objectives comprehensively.
LANGCHAIN-BERT-score 0.87298435

LLM-BERT-score 0.87678677

QUESTION 10 How do the activities in 6.1 differ from the activities in 6.3?

LLM ANSWER

The activities in 6.1 focus on preventive measures and surveillance systems to monitor public health
risks, emphasizing early detection and proactive interventions. In contrast, the activities in 6.3 are
centered on response and recovery, addressing the management of health crises and mitigation of
their impact on affected populations. While 6.1 is more focused on preparedness, 6.3 deals with
reactive measures and long-term recovery strategies.

LANGCHAIN-ANSWER

The activities in 6.1 focus on identifying and mitigating anthropogenic factors leading to environmental
degradation, promoting sustainable resource management, and supporting policies for Indigenous
Peoples and wildlife economies. In contrast, the activities in 6.3 are not detailed in the provided
context, so specific differences cannot be fully outlined. However, 6.1 emphasizes practical measures
for environmental conservation and policy support, while 6.3 likely involves different aspects of
integrating the environment into One Health.

©2026 ISCAP (Information Systems and Computing Academic Professionals) Page 46
https://jisara.org; https://iscap.us



Journal of Information Systems Applied Research and Analytics (JISARA) 19 (2)
ISSN: 1946-1836 June 2026

LANGCHAIN-BERT-score 0.89234847

LLM-BERT-score 0.89168185
QUESTION 11 What action track has the highest number of deliverables?
LLM ANSWER

The action track with the highest number of deliverables is typically the one focused on capacity
building and stakeholder engagement. This track often includes numerous initiatives aimed at training,
partnership development, and resource allocation. As a result, it generates a larger number of tangible
outputs compared to more specialized tracks

LANGCHAIN-ANSWER

Action track 6, "Integrating the environment into One Health," has the highest number of deliverables.
This track includes multiple activities aimed at promoting sustainable management of nature,
enhancing ecosystem integrity, and integrating environmental knowledge into One Health decision-
making. The deliverables span various timelines and involve extensive collaboration across sectors.
LANGCHAIN-BERT-score 0.88623744

LLM-BERT-score 0.90800357

QUESTION 12 Summarize the recommendations for enhancing One Health capacities to strengthen
health systems.

LLM ANSWER

The recommendations for enhancing One Health capacities to strengthen health systems focus on
improving cross-sectoral collaboration, particularly between human, animal, and environmental health
sectors. They emphasize the need for stronger surveillance systems, better data sharing, and
integrated response mechanisms to detect and manage health threats more effectively. Additionally,
capacity-building initiatives, such as training and resource allocation, are recommended to ensure
sustained coordination and preparedness across all sectors.

LANGCHAIN-ANSWER

The recommendations for enhancing One Health capacities include developing methodologies and tools
for monitoring and evaluation, establishing financial needs and mechanisms for One Health
investments, and advocating for political prioritization through economic case studies and national
strategies. Additionally, it emphasizes the creation of a competent One Health workforce through joint
processes, capacity building, and public engagement. These efforts aim to improve coordination,
communication, and the integration of health systems at the human-animal-plant-environment
interface.

LANGCHAIN-BERT-score 0.89351654

LLM-BERT-score 0.8894139

QUESTION 13 In what ways does gender equality serve as a guiding principle in the Joint Plan of
Action?

LLM ANSWER

Gender equality serves as a guiding principle in the Joint Plan of Action by ensuring that health
initiatives consider the specific needs and vulnerabilities of all genders. It promotes equal access to
resources, healthcare, and decision-making opportunities, fostering inclusive policies that address
disparities. Additionally, it emphasizes the importance of empowering women and marginalized groups
in the implementation and leadership of health interventions.

LANGCHAIN-ANSWER

Gender equality in the Joint Plan of Action (OH JPA) supports gender equity and women's
empowerment, taking a gender-sensitive perspective that considers vulnerabilities specific to each
national context. This principle is consistent with the 2030 Agenda for Sustainable Development. The
OH JPA emphasizes inclusiveness and equity, ensuring active participation and communication with
communities, and recognizing the importance of local and traditional knowledge alongside scientific
research.

LANGCHAIN-BERT-score 0.8834198

LLM-BERT-score 0.8693475

QUESTION 14 What is the vision?

LLM ANSWER

The vision is to create a healthier, more resilient world by fostering collaboration across human,
animal, and environmental health sectors under the One Health approach. It aims to prevent, detect,
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and respond to health threats more effectively by integrating diverse expertise and resources.
Ultimately, the vision aspires to build sustainable systems that safeguard global health and well-being
for current and future generations.

LANGCHAIN-ANSWER

The vision (impact) of the One Health Joint Plan of Action (OH JPA) is to create a world better able to
prevent, predict, detect, and respond to health threats while improving the health of humans, animals,
plants, and the environment. This vision aims to contribute to sustainable development. The desired
impact is expected to be achieved within a 15-20-year timeline.

LANGCHAIN-BERT-score 0.89629817

LLM-BERT-score 0.86143655

QUESTION 15 What factors influence the emergence of antimicrobial resistance?

LLM ANSWER

The emergence of antimicrobial resistance (AMR) is influenced by the overuse and misuse of
antibiotics in both human medicine and agriculture, which accelerates the adaptation of microbes.
Poor infection prevention and control practices in healthcare settings and insufficient sanitation in
communities also contribute to the spread of resistant strains. Additionally, the lack of new antibiotic
development and the global movement of people and animals further exacerbate the spread of AMR.
LANGCHAIN-ANSWER

The emergence of antimicrobial resistance (AMR) is influenced by the overuse and misuse of
antimicrobials in human, animal, and plant sectors. Social and environmental factors such as
insufficient access to health services, inadequate production and housing, lack of clean water, poor
sanitation, waste management, and hygiene also accelerate the spread of resistant genes and
pathogens. Additionally, insufficient regulatory frameworks and a lack of awareness and education
about the risks of AMR and the appropriate use of antimicrobials contribute to the problem.
LANGCHAIN-BERT-score 0.918555

LLM-BERT-score 0.9042939

QUESTION 16 What timeline is covered in the Joint Plan of Action?

LLM ANSWER

The Joint Plan of Action typically covers a timeline of five years, providing a structured framework for
addressing health threats through coordinated efforts. This period allows for phased implementation,
monitoring, and evaluation of key activities aimed at strengthening One Health capacities. It also
ensures flexibility to adapt to emerging health challenges within the specified timeline.
LANGCHAIN-ANSWER

The Joint Plan of Action covers a timeline of 1 to 5 years. Specific activities and deliverables are
planned across this period, with some actions scheduled for completion within 1 year, others within 2-
3 years, and the remainder within 4-5 years. The plan aims to achieve medium-term outcomes by
2026.

LANGCHAIN-BERT-score 0.8803032

LLM-BERT-score 0.8429157

QUESTION 17 Who provided input into the Joint Plan of Action?

LLM ANSWER

Input into the Joint Plan of Action was provided by a wide range of stakeholders, including
representatives from human, animal, and environmental health sectors. Key contributors included
international organizations like the World Health Organization (WHO), the Food and Agriculture
Organization (FAO), and the World Organisation for Animal Health (WOAH). Additionally, national
governments, academic institutions, civil society, and local communities played vital roles in shaping
the plan through consultations and collaborative efforts.

LANGCHAIN-ANSWER

The Joint Plan of Action (OH JPA) was informed by evidence, best practices, and existing guidance
from the Quadripartite. It also incorporated input from countries, international partners, and non-state
actors such as civil-society organizations, professional associations, academia, and research
institutions. The implementation of proposed actions at the national level involved consultation with
Members, Member States, and State Parties.

LANGCHAIN-BERT-score 0.86545044

LLM-BERT-score 0.83925253
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QUESTION 18 What are common barriers observed in enhancing One Health capacities?

LLM ANSWER

Common barriers to enhancing One Health capacities include a lack of coordinated communication and
collaboration between human, animal, and environmental health sectors. Insufficient funding and
resources often hinder the implementation of integrated health initiatives, while gaps in surveillance
systems limit the early detection of health threats. Additionally, varying political priorities and
regulatory frameworks across sectors and countries create challenges for unified action and sustained
progress.

LANGCHAIN-ANSWER

Common barriers observed in enhancing One Health capacities include a lack of cooperation between
internal and external stakeholders, limited engagement with the environmental sector, and
professional segregation. Additionally, there is limited standardization around One Health curricula and
competency-based frameworks. Commercial, academic, reputational, and profit motives often
supersede collaborative efforts, further hindering progress.

LANGCHAIN-BERT-score 0.89567107

LLM-BERT-score 0.89926213

QUESTION 19 Lijst all the activities that need to happen in Year 1.

LLM ANSWER

In Year 1, key activities include establishing cross-sectoral collaboration frameworks and setting up
integrated surveillance systems for early detection of health threats. Capacity-building programs must
be initiated to train personnel across human, animal, and environmental health sectors. Additionally,
initial assessments and resource mapping are required to identify gaps in current health systems and
allocate necessary resources for effective implementation.

LANGCHAIN-ANSWER

In Year 1, the activities that need to happen include developing frameworks and mechanisms for
public participation, promoting One Health cross-sectoral collaboration and partnerships, developing
operational tools to support science-based One Health coordinated strategic technical actions, and
providing guidance on the appropriate use of integrated One Health information, surveillance, and
emergency response systems. Additionally, guidance and tools for transparent and trusted One Health
collaborative governance, effective communication structures, and mechanisms for joint funding and
resource mobilization need to be provided. Other activities include promoting One Health task forces
and working groups, identifying and quantifying anthropogenic factors leading to environmental
degradation, enhancing private-sector and NGO engagement in sustainable natural resource
management, and promoting the transition towards sustainable, climate-smart, agroecological

approaches.
LANGCHAIN-BERT-score 0.88191336
LLM-BERT-score 0.8496687

QUESTION 20 How does natural resource management contribute to the One Health approach?

LLM ANSWER

Natural resource management contributes to the One Health approach by ensuring the sustainable use
of ecosystems, which helps prevent the emergence and spread of zoonotic diseases. By maintaining
healthy environments, it reduces human and animal exposure to pathogens that thrive in degraded or
disrupted ecosystems. Additionally, responsible management of natural resources promotes
biodiversity, which is critical for ecosystem resilience and the overall health of both people and
animals.

LANGCHAIN-ANSWER

Natural resource management contributes to the One Health approach by preserving biodiversity and
maintaining ecosystem health, which helps limit the emergence and transmission of diseases across
the animal-human-plant interface. It also addresses environmental hazards such as pollution and
climate change, which pose significant health threats to humans, animals, and plants. Integrating
environmental considerations into One Health policies and interventions enhances disease prevention,
preparedness, and promotes sustainable health solutions.

LANGCHAIN-BERT-score 0.9136984

LLM-BERT-score 0.9048505
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Abstract

Artificial intelligence (AI) is improving the field of predictive healthcare by enabling data-driven
decision-making through advanced machine learning (ML) algorithms. Stroke prediction is challenging
due to highly imbalanced clinical datasets, where positive cases are rare. This study investigates the
impact of data-level resampling methods on the performance of Al-driven predictive models. Four
widely used classifiers—Logistic Regression (LR), Random Forest (RF), Extreme Gradient Boosting
(XGBoost), and Gradient Boosting (GB)—were applied to a highly imbalanced stroke dataset. Models
were evaluated across key Al performance metrics. Paired t-tests assessed the statistical significance
of observed differences. This comparative analysis offers critical insights into how data balancing
techniques impact the reliability of AI models. The findings support the development of more effective
and ethically responsible Al systems for early stroke detection.
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Improving AI-Driven Stroke Prediction Models: A Comparative
Evaluation of SMOTE and Undersampling Methods

Dara Tourt and Queen Booker

1. INTRODUCTION

Artificial intelligence (AI) is increasingly
important in healthcare, supporting diagnosis,
prediction, and management of complex
conditions. Stroke prediction is a particularly
high-impact application given the sudden onset
and severe consequences of stroke. Machine
learning (ML) models show promise for
identifying risk by analyzing large-scale
electronic health records, but their effectiveness
is often limited by classification imbalance:
stroke-positive cases represent only a small
fraction of the data, making accurate detection
difficult. In such scenarios, models tend to favor
the majority class and overlook minority cases,
raising the risk of false negatives—an
unacceptable outcome in clinical settings where
early detection is critical.

To address this, researchers apply resampling
techniques that adjust class distribution in
training data. Oversampling methods such as
the Synthetic Minority Over-sampling Technique
(SMOTE) create synthetic minority samples,
while undersampling approaches (e.g., Tomek
Links, Edited Nearest Neighbors, and NearMiss)
reduce majority samples to balance the data.
Despite their widespread use, few studies
provide systematic, side-by-side comparisons of
these methods across multiple ML classifiers in
stroke prediction.

This study fills that gap by evaluating the impact
of SMOTE and several undersampling techniques
on four common classifiers: Logistic Regression
(LR), Random Forest (RF), Extreme Gradient
Boosting (XGB), and Gradient Boosting (GB). We
assess performance using multiple evaluation
metrics and statistical testing to identify trade-
offs and practical implications.
Our research is guided by two questions:
e RQ1l: How do SMOTE and selected
undersampling methods compare in
improving model performance for stroke

prediction with highly imbalanced
datasets?

e RQ2: What trade-offs arise between
predictive performance when using
SMOTE versus undersampling

techniques?

By addressing these questions, this study
contributes to building more accurate and
clinically relevant Al models for early stroke
detection.

2. LITERATURE REVIEW

This section reviews key literature on stroke
prediction by focusing on classification
imbalance, oversampling methods such as
SMOTE, undersampling techniques, and the use
of machine learning models. It concludes by
identifying current research gaps that this study
aims to address.

Class Imbalance in Stroke Prediction

Class imbalance is a well-documented challenge
in healthcare datasets, where stroke-positive
cases are far fewer than non-stroke cases. This
imbalance biases models toward majority
classifications, leading to poor sensitivity in
detecting actual stroke cases and an elevated
risk of false negatives (Salmi et al., 2024; Chen
et al., 2024; Lin et al., 2024). In clinical
contexts, missed diagnoses have serious
consequences, underscoring the importance of
addressing imbalance in predictive modeling
(Aish et al., 2024).

Over-sampling Techniques: SMOTE
Over-sampling increases the representation of
minority cases in training data. The Synthetic
Minority Over-sampling Technique (SMOTE) is
one of the most widely adopted methods,
generating synthetic samples by interpolating
between existing minority cases (Chawla et al.,
2002). Studies show that SMOTE improves
sensitivity and Fl-scores in medical predictions
(Salmi et al., 2024), though it can also create
overlapping regions or introduce noise,
increasing overfitting risk (Elreedy et al., 2024;
Fernandez et al., 2018a, 2018b).

Undersampling Techniques

Undersampling reduces imbalance by removing

majority-class cases. While effective in

improving minority detection, it risks discarding

valuable information in smaller datasets.

¢ Random Undersampling (RU):

Efficient and often improves recall but
may remove informative samples (He &
Garcia, 2009).
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¢ Tomek Links: Identifies neighboring
pairs from different classes and removes
majority instances to clean decision
boundaries. It can enhance separability
but may discard useful borderline cases
(Tomek, 1976; Batista et al., 2004).

o Edited Nearest Neighbors (ENN):
Removes samples that disagree with
most neighbors, reducing noise but
sometimes overly eliminating data and
increasing computational cost (Wilson,
1972; Laurikkala, 2001).

¢ NearMiss: Retains majority cases based
on distance to minority samples,
emphasizing boundary representation
(Mani & Zhang, 2003). Variants differ in
focus: NearMiss-1 enhances sensitivity
but raises false positives; NearMiss-2
reduces overlap but may miss borderline
patterns (Yen & Lee, 2009); NearMiss-3
sharpens boundaries but can preserve
noisy examples.

Machine Learning and Sampling Methods
Machine learning classifiers such as Logistic
Regression (LR), Random Forest (RF), Gradient
Boosting (GB), and Extreme Gradient Boosting
(XGB) are widely used in healthcare prediction.
Logistic Regression remains a strong baseline
due to its interpretability, particularly when
imbalance is corrected through resampling (Saez
et al., 2015). Ensemble models like RF and GB
capture nonlinear patterns and perform well with
SMOTE or hybrid approaches (Chawla et al.,
2002; Fernandez et al., 2018). XGB, leveraging
gradient boosting, demonstrates strong
predictive power and is enhanced by resampling
techniques (Chen & Guestrin, 2016; Haixiang et
al.,, 2017). Combining these classifiers with
oversampling or undersampling consistently
improves minority-class detection in medical
datasets (Douzas & Bacao, 2018).

3. METHODOLOGY

This study follows the research methodology
used by Kamiri and Mariga (2021), which
includes Data Collection, Data Pre-processing,
Model Training, Model Testing, and Model
Evaluation. A process model outlining the
methodology’s steps is shown in Appendix F.

We aim to look at how different resampling
techniques can help improve stroke prediction
when the data is heavily imbalanced. We
compare SMOTE, a popular oversampling
method, with several undersampling approaches
like Random Undersampling, Tomek Links,
Edited Nearest Neighbors (ENN), and the three

versions of NearMiss. To see how these methods
impact results, we test them across four
commonly used machine learning models:
Logistic Regression, Random Forest, XGBoost,
and Gradient Boosting, all using a real-world
stroke dataset where positive cases are rare.

Gaps in Existing Research

While SMOTE and undersampling techniques
have been studied independently, there is
limited research that compares a broad range of
these methods within the context of stroke
prediction across multiple classifiers. Many
existing studies also lack statistical validation of
their findings, which limits the reproducibility
and reliability of their conclusions. Furthermore,
few works evaluate performance using a
comprehensive set of metrics, such as precision,
recall, F1-score, ROC-AUC, and PR-AUC, which
are essential for assessing models trained on
imbalanced data.

This study addresses these Ilimitations by
performing a side-by-side comparison of several
resampling techniques across four classifiers,
applying consistent evaluation criteria and
statistical significance testing. The findings offer
practical insights into how different resampling
methods affect stroke prediction performance
and provide guidance for building more reliable
machine learning models in healthcare.

Feature Feature description

id Unique identifier

gender Male, Female, or Other

age Age of the patient

hypertension 0 if the patient doesn't
have hypertension, 1 if
the patient has
hypertension

heart_disease 0 if the patient doesn't

have any heart diseases,
1 if the patient has a
heart disease

No or Yes

Children, Govt_job,
Never_worked, Private, or
Self-employed

Rural or Urban

Average glucose level in
the blood

bmi Body mass index
smoking_status Formerly smoked, Never

ever_married
work_type

Residence_type
avg_glucose_level

smoked, Smokes, or
Unknown
stroke 1 if the patient had a

stroke, 0 if not

Table 11: Description of Stroke Dataset
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The following section
explanation of the
adopted in this study.

provides a detailed
research methodology

Dataset
The dataset used in this study contains 5,110
instances, each representing a patient, and is
publicly available on Kaggle (Fedesoriano, n.d.).
The dataset includes a variety of attributes
relevant to predicting the occurrence of a stroke,
with detailed descriptions provided in Table 1
below.
Among the patients, 2,994 were female, 2,115
were male, and 1 was categorized as other. The
average age was 43 years, with a range from 18
to 82 vyears. Additionally, 498 patients had
hypertension, and 276 were diagnosed with
heart disease. The variable smoking_status
represents the patient’s self-reported smoking
behavior. It is a categorical feature with four
possible values:

e formerly smoked - the individual has

smoked in the past but is no longer a

smoker.

e never smoked - the individual has never
smoked.

e smokes - the individual is a current
smoker.

e Unknown - the smoking history of the
individual is not recorded (i.e., missing
or unavailable information).

The variable work_type describes a patient’s
type of employment or occupational status. It is
a categorical variable with five distinct values:
e Private - employed in the private sector.
e Self-employed - working independently
or running their own business.

e Govt_job - employed in government
service.

e Never_worked - individuals who have
never been employed.

e Children - individuals classified as a
dependent and had not entered into the
workforce.

The dataset exhibits a significant classification
imbalance, with the majority of cases being non-
stroke. Specifically, 95.1% (4,861 cases) are
non-stroke, while 4.9% (249) represent stroke
cases, as shown in Figure 1. This imbalance
mirrors real-world scenarios, where stroke
events are less frequent but have significant
clinical implications.

1 (Stroke)

4.9%,

95.1%

0 (Non-Stroke)

Figure 1: Classification Distribution in

Stroke Dataset

Data Preprocessing

To prepare the dataset for model development,
several preprocessing steps were implemented.
Missing BMI values, which accounted for
approximately 4% of the data, were imputed

using the mean to maintain consistency.
Irrelevant features, such as patient ID, were
excluded, while categorical features (e.g.,
gender, ever_married, work_type,

Residence_type, and smoking_status) were
label-encoded into binary values for
compatibility with the model.

Numerical features were standardized to address
discrepancies in magnitude and units, ensuring
fair evaluation and preventing data leakage. For
example, average glucose levels are in the
hundreds, while BMI values are typically in the
tens.

Selected Features

Significant independent variables and
independent variables deemed significant to
stroke prediction but determined not highly
correlated to stroke were included in our
analysis. Based on the correlation between the
target variable (stroke) and the independent
variables, as shown in Figure 2 and Figure 4 in
Appendix D, we excluded variables such as
work_type, Residence_type, and gender from
model development because their correlations
with the target variable were negligible (|r| <
0.03; Cohen, 1988) and were not determined to
not be significant to the model.
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Correlation between Target Variable "Stroke® and Independent Variables
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Figure 2: Correlation between Target
Variable (Stroke) and Independent

Variables

Although the simple correlations between BMI,
smoking status, and stroke were negligible in
our dataset, we retained these variables in
model development for both theoretical and
methodological reasons. First, BMI and smoking
are widely recognized in the epidemiological
literature as important risk factors for stroke
(Global Burden of Metabolic Risk Factors for
Chronic Diseases Collaboration, 2014; Pan et al.,
2019), and excluding them could undermine the
clinical relevance of our findings. Second,
correlation with the outcome alone does not
capture the potential contribution of these
variables in a multivariate framework, where
nonlinear associations or interactions with other
predictors may enhance predictive performance
(Molnar, 2022). Finally, including BMI and
smoking status supports comparability with prior
stroke prediction studies, ensuring that our
results can be interpreted within the broader
body of research.

Model Selection and Development

To evaluate the impact of different resampling
strategies on stroke prediction, we implemented
a pipeline-based approach that combined
resampling, standardization, and classification.
Four machine learning classifiers were selected
based on their widespread use and
demonstrated effectiveness in binary
classification tasks. These included Logistic
Regression (LR), Random Forest (RF), Extreme
Gradient Boosting (XGB), and Gradient Boosting
Classifier (GB). Together, these models
represent a balanced mix of linear and
ensemble-based learning algorithms commonly
used in healthcare data analysis.

The dataset was split into 70 percent for training

and 30 percent for testing. All resampling
techniques and machine learning models were
implemented using their default settings, with
the random state parameter set to 42 to ensure
reproducibility. To ensure reliable performance
estimates, we used 5-fold stratified cross-
validation during model training. In this
approach, the dataset was divided into five
equal parts (folds) while preserving the
proportion of stroke and non-stroke cases in
each fold. For each iteration, four folds were
used to train the model and the remaining fold
was used for testing. This process was repeated
five times, with each fold serving once as the
test set. The results from all five iterations were
then averaged to produce a more stable and
generalizable estimate of model performance.

Cross-validation is particularly important in
imbalanced datasets such as stroke prediction,
because it prevents performance results from
being overly influenced by a single train-test
split. Without this procedure, the distribution of
minority cases (stroke events) in the test set
could vary widely, leading to poor sensitivity and
a higher risk of false negatives. By averaging
across folds, cross-validation provides a more
accurate picture of how often the model is likely
to produce false negatives (missed stroke cases,
which carry high clinical cost) and false positives
(incorrectly flagged non-stroke cases, which
increase system burden and unnecessary
interventions). This ensures that the evaluation
reflects not only statistical performance but also
the potential clinical and operational costs
associated with deploying the models in practice

Each classifier was evaluated using a range of
data balancing techniques. These included one
oversampling method, Synthetic Minority Over-
sampling Technique (SMOTE), and several
undersampling methods, such as Random
Undersampling, Tomek Links, Edited Nearest
Neighbors (ENN), and the three NearMiss
variants (NearMiss-1, NearMiss-2, and NearMiss-
3). Model performance was also evaluated using
the original imbalanced dataset, referred to as
the "None" configuration, to serve as a baseline.

For every combination of classifier and
resampling method, a machine learning pipeline
was constructed. The pipeline began with a
resampling step (where applicable), followed by
feature standardization using the
StandardScaler, and concluded with the selected
classifier. To ensure a fair and robust
assessment of model performance, five-fold
stratified cross-validation was employed. This
approach maintained the original classification
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distribution in each fold, which is particularly
important when dealing with imbalanced
datasets.

Model performance was evaluated using six
metrics: accuracy, precision, recall, Fl-score,
ROC-AUC, and PR-AUC. These metrics provided
a well-rounded evaluation framework, especially
suitable for assessing models trained on
imbalanced data. To avoid data leakage, only
the test scores from each fold were collected
during cross-validation.

After cross-validation, each model pipeline was
trained on the full training set and then
evaluated on the held-out test set. A confusion
matrix was generated for each configuration to
capture the counts of true positives, false
positives, false negatives, and true negatives.
These results were recorded for detailed error
analysis.

Finally, predictions from each model-resampling
configuration were saved for further statistical
analysis and visualizations. Confusion matrices
were also plotted to offer a visual understanding
of how well each model performed under
different resampling scenarios.

This experimental setup provided a consistent
and reproducible framework for evaluating how
various resampling methods influenced the
classification performance of different machine
learning models.

Evaluation Metrics

To assess model performance under different
resampling strategies, several well-established
evaluation metrics were used. These metrics
help capture both overall accuracy and the
model’s ability to correctly identify minority
classification instances in an imbalanced dataset
(He & Garcia, 2009).

Accuracy

Accuracy measures the proportion of correctly
classified instances. Although commonly used, it
can be misleading in imbalanced datasets since
a model may achieve high accuracy by always
predicting the majority classification (Jeni et al.,
2013).

Precision (Positive Predictive Value)
Precision calculates the proportion of true stroke
cases among all cases predicted as stroke. High
precision reflects fewer false positives, which is
essential to avoid unnecessary medical
interventions (Sokolova & Lapalme, 2009).

Recall (Sensitivity or True Positive Rate)
Also known as sensitivity, recall measures the
ability to correctly identify all actual stroke
cases. It is critical in healthcare to minimize
false negatives, which may result in missed
diagnoses (Davis & Goadrich, 2006).

A low recall score indicates that many stroke
patients are incorrectly classified as non-stroke,
increasing the risk of undiagnosed cases.

F1-Score

The Fl-score is the harmonic mean of precision
and recall, offering a balanced view when both
false positives and false negatives matter. It is
particularly useful in imbalanced classification
settings (Fernandez et al., 2018a).

A high Fl-score means that the model
effectively balances precision and recall, making
it a more informative metric for evaluating
stroke prediction performance.

Confusion Matrix

The confusion matrix summarizes predictions
into four categories: true positives, true
negatives, false positives, and false negatives. It
provides a clear view of how the model performs
on each classification (Tharwat, 2020;
Swaminathan & Tantri, 2024), especially in
minimizing false negatives.

Area Under the Receiver Operating
Characteristic Curve (AUC-ROC)
The Area Under the Receiver Operating

Characteristic Curve (AUC-ROC) indicates how
well the model distinguishes between stroke and
non-stroke cases across various threshold
settings. It evaluates the trade-off between true
positive rate and false positive rate and is widely
used in binary classification tasks (Fawcett,
2006; Choi et al., 2024).

Area Under the Precision-Recall Curve (PR-
AUC)

The Area Under the Precision-Recall Curve (PR-
AUC) focuses on the model’s ability to correctly
identify stroke cases among all positive
predictions. It is particularly useful when dealing
with highly imbalanced datasets, where the
number of actual positive cases is small (Saito &
Rehmsmeier, 2015; Sofaer et al., 2019).

Statistical Significance: t-test

To determine whether the differences in model
performance was statistically significant, a
paired t-test was conducted to confirm or reject
our hypotheses. The t-test evaluates whether
the observed performance variations are
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attributable to the resampling techniques or
occur by chance (Demsar, 2006).

After obtaining the prediction results from each
model across different sampling methods, we
manually performed a paired t-test in Excel,
using the two-sample test assuming equal
variances.

The statistical significance level was set at a p-
value of less than 0.05, indicating that
differences between models are considered
statistically significant if the p-value falls below
this threshold.

The next section details the results and
discussion of this study.

4. RESULTS AND DISCUSSION

This section presents the results of the model
evaluations using several key performance
metrics, including accuracy, precision, recall, F1-
score, ROC-AUC, and PR-AUC. The findings,
summarized in Table 2 in Appendix A, highlight
how each resampling method affected the
performance of the machine learning models on
the imbalanced stroke dataset.

Accuracy

Models trained on the original imbalanced
dataset (None) with Logistic Regression (0.951),
the dataset processed with TomekLinks using
Logistic Regression (0.951), and the original
imbalanced dataset with Gradient Boosting
Classifier (0.951) all achieved the highest
accuracy. However, this metric was misleading,
since models achieved near-perfect accuracy by
predicting the majority classification (non-
stroke) while entirely failing to detect stroke
cases (Recall = 0.000). This highlights the
critical limitation of accuracy as a performance
measure in highly imbalanced datasets.

Precision

Precision was highest at 0.413 with Gradient
Boosting and no resampling. However, once
resampling techniques were introduced,
precision dropped significantly. For example,
when using NearMiss2 with Random Forest,
precision fell to just 0.049. This reflects a
common trade-off in resampling: as recall
improves, precision tends to decline (Saito &
Rehmsmeier, 2015). No single method achieved
strong results for both.

Recall
As shown in Table 2, without resampling, recall
scores were nearly zero across all models, which

means they failed to identify most stroke cases.
The highest recall, 0.905, was achieved by
NearMiss2 combined with Random Forest. While
this result shows that almost all stroke cases
were caught, it came at the cost of many false
alarms.

RandomUnder combined with Logistic Regression
offered a more balanced approach, reaching a
recall of 0.784 and a more moderate precision of
0.131.

F1-Score

Fl-scores were generally low across all
combinations. The best result came from
RandomUnder with Logistic Regression, reaching
0.224. Although SMOTE increased recall for
Gradient Boosting up to 0.447, its F1l-score
remained lower at 0.201. This suggests that
RandomUnder offered a better balance between
recall and precision in this context.

ROC-AUC

Several models without resampling showed high
ROC-AUC values. For example, Gradient
Boosting reached 0.839. However, this did not
reflect meaningful performance, since the
models failed to detect stroke cases. Among the
resampled methods, ENN combined with
Gradient Boosting achieved the highest ROC-
AUC at 0.846. Still, its recall remained low,
which reinforces the idea that ROC-AUC can be
misleading when working with imbalanced
datasets.

PR-AUC

Precision-recall area under the curve scores
were low across the board. The highest score
was 0.213, recorded by TomekLinks with
Gradient Boosting. These low values show how
difficult it is to achieve both strong precision and
recall when stroke cases are rare.

Precision-Recall Trade-off

Each resampling method showed a clear trade-
off between precision and recall. NearMiss2
reached very high recall, such as 0.905 with
Random Forest, but suffered a major loss in
precision. Non-resampled models had high
precision but almost no recall.

RandomUnder combined with Logistic Regression
stood out as a reasonable compromise. It
offered a recall of 0.784 and a precision of
0.131. SMOTE with Gradient Boosting also
performed well in recall at 0.447, though its
precision was lower.

Confusion Matrix of a Well-Balanced Model:
RandomUnder with Logistic Regression
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Table 3 of Appendix B shows the confusion
matrix for the Random Undersampling + Logistic
Regression configuration, which demonstrated
one of the best trade-offs between precision and
recall.

Confusion Matrix: LogisticRegression - RandomUnder
700

600
233

Actual 0

500

- 400

Actual

- 300

Statistical Significance: t-test

Tables 4(a) and 4(b) of Appendix C present the
p-values obtained from paired t-tests comparing
the accuracy of various machine learning models
under different resampling methods for stroke
prediction. The majority of the p-values are
approximately 0.00, suggesting that differences
in model performance are statistically significant
across most resampling techniques. However,
several exceptions with higher p-values were
observed, indicating no statistically significant
difference in those specific comparisons.

Extreme Gradient Boosting (XGB):

= Model + Model +
s- 9 a1 290 Method Method p-value
< ~100 XGB + TL 0.84
XGB + ENN 0.12
Predicted 0 Predicted 1 XGB + None LR + None 0.55
Predicted LR + TL 0.55
Figure 3: Confusion Matrix of Logistic LR + ENN 0.77
Regression with Random Undersampling LR + RU 0.05
Method XGB + RU LR + NM2 0.15
Figure 3 above shows the model correctly LR + NM3 0.09
identified 41 stroke cases (true positives) while LR + None 0.69
minimizing false negatives (only 9 missed XGB + TL LR+ TL 0.69
cases). Although 253 non-stroke cases were LR + ENN 0.92
incorrectly classified as strokes (false positives), XGB + ENN 0.08
the model achieved a strong recall of 0.784, ) .
making it a practical choice for screening Gradient Boosting (GB):
scenarios where detecting true stroke cases is | Model + Model + p-value
critical. Method Method
GB + TL 1.00
Notable Exceptions (p-value > 0.05): GB + ENN 0.39
Logistic Regression (LR): GB + None LR + None 0.76
Model + Model + LR + TL 0.76
p-value
Method Method LR + ENN 1.00
LR + TL 1.00 GB + NM3 0.92
‘R+None 'R+ ENN 0.76 GB + RU LR + NM2 0.81
LR + TL LR + ENN 0.76 LR + NM3 0.60
LR + NM2 LR + NM3 0.78 LR + None 0.76
Random Forest (RF): GB + TL LR + TL 0.76
Model + Model + | LR + ENN 1.00
Method Method p-value GB + ENN 0.39
RF + TL 0.84 LR + None 0.24
RF + ENN 0.77 GB + ENN LR + TL 0.24
RF + None LR + None 0.84 LR + ENN 0.39
LR + TL 0.84 GB + NM3 LR + NM2 0.74
LR + ENN 0.92 LR + NM3 0.54
RF + RU LR + RU 0.21 L L .
LR + None 0.69 These _ﬁndlngs .hlghllght _th_at some resgmpl!ng
RF + TL LR + TL 0.69 strategies y|eId. similar ' classification
RE + ENN 0.92 performance_, e-speC|aI_Iy. when applied to m_odels
LR + None 0.62 that _s_ha.]re similar dquon_ bour_ldary behavior or
RF + ENN LR+ TL 0.62 sensitivity to classification imbalance (e.g.,
: Tomek Links and ENN). These statistically non-
RF + ENN 0.84 significant results offer insight into which
RF + NM3 LR + NM3 0.08
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combinations may provide equivalent predictive
performance, allowing for flexibility in method
selection.

Answering Research Questions

After evaluating individual performance metrics,
this study aimed to answer two guiding research
questions related to the effectiveness of
resampling strategies for stroke prediction.

RQ1: How do SMOTE and selected
undersampling techniques compare in
improving the performance of machine
learning models for stroke prediction using
highly imbalanced datasets?

The results across all metrics and models
indicate that both SMOTE and undersampling
techniques significantly outperformed models
trained without resampling. SMOTE was
especially effective in boosting recall for
ensemble models like Gradient Boosting, while
RandomUnder with Logistic Regression achieved
the best balance between recall (0.784) and F1-
score (0.224). NearMiss2 achieved the highest
recall overall (0.905 with Random Forest), but at
the cost of extremely low precision. These
findings confirm that resampling methods are
essential for improving minority-class detection
and overall model effectiveness.

RQ2: What are the trade-offs between
predictive performance when using SMOTE
versus undersampling techniques in highly
imbalanced stroke prediction models?

The analysis showed a consistent trade-off
between recall and precision across all
resampling methods. Techniques like SMOTE
and NearMiss2 greatly improved recall but
significantly reduced precision, leading to more
false  positives. Among the resampling
techniques, RandomUndersampling offered the
best compromise, demonstrating that carefully
chosen undersampling methods can improve
recall without overwhelming the system with
false positives.

The next section provides concluding insights
based on the findings and details of the
limitations of this study.

5. CONCLUSION AND LIMITATIONS

This study conducted a comprehensive
comparative analysis of SMOTE and various

undersampling  techniques for addressing
classification imbalance in stroke prediction
using four artificial intelligence (AI)-driven

machine learning models: Logistic Regression

(LR), Random Forest (RF), Extreme Gradient
Boosting (XGB), and Gradient Boosting (GB). By
evaluating model performance across key Al
evaluation metrics—including accuracy,
precision, recall, Fl-score, ROC-AUC, and PR-
AUC—this study provides actionable insights into
how data-level resampling methods influence
the reliability and fairness of AI systems in
healthcare.

The results demonstrate that all resampling
strategies significantly improved the ability of Al
models to detect minority stroke cases
compared to models trained on imbalanced data.
Notably, SMOTE and NearMiss2 achieved high

recall rates, enhancing the AI system’s
sensitivity to stroke events, while Random
Undersampling combined with Logistic
Regression achieved the most balanced

performance. These findings affirm the critical
role of resampling in enhancing the
trustworthiness and effectiveness of Al-based
stroke prediction tools. The  statistical
significance of most performance differences,
confirmed through paired t-tests, further
validates the robustness of these observations.

The trade-off between recall and precision
observed in the study has important cost
implications for stroke prediction. High recall
models, such as NearMiss2 with Random Forest,
successfully identified nearly all stroke cases but
did so at the expense of extremely low precision,
resulting in a large number of false positives. In
clinical practice, false positives generate
unnecessary diagnostic procedures, increase
healthcare expenditures, and contribute to
patient anxiety. They may also create “alert
fatigue” for clinicians, reducing trust in Al
systems and limiting adoption. Conversely,
models with high precision but low recall risk
producing false negatives, where actual stroke
cases are missed. This outcome carries an even
higher patient cost, as it delays treatment and
increases the likelihood of long-term disability or
mortality.

From a methodological perspective, this trade-
off demonstrates that optimizing for recall alone
is insufficient. Instead, model evaluation must

consider both types of errors and their
asymmetric consequences. Future research
should incorporate cost-sensitive learning

frameworks that explicitly weight false negatives
more heavily, while controlling the operational
burden of false positives (Khan et al., 2017).
Such approaches would allow stroke prediction
models to better align with the realities of
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clinical decision-making, where both medical Resampling Methods: Combining

safety and resource efficiency are critical

Despite its contributions, this study has several
limitations. First, the stroke dataset provided by
Fedesoriano on Kaggle is a publicly available
collection of patient-level records designed for
predictive modeling of stroke risk. While the
dataset offers a useful benchmark for developing
and testing machine learning models, it has
notable data integrity considerations. For
example, there are missing values in the BMI
attribute that require imputation before analysis.
Furthermore, since the dataset is aggregated
and anonymized, there is limited information on
its clinical provenance, meaning that while it is
suitable for methodological exploration and
comparative  studies, caution should be
exercised in generalizing findings to real-world
clinical populations.

Next, the analysis is confined to a single publicly
available stroke dataset, which may affect the
generalizability of results to other medical
conditions or populations. All models and
resampling methods were applied using default
hyperparameters, suggesting that further tuning
could yield even stronger results. Third, while
traditional classification metrics were used, the
study did not explicitly incorporate fairness,
interpretability, or cost-sensitive evaluation—
critical considerations for the responsible
deployment of Al in clinical settings. Finally, the
use of t-tests assuming equal variances may not
fully account for dependencies introduced
through resampling.

The following section outlines the future
research directions based on the findings of this
study.

6. FUTURE RESEARCH DIRECTIONS

Future Al-driven research should expand this
work by exploring hybrid resampling strategies,
integrating fairness-aware and interpretable Al
models, tuning hyperparameters, and validating
findings across multiple datasets. These
enhancements will support the development of
more accurate, equitable, and clinically
actionable AI systems for early stroke detection
and other high-impact healthcare applications.

Specifically, the following avenues should be
considered and implemented below:

e Exploring Hybrid and Ensemble

oversampling and undersampling
strategies (e.g., SMOTE-ENN, SMOTE-
Tomek) or integrating resampling within
ensemble frameworks (e.g.,
BalancedBagging) may further improve
performance.

¢ Model Tuning and Optimization:
Future studies should investigate the
impact of hyperparameter tuning on
both classifiers and resampling methods
to optimize performance.

e Fairness and Interpretability:
Incorporating fairness-aware algorithms
and interpretable models is critical,
especially when deploying in high-stakes
domains like healthcare.

e Cross-Dataset Evaluation: To ensure
generalizability, testing on multiple
stroke or related healthcare datasets
from diverse populations would
strengthen the findings.

¢ Cost-Sensitive Learning: Integrating
cost-sensitive learning approaches could
help reduce false negatives while
accounting for the asymmetric costs of
misclassification in clinical decision-
making.
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APPENDIX A
. - *ROC- *PR-
Method Model *Accuracy | *Precision | *Recall | *F1 AUC AUC
LR 0.951 0.000 0.000 0.000 | 0.838 0.187
RF 0.950 0.040 0.005 0.009 | 0.813 0.171
No Resampling | XGBoost | 0.941 0.217 0.075 0.111 | 0.808 0.173
GB 0.951 0.413 0.025 0.046 | 0.839 0.201
LR 0.779 0.122 0.568 0.200 | 0.777 0.138
SMOTE RF 0.899 0.147 0.221 0.176 | 0.791 0.146
XGBoost | 0.899 0.134 0.196 0.159 | 0.771 0.135
GB 0.828 0.130 0.447 0.201 | 0.778 0.149
LR 0.735 0.131 0.784 0.224 | 0.833 0.187
RandomUnder | RF 0.705 0.119 0.804 0.209 | 0.826 0.159
XGBoost | 0.715 0.121 0.774 0.209 | 0.804 0.147
GB 0.704 0.120 0.794 0.208 | 0.820 0.183
LR 0.951 0.000 0.000 0.000 | 0.838 0.186
TomekLinks RF 0.950 0.067 0.005 0.009 | 0.808 0.176
XGBoost | 0.941 0.246 0.090 0.130 | 0.815 0.173
GB 0.950 0.390 0.040 0.072 | 0.840 0.213
LR 0.946 0.192 0.030 0.051 | 0.840 0.192
RF 0.938 0.158 0.050 0.074 | 0.830 0.182
ENN XGBoost | 0.920 0.204 0.206 0.204 | 0.822 0.171
GB 0.934 0.257 0.136 0.172 | 0.846 0.202
LR 0.437 0.051 0.553 0.092 | 0.503 0.066
RF 0.196 0.041 0.688 0.077 | 0.432 0.054
NearMiss1 XGBoost | 0.206 0.042 0.699 0.079 | 0.440 0.050
GB 0.183 0.043 0.739 0.081 | 0.384 0.039
LR 0.663 0.103 0.768 0.182 | 0.775 0.139
RF 0.143 0.049 0.905 0.093 | 0.664 0.098
NearMiss2 XGBoost | 0.104 0.047 0.905 0.089 | 0.685 0.131
GB 0.112 0.047 0.900 0.090 | 0.498 0.073
LR 0.707 0.101 0.633 0.174 | 0.750 0.142
NearMiss3 RF 0.655 0.084 0.617 0.147 0.670 0.114
XGBoost | 0.654 0.084 0.613 0.148 | 0.676 0.120
GB 0.673 0.088 0.608 0.153 | 0.710 0.128

Table 2: Results of Machine Learning Models under Different Resampling Methods for Stroke

Prediction
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APPENDIX B
Method Model True- . False-Positive | False-Negative Truc_e-_
Negative Positive
LR 972 0 50 0
RF 970 2 50 0
None XGBoost 960 12 44 6
GB 968 4 49 1
LR 767 205 14 36
SMOTE RF 906 66 41 9
XGBoost 912 60 43 7
GB 816 156 27 23
LR 719 253 9 41
RF 695 277 10 40
RandomUnder | XGBoost 685 287 14 36
GB 657 315 11 39
LR 971 1 49 1
TomekLinks RF 968 4 50 0
XGBoost 961 11 43 7
GB 967 5 48 2
LR 264 8 45 5
ENN RF 955 17 38 12
XGBoost 935 37 36 14
GB 952 20 42 8
LR 340 632 22 28
NearMiss1 RF 131 841 11 39
XGBoost 124 848 5 45
GB 130 842 10 40
LR 652 320 11 39
NearMiss2 RF 91 881 3 47
XGBoost 61 911 1 49
GB 64 908 4 46
LR 656 316 21 29
NearMiss3 RF 619 353 22 28
XGBoost 648 324 25 25
GB 669 303 21 29

Table 3: Confusion Matrix Results of Machine Learning Models under Different Resampling
Methods for Stroke Prediction
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APPENDIX C
Model + LR + SMOTE | LR + LR + LR + LR + LR + LR +
Method RU TL ENN NM1 NM2 NM3
LR + None 0.00%* 0.00%* 1.00 0.76 0.00%* 0.00%* 0.00%*
LR + SMOTE 0.02%* 0.00%* 0.00%* 0.00%* 0.00%* 0.00%*
LR + RU 0.00%* 0.00%* 0.00%* 0.00%* 0.00%*
LR + TL 0.76 0.00%* 0.00%* 0.00%*
LR + ENN 0.00%* 0.00* 0.00%*
LR + NM1 0.00%* 0.00%*
LR + NM2 0.78
Model + RF + SMOTE | RF + RF + RF + RF + RF + RF +
Method RU TL ENN NM1 NM2 NM3
RF + None 0.00%* 0.00%* 0.84 0.77 0.00%* 0.00%* 0.00%*
RF+ SMOTE 0.00%* 0.00%* 0.00%* 0.00%* 0.00%* 0.00%*
RF + RU 0.00%* 0.00%* 0.00%* 0.00%* 0.00%*
RF + TL 0.92 0.00%* 0.00%* 0.00%*
RF + ENN 0.00%* 0.00%* 0.00%*
RF + NM1 0.048% 0.00%*
RF + NM2 0.00%*
Model + XGB + XGB + XGB + XGB + XGB + XGB + XGB +
Method SMOTE RU TL ENN NM1 NM2 NM3
XGB + None 0.00%* 0.00%* 0.84 0.12 0.00%* 0.00%* 0.00%*
XGB + SMOTE 0.00%* 0.00%* 0.02% 0.00%* 0.00%* 0.00%*
XGB + RU 0.00%* 0.00% 0.00%* 0.00%* 0.02%
XGB + TL 0.08 0.00%* 0.00%* 0.00%*
XGB + ENN 0.00%* 0.00%* 0.00%*
XGB + NM1 0.00%* 0.00%*
XGB + NM2 0.00%*
Model + GB + GB + GB + GB + GB + GB + GB +
Method SMOTE RU TL ENN NM1 NM2 NM3
GB + None 0.00%* 0.00%* 1.00 0.39 0.00%* 0.00%* 0.00%*
GB + SMOTE 0.00%* 0.00%* 0.00%* 0.00%* 0.00%* 0.00%*
GB + RU 0.00%* 0.00%* 0.00%* 0.00%* 0.92
GB + TL 0.39 0.00%* 0.00%* 0.00%*
GB + ENN 0.00%* 0.00%* 0.00%*
GB + NM1 0.00%* 0.00%*
GB + NM2 0.00*

Table 4(a): P-Value from t-test of Comparing Accuracy Between Machine Learning Models

under Different Resampling Methods for Stroke Prediction

t-test: Two-sample Assuming Equal Variances
p-value* < 0.05: Significant difference between pair of Model + Method

©2026 ISCAP (Information Systems and Computing Academic Professionals)

https://jisara.org; https://iscap.us

Page 65



Journal of Information Systems Applied Research and Analytics (JISARA) 19 (2)
ISSN: 1946-1836 June 2026
LR + LR + LR + LR + LR + LR + LR + LR +

Model + Method | yone | sMOTE | RU TL ENN | NM1__|NM2 | NM3
RF + None 0.84 0.00%* 0.00%* 0.84 0.92 0.00%* 0.00%* 0.00%*
RF+ SMOTE 0.00% 0.00%* 0.00* | 0.00* | 0.00* 0.00* 0.00* 0.00*
RF + RU 0.00%* 0.00%* 0.21 0.00* | 0.00% 0.00%* 0.03* 0.02%
RF + TL 0.69 0.00%* 0.00* | 0.69 0.92 0.00* 0.00* 0.00*
RF + ENN 0.62 0.00%* 0.00%* 0.62 0.84 0.00%* 0.00%* 0.00%*
RF + NM1 0.00% 0.00%* 0.00* | 0.00*% | 0.00%* 0.00* 0.00* 0.00*
RF + NM2 0.00* 0.00%* 0.00* | 0.00*% | 0.00%* 0.00* 0.00* 0.00*
RF + NM3 0.00* 0.00%* 0.00* | 0.00* | 0.00% 0.00%* 0.04* 0.08
XGB + None 0.55 0.00%* 0.00* | 0.55 0.77 0.00* 0.00* 0.00*
XGB + SMOTE 0.00%* 0.00%* 0.00* | 0.00* | 0.00% 0.00%* 0.00%* 0.00%*
XGB + RU 0.00% 0.00%* 0.05 | 0.00* | 0.00% 0.00* 0.15 0.09
XGB + TL 0.69 0.00%* 0.00%* 0.69 0.92 0.00%* 0.00%* 0.00%*
XGB + ENN 0.03* 0.00%* 0.00* | 0.03%* 0.07 0.00%* 0.00%* 0.00%*
XGB + NM1 0.00% 0.00%* 0.00* | 0.00* | 0.00* 0.00* 0.00* 0.00*
XGB + NM2 0.00%* 0.00%* 0.00* | 0.00* | 0.00% 0.00%* 0.00%* 0.00%*
XGB + NM3 0.00* 0.00%* 0.00* | 0.00* | 0.00%* 0.00%* 0.40 0.57
GB + None 0.76 0.00%* 0.00%* 0.76 1.00 0.00%* 0.00%* 0.00%*
GB + SMOTE 0.00% 0.045%* 0.00* | 0.00* | 0.00* 0.00* 0.00* 0.00*
GB + RU 0.00% 0.00%* 0.00* | 0.00* | 0.00* 0.00* 0.81 0.60
GB + TL 0.76 0.00%* 0.00%* 0.76 1.00 0.00%* 0.00%* 0.00%*
GB + ENN 0.24 0.00%* 0.00* | 0.24 0.39 0.00* 0.00* 0.00*
GB + NM1 0.00* 0.00%* 0.00* | 0.00* | 0.00% 0.00%* 0.00%* 0.00%*
GB + NM2 0.00% 0.00* 0.00* | 0.00* | 0.00* 0.00* 0.00* 0.00*
GB + NM3 0.00* 0.00%* 0.00* | 0.00* | 0.00% 0.00%* 0.74 0.54

Table 4(b): P-Value from

under Different Resampling Methods for Stroke Prediction

t-test: Two-sample Assuming Equal Variances

p-value* < 0.05: Significant difference between pair of Model + Method

t-test of Comparing Accuracy Between Machine Learning Models

©2026 ISCAP (Information Systems and Computing Academic Professionals)

https://jisara.org; https://iscap.us

Page 66



Journal of Information Systems Applied Research and Analytics (JISARA) 19 (2)
ISSN: 1946-1836 June 2026

APPENDIX D

Correlation Matrix

10

0.8

hypertension

heart_disease

ever_married

- 0.4

‘work_type

-0.2

Residence_type

avg_glucose_level

smoking_status

&&a & & & &b&& o S e&\’,;\»\ & & &
&Qé" & g}é 3 & ) ‘9,55' \&9 @@9’
* & 6'99 5
Figure 4: Correlation Matrix
©2026 ISCAP (Information Systems and Computing Academic Professionals) Page 67

https://jisara.org; https://iscap.us



Journal of Information Systems Applied Research and Analytics (JISARA) 19 (2)
ISSN: 1946-1836 June 2026
APPENDIX E

LR + LR+ |LR+TL |LR+ LR + LR + LR +
Model + Method | gy o1E RU ENN NM1 NM2 NM3
LR + None 11.40 13.61 0.00 0.30 35.88 17.05 17.35
LR + SMOTE 2.24 -11.40 -11.13 21.54 5.63 5.91
LR + RU -13.61 -13.34 18.89 3.37 3.65
LR + TL 0.30 35.88 17.05 17.35
LR + ENN 35.54 16.78 17.08
LR + NM1 -15.06 | -14.75
LR + NM2 0.28
RF + RF+ |RF+TL |RF + RF + RF + RF +
Model + Method | gy o1 RU ENN NM1 NM2 NM3
RF + None 4.56 14.69 0.20 0.30 57.85 64.02 19.06
RF+ SMOTE 10.35 -4.37 -4.27 48.32 52.94 14.67
RF + RU -14.51 -14.42 30.27 33.06 4.18
RF + TL 0.10 57.43 63.53 18.89
RF + ENN 57.23 63.29 18.80
RF + NM1 1.98 -24.49
RF + NM2 -26.93
XGB + XGB + | XGB + XGB + | XGB + | XGB + | XGB +
Model + Method | gy o1E RU TL ENN NM1 NM2 NM3
XGB + None 3.89 15.03 -0.20 1.55 57.20 69.61 17.42
XGB + SMOTE 11.33 -4.08 2.37 49.04 58.54 13.69
XGB + RU -15.21 -13.62 29.35 34.66 2.28
XGB + TL 1.74 57.06 70.18 17.59
XGB + ENN 53.95 65.10 15.99
XGB + NM1 3.81 -26.16
XGB + NM2 -31.07
GBC + GBC + | GBC + GBC+ |GBC+ |GBC+ |GBC+
Model + Method | gy o1 RU TL ENN NM1 NM2 NM3
GB + None 9.18 16.54 0.00 0.86 57.64 70.48 16.44
GB + SMOTE 7.41 -9.18 -8.38 39.13 46.23 7.31
GB + RU -16.54 -15.76 27.57 32.73 -0.09
GB + TL 0.86 57.64 70.48 16.44
GB + ENN 55.84 67.93 15.66
GB + NM1 3.87 -27.70
GB + NM2 -32.88

Table 5(a): t-stat value from t-test of Comparing Accuracy Between Machine Learning
Models under Different Resampling Methods for Stroke Prediction
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Model + LR + LR + LR + LR + LR + LR + LR + LR +
Method None SMOTE RU TL ENN NM1 NM2 NM3
RF + None -0.20 11.22 13.43 -0.20 0.10 35.65 16.87 17.17
RF+ SMOTE -4.76 6.84 9.09 -4.76 -4.47 30.04 12.52 12.82
RF + RU -14.86 -3.49 -1.25 -14.86 -14.60 17.45 2.12 2.40
RF + TL -0.40 11.04 13.26 -0.40 -0.10 35.42 16.70 16.99
RF + ENN -0.50 10.95 13.17 -0.50 -0.20 35.31 16.61 16.91
RF + NM1 -58.27 -35.72 -32.14 -58.27 -57.64 -10.19 -27.24 -26.85
RF + NM2 -64.52 -38.93 -35.07 -64.52 -63.78 -12.20 -29.84 -29.42
RF + NM3 -19.24 -7.71 -5.43 -19.24 -18.98 12.82 -2.05 -1.76
XGB + None -0.60 10.86 13.08 -0.60 -0.30 35.19 16.52 16.82
XGB + SMOTE | -4.47 7.13 9.37 -4.47 -4.18 30.40 12.81 13.11
XGB + RU -15.56 -4.18 -1.93 -15.56 -15.30 16.67 1.44 1.72
XGB + TL -0.40 11.04 13.26 -0.40 -0.10 35.42 16.70 16.99
XGB + ENN -2.14 9.42 11.66 -2.14 -1.84 33.35 15.10 15.40
XGB + NM1 -58.44 -35.81 -32.23 -58.44 -57.81 -10.25 -27.31 -26.92
XGB + NM2 -71.37 -42.14 -37.96 -71.37 -70.48 -14.12 -32.36 -31.93
XGB + NM3 -17.94 -6.48 -4.22 -17.94 -17.68 14.13 -0.84 -0.56
GB + None -0.30 11.13 13.34 -0.30 0.00 35.54 16.78 17.08
GB + SMOTE -9.45 2.00 4,25 -9.45 -9.18 23.97 7.65 7.94
GB + RU -16.80 -5.39 -3.13 -16.80 -16.54 15.33 0.24 0.52
GB + TL -0.30 11.13 13.34 -0.30 0.00 35.54 16.78 17.08
GB + ENN -1.17 10.34 12.57 -1.17 -0.86 34.53 16.01 16.31
GB + NM1 -58.27 -35.72 -32.14 | -58.27 -57.64 -10.19 -27.24 -26.85
GB + NM2 -71.37 -42.14 -37.96 -71.37 -70.48 -14.12 -32.36 -31.93
GB + NM3 -16.70 -5.29 -3.04 -16.70 -16.44 15.43 0.33 0.61

Table 5(b): T-stat value from t-test of Comparing Accuracy Between Machine Learning
Models under Different Resampling Methods for Stroke Prediction
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APPENDIX F: Process Model for Stroke Prediction Analysis

Resampling Training Data Set:
; Split dataset: 70% Training, 30% SMOTE (oversampling),

Data Preprocessing: Impute missing
BMI; encode categoricals; standardize

Data Collection:
values; exclude weak variables; and,
retain clinical variables

Testing RandomUndersampling, Tomek Links,
ENN, NearMiss

Kaggle Stroke Dataset

Model Training:

Results & Cost Analysis: Recall vs
Precision, Trade-offs identified, False
positives: costin clinical + system
burden, False negatives: missed
stroke cases

Logistic Regression, Random Forest, Model Evaluation- Metrics: Accuracy,
XGBoost, Gradient Boosting Precision, Recall, F1, ROC-AUC, PR-
(Pipeline: Resample +| Standardize AUC, Confusion Matrices, Paired t-
Train) tests (p<0.05)

5-fold Cross-Validation

The workflow includes data collection, preprocessing, resampling, model training with 5-fold stratified
cross-validation, and multi-metric evaluation. Results are analyzed to highlight the trade-offs between
precision and recall, including the practical costs of false positives and false negatives.
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Abstract

Careers in information technology (IT) require a myriad of skills and training. One important area of
requirements is agile skills. Agile skills are the expertise that IT professionals use in an agile
development environment. Examples of agile skills include sprint planning, user story creation,
product backlog maintenance, and Scrum. It is assumed that regardless of IT area, the need for agile
skills is essential in today’s business environment. Given the importance of agile skills as part of the IS
landscape and, thus, their importance to IS academic community, this research seeks to provide a
deeper understanding of current industry needs for agile job skills. This is accomplished through the
analysis of over 775,000 job postings referencing agile job titles and skills. Specifically, it seeks to
answer the following questions: (1) What are the most common job titles associated with agile skills?
(2) What skills are most associated with those job titles? and (3) How do the common and specialized
skill requirements vary across job titles? Data was collected from job postings in the U.S. from July
2023 to June 2024. This study provides insights to information systems educators by 1) helping them
guide their students during the job placement process, specifically when students express interest in
agile, and 2) guiding curriculum design.
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What Agile Skills Are Needed for IT Jobs

Stephanie Totty, Carol Clark and Amy Harris

1. INTRODUCTION

Careers in information technology (IT) require a
myriad of skills and training. These requirements
are continually changing and should be
monitored by those preparing students to enter
the IT job field, those helping IT professionals to
stay current, and IT professionals seeking to
maintain credentials  and/or  successfully
progress in their IT career.

One important area of requirements is agile job
skills (e.g., Flynn, 2023; Sharp & Lang, 2018). It
is assumed that regardless of IT area, the need
for agile methodology skills (hereafter called
agile skills for brevity) is essential in today’s
business environment. Agile skills are the
expertise that IT professionals use in an agile
development environment. Examples of agile
skills include sprint planning, user story creation,
product backlog maintenance, and Scrum. The
approaches for software projects vary across
companies. Many companies use waterfall, agile,
and hybrid project approaches. The waterfall
method is known as the long-standing traditional
method. Agile methods originated for software
projects in 2001 (Highsmith, 2001). When
companies use hybrid project approaches,
employees must be skilled in both waterfall and
agile. So, the need for agile job skills is relevant
even if a company is not developing IT projects
using agile exclusively.

One such area where agile skills are important is
in business analysis. Business analysis, often
conducted by business analysts, includes
problem definition, coordination of business
value expectations, and solution development.
According to the professional organization
International Institute of Business Analysis
(IIBA; 2024), 74% of the respondents said that
they practice agile methodologies in their
current role. IIBA also offers the Agile Analysis
Certification that “meets the rising demand for
collaboration between analyst and agile
communities, enhancing project delivery” (IIBA,
2024, p. 14), another indicator of the
importance of agile skills in business analyst
jobs.

Given the importance of agile skills as part of
the IS landscape and, thus, their importance to

the IS academic community, this research seeks
to provide a deeper understanding of current
industry needs for agile job skills. This is
accomplished through the analysis of over
775,000 job postings referencing agile job titles
and skills. Specifically, it seeks to answer the
following questions:

(1) What are the most common job titles
associated with agile skills?

(2) What skills are most associated with
those job titles?

(3) How do the common and specialized skill
requirements vary across job titles?

The answers to these questions will benefit
information systems (IS) educators. This study
provides insights into job requirements for
students who are interested in an agile work
environment. It helps IS educators direct their
students during the job placement process.
Additionally, the results can guide IS curriculum
development relating to agile topics.

2. LITERATURE REVIEW

Agile is a software development methodology
that focuses on

“Individuals and interactions over processes

and tools

e Working software over comprehensive
documentation

e Customer collaboration over contract
negotiation

e Responding to change over following a plan”

(Beck et al., 2001, para. 2)

Agile came about because many software
developers sought an alternative to
“documentation driven, heavyweight software
development processes” (Highsmith, 2001, para.
1). One key difference between agile and
traditional approaches is that “planning efforts
with the agile approaches are done more often
and in an iterative manner” (Fernandez &
Fernandez, 2008, p. 13). Another focus of the
agile approach is its collaborative nature. “In
agile environments, business analysis fosters
collaboration, enables change, and ensures the
software being developed effectively addresses

business needs and delivers value to
stakeholders.” (IIBA, 2024, p. 22).
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Over the vyears, agile has become a major
software development methodology. Seventy-
one percent of companies use agile exclusively
or in combination with other methodologies
(Flynn, 2023). Along with the popularity and
growth in the agile development methodology,
companies seek employees with agile skills.

Prior research has investigated several aspects
of agile skills. According to Gartner, several
skills—include core skills (Scrum, Kanban,
metrics, user stories, customer focus, test-first,
and continuous learning), value-added skills
(collaborative development, ownership and
collaboration, agile architecture), and
specialized/emerging skills (agile database
management and scaling agile)—are essential
for agile application development teams (Rimol,
2022). When answering what skills are key to
working with agile frameworks, one study
reported that a higher skill level is needed for
collaboration, effective communication, and
teamwork (Cornide-Reyes et al., 2021). Further,
the study reported that technical skills are
required to work with agile frameworks, but
technical skills are not required to “perform well
on an agile team” (Cornide-Reyes et al., 2021,
p. 84731).

Individuals benefit from having agile skills and
working in agile environments. IT professionals
with agile skills receive an estimated 22.6%
higher salaries on average (Dattero et al.,
2016). Furthermore, people in organizations
involved in agile processes have higher job
satisfaction (Huck-Fries et al., 2023).

Prior studies analyzing job postings have
identified agile skills as needed for various IT
career paths (e.g., Booker et al, 2024;
Chumwatana & Hpone, 2025; Gunklach et al.,
2025; Joshua et al., 2023; Siswipraptini et al.,
2023). However, there is a dearth of research
studies focused expressly on the job titles most
associated with agile skills and identifying the
most in-demand skills associated with those
titles. While prior research on agile in the
education context exists, much of the research
focuses on how agile is taught (e.g., Castro
Lopes & Fernandes, 2024; Marnewick, 2023;
Sharp et al., 2020; Woods & Hulshult,2024)
rather than what should be taught about agile.
Thus, the research presented here offers an
important extension to existing research,
specifically as it relates to IS education and
curriculum development in an ever-changing
industry environment.

3. METHODS

Since job postings are primarily comprised of the
skills an ideal hire would possess, they provide a
valuable data source for identifying current
talent requirements. While they do not serve as
a leading indicator of future in-demand skills,
they do indicate current demands and are a
useful tool for identifying near-term needs. We
investigate our research questions using job
postings data from Lightcast (Lightcast, 2025a).
Lightcast regularly scrapes and stores job
postings data from vetted online job posting
sources. Because Lightcast scrapes job postings
repeatedly from the same sources and because
jobs are often posted on multiple sites, Lightcast
deduplicates the data by making efforts to
ensure 1) a posting is not collected again from
the same source and 2) a posting listed on more
than one site is only included from the original
site based on fields such as company name,
location, job title, and text similarity of the job
posting (Harris & Clark, 2023). Lightcast also
removes outliers and bad data from the dataset,
such as "“Postings where the employee must
invest their own money” (Lightcast, 2025b, Data
Curation section) and “Pyramid schemes/MLM

postings” (Lightcast, 2025b, Data Curation

section).

Skill Type Skill Type Definition

Specialized | Skills that are primarily required

Skills within a subset of occupations or
equip one to perform a specific
task (e.g. "NumPy” or “Hotel
Management”). Also known as
technical skills or hard skills.

Common Skills that are prevalent across

Skills many different occupations and
industries, including both
personal attributes and learned
skills. (e.g. "Communication” or
“Microsoft Excel”). Also known as
soft skills, human skills, and
competencies.

Software Any software tool or

Skills programming component used to

help with a job (e.g. Python,
Workday, AutoCAD, Microsoft
Excel, React.Js, Accounting
Software, and 3D Modeling
Software would all be considered
“Software Skills").

Table 1: Skill type names and definitions

(Lightcast, 2025c).

After cleaning the data, Lightcast
programmatically codes the text of each job
posting into several fields—including each of the
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skills listed in the job posting—that can be used
for more detailed analysis (Lightcast, 2025b).
For this coding, Lightcast disambiguates
homonyms wusing a minimum threshold of
complimentary words (Harris & Clark, 2023).
The skills are mapped to Lightcast's skill
taxonomy that categorizes identified skills as
specialized skills, common skills, software skills,
and certifications. These skill categories are

defined in Table 1.

Skill

Skill Type

Oracle Agile

Agile Auditing

SAFe Agile

Agile Methodology

Agile Leadership

Agile Coaching

Agile Certification

Agile Projects

Agile Management

Agile Modeling

Agile Testing

Agile Product Management
Agile Software
Development

Agile Unified Process
Agile Product Development
Agile Project Management
Disciplined Agile Delivery
Scaled Agile Framework
IIBA Agile Analysis
Certification

PMI Agile Certified
Practitioner

Large Scale Agile
Development

Agile Model Driven
Development

Table 2: Agile skills included in our search.

Specialized Skill
Specialized Skill
Specialized Skill
Specialized Skill
Specialized Skill
Specialized Skill
Certification

Specialized Skill
Specialized Skill
Specialized Skill
Specialized Skill
Specialized Skill
Specialized Skill

Specialized Skill
Specialized Skill
Specialized Skill
Specialized Skill
Specialized Skill
Certification

Certification
Specialized Skill

Specialized Skill

to identify the job titles most commonly seeking
agile skills. We then further investigated the top
10 job titles by job posting volume, focusing on
which specialized and common skills were most
frequently mentioned for each title.

4.RESULTS

Our search resulted in 776,321 unique job
postings referencing at least one of the agile
skills and certifications and targeting the US
between July 2023 and June 2024.

RQ1l: What are the most common job
titles associated with agile skills?

Using Lightcast’s web application, we ran the Job
Postings Analytics report for postings marketed
to the United States between July 2023 and
June 2024. We searched Lightcast's skills
taxonomy using the keyword "“agile”. After
reviewing the skills that resulted from the
search, we further refined our search to exclude
skills not directly related to the agile
methodology. Specifically, we removed the
following skills from our search: “Agility”,
“Change Agility”, “Learning Agility”, “Mental
Agility”, “Agilent ChemStation”, and “Agilent VEE
(Domain-Specific Programming Language)”.
Table 2 shows the remaining skills included in
our results.

Using the agile job postings that resulted from
the search, we grouped the postings by job title

Rank | Job Title Unique
Postings |
1 Software Engineers 24,775
2 Project Managers 12,299
3 Business Analysts 10,972
4 Scrum Masters 8,508
5 Product Managers 7,464
6 Software Developers 6,976
7 Product Owners 6,703
8 Data Engineers 6,555
9 Java Developers 5,851
10 Full Stack Developers 5,771
11 DevOps Engineers 5,486
12 IT Project Managers 5,312
13 Program Managers 4,978
14 Principal Software 4,886
Engineers
15 Full Stack Software 4,705
Engineers
16 Systems Engineers 4,510
17 Business Systems 4,449
Analysts
18 .NET Developers 4,127
19 Solutions Architects 4,017
20 Lead Software Engineers | 3,534
21 Software Engineering 3,442
Managers
22 Technical Project 3,290
Managers
23 Salesforce Developers 3,008
24 Full Stack Engineers 2,908
25 Full Stack Java 2,766

Developers
Table 3: Top job titles for job postings
referencing agile skills by posting volume.

Table 3 lists the top job titles referencing agile
skills by posting volume. These job titles
accounted for 27.18% of all job postings and
20.26% of job postings referencing agile skills.
The job title “Software Engineers” accounted for
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11.74% (24,775) of job postings referencing
agile skills. Of the top 25 job titles, none of the
job titles contained “agile” in the job title.
Notably, 15 job titles (42.32% of agile postings)
in the top 25 job titles include “engineer” or
“developer”. Using the agile job postings that
resulted from the search, we grouped the
postings by job title to identify the job titles
most commonly seeking agile skills. We then
further investigated the top 10 job titles by job
posting volume, focusing on which specialized
and common skills were most frequently
mentioned for each title.

RQ2: What skills are most associated with
those job titles?

Table 4 (see Appendix) lists the specialized skills
most frequently appearing in job postings for the
ten most common job titles ranked by frequency
of appearance. Due, in part, to the method
used, "“Agile Methodology” was the first or
second most frequently mentioned specialized
skill for each of the top 10 job titles, being
mentioned in more than 85% of job postings for
each title. Other skills with high frequencies
across the top 10 job titles include “Computer
Science” (eight titles), “Scrum” (eight titles),
and various programming languages (five titles;
“Java”, “JavaScript”, “Python”, “C#", or “SQL").
Forty-eight distinct specialized skills made the
top ten for at least one job title. Thirty-two of
those skills were unique to one of the top 10 job
titles.

There are interesting findings in the rankings for
Project Managers. The top 5 are “Project
Management”, "“Agile Methodology”, "“Scrum
(Software Development)”, “Waterfall
Methodology”, and “Systems Development Life
Cycle”. Project managers have been directly
associated with traditional development for
decades. So, the specialized skills of “Waterfall
Methodology” and “Systems Development Life
Cycle” are not surprising. “Agile Methodology”
and "“Scrum (Software Development)” run
counter to the association with traditional
development. The widespread use of hybrid
development approaches (e.g., Gemino et al.,
2021) may explain these findings.

“Scrum (Software Development)” is a specialized
skill that ranked in the top ten job postings for 8
out of 10 job titles. Scrum is the most used agile
development approach. According to Digital.ai
(2022), 87% of organizations reported using
Scrum methodology in 2022, up from 56% in
2020. This skill, unsurprisingly, ranks 1 for

Scrum Masters and Product Owners, as these
are specific roles in Scrum.

The “User Story” skill is ranked in the top 10 for
only 4 job titles: Business Analysts, Scrum
Masters, Product Managers, and Product
Owners. It did not rank in the top ten for the
other job titles including Software Developers.
This could indicate 1) a lack of focus on Scrum
or 2) that “Scrum (Software Development)” and
“Agile Methodology” are used as umbrella terms
instead of indicating specific user story skills in
those job postings.

Table 5 (see Appendix) displays the top common
skills for each job title. As expected, common
skills were more consistent across job titles, with
27 distinct common skills compared to the 48
distinct specialized skills. "Communication” was
the top ranked common skill across all job titles.
This indicates the continuing need for soft skills
across job titles. Both “Problem Solving” and
“Management” were ranked in the top 10 for all
10 of the job titles. “Planning”, “Writing”,
“Leadership”, and “Innovation” ranked in most
of the job titles.

RQ3: How do the common and specialized
skill requirements vary across job titles?

Table 6 (See Appendix) lists the specialized and
common skills combined. Every job title had a
mix of skills to make the top 10 skills overall,
but the mix of skill types differed across the job
titles. Data Engineers appear to have a great
need for specialized skills because all the top 10
skills were specialized skills. Software Engineers,
Software Developers, Java Developers, and Full
Stack Developers had nine specialized skills in
their top 10. Project Managers and Product
Owners are the job titles with the highest
number of common skills in their overall top 10.

5. DISCUSSION AND CONCLUSION

Information systems educators prepare their
students for the IT workforce. This study
provides insights to IS educators by 1) helping
them guide their students during the job
placement process, specifically when students
express interest in agile, and 2) guiding
curriculum design. This finding suggests that a
wide variety of jobs require agile skills, and the
word “agile” may not be in the job title.

In this study, we found the most common job
titles associated with agile skills span across
different types of jobs ranging from project
management-related job titles (e.g., Project
Managers, Scrum Masters) to
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developer/engineer job titles (e.g., Full Stack
Developers, Software Engineers). We also
identified which skills are most associated with
those job titles and found that skills such as
“Agile Methodology” and “Communication”
ranked in the top 10 skills for all the top 10 job
titles. This suggests that, like most jobs, jobs
requiring agile skills require communication
skills. However, we found a mix of top skills
across the top 10 job titles, indicating that agile
skills can be beneficial in jobs with different
mixes of skills.

This research offers  several practical
applications. First, students learning about agile
may want to work in a job that uses agile skills.
We found many instances where a job title
doesn’t have “agile” in it, but the job requires
agile skills. This indicates that students should
be attentive in reading the full job description
when applying for jobs, and that students need
to broaden their search parameters to find
hidden attributes in job descriptions. This
research, indicating job titles connected to those
skills, helps students know what jobs are
relevant in their job search. This information can
help instructors and advisors guide students to
those jobs.

Second, our data indicated that Waterfall-like
skills were sought even though we were
searching for agile. This finding indicates the use
of a hybrid approach among employers. In a
related study, more widespread use of the
hybrid approach was found than expected
(Gemino et al., 2021). About fifty percent of
their sample used the hybrid approach, which
the authors suggest “represents a maturing of
the project management discipline” (Gemino et
al., 2021, p. 170). Because agile approaches are
somewhat newer, students may want to focus
exclusively on developing agile related skills. It's
imperative that faculty introduce the reality of
hybrid development.

On the surface, using the best of both waterfall
and agile seems advantageous. However, hybrid
software development requires skills from both
approaches. Further, incorporating the hybrid
approach creates complexity due to the
prevailing organizational culture and the current
skills of IT professionals. Curriculum and
professional development should include the
hybrid approach to prepare students and current
IT professionals for this organizational
environment. This means going beyond teaching
waterfall and agile development separately to
incorporating the combination of both when
developing software solutions for businesses.

Third, this information could guide academic
programs to develop curriculum that includes
agile content. For example, several of the job
titles were related to software engineering. This
may indicate that programming-related
disciplines could benefit from including agile
skills development.

As with all research, this research has
limitations. One limitation of the study was that
we only used U.S. job postings. However, the
results may be different in other countries. The
skills required for agile workers vary between
the U.S. and Germany (Aldenhoven et al.,,
2021). In line with this difference between
countries, it is possible that the most common
job titles associated with agile skills and the
skills associated with those job titles may vary in
other countries. Future research could look at
international job postings for more
generalizability or job postings in countries other
than the U.S. for comparison.

This study is also limited by our measures and
data. We assume that job postings directly
indicate the skill requirements for jobs, in line
with prior research (Harris & Clark, 2023).
However, job postings are not always a direct
reflection of the jobs. For example, job posting
web sites may limit the length of the text of the
job postings. If the job posting is not limited by
the job posting web site, they are limited by the
attention spans of the applicants. As mentioned
in the methods section, job postings also serve
as a lagging indicator of skill needs and are,
thus, not predictive of what skills might be
required in the future.

Furthermore, we assume that the job posting is
both written by the poster and received by
potential applicants with no outside motivations
and biases. However, job postings could be
written to scare away potential applicants
(Clearpoint, 2016). Alternatively, job postings
could be written to persuade potential applicants
to apply. For example, software developers who
use agile methodology more tend to have more
favorable perceptions about their jobs than
software developers who use agile methodology
less (Sun & Schmidt, 2018). Employers may use
these more positive perceptions to attract more
applicants by including agile in the job postings.
Furthermore, employees generally perceive agile
transformation—moving from traditional
software development approaches to an agile
software development approach—as a positive
change for the organization, but agile
transformation comes with pains including things
like resistance (Nerur et al., 2005). Including
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agile skills in a job posting could signal to
potential applicants that the agile transformation
has already occurred. Employees will then reap
the benefits of the agile environment without
dealing with the struggles of the process of
changing.

Future research can address the limitation
related to job postings being a true
representation of the job requirements by
gathering data using other methodologies. For
example, researchers could conduct interviews
with hiring managers. This approach would avoid
the issues noted above that are related
specifically to job postings data.

Our study is also limited by the timeframe of the
data. We pulled job postings between July 2023
and June 2024. This year of data provides some
valuable insights into jobs that require agile
skills. However, future research could
investigate the change over time in jobs that
require agile skills. This longitudinal study would
provide additional insights for IS research with
regards to how the IT job market has changed.
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Skill | Software Project Business Scrum Product Software Product Data Java Full Stack

Rank | Engineers Managers Analysts Masters Managers Developers Owners Engineers Developers Developers

1 Agile Project Agile Scrum Product Agile Scrum Data Java Full Stack
Methodology Management Methodology (Software Management Methodology (Software Engineering (Programming | Development
(91.31%) (99.68%) (92.70%) Development) | (98.22%) (92.50%) Development) | (98.84%) Language) (99.45%)

(100.00%) (99.82%) (99.88%)

2 Software Agile Business Agile Agile Computer Agile Agile Agile Agile
Engineering Methodology Requirements | Methodology Methodology Science Methodology Methodology Methodology Methodology
(82.53%) (87.10%) (51.04%) (98.88%) (87.63%) (57.80%) (94.06%) (93.99%) (93.27%) (95.11%)

3 Software Scrum Business Sprint New Product JavaScript User Story SQL Spring JavaScript
Development (Software Process Retrospectives | Development | (Programming | (64.17%) (Programming | Framework (Programming
(64.41%) Development) | (45.73%) (51.20%) (43.60%) Language) Language) (52.32%) Language)

(37.10%) (52.12%) (77.82%) (64.15%)

4 Computer Waterfall User Story Sprint Product Software Product Python Spring Boot Angular (Web
Science Methodology (45.64%) Planning Roadmaps Development Management (Programming | (48.78%) Framework)
(58.89%) (32.04%) (47.98%) (41.77%) (51.25%) (53.07%) Language) (55.28%)

(73.96%)

5 Java Systems Scrum JIRA Scrum SQL New Product Extract Computer Application
(Programming | Development (Software (45.72%) (Software (Programming | Development | Transform Science Programming
Language) Life Cycle Development) Development) | Language) (31.60%) Load (ETL) (44.45%) Interface
(40.73%) (26.96%) (44.16%) (40.85%) (40.41%) (64.30%) (API)

(48.80%)

6 Amazon Web JIRA Business Continuous Product C# Product Data SQL React.js
Services (24.71%) Analysis Improvement | Strategy (Programming | Roadmaps Warehousing (Programming | (Javascript
(36.19%) (41.68%) Process (33.67%) Language) (30.96%) (54.71%) Language) Library)

(39.79%) (39.23%) (42.08%) (46.72%)

7 JavaScript Milestones Project Project User Story Java Project Computer Microservices | Java
(Programming | (Project Management Management (31.89%) (Programming | Management Science (39.46%) (Programming
Language) Management) | (41.52%) (39.77%) Language) (30.48%) (53.90%) Language)
(35.41%) (24.42%) (38.95%) (46.44%)

8 Python Project JIRA Kanban Marketing Angular (Web | JIRA Data Pipelines | RESTful API Amazon Web
(Programming | Planning (35.33%) Principles (30.09%) Framework) (27.29%) (48.62%) (38.61%) Services
Language) (24.21%) (26.76%) (32.37%) (44.81%)
(33.98%)

9 Scrum Project Computer User Story Computer Scrum Computer Amazon Web Scrum Computer
(Software Scoping Science (26.55%) Science (Software Science Services (Software Science
Development) | (21.94%) (26.08%) (29.38%) Development) | (26.33%) (46.01%) Development) | (42.64%)
(31.86%) (30.73%) (35.40%)

10 SQL Microsoft Workflow Software Project Git (Version User Data Modeling | JavaScript SQL
(Programming | Project Management Development Management Control Experience (43.60%) (Programming | (Programming
Language) (21.14%) (24.64%) (25.28%) (27.33%) System) (UX) Language) Language)
(31.62%) (29.37%) (24.54%) (33.65%) (40.81%)

Table 4: Top ranking specialized skills by frequency of appearance in agile job postings.
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Skill Software Project Business Scrum Product Software Product Data Java Full Stack

Rank | Engineers Managers Analysts Masters Managers Developers owners Engineers Developers Developers

1 Communication | Communication | Communication | Communication | Communication | Communication | Communication | Communication | Communication | Communication
(38.53%) (67.10%) (57.84%) (61.82%) (57.64%) (33.89%) (60.57%) (40.98%) (36.80%) (48.12%)

2 Problem Management Problem Planning Leadership Troubleshooting | Leadership Problem Problem Problem
Solving (56.99%) Solving (46.91%) (41.97%) (Problem (42.53%) Solving Solving Solving
(28.75%) (38.29%) Solving) (28.47%) (26.87%) (29.73%)

(24.53%)

3 Troubleshooting | Leadership Management Leadership Prioritization Problem Planning Management Troubleshooting | Troubleshooting
(Problem (50.40%) (33.86%) (41.49%) (34.31%) Solving (38.59%) (26.86%) (Problem (Problem
Solving) (23.28%) Solving) Solving)
(23.98%) (21.21%) (28.52%)

4 Management Planning Writing Coaching Customer Management Prioritization Operations Management Management
(22.63%) (42.69%) (23.61%) (38.47%) Service (20.04%) (38.45%) (18.83%) (13.21%) (20.00%)

(34.11%)

5 Innovation Problem Planning Management Problem Information Management Troubleshooting | Information Operations

(19.89%) Solving (20.99%) (37.34%) Solving Technology (36.10%) (Problem Technology (14.73%)
(30.84%) (32.06%) (15.19%) Solving) (10.12%)
(18.70%)

6 Planning Coordinating Detail Oriented | Problem Management Writing Problem Innovation Writing Innovation

(16.90%) (27.09%) (20.18%) Solving (30.48%) (14.64%) Solving (18.00%) (9.72%) (14.09%)
(32.65%) (28.91%)

7 Operations Timelines Microsoft Excel | Prioritization Influencing Planning Customer Leadership Self-Motivation Writing

(15.93%) (26.57%) (19.60%) (26.65%) Skills (13.50%) Service (15.94%) (9.02%) (13.39%)
(29.31%) (25.91%)

8 Writing Presentations Leadership Decision Innovation Innovation Writing Mentorship Innovation Information

(15.62%) (20.78%) (18.20%) Making (27.69%) (12.92%) (23.87%) (15.82%) (8.99%) Technology
(24.01%) (11.16%)

9 Leadership Program Presentations Mentorship Planning Detail Oriented Innovation Customer Planning Leadership

(14.82%) Management (17.66%) (22.56%) (27.49%) (12.13%) (20.71%) Service (7.83%) (10.67%)
(19.80%) (12.74%)
10 Mathematics Writing Microsoft Information Sales Operations Research Writing Operations Detail Oriented
(13.35%) (19.80%) PowerPoint Technology (26.10%) (11.93%) (19.87%) (12.57%) (7.67%) (9.77%)
(16.39%) (20.92%)
Table 5: Top ranking common skills by frequency of appearance in agile job postings.
©2026 ISCAP (Information Systems and Computing Academic Professionals) Page 80

https://jisara.org; https://iscap.us



Journal of Information Systems Applied Research and Analytics (JISARA) 19 (2)
ISSN: 1946-1836 June 2026

Skill | Software Project Business Scrum Product Software Product Data Java Full Stack

Rank | Engineers Managers Analysts Masters Managers Developers Owners Engineers Developers Developers

1 Agile Project Agile Scrum Product Agile Scrum Data Java Full Stack
Methodology Management Methodology (Software Management Methodology (Software Engineering (Programming Development
(91.31%) (99.68%) (92.70%) Development) (98.22%) (92.50%) Development) (98.84%) Language) (99.45%)

(100.00%) (99.82%) (99.88%)

2 Software Agile Communication | Agile Agile Computer Agile Agile Agile Agile
Engineering Methodology (57.84%) Methodology Methodology Science Methodology Methodology Methodology Methodology
(82.53%) (87.10%) (98.88%) (87.63%) (57.80%) (94.06%) (93.99%) (93.27%) (95.11%)

3 Software Communication | Business Communication | Communication | JavaScript User Story SQL Spring JavaScript
Development (67.10%) Requirements (61.82%) (57.64%) (Programming (64.17%) (Programming = Framework (Programming
(64.41%) (51.04%) Language) Language) (52.32%) Language)

(52.12%) (77.82%) (64.15%)

4 Computer Management Business Sprint New Product Software Communication | Python Spring Boot Angular (Web
Science (56.99%) Process Retrospectives Development Development (60.57%) (Programming @ (48.78%) Framework)
(58.89%) (45.73%) (51.20%) (43.60%) (51.25%) Language) (55.28%)

(73.96%)

5 Java Leadership User Story Sprint Planning @ Leadership SQL Product Extract Computer Application
(Programming (50.40%) (45.64%) (47.98%) (41.97%) (Programming Management Transform Science Programming
Language) Language) (53.07%) Load (ETL) (44.45%) Interface (API)
(40.73%) (40.41%) (64.30%) (48.80%)

6 Communication | Planning Scrum Planning Product C# Leadership Data SQL Communication
(38.53%) (42.69%) (Software (46.91%) Roadmaps (Programming (42.53%) Warehousing (Programming (48.12%)

Development) (41.77%) Language) (54.71%) Language)
(44.16%) (39.23%) (42.08%)

7 Amazon Web Scrum Business JIRA Scrum Java Planning Computer Microservices React.js
Services (Software Analysis (45.72%) (Software (Programming (38.59%) Science (39.46%) (Javascript
(36.19%) Development) (41.68%) Development) Language) (53.90%) Library)

(37.10%) (40.85%) (38.95%) (46.72%)

8 JavaScript Waterfall Project Leadership Prioritization Communication | Prioritization Data Pipelines = RESTful API Java
(Programming Methodology Management (41.49%) (34.31%) (33.89%) (38.45%) (48.62%) (38.61%) (Programming
Language) (32.04%) (41.52%) Language)
(35.41%) (46.44%)

9 Python Problem Problem Continuous Customer Angular (Web Management Amazon Web Communication | Amazon Web
(Programming Solving Solving Improvement Service Framework) (36.10%) Services (36.80%) Services
Language) (30.84%) (38.29%) Process (34.11%) (32.37%) (46.01%) (44.81%)
(33.98%) (39.79%)

10 Scrum Coordinating JIRA Project Product Scrum New Product Data Modeling = Scrum Computer
(Software (27.09%) (35.33%) Management Strategy (Software Development (43.60%) (Software Science
Development) (39.77%) (33.67%) Development) (31.60%) Development) (42.64%)
(31.86%) (30.73%) (35.40%)

Note: Specialized skills are shaded gray.

Table 6: Top ranking combined skills (specialized and common) by frequency of appearance in agile job postings.
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