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Abstract: Job recommendation systems play a critical role in matching individuals with

relevant career opportunities based on their skills and experiences. However, many existing

systems struggle to balance precision and contextual relevance, leading to mismatches in job

recommendations. In this paper we introduce JobMatcher, a multilayered recommendation

system that integrates a well established technique, cosine similarity and KNN clustering

with ChatGPT based evaluation. Initial recommendations are generated through content-based

filtering and refined via clustering similar job descriptions aligned with user profiles by seniority

and trajectory. To enhance contextual accuracy, GPT 3.5 turbo was prompted to act as an

expert evaluator, scoring top recommendations based on skill relevance and career fit using

structured and unbiased prompts. In a user study with seven domain experts and ten user profiles,

system-selected jobs scored significantly higher (mean = 3.43 compared to 2.99 for KNN

clustering, p = 0.0035), with moderate inter-rater agreement (Kendall’s W = 0.417). JobMatcher

bridges algorithmic filtering with human like evaluation, offering a scalable, intelligent solution

for improved job matching.
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1 Introduction

Job recommendation systems play an important role in connecting job seekers with
opportunities that correspond to their abilities, qualifications, experience, and profes-
sional ambitions. Not only that, but also the demand for intelligent, flexible, and exact
job-matching systems has escalated as the employment market grows more dynamic
[Mandalapu et al. , 2023]. Additionally, balancing technical relevance in a recommen-
dation system with the real-world applicability of recruitment must be more inclusive of
a wide range of features [Tran , 2023]. Especially when the aim is to find prospective
hires more suitable to the current job market.
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Traditional methods such as content-based filtering and collaborative filter-
ing [Ricci et al. , 2021] have established the basis for numerous job recommendation
systems, providing systematic methods for aligning prospective hires with job descrip-
tions. Such approaches succeeded in ensuring job recommendations match their abilities
and qualifications; however, they have failed to include relevant job opportunities and
inclusive job preferences. For example, traditional content-based filtering effectively
identifies textual alignment between a user’s profile and job descriptions. However, it
often struggles to capture higher-level contextual nuances, such as career trajectory,
industry shifts, or skill adaptability [Javed et al. , 2021; Jin et al. , 2023; Mehrabi
et al. , 2021], while collaborative filtering suffers from cold-start problems and lacks
explainability [Nassar et al. , 2020]. Hybrid models could improve accuracy but often
require complex integration and lack real-time adaptability [Bhowmick et al. , 2021].
Furthermore, prior systems rarely incorporate human-like judgment or domain-specific
alignment, which leads to mismatches in job recommendations.

In order to include these features, an approach that combines diverse recommen-
dation techniques with human-like evaluative insights is required [Al-slaity , 2021].
The goal is to ensure that job suggestions are contextually relevant and practically fea-
sible. Therefore, this study proposes JobMatcher, a multilayered job recommendation
system that combines two layers of content-based filtering, including cosine similarity,
andKNN search algorithmwith AI-driven evaluation using ChatGPT [OpenAI , 2024].
This study therefore set out to assess the effect of including real-world features such as
career progression, seniority alignment, or role-specific expectations on the reliability of
the recommendation system. In addition, this study evaluates the performance of Chat-
GPT as an adaptive refinement mechanism in generating final job recommendations. To
this end, the specific objectives of this study are:

– Develop a multilayered job recommendation system that integrates content-based
filtering and the K-Nearest Neighbors (KNN) algorithm to generate personalized
and inclusive job matches.

– Enhance recommendation quality using ChatGPT as an intelligent filtering mecha-
nism to refine job suggestions based on contextual relevance, skill alignment, and
career trajectory.

– Evaluate the system’s effectiveness by comparing ChatGPT’s selections with KNN-
based recommendations and human expert assessments to ensure reliability and
alignment with real-world hiring practices.

This multilayered approachmimics human decision-making in job searching. Just as
a recruiter first searches for technical matches before assessing a prospective hire’s ca-
reer trajectory and aspirations, a job seeker typically begins by identifying positions that
align with their current skills and experience. They then refine their search by consid-
ering long-term career growth, industry trends, and personal aspirations. By structuring
the recommendation process in a similar manner—starting with technical relevance and
then incorporating higher order career factors, this system provides job recommenda-
tions that balance immediate fit with future career potential. This study makes a major
contribution by demonstrating that system generated recommendations are in alignment
with expert ratings compared to the initial results from the content-based layer. Thus,
the integration of ChatGPT offers a realistic evaluation of job alignment, facilitating the
connection between algorithmic suggestions and expert confirmation. The novel contri-
butions of this study include:
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– The design of a multi-layered framework that sequentially applies content-based
filtering including KNN, and a large language model (LLM) based evaluation.

– The use of LLM, specifically ChatGPT (GPT-3.5-turbo), to simulate expert judg-
ment in evaluating job suitability.

– A comprehensive evaluation pipeline involving human experts to validate LLM-
assisted job recommendations.

Following the introduction, the remainder of the paper is organized as follows: Sec-
tion 2 reviews related work. Section 3 describes the method used in this study with a
walkthrough example in Section 4. The experimental study and its results are presented
in Sections 5 and 6 along with the study limitations 7. Finally, the paper concludes with
Section 8.

2 Related Work

Recommendation systems have evolved significantly, leveraging different methodolo-
gies to enhance personalization and relevance. These systems are broadly categorized
into content-based filtering, collaborative filtering, knowledge-based systems, and hy-
brid approaches [Ricci et al. , 2021]. Among these, content-based filtering has played
a crucial role in job recommendation systems by emphasizing semantic similarity mea-
sures. This method enables systems to suggest jobs that align with users’ skill sets,
broadening the scope of job opportunities beyond exact matches to related competen-
cies. For instance, Domeniconi et al. [2016] utilized LinkedIn profile data to compare
user skills with job postings, demonstrating improved recommendation accuracy. How-
ever, challenges remain, particularly regarding computational efficiency and the ability
to account for career trajectory shifts.

To address limitations in content-based filtering, collaborative filtering has been in-
tegrated to personalize recommendations further. A multi-criteria collaborative filtering
model proposed by Nassar et al. [2020] who incorporated item interactions to refine job
matches, leading to significant improvements in accuracy and user satisfaction. Addi-
tionally, clustering-based collaborative filtering techniques, such as K-means clustering,
have been employed to manage large datasets efficiently. By grouping similar users and
leveraging collective preferences, these approaches enhance scalability and recommen-
dation diversity [Lee et al. , 2024]. However, traditional collaborative filtering faces
cold-start issues, limiting its effectiveness for users with minimal historical data.

Hybrid recommendation systems have emerged as a solution by combining the
strengths of content-based and collaborative filtering approaches. These models have
demonstrated effectiveness across various domains, including e-commerce [Krishna
et al. , 2025] and education [Butmeh and Abu-Issa , 2024]. In job recommendation
contexts, researchers have explored hybrid models integrating clustering techniques
with content-based filtering. For example, Bhowmick et al. [2021] and Kamdar and
Mehta [2023] proposed a method where users are first grouped based on preferences,
followed by cosine similarity-based content filtering within clusters. This approach
enhances recommendation precision while mitigating sparsity and cold-start issues.

LLMs have introduced new paradigms in recommendation evaluation and genera-
tion. The work by Brown et al. [2020] highlighted the capabilities of LLMs to gen-
eralize across diverse evaluation settings without specialized training. LLMs possess
emergent properties such as contextual awareness and adaptive decision-making, which
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make them valuable tools for refining recommendations [Wei et al. , 2022; Gao et al.
, 2023]. Recent studies have explored how LLMs, particularly ChatGPT, can improve
recommendation tasks through role-playing prompts and expert simulations. By simu-
lating domain experts, these models can assess job recommendations beyond traditional
metrics [Dai , 2023].

LLMs have also been explored for generating recommendations directly. Several
studies have examined how transformer-based architectures can dynamically person-
alize recommendations based on historical user interactions [Zhao et al. , 2024; Chen
et al. , 2023]. The ability of LLMs to capture complex patterns in user behavior makes
them promising for adaptive recommendation systems. Furthermore, Gao et al. [2023]
introduced a ChatGPT-based recommendation framework that demonstrated significant
improvements in ranking relevance and diversity compared to traditional filtering tech-
niques.

Incorporating LLMs into recommendation generations and evaluations has yielded
promising results. For instance, an evaluation pipeline was proposed to measure
ChatGPT’s effectiveness in Top-N recommendations, cold-start cases, and ranking
tasks [Di Palma et al. , 2023]. The findings indicated that ChatGPT significantly
outperformed baselines, demonstrating its ability to provide contextually relevant
rerankings. Similarly, a study that investigated LLM-driven user modeling, revealing
improvements in personalized relevance assessments. However, challenges such as
potential biases and the need for standardized evaluation frameworks remain [Wang
et al. , 2024a].

The integration of LLMs with hybrid recommendation models presents a novel di-
rection for job recommendation systems. By combining content-based filtering with
KNN clustering for initial job retrieval and employing ChatGPT as an adaptive filtering
mechanism, our approach aligns with recent advancements in AI-driven recommen-
dation frameworks. The role of a LLM, specifically ChatGPT in refining job matches
based on career trajectory and industry-specific factors builds upon prior research in
AI-assisted recommendations [Liu et al. , 2023; Dai , 2023; Haque et al. , 2022].
This integration not only enhances recommendation relevance but also improves in-
terpretability by providing explanations for job suggestions, a critical aspect in career
decision-making processes [Mehrabi et al. , 2021].

In summary, prior research underscores the effectiveness of hybrid models in over-
coming the limitations of content-based and collaborative filtering techniques. The in-
corporation of LLMs such as ChatGPT introduces a new dimension to recommenda-
tion refinement, ensuring context-aware, realistic career-aligned job suggestions. Our
methodology extends these advancements by integrating the KNN algorithmwith LLM-
driven expert evaluation, providing a robust and scalable framework for job recommen-
dation.

3 Multilayered Job Recommendation Framework

The Multilayered Job Recommendation Framework enhances job matching by combin-
ing content-based filtering with AI-driven refinement. The first layer uses initial tex-
tual matching and KNN-based job expansion to retrieve relevant jobs based on cosine
similarity, ensuring both precision and diversity. The second layer, ChatGPT-based fil-
tering, refines recommendations by considering career growth, seniority alignment, and
industry-specific factors. The overall architecture of the proposed framework is illus-
trated in Figure 1.
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Figure 1: The workflow of the proposed multilayered job recommendation system.

3.1 Dataset Collection and Pre-processing

This research study utilized two primary datasets: the Monster Job Descriptions
Dataset [PromptCloud and DataStock , 2020] with 1,489 job descriptions and the
LinkedIn Profiles Dataset containing 762 user profiles. The Monster dataset included
detailed job information such as titles, descriptions, company offering positions, salary
information, and other relevant job-related data. The LinkedIn dataset encompassed
users’ work history, positions held, skills, and professional backgrounds. Both datasets
were processed in CSV format using data processing tools, ensuring consistency and
readiness for analysis.

To ensure high-quality recommendations, a comprehensive preprocessing workflow
was applied. Only English-language job descriptions and profiles were retained for con-
sistency. User profiles with fewer than two years of experience or lacking job history
were excluded to ensure meaningful career context and allow for reliable similarity-
based matching. URLs and irrelevant metadata were removed from both datasets, min-
imizing noise and focusing on essential textual content. These preprocessing steps en-
sured that the system operated on clean, structured, and contextually relevant data, im-
proving the accuracy of job matches [Ladani and Desai , 2020].
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3.2 Content-Based Recommendation Layer

The first layer applies content-based filtering using cosine similarity, which efficiently
identifies the single best-matching job for each user based on textual overlap between
job descriptions and user profiles. This ensures that the starting point is a highly relevant
job rather than relying on broad clustering. Once this anchor job is established, the KNN
algorithm expands the search by retrieving the top five most similar jobs, considering
both textual similarity and career progression factors like seniority alignment.

3.2.1 Initial Textual Matching

The recommendation process begins with text-processing techniques that identify job
recommendations most aligned with LinkedIn profiles based on skill relevance. The TF-
IDF method [Qaiser and Ali , 2018] was used to convert the textual content of both job
descriptions and user profiles into structured numerical vectors, emphasizing important
terms while minimizing common or uninformative words. This process resulted in a
high-dimensional TF-IDFmatrix with a shape of (2504, 14743), where 2,504 represents
the combined number of documents and 14,743 reflects the vocabulary size extracted
from the corpus.

To manage this complexity and enhance computational efficiency, the TF-IDF ma-
trix was reduced using Truncated Singular Value Decomposition (SVD)[Wang et al. ,
2024b], reducing each vector to 300 components that preserved the most salient seman-
tic features. Cosine similarity [Gunawan et al. , 2018] which was then applied to these
reduced 300-dimensional vectors to quantify the similarity between user profiles and
job descriptions. This similarity score, ranging from -1 to 1, allowed the system to rank
job recommendations by how well they matched each user’s skills and experience.

The initial job recommendations were generated by extracting the relevant row from
the similarity matrix for each LinkedIn profile and ranking the job listings in descend-
ing order of similarity. By focusing on the top-matching entries, the system ensured that
users received recommendations that were not only textually relevant but also meaning-
ful in the context of their professional background.

The final recommendation dataset was structured to include each user’s ID, current
position, recommended job title, and the corresponding cosine similarity score.

In this step, a preliminary set of job recommendations was successfully generated by
analyzing the textual content of job descriptions and LinkedIn profiles. After processing
1,489 job listings from the Monster dataset, cosine similarity scores were calculated,
yielding a similarity matrix for 300 processed components. Table 1 presents the top five
recommended jobs along with their similarity scores.

Each LinkedIn profile received a recommended job title, with an average similarity
score of 0.56, indicating a strong alignment between profiles and job descriptions.

While this initial filtering provides strong text-based matches, it does not introduce
broader contextual factors such as seniority awareness and career trajectory.

3.2.2 KNN-Based Job Expansion

To increase diversity in the job suggestions generated by the first layer, this layer refines
and expands the initial recommendations by applying the K-Nearest Neighbors (KNN)
algorithm [Ge et al. , 2024] as a content-based filtering [Sawant et al. , 2023]. This
layer ensures that users are presented with a broader range of relevant job opportunities.
At the outset, we extracted seniority levels for both users and jobs. Job titles and user
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Recommended Job Title Similarity Score

Information Security Leader 0.88
SAP BODS and I.S. 0.83

Requirements Sharepoint, WebSphere 0.83
Senior Executive or Assistant Manager Import

Export
0.82

Online Bidding - Pre Sales 0.79
* The cosine similarity scores reflect the degree of similarity between the job title and the given
position.

Table 1: Top 5 Cosine Similarity Scores

positions were categorized into four seniority levels: Junior, Mid-Level, Senior, and Ex-
ecutive, using a keyword-based approach. This classification ensured that seniority was
incorporated into the feature set, allowing the system to generate job recommendations
that align with users’ career stages.

We then vectorized both job descriptions and user profiles using TF-IDF. The job
matrix was constructed using key features that capture different aspects of a job, includ-
ing job title, job description, required skills, qualifications, and job seniority. These at-
tributes provided a comprehensive representation of job postings, ensuring that matches
were based on both content similarity and role alignment. Similarly, a user profile ma-
trix was built to reflect both current and recommended career paths. This matrix was
constructed using three core components: the user’s previous job titles, their extracted
seniority level, and the recommended job resulting from the initial matching stage only
if its cosine similarity score was 0.5 or higher. This step ensured that only highly rel-
evant first-layer recommendations contributed to the second stage. By combining both
current and recommended jobs, this approach aligned new job recommendations with
past experiences and projected career paths, ensuring that users were not confined to
their existing roles but guided toward realistic career advancements.

Once the job and user matrices were constructed, the KNN model was applied to
perform direct job-user matching using cosine similarity as the distance metric. For
each user, the system identified the top 5 most similar jobs, ranking them based on how
closely their textual features aligned with the user’s profile. The choice of K = 5 was
empirically validated by comparing recommendation diversity and seniority alignment
across K ∈ {3, 5, 7, 10}. K = 5 provided the best trade-off between computational
cost, diversity of results, and relevance based on preliminary qualitative inspection. Un-
like traditional clustering approaches that group users into predefined categories, this
approach continuously searches for the best individual matches, ensuring that recom-
mendations are personalized at a granular level. The computed cosine distances were
converted into similarity scores, where higher values indicated a stronger match be-
tween the user’s profile and the job description.

While KNN-based matching ensured technical alignment but lacked contextual
awareness, often missing career progression and industry shifts.

3.2.3 Evaluating the content-based recommendations

We evaluated the effectiveness of the KNN-based recommendation system by exam-
ining seniority matching statistics, similarity scores, and the diversity of recommended
job titles. The seniority matching analysis reveals that, on average, users receive ap-
proximately 2.86 out of 5 job recommendations matching their seniority level. Notably,
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26.15% of users received five perfect matches, demonstrating the system’s capability
to align recommendations with user seniority. Conversely, 13.85% of users received no
seniority-aligned recommendations, which may indicate challenges in finding matches
for certain profiles due to niche expertise or unconventional career paths. This suggests
a potential area for improvement.

The similarity score distribution further supports the robustness of our model. With
a mean similarity score of 0.57 and a median of 0.56, the majority of recommendations
are reasonably aligned with user profiles. The relatively low standard deviation (0.14)
indicates consistency in recommendation quality. We also examined the diversity of job
recommendations to ensure that users receive varied opportunities rather than repetitive
listings. The results indicate that most users receive five unique job recommendations,
demonstrating that our model provides a broad range of suggestions rather than cycling
through similar job titles. This enhances user exposure to different opportunities, im-
proving the overall effectiveness of the system.

3.3 ChatGPT-based Recommendation Layer

To bridge algorithmic precision with contextual awareness, we employed a role-playing
approach in which GPT-3.5-turbo functioned as an expert evaluator, assessing the suit-
ability of recommended jobs resulting from KNN based on a user’s skills and previous
position. This builds on expert-based assessments, a widely used approach in recom-
mender system evaluations [Han et al. , 2023]. While expert evaluations are tradition-
ally conducted by human specialists, recent studies have explored the use of LLMs,
specifically GPT-3.5-turbo (via ChatGPT), for simulating expert decision-making in
recommendation tasks [Liu et al. , 2023; Dai , 2023; Haque et al. , 2022]. By leverag-
ing GPT-3.5-turbo (via ChatGPT) in this capacity, we aimed to filter job recommenda-
tions to ensure that only the most relevant options were retained, providing an additional
measure of recommendation quality.

Our approach relies on prompting rather than fine-tuning the language model.
Prompting allows LLMs to be adapted to specific tasks through structured instructions
in natural language, eliminating the need for extensive retraining [Zhao et al. , 2024].
Unlike fine-tuning, which requires specialized model adjustments, our method main-
tains the model’s general-purpose nature while guiding its decision-making through
detailed prompts. However, since ChatGPT is not explicitly fine-tuned for job evalua-
tion tasks, it may not fully grasp the subtleties of complex job descriptions. To mitigate
this, we designed structured input prompts to improve its contextual understanding
and evaluation quality. Additionally, we excluded demographic information such as
nationality and gender to prevent biases in the evaluation process [Mehrabi et al. ,
2021], ensuring that assessments were based purely on skill alignment and career
relevance.

To refine job recommendations, we integrated GPT-3.5-turbo (via ChatGPT) as a
filtering layer to enhance the initial KNN-based results. The system retrieved user pro-
files, including their skills, previous job titles, and a list of jobs recommended by the
KNN model. ChatGPT was then tasked with analyzing the top five recommended job
descriptions and selecting the three most suitable positions based on skill relevance and
career alignment. ChatGPT was then prompted with the instruction:

You are a job recommendation assistant. You are provided a list of
5 recommended jobs, select the most three suitable jobs from the
list for the user based on their following profile.
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User ID: {user_id}
Skills: {user_skills}
Current Job: {current_job}
- {job_title_1}: {job_description_1}
- {job_title_2}: {job_description_2}
- {job_title_3}: {job_description_3}
- {job_title_4}: {job_description_4}
- {job_title_5}: {job_description_5}

Which job is the best fit?

ChatGPT assessed job relevance by processing this structured input and refined the
recommendations to better match users’ career trajectories. By bridging algorithmic pre-
cisionwith contextual awareness, this approach added an intelligent filteringmechanism
to complement the KNN model.

3.3.1 Analysis of ChatGPT Results

We conducted several key analyses to evaluate GPT-3.5-turbo effectiveness in refining
job recommendations after the KNN layer.

Initially, we examined the jobs suggested by ChatGPT to assess their alignment with
the provided list. Our findings revealed that in 6 out of 65 cases, ChatGPT did not strictly
adhere to the given job list, either selecting only one job from the provided options or
suggesting additional jobs beyond those recommended byKNN. This observation raised
questions about the consistency of ChatGPT’s selection process and the underlying cri-
teria it used. To further understand this behavior, we queried ChatGPT for clarification.
The responses indicated that rather than strictly following the top-ranked KNN recom-
mendations, ChatGPT prioritized semantic relevance and job alignment with the user’s
skills and current position. This suggested that ChatGPT applies additional reasoning
beyond numerical similarity scores.

To quantify the extent of this deviation, we compared ChatGPT’s selections with
the top three job recommendations from KNN. The agreement rate between ChatGPT’s
selections and the top three KNN recommendations was found to be 60% on average,
Figure 2. This result demonstrates that while ChatGPT considers KNN recommenda-
tions, it does not rigidly follow them, frequently opting for selections based on a broader
interpretation of relevance. Consequently, this refinement layer introduces an element
of flexibility that may enhance the quality of recommendations beyond strict similarity-
based ranking.

Next, we compared the similarity scores of ChatGPT’s selections against those
of KNN’s recommendations. The average similarity score of KNN-selected jobs was
found to be 0.1465, while the average similarity score of ChatGPT-selected jobs
was 0.1474. This small yet positive improvement suggests that ChatGPT does not
significantly compromise similarity despite its alternative selection approach. Instead,
it maintains a comparable level of similarity while integrating additional qualitative
aspects into its decision-making. We investigated the similarity further by examining
whether ChatGPT consistently selects the highest similarity jobs from KNN’s recom-
mendations. The results indicated that ChatGPT does not always prioritize the jobs with
the highest similarity score– only 13.85% of the recommended jobs are in alignment
with KNN’s highest recommended jobs.

These findings highlight an essential trade-off in job recommendation systems: a
strict adherence to numerical similarity versus a more nuanced approach that incorpo-
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Figure 2: Comparison of Similarity Scores: Top 5 Jobs Recommended by KNN vs. Top

3 Jobs Selected by GPT-3.5-turbo (via ChatGPT)

rates contextual job relevance. ChatGPT acts as a refinement layer that enhances the
recommendation process by balancing similarity with semantic understanding.

4 A Walkthrough Example of the Multi-Layered JobMatcher

To understand how the system would behave in real-world scenarios, we will walk
through an example of the recommendations provided to User18 in our dataset. User18
has a strong background in software development, with experience spanning over a
decade in system analysis, design, implementation, and deployment. Their current
role as an Analyst Programmer involves working on monitoring and control systems,
while their previous experience focused on content services for mobile devices. Their
skill set is diverse, encompassing .NET, C#, Mono, C++, SCADA, Java, Spring,
Hibernate, and web technologies such as ASP.NET MVC, JavaScript, and HTML.
Additionally, expertise in databases like MySQL, Microsoft SQL Server, and SSAS 2008
reflects strong data-handling capabilities. The combination of enterprise application
development, backend programming, and database management positions User18 as a
versatile developer suited for both software engineering and technical leadership roles.

The first step of the first layer of the recommendation process applies content-based
filtering using cosine similarity measurement to generate an initial job suggestion for
the user. In this case, the highest-ranked job is Sr. Software Engineer / Tech Lead, with
a similarity score of 0.74. This strong match indicates a high degree of overlap between
the user’s skills—primarily in “.NET, C#, ASP.NET, SQL Server, and Java”—and the
job’s technical requirements. Given the user’s extensive background in software devel-
opment, including experience in SCADA, Java Spring, Hibernate, and web technolo-
gies, this recommendation appears highly relevant. However, this step only considers
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textual similarity without factoring in job seniority.
In the KNN step, we refine the job recommendations by factoring in job seniority

and broader contextual considerations. This leads to a revised list of five recommended
jobs, ranked by similarity, shown in Table 2.

Recommended Job Title Job Seniority Similarity score

JSF Tech Lead Senior 0.21

Sr. Software Engineer / Tech Lead Senior 0.21

Software Engineer Mid-Level 0.21

Sr. Software QA Engineer Senior 0.16

Sr. Software Development Engineer Senior 0.14

Table 2: Top 5 Recommended Job After Revising by KNN

The presence of one mid-level role (Software Engineer) alongside multiple senior-
level positions (e.g., JSF Tech Lead, Sr. Software Engineer / Tech Lead, Sr. Software
QA Engineer, Sr. Software Development Engineer) indicates that the model primarily
considers the user suitable for senior positions, with a single mid-level recommendation
as a potential alternative. The inclusion of JSF Tech Lead as a senior-level role suggests
that while it aligns with the user’s general expertise, its specific technology stack (JSF)
might not be an ideal match, resulting in a moderate similarity score.

In the final stage, ChatGPT acts as an expert evaluator by reviewing the top five rec-
ommendations and selecting the three most suitable jobs based on a holistic assessment
of skills, job descriptions, and career alignment:

1. Sr. Software Engineer / Tech Lead – Strongest match due to direct alignment with
the user’s expertise in .NET, C#, ASP.NET, SQL Server, and MVC framework.

2. Software Engineer – Selected due to its emphasis on UI development, leveraging
the user’s skills in HTML, JavaScript, and ASP.NET MVC.

3. Sr. Software QA Engineer – While slightly outside the user’s core development
expertise, it includes Java, SQL, and testing tools like Selenium, which overlap
with the user’s background.

Notably, ChatGPT excluded the JSF Tech Lead and Sr. Software Development En-
gineer roles, likely because JSF does not strongly align with the user’s primary skill
set, and the Sr. Software Development Engineer role may have been deemed less rel-
evant compared to the alternatives. The inclusion of a QA-focused role suggests that
ChatGPT recognizes the user’s broader technical background and the potential for skill
transferability, even though QA is not explicitly mentioned in the user’s experience.

5 User Study

A user study was conducted to assess the accuracy and relevance of job recommenda-
tions based on users’ skills and current job titles to evaluate the effectiveness of our
job recommendation system. Ethical approval was obtained through the Taif University
Ethical Committee, and all participants provided informed consent before participating
in the study.
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5.1 Participants Recruitment

All participants in the study work in the Information Technology field and belong to the
information services and data processing industry. Participants were recruited through
Prolific [Douglas et al. , 2023], an online research platform that provides access to a
diverse and pre-screened pool of respondents. Prolific ensures high-quality data collec-
tion by verifying participant backgrounds and engagement levels. This approach helped
enhance the validity of the evaluation by aligning participant backgrounds with the job
recommendations being assessed.

5.2 Study Procedure and Design

Participants were presented with a structured evaluation task, which required them to
assess the suitability of job recommendations for multiple user profiles. Each participant
reviewed a total of five job recommendations per user profile and rated them accord-
ingly. To further refine the screening process, user profiles in this survey were selected
from a specific domain, ensuring that participants had relevant expertise within the field
of study. Each user profile contains the user’s skills, current job titles, and five recom-
mended job titles. Participants were instructed to assess each recommendation based on
its alignment with the user’s expertise and career trajectory. To standardize the evalua-
tion, participants rated each recommended job on a five-point Likert scale:

– 5 - Excellent: The recommendation is highly relevant and represents a strong po-
tential career progression.

– 4 - Good: The job aligns well with the skills and experience of the user.

– 3 - Moderate: There is some overlap, but the job would require notable upskilling.

– 2 - Weak: There is minimal alignment and the job requires significantly different
skills.

– 1 - Poor: The recommendation is entirely unrelated to the user’s skills and current
job.

The first three recommendations in each user profile are the final system-generated
recommendations, while the last two are considered non-recommended jobs in the
KNN-based results. The evaluation process was designed to take approximately four
minutes per participant.

Participants also provided qualitative feedback to further contextualize their ratings
and identify potential areas for system improvement. In addition, a brief demographic
questionnaire was included at the end of the study to collect information on the age,
gender, education level, and job title of the participants.

All data collectedwere anonymized to protect participant confidentiality. No person-
ally identifiable information was stored and responses were kept secure. Participation
in the study was entirely voluntary and the participants had the right to withdraw at any
time without penalty.
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6 Results

The study aimed to compare system-generated recommendations against non recom-
mended jobs derived from the KNN layer to determine whether the system effectively
provided more relevant job suggestions. The evaluation was designed to measure both
expert agreement with recommendations and the consistency of expert ratings across
different user profiles. Additionally, the study sought to answer two key questions:
How do participants rate the system-generated recommendations compared to non-
recommended ones? Is there a statistically significant difference between ChatGPT-
recommended and non-recommended jobs? and Is there a suitable agreement between
participants?

A total of seven experts assessed job recommendations across ten user profiles, with
each profile containing five job recommendations. The first three recommendations per
profile were system-generated (the three jobs selected by the second layer of our sys-
tem), while the last two were classified as non-recommended jobs (the remaining two).
Participants rated each recommendation on a five-point Likert scale, evaluating its rele-
vance based on the user’s skills and career trajectory. The expert ratings were analyzed
to determine the overall effectiveness of the system’s recommendations and to identify
any statistically significant differences between the ratings of recommended and non-
recommended jobs.

Table 3 provides insights into the demographic and professional background of the
individuals involved in evaluating the job recommendation system.

Gender Age Group Education Level Current Job Title

Male 25 - 30 Bachelor’s degree Manager

Female 25 - 30 Bachelor’s degree IT

Female 25 - 30 Bachelor’s degree Recruiter

Female 25 - 30 Graduate or professional degree Risk Analyst

Male 25 - 30 Bachelor’s degree IT TECHNICIAN

Male 41 - 50 Bachelor’s degree Senior Software Engineer

Male 25 - 30 High school diploma or equivalent Support Engineer
*The participants were categorized by gender, age group, education level, and current job title to

better understand their demographics.

Table 3: Participants Description

The evaluation specifically involved experts working in fields related to informa-
tion technology such as data analysis, software engineering, information security, and
information processing. This structured screening ensured that the job recommendation
system was assessed by individuals with the necessary domain knowledge, leading to a
more informed and contextually relevant evaluation of the recommendations generated.

To determine whether the system successfully prioritizes jobs that align with expert
opinions, we compared the system-generated recommendations (the three jobs selected
by the second layer of our system)with non-recommended jobs (the remaining two). The
findings suggest that the system-generated recommendations were consistently rated
higher by experts (mean = 3.43, std = 1.35, count = 210) compared to non-recommended
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jobs (mean = 2.99, std = 1.42, count = 140), as shown in Figure 3. This distinction
highlights the system’s ability to identify and prioritize jobs that align more closely
with expert preferences, reinforcing its potential utility in job-matching applications.

Figure 3: Expert ratings of system-generated jobs recommendations vs.

non-recommended jobs

We then investigated whether the observed difference in ratings was statistically
significant by applying an independent t-test. The results showed a t-statistic of 2.94
and a p-value of 0.0035, along with the 95% confidence interval for the difference in
means: [0.15, 0.73], confirming that system-generated recommendations were rated sig-
nificantly higher than non-recommended jobs.

We then measured the agreement among participants using Kendall’s W, a statis-
tical measure of concordance that evaluates the consistency of ordinal ratings across
multiple raters [Bulut and Amasyali , 2017]. The analysis yielded a moderate agree-
ment level (Kendall’s W = 0.417), suggesting that while individual ratings varied, there
was a meaningful level of consistency in how participants evaluated the job recommen-
dations.

7 Limitations

Despite the promising results, this study has several limitations that may affect the gen-
eralizability of its findings. First, the dataset used was restricted to English-language job
postings and LinkedIn-style user profiles, primarily within the IT domain.While this fo-
cus ensured consistency in evaluation, it may limit applicability to other languages or
industries. Second, the seniority classification was based on title-based heuristics rather
than organizational hierarchies, which may introduce mismatches in some cases. How-
ever, by incorporating multiple profile elements (e.g., previous job history, skill tags),
we attempted to reduce the impact of isolated title-based misclassifications. Third, al-
though LLMs such as GPT-3.5-turbo provide sophisticated contextual reasoning, they
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operate as black-box systems and may produce recommendations that are not fully ex-
plainable. To mitigate this, we used carefully structured prompts and avoided demo-
graphic bias by excluding sensitive attributes like gender and nationality. Lastly, while
the human expert evaluation involved qualified raters, the small sample size (N=7) may
limit the breadth of perspectives. Still, the observed inter-rater agreement (Kendall’s W
= 0.417) and statistical significance (p = 0.0035) support the reliability of the results.

8 Conclusion and Future work

This study investigated the integration of generative AI into content-based job recom-
mendation systems, specifically utilizing a large language model, GPT-3.5-turbo as an
intelligent refinement layer. By integrating content-based filtering with KNN algorithm,
the system refines recommendations beyond textual similarity, incorporating career pro-
gression and seniority alignment. Additionally, AI-driven evaluation serves as an adap-
tive refinement mechanism, providing structured assessments to improve recommenda-
tion quality.

The results indicate that ChatGPT effectively refines job recommendations by fil-
tering out mismatches and prioritizing roles that align with users’ career trajectories.
While traditional content-based methods generate initial job matches based on textual
similarity, the inclusion of an AI-driven adaptive layer enhances qualitative judgment.
This methodology ensures that recommendations are not only algorithmically relevant
but also contextually meaningful, offering a significant advancement in job recommen-
dations.

While the proposed system can be extended to applications such as career counseling
tools and job portals, where personalized and adaptable recommendations are crucial,
aligning AI-driven assessments with human expertise remains an ongoing challenge, ne-
cessitating further refinement and domain-specific calibration. Future research should
focus on improving evaluation consistency and exploring broader applications across
dynamic job markets. This study highlights the potential of multi-layered recommenda-
tion systems in balancing technical efficiency with real-world applicability, ultimately
improving job-matching accuracy while reducing evaluation overhead.
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