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AN EXPLAINABLE MULTI-TIERED CAREER RECOMMENDER
SYSTEM USING SHAP-GUIDED NATURAL LANGUAGE

INTERPRETATIONS
Noushad Rahim M. Prof. (Dr.) Mohamed Basheer K. P.
Research Scholar Research Guide
ABSTRACT

Career guidance plays a vital role in helping students make informed educational and
occupational choices. However, the shortage of trained career counsellors in countries such as
India limits access to personalised guidance, often resulting in inappropriate course selection,
reduced employability, and increased career switching, leading to the underutilisation of human
resource potential and reduced returns on public investment in education. To address these
challenges, this thesis proposes an explainable multi-tiered career recommender system that
combines machine learning, explainable artificial intelligence, and natural language generation
to deliver scalable, transparent, and personalised career recommendations. The primary
contribution of this research is a novel hierarchical and multi-tiered recommendation
architecture designed to generate diverse yet relevant career recommendations aligned with a
candidate's aptitude profile. Unlike conventional recommender systems that often produce
narrow recommendation lists, the proposed architecture organises careers into aptitude-based
clusters and integrates multiple machine learning models within a content-based filtering
framework, enabling recommendations from diverse career domains while preserving their
suitability to the candidate's abilities. A second major contribution is a hybrid explainability
framework that integrates the local and global explainability capabilities of SHAP (SHapley
Additive exPlanations) to provide both candidate-level and career-level explanations. These
explanations are automatically translated into natural language interpretations using NLG
techniques, making recommendation outcomes more transparent and understandable. The
recommendation framework is supported by a first-of-its-kind aptitude-based career dataset
developed using career ability profiles derived from the Occupational Information Network
(O*NET) database and candidate aptitude profiles generated using the Kerala Differential
Aptitude Tests (KDAT), thereby addressing the traditional data sparsity and cold-start
limitations encountered in career recommender systems. The thesis further introduces a
scalable semi-supervised career expansion mechanism that enables the incorporation of
emerging careers into the recommendation framework without retraining the underlying
recommendation model. Experimental and expert evaluations demonstrated the robustness,
effectiveness, and acceptability of both the recommendations and the generated explanations.
Overall, this research presents novel contributions in both recommendation and explainability
architectures and demonstrates how explainable machine learning can be effectively integrated
into career counselling to deliver scalable, diverse, interpretable, and trustworthy
recommendations.

Keywords: Career counselhng, recommender systems; explamable artificial mtelhgence
SHAP; natural language explanations; scalable recommcndn,r systems.
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CHAPTER 1
INTRODUCTION

This section provides a comprehensive introduction to the study, addressing the
background and context, highlighting the critical need for personalised career
counselling and the challenges in current systems. It reviews the evolution of
recommender systems within the career guidance domain in particular, identifies
research gaps in current approaches, and introduces the novel solution proposed.
Furthermore, it outlines the research objectives, scope, and limitations, followed by
an overview of the methodology covering system architecture (encompassing the
recommendation engine and the explainability framework), dataset creation,
evaluation metrics, results, limitations, implementation details, deliverables, and
ethical considerations, and finally concludes with the organisational structure of the

thesis.
1.1. Background and Context

Investing in education is paramount for any country to build a skilled and innovative
workforce. Governments allocate substantial resources to provide education to their
citizens (Ramachandra, 2024); however, despite attaining even postgraduate
qualifications, many students struggle to secure suitable employment. One of the
primary reasons for this mismatch is that students often pursue courses misaligned
with their abilities, skills, and career aspirations, leading to skill gaps and
employability challenges (Wheebox et al., 2025). This underscores the critical need
for personalised career counselling, ensuring that students make informed career

choices based on their aptitude, competencies, and interests.

In a country like India, where the career counsellor-to-student ratio is significantly
low (Balakrishnan & Karthiyayini, 2024; CG&AC State Co-ordinator, Directorate of
General Education, Kerala, personal communication, November 6, 2024), delivering
effective career guidance at scale remains a major challenge. A technological solution

is essential to bridge this gap, enabling data-driven, personalised -career
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recommendations that can be scaled to reach every student across the country. This
research aims to address these issues by integrating Al-driven technologies,
leveraging machine learning-based recommendation systems to provide transparent,

interpretable, and personalised career counselling.
1.1.1. Need for Personalised Career Counselling

It is important to note that every student should be given personalised career
counselling addressing their strengths and weaknesses (Dan & Li, 2022). Students
will be misguided due to parental pressure and peer group influence, and may select
career paths and courses that do not align with their abilities and potential. Career
selection has serious impacts on personal and professional life (Waworuntu et al.,
2022), impact on society, and even the human resources of the nation, and the massive
expense of spending for the next generation's education (Press Trust of India, 2024)
should not be futile. Dropouts in higher educational institutions and job switches in
the industry (Gallego et al., 2021; Kim & Beier, 2020; Perchinunno, Bilancia, &
Vitale, 2021; Hoff et al., 2022) suggest that students are pursuing the wrong courses,
not aligning their aptitude, vocational interests and personality traits. Career selection
should align with the candidate's aptitude (Lang & Kell, 2020), personality traits
(Mammadov, 2022) and vocational interest (Van der Linden et al., 2021; Waghmode
et al., 2024; Kim & Beier, 2020).

Aptitude-based career and course selection is critical for a successful professional life.
Aptitude refers to an individual’s inherent ability to do certain tasks (Snow, 2021). It
encompasses numerical ability, abstract reasoning skill, verbal reasoning, mechanical
reasoning, spatial ability, verbal ability and many more (Bennett et al., 1947).
Measuring and analysing these elements helps to identify the related career paths and
courses to select in one's career life (Lohman & Nicpon, 2023). Misalignments
between innate aptitude and career choices should be avoided, as a weak student in
numerical ability cannot go for physics or engineering and even struggle with
designing-related careers. Candidates having high logical reasoning skills when
entering into the profession, and having repetitive tasks, might get bored and will

eventually have to switch careers. Individuals likely perform better and achieve better
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in areas that match their talents. That will provide better job satisfaction and reduce
job switches (Jiang & Guo, 2022), making it good for the person, the employer and

the nation.
1.1.2. Challenges in Existing Systems

The main challenge in an India-like country is the lack of enough career counsellors
for the population of student candidates to provide personalised career counselling
(Dheya Career Mentors, 2024). The student-to-career counsellor ratio is estimated to
be 1000 to 1, compared to the recommended 250 to 1 (American School Counsellor
Association, 2024). A country like India also has a huge Urban-Rural division. The
main reason for this low career counsellor-to-student ratio is because of the huge
student population and the lack of trained career professionals. Moreover, the Indian
academic system focuses more on academics than on holistic career guidance
(Economic Times, 2023). With the advancement of Machine learning, career
recommendations can be automated, addressing different aspects of the candidate like
aptitude, personality traits and vocational interests to provide a holistic approach to
the career guidance process. An Al-based career recommendation engine can address
the issue of a low career counsellor-to-student ratio in a country like India. The system
can incorporate different aspects in measuring the candidate and can provide a holistic
approach to career counselling by augmenting the current career counselling process

or possibly replacing it.

Existing career recommendation engines have the issue of data sparsity and cold start
limitations. Data sparsity refers to the missingness in the data, which will make it
difficult to draw proper insights to develop mature models (Ahmadian et al., 2022).
This is a common issue in data-driven applications built on machine learning models.
This occurs because of limited user interactions against the large number of choices
available. This will limit the recommendation engine's capacity to suggest all possible
choices to a candidate. Cold-start refers to the challenge faced by the recommendation
engine due to insufficient data to make accurate recommendations (Roy & Dutta,
2022). This can be because of an item-cold start due to new items interacting with the

users, or a user cold start, as a new user cannot have historical data associated.
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Existing career recommendation engines also suffer from a lack of transparency
(Wang et al., 2024) because most of them have been built upon black boxes like Deep
Neural Networks (Antamis et al., 2024). Recommendations from back boxes cannot
be trusted, and career recommendations generated from a recommendation system
should be transparent, as guiding a student based on the recommendation from a black
box can be dangerous and should be dealt with to provide fair and unbiased
recommendations. So, an explainable career recommendation system is essential to

provide fair, transparent and more judicious career recommendations.
1.1.3. Evolution of Recommender Systems in Career Guidance

Recommender systems are used in various domains for information filtering for
delivering personalized recommendations. They act as a tool for recommending
content, items and services to users matching their tastes. The main targets of
recommendation systems are personalization, decision support, information filtering,
enhancing user engagements, increasing service to boost revenue, improving
retention, reducing search cost, enhancing user experiences and many more (Ko et al.,
2022). Recommender systems provide unique individual experiences by providing
content, items and services to users' preferences (Gm et al., 2024; Wang & Hu, 2024).
Recommender systems also support decision-making by suggesting the most suitable
items from overwhelming choices (Zangerle & Bauer, 2022) using the information
filtering technique. These systems can engage users, increasing their retention, which
can be used to increase sales or views and thus increase revenue (Pajkovic, 2022).
These systems support users in finding their items quickly, reducing searching costs.
Users are provided with diverse items and services, increasing their experiences in
respective domains. Recommender systems are extensively used in various domains
like streaming platforms, social media, health care, finance, gaming, education and

many more.

There are different types of recommender system frameworks applied, like content-
based filtering, collaborative filtering, hybrid approaches, Ontology-based
frameworks, and many more. Content-based filtering works on matching item

characteristics to user preferences. It works on user-item interactions (Pazzani, 2007).




Introduction

Collaborative filtering suggests items based on the interactions of similar users. Users
with similar interaction patterns are grouped, and items are recommended to a user
based on the preferences of others with similar behaviour (Koren et al., 2021).
Ontology-based recommendation works by leveraging a structured representation of
domain knowledge, where recommendations are generated based on the relationships
between items, users, and associated concepts. It can provide context-aware and
personalised suggestions (Arafeh et al., 2021). Hybrid recommendation systems are
used to address the limitations of individual recommendation approaches. It is a blend
of two or more recommendation techniques like collaborative filtering, content-based
filtering, etc. (Bhaskaran & Marappan, 2023). It can provide diversity in

recommendations, and scalability issues and can address cold-start problems.

Career recommendation systems have been developed using various frameworks
(Kamal et al., 2024). However, most of these systems have primarily focused on
limited domains, such as STEM, computer science, and information technology.
Currently, few career recommendation systems comprehensively address all real-
world career options. Some systems are course recommendation platforms (Xu et al.,
2021) or job recommendation systems (Giabelli et al., 2021), and many face

challenges such as data sparsity and cold-start issues (Panteli & Boutsinas, 2023).

Recommendation systems should not function as black boxes. Despite the high
accuracy of Deep Neural Networks (DNNs), many recommendation systems are built
on them, which inherently suffer from a lack of transparency due to their opaque
nature (Dasari & Bhukya, 2022). To address this issue, explainable machine-learning
models are introduced. These explainable frameworks are to provide transparency and
fairness for their predictions. Since ML-based prediction systems are used in many
critical domains like finance, health care, education, etc., it is highly important to

ensure proper explanation for the predictions coming from these black boxes.

Career counselling is a critical process, especially when recommending careers to
secondary school students. Recommendations from black-box systems are
unacceptable, as proper explanation and evaluation are essential for ensuring trust and

reliability. This highlights the need for an explainable career recommendation system
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that provides transparent, fair, and justifiable recommendations. The proposed work
aims to develop a career recommender system with a novel recommendation engine
(recommender system) architecture and an innovative hybrid explanation framework

featuring natural language justifications.
1.1.4. The Proposed Research Solution

The proposed system is a hybrid, explainable, hierarchical and multi-tiered career
recommendation system based on content-based filtering. It is designed to deliver an
interpretable, personalised, yet diverse set of career recommendations. Internally, the
system employs a hierarchical structure to ensure diversity in the career options and
provides natural language explanations for the recommendations with an innovative

explainability framework.

The recommendation engine is built on a novel, hierarchical recommendation
architecture that employs a suite of ML models with multi-tiered outputs to ensure
diverse career recommendations aligned to the students' aptitude profiles. This
approach presents candidates and career counsellors with a broad array of career
choices aligned with their aptitude, helping them select careers that consider their

personality and vocational interests.

To ensure transparency, fairness and trust, the system incorporates an innovative
hybrid explainability framework built on Shapley Additive Explanations (SHAP)
(Lundberg & Lee, 2017), which provides clear and interpretable insights into the
recommendations with natural language explanations. The explainability framework
integrates SHAP with NLG techniques, leveraging both local and global SHAP
explanations and converting plot-based outputs into natural-language narratives that
students can easily understand, thereby overcoming the technical complexity of

traditional SHAP visualisations.

This work tackled the scalability challenge of the recommender system (Singh, 2020)
by integrating a dynamic career expansion module, which, through its semi-
supervised approach, enriches career clusters and enables real-time career

recommendations in an ever-evolving career landscape.
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The user profile is generated using differential aptitude tests, specifically the Kerala
Differential Aptitude Test (KDAT) (Kerala Higher Secondary Education Department,
2024), developed by the Directorate of General Education, Government of Kerala. A
career profile is generated using a dataset of 612 careers, the first of its kind. This
dataset has been compiled by extracting ability profile information from the
Occupational Network Information Database (O*NET) (National Center for O*NET
Development, 2023).

The proposed system addresses the needs of students, educators, and the evolving job
market. It helps bridge existing gaps in the career guidance process by offering a
scalable and transparent solution. Furthermore, the research introduces novel
architectures for recommender systems along with an innovative explainability

framework to enhance their transparency and trustworthiness.
1.2. Relevance of the Study

This work tries to address India’s severe career counsellor shortage by deploying an
Al-driven, aptitude-based recommendation engine that generates standardized and
objective career paths for each student. It tries to replace subjective assessments with
data-driven algorithms and ensures scalable, transparent, and equitable career

guidance.

This research encompasses the design of a novel hierarchical recommendation engine
that generates a wide range of diverse career options tailored to candidates’ aptitude.
It further includes interpreting the rationale for these recommendations through an
innovative SHAP-based natural language explanation framework, ensuring

transparency, explainability and trust.

A first-of-its-kind career aptitude dataset comprising 612 real-world careers was
curated as part of this research. This is achieved by exploiting the ability profile
information from the O*NET dataset. This dataset enriches the model's ability to

provide accurate and comprehensive career guidance.

This work significantly contributes to advancing educational technology and has the

potential to impact the educational system in Kerala. The integration of this study's
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results with the Kerala Differential Aptitude Tests (Dept. of General Education) has

been formally agreed upon with an MoU, underscoring the system's relevance and

applicability.

In short, this research addresses the following key challenges in the educational and

professional domains:

>

Tackles the critical shortage of career counsellors for secondary school
students in a country like India and seeks to provide an accessible career

support system for every student.

Aims to reduce student dropout rates in higher education institutions and

minimise job switches in the industry.

Enhances the impact of government education funding by directing each
student to the most suitable career path based on their skill set, fostering a

creative and skilled workforce.

Introduces an explainable career recommender system that offers diverse and

transparent career options.

Improves transparency, trust, and decision quality through natural-language

justifications for recommendations.

Develops novel architectures for both the recommendation engine and its

associated explainability framework, adaptable to other domains.

1.3. Scope of the Research

>

This research aims to develop an innovative, explainable and multi-tiered
career recommender system targeting secondary school students in India,
particularly in Kerala, to provide diverse career recommendations aligned with
their skill sets, addressing the low career counsellor-to-student ratio as an
attempt at an Al-powered solution to the educational environment, thereby

fostering transparency and trust.
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» The result of this work can be integrated into the existing aptitude testing tool,
the Kerala Differential Aptitude Test (KDAT), developed by the Career
Guidance and Adolescent Counselling Cell of the Government of Kerala
(Kerala Higher Secondary Education Department, 2024), to automate its
career counselling process. The tool KDAT is standardised, taking into
account the socio-economic differences within the state to address bias (State-
level official in Career Guidance and Adolescent Counselling, Directorate of
General Education, official communication, November 5, 2024). Currently,
KDAT is used to evaluate candidates for their aptitudes, while the counselling
process is manual, which can be automated or enhanced by integrating the

results of this work.

» A comprehensive career profile dataset consisting of 612 unique careers was
constructed using the Occupational Information Network (O*NET) database,
developed under the auspices of the U.S. Department of Labour. (National
Center for O*NET Development, 2023). This enables the recommendation
engine to provide career suggestions aligned with globally recognised

professions, helping students navigate the global job market.

» To ensure adaptability to emerging occupations beyond those included in the
training dataset, the system incorporates a semi-supervised dynamic career
expansion module, enabling continuous enrichment of the career repository in

line with the evolving job landscape, addressing the scalability issue.

» The methodological scope includes the development of a novel hierarchical,
multi-tiered recommendation architecture, the implementation of an
innovative explainability framework that generates textual explanations to
ensure transparency and trust, and the creation of a first-of-its-kind dataset

based on career aptitude profiling for the career recommendation engine.

» While the architectures of the proposed recommendation engine and
explainability framework can be adapted to other domains, the career

recommendation process is currently limited to measuring the candidate’s




Introduction

aptitude alone; it should be enhanced by incorporating personality traits and

vocational interests.

» With respect to future research, this study provides multiple avenues for
further exploration. It proposes a unique hierarchical and multi-tiered
architecture capable of generating diverse yet related career recommendations,
opening opportunities for advancement in recommender design. It also
integrates a hybrid explainability module that combines SHAP with natural
language explanations, offering a foundation for extending transparency
frameworks in related domains. In addition, the study introduces a novel
dataset for aptitude career profiling that can serve as a valuable resource for
researchers seeking to develop innovative recommendation systems.
Collectively, the study makes a significant contribution to the field and

establishes multiple directions for subsequent investigations.
1.4. Limitations of the Research

Regarding the limitations and exclusions of this work, the career recommendation
process would benefit from integrating candidates' vocational interests and
personality traits to provide more holistic recommendations (Mammadov, 2022; van
der Linden et al., 2021; Waghmode et al., 2024; Kim & Beier, 2020). The proposed
framework focuses solely on aptitude-based recommendations, functioning as a
hybrid man-machine recommendation system where the machine generates initial
suggestions based on the candidate's aptitude alone, which are then augmented by a
career counsellor based on the candidate's personality and vocational interests.
Additionally, a notable limitation is the absence of real-world student feedback, which
is important for evaluating and refining the system from the user’s perspective. Since
the proposed framework is designed for secondary school students at the Class X
level, validating recommendation effectiveness through actual career outcomes is
challenging because career progression develops over a long period. Therefore, large-
scale longitudinal validation and incorporation of delayed career outcome feedback

were beyond the scope of the present study.
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Further, another limitation of the work is that while the system provides personalised
and diverse recommendations for candidates, the diversity is currently achieved using
the internal hierarchical structure of the recommendation engine. This diversity could
be further enhanced by incorporating stream-based classifications, such as Science,
Commerce, and Humanities. By integrating these classifications, the system could
present candidates with recommendations from multiple stream-based career clusters
that align with their profiles, thereby broadening the scope and relevance of the

suggestions.
1.5. Research Gap

The traditional career counselling process faces several challenges that highlight
significant gaps in existing systems. A major issue is the lack of quantitative profiling
of candidates before recommending careers, which limits the precision and relevance
of the suggestions provided. Considering the target group of the study, existing
psychometric tools, such as the Kerala Differential Aptitude Test (KDAT), rely on
manual counselling processes (State level official in Career Guidance and Adolescent
Counselling, Directorate of General Education, official communication, November 6,
2024), making them insufficient to address the problem of the low career counsellor-

to-student ratio prevalent in many contexts, particularly in India.

Recommendation systems face challenges in ensuring diversity in their
recommendations, which is crucial in the context of career guidance, as career
ambitions are not watertight compartments. This aspect is often lacking in existing

implementations. (Castells, Hurley, & Vargas, 2021).

Additionally, most existing career recommendation systems operate as black-box
models, lacking transparency in their recommendations. This opacity diminishes trust
and prevents users from understanding the rationale behind the career suggestions.
Furthermore, very few recommendation systems cater specifically to the needs of
secondary school students, leaving a critical demographic underserved in career
guidance. This can be addressed with explainable Al (Murdoch, Singh, Kumbier,
Abbasi-Asl, & Yu, 2019)

11
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Existing systems also face technical limitations such as data sparsity and cold-start
problems (Natarajan, Vairavasundaram, Natarajan, & Gandomi, 2020), which hinder
their ability to make accurate recommendations for new or underrepresented

candidates.

Finally, there are limited attempts to recommend unseen or emerging careers in real-
world scenarios (Mashayekhi, Li, Kang, Lijffijt, & De Bie, 2024). This lack of
adaptability prevents existing systems from addressing evolving job markets and new-
generation careers, leaving students ill-equipped for modern career landscapes. These
gaps underscore the need for an innovative, transparent, and adaptable career

recommendation system designed to address these critical issues.
1.6. Objectives of the Research

The objectives of this study include multiple aspects addressing issues in the existing
career guidance process, gaps in career recommendation engines, proposing a new

architecture, etc. The primary objectives are listed below:

1. To address the low career counsellor-to-students ratio by ensuring
personalised career counselling for every student, thereby supporting the
education system in fostering a creative and productive workforce for the

country.

it.  To provide a diverse set of career recommendations aligned with the
candidate's aptitude, addressing issues such as dropouts in higher
educational institutions, job switching in industries, and enabling each

candidate to pursue a passionate and fulfilling career.

iii.  To develop a hierarchical, multi-tiered recommendation architecture that
progressively refines candidate options across multiple levels, ensuring
both intra-tier diversity and inter-tier coherence, while maintaining strict

alignment with user-specific aptitude vectors and feature representations.

iv.  To develop an innovative hybrid explainable framework for recommender

systems that integrates SHAP algorithms with natural language generation

12
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(NLG) techniques, providing comprehensive insights for both model
developers and end users by explaining how and why the system generates
specific recommendations through interpretable justifications, thereby

delivering a transparent and trustworthy career recommendation system.

v. To develop a first-of-its-kind dataset for career profiling, enabling the
creation of career recommendation engines based on the aptitude

requirements for each career, and supporting next-generation researchers.

vi. To ensure a scalable career recommendation system by enabling it to
efficiently handle growing data volumes and user bases while

incorporating the capability to recommend unseen careers.
1.7. Methodological Overview
1.7.1. System Architecture

The career recommendation engine is built on a novel hierarchical and multi-tiered
architecture. The system targets to provide diverse career paths for a candidate,
aligning with their aptitudes. The explainability module features a novel hybrid
architecture incorporating both visual and natural language explanations.

Additionally, the architecture includes a dynamic career expansion module.

The recommendation engine features a hierarchical architecture internally, designed
to ensure diverse career recommendations. Built on a content-based filtering
approach, the engine incorporates multiple machine learning models that leverage a
hierarchically clustered career dataset based on aptitude profiles to provide varied and

comprehensive recommendations.

The system comprises a user profile module and a career profile module. To generate
the user profile, the system utilises the Kerala Differential Aptitude Tests (KDAT), a
differential aptitude testing tool developed by the Directorate of General Education,
Kerala. The career profile module is constructed using a first-of-its-kind dataset,
created by utilising ability profile information from the Occupational Information

Network (O*NET) database. The recommendation engine is built upon this dataset.
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The explainability module employs a hybrid framework consisting of a SHAP-based
visual explanation layer and an NLG-based textual explanation layer. The visual layer
applies SHAP’s local and global attribution methods to quantify and visualise feature
contributions, supporting expert users and model developers in analysing the
recommendation logic. The textual layer uses an NLG pipeline to convert SHAP
attribution values into clear justifications for non-expert users. Together, these
components explain both how recommendations are produced and why specific
careers are aligned with a user profile, explaining the rationale of recommendations,

ensuring transparency and trust of the recommendation engine.

The dynamic career expansion module employs a semi-supervised architecture,
enabling the integration of new careers into the system. Career counsellors can input
new careers along with their aptitude profiles, which are then classified by the
recommendation engine. The classified career is added to the appropriate cluster,
ensuring it becomes part of the system's recommendations for candidates whose

profiles align with the new career.

1.7.2. Dataset creation

To develop a career recommendation engine based on aptitude parameters, a dataset
containing aptitude profile information is essential. While multiple career-related
datasets are available (Kaggle, 2022; Hugging Face, 2024), none provide publicly
available aptitude profiles for careers comprehensively. In this research, a career
dataset with aptitude profile values was created using ability profile information from
the Occupational Information Network (ONET) database. From over 1,000 careers
listed in ONET, 612 unique and significant careers were selected. The dataset was
then clustered to form related career groups, followed by augmentation (Rebuffi et al.,
2021), within each cluster to prevent overfitting (Ying, 2019). The clustering was
organised hierarchically to support the development of a hierarchical recommendation

engine.

1.7.3. Performance Evaluation Metrics

Multiple evaluation metrics were employed at various stages of system development

to ensure robustness and effectiveness. The silhouette score was used to assess the
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quality of the clusters, while the elbow method was applied to optimise the total
number of clusters. To evaluate the performance of the recommendation engine,
metrics such as accuracy, precision, recall, and F1-score were utilised. Additionally,
local accuracy metrics were applied to validate the performance of the SHAP-based
explainer module, ensuring the reliability of its explanations. Expert evaluation was
conducted with a group of career specialists to assess both the quality of
recommendations generated by the engine and the explanations produced by the
explainability module. The system was then validated and fine-tuned based on the

resulting evaluation metrics.
1.7.4. Ethical Considerations

The system employs the Kerala Differential Aptitude Test (KDAT) for user profiling,
which has been standardized to address socio-economic disparities within Kerala and
does not retain any private or sensitive candidate data during operation. Similarly, the
career profiling dataset used in this study contains no candidate-specific information,

ensuring data anonymity.

The research includes a survey of career counsellors to examine subjectivity in
aptitude parameter analysis across various careers. This survey was conducted
following prior informed consent protocols, ensuring ethical compliance. Counsellor
anonymity and confidentiality were maintained throughout the study, with no personal
information stored or disclosed in any publications. The expert evaluation was
conducted only after obtaining informed consent from all participants, and their

personal data were kept anonymous throughout the study.
1.8. Organization of the Thesis

Chapter 1 introduces the research area, providing the background and context for the
study. It highlights the need for personalised career counselling, examines the
challenges in existing systems, and traces the evolution of career recommender

systems, leading to the proposed research solution.

The chapter further discusses the research gaps, the scope and relevance of the study,

the objectives of the research, and a brief overview of the limitations of the proposed
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system. Additionally, it offers a methodological overview, covering system
architecture, dataset creation, performance evaluation metrics and ethical

considerations.

Chapter 2 reviews various studies related to the proposed system, analysing theories,
methodologies, architectures, advantages, and limitations to develop an improved
solution. The review focuses on key areas such as career counselling, recommendation
engines, their limitations, explainable artificial intelligence, explainable career
recommendation systems, and available datasets. The chapter also identifies gaps and
limitations in existing studies, laying the foundation for proposing a more viable

solution that addresses these shortcomings effectively.

Chapter 3 provides an overview of the methodology adopted to develop the proposed
system. It includes a brief discussion on dataset curation, the generation of user-
profiles and career profiles, the architecture of the recommendation engine, and the
design of other key modules such as the SHAP explainer, textual explainer, and
dynamic career expansion module. These areas will be discussed further in Chapter 4

onwards.

Chapter 4 delves into the theoretical foundation of the proposed career
recommendation system. It explores various aspects of career counselling, including
aptitudes, personality traits, vocational interests, and their associated theories. The
chapter also examines differential aptitude tests, their historical context, early studies,
and critiques, including discussions on the eugenics-related criticisms. Additionally,
the chapter focuses on the different differential aptitude parameters, their
interpretations, and their relevance to career selection, providing a comprehensive

understanding of how these factors influence career guidance and recommendations.

Chapter S discusses the generation of user profiles to evaluate students' innate
abilities. This chapter provides an in-depth examination of the Kerala Differential
Aptitude Tests (KDAT), a differential aptitude testing tool developed by the
Department of General Education, Government of Kerala. The research utilises
KDAT for user profile generation. The chapter explores KDAT in detail, including its

development, test batteries, test item generation process, items and their target
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measurements, standardisation and bias mitigation, current utilisation, career
recommendation processes using KDAT, and the rationale for its use in user profile

generation within this study.

Chapter 6 provides a detailed discussion on the curation of the dataset used for career
profile creation. It covers the mapping of different ability parameters for careers from
the Occupational Information Network (O*NET) database to the test batteries of
Differential Aptitude Tests (DAT). The chapter outlines the methodology adopted to
convert the selected ability profile parameter values into corresponding DAT
parameter values for each career. Additionally, it discusses the application of
clustering algorithms to generate career clusters, the augmentation of records within
each cluster to generalise the patterns, and the final validation of the augmented
dataset to ensure its reliability. This validation ensures the applicability and

effectiveness of the career recommendation engine built upon the curated dataset.

Chapter 7 focuses on the design and architecture of the recommendation engine. It
provides an in-depth discussion of the internal hierarchical and multi-tiered
architecture of the recommendation engine, explaining its design and functionality.
The chapter highlights how the system generates diverse career recommendations
from its multi-tiered output nodes based on a given candidate profile. Additionally, it
examines how various machine learning algorithms interact with the dataset and
evaluates each algorithm's performance, subsequently exploring the ensemble

methods employed to construct the recommendation engine.

Chapter 8 discusses the architecture and functionality of the hybrid explainability
framework designed for the recommendation engine. It provides details on the
implementation of the SHAP explainer, highlighting its local and global
interpretability capabilities. The chapter also explains the design of the NLG-based
explanation module and how SHAP’s local and global explainability features can be
leveraged to generate comprehensive natural language explanations for the system’s

recommendations.

Chapter 9 discusses the architecture and functionality of the dynamic career

expansion module. It explores its semi-supervised architecture, design, integration
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into the system, and human-machine hybrid workflow. The chapter also covers the
module's career cluster assignment process, dynamic adaptability for recommending

new careers, and how it enhances the scalability of the recommendation engine.

Chapter 10 presents the results and discussion with performance evaluation metrics
of the recommendation engine, including accuracy, precision, recall, F1-score, and
others. It also highlights the local accuracy metrics of the SHAP explainer,
demonstrating its effectiveness in interpreting the recommendations generated by the
engine. It also discusses the results obtained from the recommendation engine, the
experts' evaluation of its recommendations, and the explanations generated by the
system’s explainability framework, which together help ensure the transparency and
trustworthiness of the recommendations. Further, this chapter provides a comparison
of the proposed system with the studies reviewed in the literature survey; it also
evaluates its validity against domain expertise and examines the explanations
generated by the hybrid explanation module. Additionally, the chapter explores the
use cases of the dynamic career expansion module, addressing the scalability of the

system.

Chapter 11 concludes the study by highlighting its findings, key contributions and
achievements across various areas, including use cases, social impact, technological
advancements, practical implications, and innovative approaches in multiple domains
such as recommendation engine frameworks, explanation frameworks, and dynamic
recommendation frameworks. This chapter also offers insights into potential future

directions for the research community.

Chapter 12 puts forward recommendations to make future improvements within the
proposed system and provides suggestions to future researchers. The chapter gives
insights into potential ways of improving many areas, including holistic career
recommendation models, architectural enhancements of recommendation engines,

explainability models and the dynamic career expansion module.

1.9. Conclusion

In conclusion, holistic and personalised career counselling at the early stages of
education plays a pivotal role in ensuring career success, personal satisfaction, and

optimal utilisation of human resources. However, in a country like India, the
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imbalance between a large student population and a limited number of trained career
counsellors presents a significant challenge. Advances in artificial intelligence and
recommendation systems offer a promising solution by enabling the development of
effective and personalised career guidance tools. Equally important is the integration
of responsible Al practices, ensuring transparency and accountability in machine
learning predictions. This study proposes a hybrid, explainable career
recommendation system that addresses these challenges by delivering personalized
and diverse career recommendations while integrating dynamic prediction capabilities
to adapt to the ever-evolving career landscape, thereby ensuring relevance and
sustainability in its applications. Additionally, the proposed innovative
recommendation engine architecture and explainability framework can be adapted to

other domains, as well.
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CHAPTER 2
LITERATURE REVIEW

This section examines various aspects of career recommendation systems based on
existing literature. It explores the theoretical foundations of career counselling,
including the assessment of intelligence, its methodologies, and evolution.
Additionally, it provides a comprehensive review of recommendation systems, tracing
their development and key techniques, alongside their applications across diverse
domains. The discussion further extends to current approaches in career recommender
systems, highlighting the need for explainability, the methodologies employed, and
existing implementations of explainable career recommendation systems. Finally, an

overview of relevant datasets used in career recommendation research is presented.
2.1. Theoretical Aspects for Career Counselling

There are numerous theoretical frameworks related to career counselling. Donald E.
Super's (1969) Developmental Theory views career choice and development as a
lifelong process. It is influenced by experiences, skills, interests, and changing life
stages. Central to this theory is the evolving self-concept, which reflects how
individuals gradually gain new insights through their experiences. Super identifies
five distinct stages of career development. They are: Growth (0-14 years), focused on
forming self-concept, attitudes, and basic skills; Exploration (15-24 years),
characterized by career awareness, skill-building, and tentative choices;
Establishment (25-44 years), involving career stabilization and advancement;
Maintenance (45-65 years), where individuals update skills and adapt to changes in
the workplace; and Decline (65+ years), which marks reduced work engagement and
the transition to retirement. The theory is valued for its dynamic, lifespan approach.
The theory integrates both personal growth and situational factors, although it has
been critiqued for paying insufficient attention to socio-economic influences and the

ever-evolving nature of modern career paths.

Krumboltz’s Social Learning Theory of Career Decision Making (Krumboltz,

Mitchell, & Jones, 1976) suggests that choosing a career is a lifelong, evolving
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process. It is not a single, fixed event, shaped by a complex interplay of four core
influences. This dynamic journey is fundamentally determined by the interaction of
Genetic Endowments and Special Abilities (inherited traits like intelligence and
physical characteristics); Environmental Conditions and Events (external forces such
as economic, political, and cultural influences); Learning Experiences (both through
direct reinforcement, or instrumental, and observation, or associative learning); and
Task Approach Skills (an individual’s developed problem-solving abilities and work
habits). The theory's greatest strength is its adaptability and comprehensive
recognition of career development as fluid. However, its primary limitation lies in this
very high degree of flexibility. This approach makes the model appear unstructured
and presents a challenge in practical counselling when attempting to precisely

measure and apply the influence of its distinct components.

Frank Parsons, widely regarded as the father of vocational guidance, proposed the
Trait-and-Factor Theory (Betz, Fitzgerald, & Hill, 1989). The theory advocates
matching a person’s abilities, interests, and personality traits with suitable careers. His
framework consists of three fundamental stages: evaluating one’s traits, gathering
detailed information about various occupations, and logically correlating personal
attributes with job requirements. The model’s simplicity and structured methodology
make it easy to apply in career counselling contexts. Despite its practical strengths,
the theory has been criticized for overlooking socio-economic factors and cultural

variations, restricting its effectiveness in diverse or evolving work environments.

Lent, Brown, and Hackett (1994) developed Social Cognitive Career Theory, which
offers a framework wherein people become interested in career, make educational and
occupational decisions, and succeed in their careers. The theory focuses on several
critical constructs such as self-efficacy (belief in having the ability to do something),
outcome expectations (beliefs about the consequences of doing something) and
personal goals (aspirations that direct actions). It also deals with interest development,
career selection, performance, persistence, and environmental and cultural influences.
The main benefit of SCCT is the overall framework, wherein it combines personal,

environmental, and behavioural factors. The main limitation of this approach,
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however, consists in that interrelationships between the constructs suggested by it can

be complex and thus difficult to apply in reality.

The RIASEC Theory of Vocational Personalities and Work Environments in Holland
has been one of the foundations of career counselling, and it categorizes people and
work environments into six, namely: Realistic, Investigative, Artistic, Social,
Enterprising, and Conventional (Hogan, R., & Blake, R., 1999). This system
represents the types on a hexagon, holding that nearest types are most compatible, and
opposites least. The RIASEC model has been extensively tested and is used in career
exploration as it is a fast but structured method of matching individuals to appropriate
careers. Its weaknesses, however, are that it tends to simplify complex human interests
into rigid categories and therefore may not necessarily capture the dynamic aspect of
personal development. Moreover, the model is commonly criticized as not sufficiently
considering some key success variables such as socio-economic disparities and

personal aptitudes and skills required in a successful career.

In the context of getting a personality understanding, which can be applied in areas
such as career development, there are two key models: Myers-Briggs Type Indicator
(MBTI) (Boyle, 1995) and the Big Five (McCrae & Costa, 2003). The MBTI is based
on the ideas of Jung and is immensely popular because it is a simple test; it classifies
someone into one of 16 different types using four simple dichotomies, like
Introversion (I) vs. Extroversion (E), Sensing (S) vs. Intuition (N), Thinking (T) vs.
Feeling (F), Judging (J) vs. Perceiving (P). This makes it an excellent one to reflect
on and encourage dialogues. The more academic Big Five model on the other hand is
deemed to be very reliable and valid by researchers. Rather than putting you in a box,
it evaluates your personality on five major dimensions: Openness, Conscientiousness,
Extraversion, Agreeableness and Neuroticism. Although the Big Five has a solid
evidence base to support its predictive of real-world results and remains applicable
across cultures, it is not as easy or intuitive as the typical person might think.
Therefore, the career counsellor himself has to decide between the ease of use offered

by the MBTI and the empirical rigour presented by the Big Five.
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The Circumscription and Compromise Theory by Linda Gottfredson is an excellent
concept used to explain the process by which people shape and narrow down their
career options based on the interplay of both self-concept and socio-economic status
(Gottfredson, 2005). She suggests that career decision making is a process consisting
of two correlated processes; circumscription, the process of increasingly disqualifying
the options that do not conform to the self-image and compromise, the process of
realigning hopes and desires with external reality, including social accessibility and
opportunity constraints. Gottfredson breaks down this process into developmental
stages influenced by changing perceptions, beginning with recognition of size and
power in early childhood, recognition of gender role in middle childhood, recognition
of social class and prestige in adolescence and finally self-evaluation of interests and
competencies in later adolescence and adulthood. Her theory has provided a cohesive
perspective on the development of vocations through the focus she placed on cultural,
social and psychological aspects of vocational development as adaptive and
situational. However, critics note that some of its elements are not empirically

accurate and overemphasize societal norms at the expense of personal agency.

These conceptual frameworks present the career counsellor with an understanding of
how to conduct career counselling as well as being aware of the strengths and
weaknesses of each concept. The Trait-and-Factor Theory developed by Frank
Parsons is a fairly broadly-based foundational strategy, simple to apply but does not
answer socio-economic issues and considerations when prescribing a career. The
Developmental Theory of Super, which emphasizes career development as a dynamic
and lifelong process and includes it as one of its major strengths, nevertheless cannot
respond to socio-economic influences and cannot offer the means to adapt to the
trends of current career development patterns. The RIASEC Theory developed by
Holland is popular, tested and simple to apply but it is constrained because it is
inflexible in its classification of the types of personalities and fails to take into account
changing interests. The Social Learning Theory by Krumboltz integrates both
individual experiences and environmental factors in career-building but is difficult to
use because of its excessive malleability. In the same spirit, the Circumscription and

Compromise Theory by Gottfredson can be used in effectively incorporating socio-
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cultural aspects and developmental levels, although it relies so heavily on the
influence of social factors that it cannot be practically applied. Finally, the Social
Cognitive Career Theory of Lent is more holistic in that it takes into account the
aspects of personality, environment, and behaviour, but it is still a challenge to
implement Lent. The combination of these theories helps establish a strong basis of
career counselling, emphasizing the necessity of combined efforts that focus on
individual and contextual aspects of career counselling in dynamic and inclusive

modes.

Based on theories of career development, it is evident that career assessment and
career advice to candidates needs a holistic psychometric framework which goes
beyond any simplistic matching. This theoretical overview highlights the complexity
of career paths as multi-factorial, implying that no single technological solution can
be effective. Rather, an effective strategy should critically assess aptitude, vocational
interests, and personality and understand that these characteristics are dynamic and
change over time. Although it is quite difficult to completely incorporate all the ideas
presented in theory into a basic technological solution, any progress in the field of
machine learning can hold great potential for developing a complex psychometric
instrument to be able to fully incorporate these evolving aptitudes, personality

characteristics, and interests to provide more accurate career advice.

2.2. Assessing Intelligence and the Evolution of Psychometric Tools in Career

Counselling

Measuring intelligence can be traced back to 1869, particularly the Hereditary Genius
by Francis Galton (Galton, 1891). Subsequently, Alfred Binet and Théodore Simon
created the original intelligence test, the Binet-Simon Scale (Schwegler, 1914;
Houcan and Kan, 2023), which was aimed at identifying students in France in need of
special education. The Intelligence Quotient (IQ), or the ratio of mental age to
chronological age, was introduced by William Stern (Stern, 1914; Cherry, 2022).
Later, the Binet-Simon Scale was modified by Lewis Terman as the Stanford-Binet
Intelligence Scale, which was an important improvement to the intelligence testing

instrument (Terman, 1916; Pomplun & Custer, 2005). The Army Alpha and the Army
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Beta Tests were used in the United States during World War I to test military recruits
(Terman, 1918). The Differential Aptitude Tests (DAT), later by George K. Bennett,
Harold G. Seashore, and Alexander G. Wesman (Bennett, Seashore, and Wesman,
1947) were designed to assess the different aptitudes of the candidates. Howard
Gardner introduced a more comprehensive view in his theory of Multiple Intelligences
(Gardner, 1987), which includes linguistic, logical-mathematical and spatial
intelligence among others. In addition to intelligence testing, other tests appeared to
test personality and vocational interests including Myers-Briggs Type Indicator
(MBTI) (Briggs, 1976; Boyle, 1995) to test personality types and Strong Interest
Inventory (SII) (Hansen and Bourne, 1988; Carter and Swanson, 1990) to test
vocational interests, improved by John Holland as RIASEC model (Holland, 1959;
De Fruyt and Mervielde, 1997). All of these tools demonstrate how psychometric
methods have evolved to understand human potential and how to direct career

development.

Hereditary Genius by Francis Galton (Galton, 1891) is an early study of human
intelligence. He claimed that intelligence is genealogical and inherited. He suggested
a radical notion of selective breeding towards a superior human race. He employed
statistical tools such as correlation and regression as a measure of hereditary traits. He
assessed the Blacks as being less intelligent than the Whites because of the difference
in genetic makeup. His suggestion was attacked on the grounds of its eugenic view.
His methodological approach of assessing intelligence based on genes and heredity
alone, without other influences such as socioeconomic and cultural differences, was
not acceptable (Constable, 1905). In spite of these valid criticisms, his work is

regarded as having formed the basis of the study of intelligence.

In 1905 Alfred Binet and Théodore Simon presented the Binet-Simon Scale, which
became commonly known as the first formal intelligence testing instrument (Binet
and Simon, 1961). The scale was developed to recognize French school children who
require special education, and it contains consecutive assignments that evaluate
cognition, problem-solving, memory and attention. [tems were placed in a progression

of difficulty which permits categorization of intelligence levels using the idea of
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mental age. Another significant advantage of the scale was the focus on practical
thinking skills, as opposed to memorisation, and the variety of question types,
addressing various fields. However, this test had numerous limitations: it was first
validated on a small sample of French, the standardisation methods were not
developed, cultural bias was observed, and only mental skills were evaluated,
disregarding the wider skill range. All these aspects highlight the innovative
importance as well as the natural limitations of the Binet-Simon Scale in the early

years of intelligence testing.

Intelligence Quotient (IQ) originated with William Stern, modifying the concept of
Mental Age introduced by Binet-Simon (Stern, 1914). He standardised intelligence in
terms of the formula: IQ = (Mental Age / Chronological Age) x 100, in this way
establishing a standard measure of intelligence. It offered a standardised number score
as a measure of intelligence. Some criticism involves the test not working on at least
adults at other ages, since after some age, intelligence does not change. It also gauged
intelligence through one lens as opposed to the wider notion of multiple intelligences

(Davis, Christodoulou, Seider, & Gardner, 2011).

With the Stanford-Binet Intelligence Scale (1916), a complex development of the
Binet-Simon scale, Lewis Terman designed an elegant leap forward in psychometrics
by introducing the notion of the Intelligence Quotient (IQ), independently developed
by William Stern (Terman, 1916). Under a strict standardization process, Terman
created the norms which, to the first time, would not be restricted only to children but
also to adult populations. Even then, the Stanford-Binet, despite its innovativeness,
received substantial criticism because of its strong cultural bias as its normative
sample was composed of mostly white, native-born Americans which invalidated the
use of the scale with other ethnocultural groups (Jensen, 1980). Moreover, its
unidimensional emphasis on an individual 1Q score was denounced as a reductionist
measure that did not reflect the multidimensional and multifaceted quality of human

intelligence.

During world war I, Alfahari Yerkes and a team of psychologists designed the Army
Alpha and Beta Tests (AABT), which had capabilities of mass assessment; this
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examination was mainly employed in army recruiting (Yoakum & Yerkes, 1920). The
Alpha tests, which tested literate recruits, tested verbal and numeric reasoning, general
knowledge, practical judgment, etc. The Beta tests, in their turn, were designed to test
and filter out the non-literate candidates, based on their ability to recognize patterns,
analyzing cubes, mazes, and the like. The tests were standardised and could be applied
to groups of people at the same time. AABT, similar to most psychometric testing
instruments, was not without its fair share of critics who accused it of being socio-

economically biased, which, by proxy, disfavored black American populations.

The Wechsler-Bellevue Intelligence Scale is regarded as the first intelligence
assessment test that targets adults to determine both the verbal and non-verbal
cognitive skills (Wechsler, 1940). It was a breakthrough of the child-centred tests of
Stanford-Binet as it offered an inter-dimensional approach to intelligence testing.
Whereas the verbal tests evaluated vocabulary, comprehension, arithmetic, and
similarities, the non-verbal tests tested block design, object assembly, picture
completion, among others. The intelligence scale also proposed a deviation 1Q, unlike
the ratio IQ in the Stanford-Binet, which can be standardised by age. The
shortcomings were cultural bias, fixed measurement, and a time-consuming
management procedure. Although the Wechsler-Bellevue Intelligence Scale
borrowed several components of the Binet-Simon Tests and the AABT, its greatest

input was the deviation IQ (Boake, 2002).

Developed by George K. Bennett, Harold G. Seashore and Alexander G. Wesman, the
Differential Aptitude Tests is a set of test batteries that measure numerous aptitudes,
including numerical ability, abstract reasoning, 15, mechanical reasoning, space
relations, language use (spelling and grammar), and clerical speed and accuracy. The
tests develop an in-depth aptitude identies of a candidate and help him in the choice
of suitable courses and careers. Cultural bias, static fixed measurement and time-

consuming administration are the limitations (Wang, 1993).

Theory of Multiple Intelligences (MI) was presented by Howard Gardner in his
famous book Frames of Mind in 1983. Gardner outlined eight types of intelligence:
Linguistic,  Logical-Mathematical, = Musical, = Bodily-Kinesthetic, = Spatial,
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Interpersonal, Intrapersonal and Naturalistic (Gardner, 2011). He has also developed
another intelligence field known as existential intelligence. Gardner employed a
qualitative over a quantitative cognitive measurement. Its benefits are: since it is a
holistic method, it can be adapted to teaching and learning activities and not to career
counselling, but it has some relevance in counselling process. His methodology is
interdisciplinary and comprehensive. Weaknesses include the unavailability of
empirical evidence, testing difficulties and consequently inapplicability in real-life

situations (Waterhouse, 2006).

James R. Flynn has discovered a phenomenon known as the Flynn Effect, describing
the steady increase in 1Q test scores between generations (Flynn, 1984). The finding
suggests that IQ scores rose about 3 points per decade on different tests. This is
because of longitudinal studies of various IQ tests. There are more factors involved in
increasing the 1Q scores such as better education, nutrition, and changes in society
instead of genetic evolution. The dynamic IQ scores contest the traditional approach
of intelligence testing as a fixed level. All psychometric tests must be revised with

new norms and standardisation procedures to be correct and relevant to stay valid.

Emotional Intelligence (EI) was proposed by John Mayer and Peter Salovey as the
capacity to be aware of, control, and shape emotions to achieve better individual and
interpersonal performance (Salovey, Mayer, 1990). Their EI model has four
components: Perception of Emotions, which is the ability to identify emotions
correctly; Facilitation of Thinking, which is the ability to use emotions to enhance
thinking and problem-solving; Understanding of Emotions, which is the ability to
perform a correct identification of the cause and progression of emotions; and
Management of Emotions, which is the ability to manage emotions adequately in
order to achieve goals. Their stance is based on emotion as a cognitive process, and
heavily influenced by the study of cognition and psychology. They also invented the
Mayer-Salovey-Caruso Emotional Intelligence Test (MSCEIT), an instrument to
objectively assess EI as a set of skills. EI can be applied to various age groups, both
in observation and building the background of basic emotional skills in children and

with regard to academic achievement in teenagers and workplace relationships in
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adults. EI in career counselling can be used to assist job seekers in their pursuit of
emotionally flexible jobs. There are, however, constraints such as the inaccuracy of
the measure of EI despite the use of tools such as the MSCEIT. EI has been accused
of not having a standardised and universally accepted method of measurement

(Murphy, 2014).

C. Raven, developed and revised his Progressive Matrices (RPM) to assess non-verbal
reasoning, including abstract reasoning as a measure of general intelligence (Raven,
2000). It has a Standard Progressive Matrices (SPM) that is used by the general
population and an Advanced Progressive Matrices (APM) that is used in academic
and research environments. Its non-verbal pattern was meant to deal with cultural bias.
However, its evaluation solely on abstract reasoning gives it a limited scope in
measuring intelligence. A summary of the evolution of different psychometric testing

tools is provided in Table 1.

Table 1. Evolution of Psychometric Testing Tools: Methodology, Contributions, Applicability, and

Limitations

Psychometric Applicability
Year Methodology Contribution as a Testing Limitations
Test/Concept
Tool
Francis 1869 Statistical Introduced Foundation Focused solely
Galton’s analysis of statistical tools for studying on genetics,
Hereditary genealogical like correlation intelligence ignoring socio-
Genius data to assess and regression; and its economic and
hereditary first systematic heritability. cultural factors;
traits. study of eugenic bias.
intelligence.
Binet-Simon 1905 Age-graded First practical Identifying Limited scope
Scale tasks assessing | intelligence test; | children to children;
reasoning, introduced needing lacked
memory, and concept of special standardisation;
problem- mental age. education. cultural bias.
solving skills.
Intelligence 1912 Ratio of Provided a Widely used | Static ratio
Quotient (IQ) mental age to standardised in ineffective for
chronological | numerical educational adults;
age, multiplied | measure for and oversimplifies
by 100 intelligence. psychological | intelligence.
(William assessments.
Stern).
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Stanford-Binet | 1916 Revised Binet- | Adapted 1Q Educational Cultural bias;
Intelligence Simon Scale; testing for the placement, focused heavily
Scale introduced American psychological | on academic
standardisation | population; research. intelligence;
and deviation | applicable for time-
1Q. adults. consuming.

Army Alpha 1917 Group- First large-scale | Military Cultural bias;

and Beta Tests administered group personnel limited

(AABT) written intelligence test; | selection and | generalisability;
(Alpha) and addressed classification. | oversimplified
non-verbal literacy intelligence
(Beta) tests for | challenges with measurement.
military the Beta test.
recruits.

Wechsler- 1939 Combined First test tailored | Educational Cultural bias;

Bellevue verbal and for adults; and clinical static

Intelligence non-verbal provided a assessments, | measurement;

Scale subtests; multidimensional | workplace time-intensive.
introduced view of evaluations.
deviation 1Q. intelligence.

Differential 1947 Battery of tests | Focused on Career Narrow focus;

Aptitude Tests measuring vocational counselling, static

(DAT) specific guidance and educational assessment;
aptitudes (e.g., | career suitability. | planning. cultural bias in
numerical, test content.
verbal, spatial,
mechanical).

Multiple 1983 Framework Expanded Education, Lack of

Intelligences identifying understanding of | personalised | empirical

(MI) eight (later intelligence to teaching validation; no
nine) distinct include non- strategies. standardised
intelligences. academic measurement

abilities (e.g., tool; theoretical
musical, overlap.
kinesthetic).

Emotional 1990 Ability-based | Highlighted role | Leadership Measurement

Intelligence model of emotions in development, | challenges;

(ED) measuring personal and workplace overlaps with
perception, social training, personality
understanding, | functioning; career traits; cultural
and MSCEIT counselling. and contextual
management developed for variability.
of emotions. measurement.

Flynn Effect 1984 Analysis of IQ | Challenged static | Highlighting | Does not
trends over view of the need for explain uneven
decades, intelligence; updating gains across
showing emphasised psychometric | cognitive
generational environmental test norms domains;
increases in IQ | impact on over time. plateau/reversal

SCOres.

in recent trends.
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cognitive
abilities.
Raven’s Original: | Non-verbal Minimised Widely used | Solely
Progressive test using cultural bias; in cross- measures
Matrices 1936 matrix patterns | focused on cultural abstract
(Revised | to measure general settings, reasoning;
later) abstract intelligence (g- research, and | static snapshot
reasoning. factor). educational of intelligence;
contexts. and ceiling
effects for high
performers.

2.2.1. Limitations of Psychometric Tests and Possible Solutions

Almost all psychometric tests exhibit cultural bias, making them ineffective when
applied to culturally diverse populations from those on which they were standardised.
This issue can be addressed by adapting the tests, including modifying test items
within test batteries, removing items that function differently across cultural groups,
or generating cross-cultural testing frameworks (Fernandez & Abe, 2018). Another
limitation of psychometric tests is their static measurement of a predefined set of
abilities. This can be addressed either by updating the ability categories over time or
by developing dynamic testing methodologies. Test validity and reliability are another
concern (DeVon et al., 2007), necessitating rigorous validation studies to ensure
accuracy and consistency. Furthermore, the limited scope of individual psychometric
tests highlights the need for a more holistic approach, considering multiple
dimensions such as aptitudes, personality traits, vocational interests, and emotional

intelligence.

Personality traits can be measured using psychometric tests like the Myers-Briggs
Type Indicator (MBTI) and Big-Five personality tests (Furnham, 1996). MBTI is
based on Carl Jung’s psychological types (Introversion (I) vs. Extroversion (E),
Sensing (S) vs. Intuition (N), Thinking (T) vs. Feeling (F), Judging (J) vs. Perceiving
(P)). Based on these, it defines sixteen different personality types. MBTI is criticised
for its lack of empirical support. The Five-Factor model defines five broad traits:
Openness to Experience (O), Conscientiousness (C), Extraversion (E), Agreeableness

(A) and Neuroticism (N). Both MBTI and Five-Factor use self-report questionnaires
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with traits. The five-factor method has been widely validated and supported by

extensive psychological research (Stein & Swan, 2019).

Vocational interests can be tested using tools like the Strong Interest Inventory (SII),
based on Holland’s RIASEC model, which measures vocational interests across six
categories: Realistic, Investigative, Artistic, Social, Enterprising, and Conventional
(Carter & Swanson, 1990). The SII employs self-reported questionnaires with a five-
point scale. The advantage of SII is its applicability in career counselling, as it aligns

an individual’s interests with occupational profiles.

Thus, a holistic framework for career counselling based on psychometric tools can be
derived by using the Differential Aptitude Tests (DAT) for aptitude measurement,
complemented by a Five-Factor Model (Big Five Personality Test) for assessing
personality traits, and a tool like the Strong Interest Inventory (SII) (The Myers-Briggs
Company, n.d.) for measuring vocational interests. Career recommendations
generated from a DAT-based tool can be enhanced by incorporating insights from the
Five-Factor Model and SII, ensuring a more comprehensive and personalised

approach to career counselling.

In this study, the career recommendation system will be built on the Differential
Aptitude Tests (DAT). DAT is specifically selected as it measures both verbal and
non-verbal reasoning skills of candidates. DAT includes a comprehensive array of
eight distinctive test batteries that assess various areas of aptitude, making it more
robust compared to other psychometric intelligence tests like Multiple Intelligences,
Emotional Intelligence, and Raven’s Progressive Matrices. While Multiple
Intelligences provides a holistic approach to intelligence analysis, it lacks a
standardised measurement framework. Similarly, Emotional Intelligence lacks a
standardised measurement approach and makes it challenging to implement in an
Artificial Intelligence system. Raven’s Progressive Matrices, on the other hand, has

limited utility due to its exclusive focus on abstract reasoning alone.

On the other hand, Differential Aptitude Tests are well-defined, offering a
comprehensive aptitude measurement approach. Its measurable characteristics are

relevant to career paths and aligned with artificial intelligence systems. Limitations of
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Differential Aptitude Tests, such as bias, static measurement, and limited scope, will
be addressed in this study. To address bias, we utilise the Kerala Differential Aptitude
Tests (KDAT), a DAT tool developed by the Directorate of General Education,
Kerala. KDAT has been standardised across various socio-economic groups within
the X standard population in Kerala. To overcome the issue of static measurement,
the study advocates using DAT alongside other career path selection criteria, such as
vocational interests and personality traits. Essentially, the career recommendations by
our proposed system should be augmented by these additional factors, with inputs
from the candidates and the career counsellor. In the future, these factors could also

be automated and integrated into the recommendation system.

2.3. Recommender Systems: A Comprehensive Review on Techniques,

Challenges and AI-Driven Approaches

Recommendation systems are algorithms designed to provide personalised
suggestions for relevant items by analysing user preferences and behaviour (Resnick
& Varian, 1997; Resnick, lacovou, Suchak, Bergstrom, & Riedl, 1994). These
systems play a crucial role in decision-making (Chen et al., 2013) by offering diverse
choices and enhancing operational efficiency (Ge et al., 2010; Konstan & Riedl, 2012)
through the automatic delivery of recommendations and support. Additionally, they
can be employed to improve user retention and engagement (Tarnowska et al., 2020),
among other applications. They utilise machine learning techniques to filter and
predict items and are applied across various domains, including video
recommendations, healthcare, medicine, and career counselling. Examples include
Amazon.com (Amazon, n.d.) for books and other products, Netflix (Netflix, n.d.) for
streaming video, MovieLens (MovieLens, n.d.) for movies, Last.fm (Last.fm, n.d.) for
music, Google News (GoogleNews, n.d.) for news recommendations, Google Search
(Google, n.d.) for advertisements, YouTube (YouTube, n.d.) for online videos, and

TripAdvisor for travel products.
2.3.1. Evolution of Recommender Systems

The initial development in recommendation approaches was the Collaborative

Filtering (CF) technique, introduced by Paul Resnick and first implemented in the
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GroupLens project (Resnick et al.,, 1994) for news recommendations. The
methodology used in Collaborative Filtering is to recommend items to users based on
the item interactions of similar users. The key feature of Collaborative Filtering is its
user-centric approach, which builds on the idea that an item liked by a user can be
suggested to similar users. For example, if users X and Y like item I, and if user X
also likes item Iy, then user Y may also like item Ix. CF does not require domain
knowledge of items for recommendations; it relies solely on user-item interactions

and user similarity.

Collaborative Filtering is categorised into user-based and item-based Collaborative
Filtering. User-based CF finds similarities between users using metrics like cosine
similarity (Liu et al., 2014) or Pearson correlation coefficients (Koohi & Kiani, 2016).
However, user-based Collaborative Filtering faces scalability issues (Kumar &
Sharma, 2013). Item-based CF suggests items that are frequently rated similarly by
users. This approach reduces computational costs compared to the user-based
Collaborative Filtering method (Sarwar et al., 2001). Despite its advantages,
Collaborative Filtering suffers from data sparsity, the cold start problem, along with

scalability issues (Guo, 2012).

To address some of the limitations of Collaborative Filtering, the Content-Based
Filtering (CBF) technique was introduced in recommender systems. One of the earlier
influential works in this area is attributed to Michael Pazzani (Pazzani & Billsus,
1997; Pazzani, 2007). In Content-Based Filtering, items are presented using a set of
features called attributes. The user profile is created by analysing user-item
interactions and the features of interacted items are aggregated to create the user
profile. Users are recommended items based on user-profile item-profile similarities
which is calculated using cosine similarity or Euclidean distance. Items are
recommended based on the ranking of similarity metrics. Content-based filtering
provides better-personalised recommendations compared to CF due to its inherent
methodology. The user cold start issue is resolved using some initial user-item

interaction techniques. Item cold start issue persists to recommend new items to the
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user. CBF may advocate the same types of items due to its overspecialization problem

(Thorat et al., 2015).

To address the limitations of individual recommendation approaches, hybrid
recommender systems have been designed by combining two or more techniques,
such as Content-Based Filtering and Collaborative Filtering. Integrating multiple
techniques can improve accuracy, scalability, and robustness. Robin Burke's initial
work on hybrid recommendation techniques (Burke, 2002) discussed different
methods to implement hybrid recommender systems. In weighted hybridization, the
weighted sum of scores generated from each recommender system is taken to provide
the final recommendation. In the switching approach, based on a specific condition,
recommendations are generated from one of the recommender systems. In the feature
combination approach, features from multiple models are combined to create a
uniform model. In the cascade hybridization model, recommendations generated from
one model are fed to the next to refine the recommendations. In the feature
augmentation approach, the output of one model is used as input to the next model as
an additional feature. In meta-hybridization, one method is used to train the model for
another, such as using CBF to develop a user profile for CF. While hybrid
recommendation systems address critical challenges like cold start, data sparsity, and
over-specialisation, their implementation is challenged by high complexity and
significant resource requirements. Table 2 provides a comparison of the three CF,

CBF and hybrid approaches discussed.

Recent advances in recommender systems have brought other directions, such as
Context-Aware Recommendation Systems (CARS) (Adomavicius and Tuzhilin,
2010). Context-aware recommendation systems use contextual data like time, place,
and social context in the recommendation process to make it more relevant and
personalized. Several approaches have been adopted to include contextual
information, which include pre-filtering, post-filtering and contextual modelling. In
pre-filtering, the dataset is filtered using context, and then model is built around it. In
post-filtering approach, once the model has been constructed, context is used to filter
the recommendations created by the recommendation engine. Contextual modelling
is a method involving the use of contextual information as an additional feature in

model building. Context-Aware recommendation methods can offer better
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personalization and higher user satisfaction, but are complex and require that the

contextual information is of high quality.

Table 2.Collaborative Filtering (CF), Content-Based Filtering (CBF), and Hybrid Systems

Aspect Collaborative Filtering Content-Based Hybrid Systems
(CF) Filtering (CBF)

Personalisation | Leverages user-item Builds a profile unique Combines multiple
interactions, providing to the user by analysing | techniques for greater
personalised item attributes they personalisation,
recommendations based interacted with. balancing strengths of
on collective user CF and CBF.
behaviour.

Serendipity Recommends novel items | Offers accurate but Ensures both
by leveraging preferences | narrow serendipity and
of similar users. recommendations relevance by

closely aligned with the | integrating CF’s
user’s known novelty and CBF’s
preferences. accuracy.

Cold Start Struggles with Capable of Partially mitigates item

(Items) recommending new items | recommending new cold start by using
due to lack of interaction | items using item CBF for new items and
data. metadata or features. CF for established

ones.

Cold Start Performs poorly for new Can handle new users Mitigates new-user

(Users) users with no interaction better through initial cold start by
history. profiles, such as explicit | combining

ratings or preferences. demographic, content-
based, and
collaborative data.

Data sparsity Struggles with sparse Less affected as it Reduces the impact of
interaction matrices, depends on item sparsity by leveraging
limiting recommendation | attributes rather than multiple data sources
quality. interaction data. and methodologies.

There are deep learning implementations also in recommender systems. He et al. (He

et al., 2017) suggested a Neural Collaborative Filtering model based on deep neural

networks. Generalized matrix factorization was included in the model to learn linear

relationships with a multi-layer perceptron to learn non-linear interactions and

presented a framework based on deep neural networks that can enhance personalized

recommendations. The costs to implement this approach are hyperparameter tuning

and the cost of computation. A similar (session-based) recommendation method based

on recurrent neural networks was suggested by Hidasi (Hidasi, 2015).
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Another implementation of a recommender system is by employing knowledge graphs
(Wang et al., 2019). Knowledge Graph-Based Recommendation Systems represent
objects (things, users, categories) as nodes and their connection to each other as edges.
As an example, entities can be movies, directors and genres and relationships using
“directed by”, “belongs to” and so on. This characterization helps KG-based
recommender systems to give recommendations which are more semantically
meaningful. Recommendations are generated based on path-based reasoning,
exploring multi-path hops in the knowledge graph. Although it can solve the data
sparsity and cold-start problems, it has limitations such as scalability and

computational cost.

2.3.2. Applications of Recommender Systems in Diverse Domains

Linden, Smith, and York (2003) proposed a novel collaborative filtering technique
called item-to-item collaborative filtering. Instead of user-user or item-user
collaborative filtering, they used item-item collaborative filtering by computing
similarities between items rather than users. This helped Amazon provide highly
personalized and contextually relevant recommendations in real-time, even for their
vast database. This is achieved by precomputing item similarities against user baskets,
so that recommendations can be provided in real time. The limitation of the model is

its expectation of consistent user behaviour.

Philip, Shola, and Ovye (2014) proposed a research paper recommendation system
based on a content-based filtering approach for personalised suggestions for
researchers. The dataset for the study included research papers from the Federal
University Kashere and open-access sources on the internet. User profiles were
created based on users' transactional behaviour, such as downloading, liking, and
opening research papers. Research papers were represented as vectors using TF-IDF
weighting techniques to identify significant keywords related to the papers. Item
profiles were constructed using research paper attributes such as titles, keywords,
research areas, and author information. The system utilised TF-IDF and cosine
similarity to recommend papers to users by matching user profiles with item profiles.
While the approach provided recommendations with high precision, it suffered from

cold-start problems for new users and limited diversity in recommendations.
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Walek and Fojtik (2020) introduced a hybrid recommendation system to suggest
movies by integrating content-based filtering, collaborative filtering, and an expert
system. The rule-based expert system augments recommendations generated by the
collaborative filtering and content-based filtering modules. The collaborative filtering
module creates a user-item matrix containing user movie ratings, rankings, and item
(movie) ratings, which is used to rank the most suitable movies based on the user's
ratings and the ratings of other users. The content-based filtering module calculates
movie similarity by processing user-rated movie descriptions using a bag-of-words
model. TF-IDF is then applied to extract features and compute cosine similarity
between the features of unrated movies and those of movies rated by the user. Final
recommendations are filtered and ranked by the expert system, which considers
factors such as the average movie rating, the total number of ratings, similarity to
already-rated movies, and outputs from the content-based recommender module. The
expert system applies these criteria using if-then-else rules. The key contribution of
this hybrid system is its ability to provide high-precision yet diverse
recommendations, while limitations include the complexity of implementation and

scalability challenges.
2.3.3. Current Approaches to Recommendation Systems in Career Guidance

Zameer Gulzar et al. (2018) published a hybrid course recommendation system that
combines information retrieval methods and ontology to represent knowledge related
to courses. The system uses N-gram classification as well as WordNet, query
expansion. Ontology representation is used to construct the knowledge model. The
query is then expanded with the help of WordNet, and the input query words are pre-
processed and N-grams generated. Subsequently, courses related to these queries are
extracted from the database based on ontology relations and recommended to the user.
This method was much superior to the previous methods of search by keyword. But
one of the most important weaknesses of the system is its knowledge base which is
limited to the courses that are related to computer science. This specialization
introduces the problem of data sparsity and the possible challenge of cold start

problems. Furthermore, the system was built to the level of research students and
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cannot be used to recommend courses at the secondary level of school education, since

it does not consider the aptitude of students, which is an essential factor there.

Mohamed Ezz et. al (2020) proposed in their work an adaptive recommendation
system to estimate appropriate engineering education paths of students once they have
finished their preparatory course. It achieves this by using data mining techniques to
extract relevant features to each engineering discipline. A variety of machine learning
models including KNN, SVM, and NB are constructed on each discipline given these
selected features, and the most successful model identified on each discipline. The
training data is composed of the historical data of final-year students in each
discipline. After the models have been constructed, the academic achievement of
preparatory-year students is entered into the adaptive recommendation engine, which
is then used to advise students on the engineering disciplines in which they are likely
to achieve success. This paper introduces a promising recommendation engine
architecture, and shows good results, especially in areas such as urban planning and
mining and petroleum engineering, where the models showed the highest F-measures.
Nonetheless, there are still difficulties in selecting features per department and

1mbalanced data.

In the study by Atienza John Robert D. et al. (2022), a Deep Neural Network (DNN)
framework was elucidated to predict the academic trajectory of students, combining
academic performance of students, in each subject, age, sex, salary levels of parents,
and number of siblings. The study took into account a large group of 1500 junior high
school students in the Philippines. The web-based system as a useful tool supports
career counsellors in assisting students to make sound decisions when it comes to their
career paths. Although the paper illustrates the creation of the candidate profile
through academic track records and demographic data fed into the DNN model, it
does not explain how the candidate profile is mapped to a suitable career path. The

system also fails to factor in whether the student is apt for the career being projected.

The research of Saeed, Takreem, et al. (2021) presented a novel job recommender
system targeting engineering students in six different disciplines. They surveyed
engineering students of several universities to create the user dataset, prioritizing four
engineering areas. The data feature includes qualifications, field of engineering, key

subjects, GPA, programming languages, frameworks, and platforms. An equivalent
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job profile database, compiled by practitioners in related sectors, offered job titles and
elaborate descriptions in those engineering jobs. Based on these datasets, the authors
have created a Deep NLP Career Recommender System. The system divides the data
into training and testing data, tokenizes and lemmatizes job descriptions, and finds
features by using an embedding layer. These characteristics are run through a
convolutional layer and fully connected neural network, and job suggestions are
formed as a result of the learned weights of the features. Although the system can help
engineering students in getting job recommendations, it cannot be used to give career
recommendations to the secondary students on basis of their abilities. Moreover, it

fails to address problems such as data sparsity or cold start problems.

Rashid, Adib Hakimi Abdul, et al. (2022) developed a content-based filtering
approach to advising computer science students on career choices. Their primary
objective was to create an automatic mechanism through which people in the
computer science profession are recommended individual careers. The system applied
web scraping technology to collect associated career information on the JobStreet site.
The content-based filtering was developed into a recommendation mechanism in
which user preferences served as the point of comparison. The candidates were
introduced to different fields of computer science and related careers first, which
allowed them to determine their interests. The system then matched the areas chosen
by the candidate with various computer science career paths derived out of JobStreet.
This comparison was conducted using cosine similarity on TF-IDF vectors of the
interests of the candidate and the career path data available within the system.
Depending on the similarity measure, the system suggested to the candidate an
appropriate career. However, while the system effectively suggests a set of computer
science-related career paths, it faces a significant challenge with data sparsity due to

its reliance on web scraping, which can result in incomplete or missing data.

Ngiam, Avery Tzeng Chiet, et al. (2022) presented an Early Career Trajectory
Recommender System (ECTRS) designed specifically with youth and high school
students in mind, yet aimed at Information Technology (IT) careers. The system used
the occupational information network (O*NET) database to develop user profiles. The
profiles were created when the Holland Code Test, created by the Open-Source
Psychometrics Project, was administered to learners in order to determine their

interests. Also, the skillset and knowledge base of each student were established with
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the help of a questionnaire. Career profiles were then built around the same attributes
as the user profiles, but limited to the IT domain. The work used a Bag-of-Words
model to identify features, and the cosine similarity measure was used to match the
user with the appropriate IT careers. Although this work can be of great help to
students interested in IT careers, there are two limitations to it. One reason is that the
system does not objectively determine the skills of the user, but rather uses self-
reported skills as provided by the questionnaire. Second, the career suggestions are
limited to the IT industry, and not the wider range of career choices out there in the

real world.

Obeid, Charbel, et al. (2022) developed a hybrid recommendation system that
combines collaborative filtering and knowledge-based methods to help high school
students choose suitable universities, majors, and career paths. The collaborative
filtering component uses graduates’ career ratings to find cases similar to a student’s
profile, generating an initial set of recommendations. These are then refined through
a knowledge-based system built on case-based reasoning and an ontology that links
information about institutions, students, and careers. The final output blends both
approaches to produce a personalised recommendation. Data for the model were
collected through an online graduate survey that included demographic details,
education history, interests, and career evaluations. While the system offers a
structured and personalised approach, it faces certain limitations, such as cold-start

issues, data bias, quality inconsistencies, and scalability challenges.
2.4. Need for Explainable Recommendation Systems

Recommender systems have found applications in various and critical fields such as
education, healthcare, finance, e-commerce, and entertainment, among others. The
most essential underlying algorithms are based on Deep Neural Networks (DNNs) to
provide more accurate results. Nevertheless, these machine-learning models can be
regarded as black boxes (Ribeiro, Singh, and Guestrin, 2016; Amarasinghe and
Manic, 2019), as illustrated in Figure 1, and both model developers and end users

struggle with the reasoning behind the suggestions.
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Figure 1. Internal Architecture of Deep Neural Networks

There is a trade-off between accuracy and interpretability in machine learning models,
where the more interpretable the model, the less accurate it is (Freitas, 2019), as
illustrated in Figure 2. In the algorithmic society of today, where algorithms affect
nearly all facets of life, it is important that the predictions and suggestions made by
such black boxes be interpretable and transparent. Despite the predictive accuracy of
deep neural networks, the networks also contain bias and can fail to make responsible
predictions (Nguyen, Yosinski, and Clune, 2015). This shows the necessity of clear
and responsible algorithms. The global community has pointed out that artificial
systems not only must be precise but also just and reliable (Council, 2017; Viswan et
al., 2024). To mitigate these issues, it is necessary to incorporate key elements of
transparency, including quality of data, combating algorithmic bias, ethical norms,
and human control (Hassija et al., 2024). These are important steps towards ensuring
that machine learning models are not discriminatory against individuals or groups of

people.

‘ Neural Network
‘ Ensemble

Linear

: Decision Tree

Accuracy

O Rule based

Explainability

Figure 2. Machine Learning Models: Accuracy Versus Interpretability
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There are several reasons why it is crucial to create transparent and equitable machine
learning systems such as recommender systems. Due to the fact that these systems
operate within critical decision-support systems, user acceptance and trust are of the
utmost importance (Rechkemmer and Yin, 2022). The system needs to be able to
explain the decisions proposed by the system. The lack of transparency among the
users of these systems may result in distrust and therefore their rejection. Reduction
of bias and fairness is significant (Hort et al., 2024) since models are trained using
training data, and when the dataset is biased, the predictions made using the dataset
will also be biased. Recommendations based on gender, race, socioeconomic and
geographical location can be unfair hence leading to issues of fairness. It requires
transparency to meet ethical and legal standards such as the General Data Protection
Regulation (GDPR) ( Privacy Regulation, n.d.). Personal data must be gathered with
consent, utilized to a narrow intention, and must not be abused. The data must be
handled in a legal manner so that the information is correct and that adequate security
has been taken to shield against unauthorized entry. Because machine learning models
are frequently seen as black boxes, the aforementioned measures can be broken
without notice unless explainability is incorporated. The refinement of the systems
will also be supported by interpretability and transparency (Sotgiu et al., 2022),
allowing the designers to debug and refine them. Furthermore, it is only open systems

that can keep up with the evolving norms and expectations in society.

A machine learning model must address explainability from multiple dimensions,
including trustworthiness in data preparation, robust and explainable data
representations, fair, transparent, and responsible predictions, and trustworthy
evaluation (Wang et al., 2024). Data preparation should ensure data quality, fairness,
and privacy by addressing biases and ensuring compliance with ethical standards.
Data representations should be resistant to manipulations and provide interpretable
insights. The generated recommendations should satisfy the user while upholding

fairness, ethical principles, and accountability.

2.4.1. Explainability Approaches

There are different types of explainability methods for machine learning models:
model-specific versus model-agnostic, global versus local explainable frameworks,

intrinsic versus post-hoc explainability, and many more.
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The model-specific explainability approaches are designed to be model-specific and
use the internal structures of the model to explain. A model-based implementation is
Layer-Wise Relevance Propagation (LRP) (Bach et al., 2015). Nonetheless, model-
agnostic applications can be run on any machine learning model, regardless of its
internal construction. Examples of model-agnostic explainable frameworks include
Local Interpretable Model-Agnostic Explanations (LIME) (Ribeiro, Singh, and
Guestrin, 2016; Amarasinghe and Manic, 2019) and Shapley Additive Explanations
(SHAP) (Lundberg and Lee, 2017).

Global explainability refers to the ability of the model to predict its overall behaviour,
as feature importance lists the most important features of the model in its overall
predictions. Local interpretability focuses on the model's ability to interpret a
particular instance of prediction for a given input, like instance-specific feature
importance of a single prediction (Clough et al., 2019). Some algorithms, like SHAP,
can provide both global interpretability and local interpretability.

Post-hoc explainability refers to the process of explaining model behaviour after the
model is built. Visualization, feature attribution, or rule-based feature extraction
techniques are used in this case. Intrinsic explainability refers to the inherent ability
of the model's structure to provide interpretability for possible predictions coming

from the system (Ai & Narayanan, 2021).

Some machine learning models are intrinsically explainable, such as Linear
Regression, Decision Trees, and Rule-Based algorithms (Molnar, 2020). These are
often called white-box models. Decision trees have a human-readable internal
structure, and each node precisely defines a rule in the decision-making process. The
importance of a feature can be identified by its position in the tree. In linear regression,

the coefficient represents the impact of a feature on the model's prediction.

The interpretation of black-box models can be achieved using rule-based explanation
models. This can be achieved using if-then-else structures to define rules by analyzing
the dataset. Additionally, leveraging domain knowledge expertise or extracting rules
using a white-box model like a decision tree trained on the dataset (Yang, 2022) can

also be explored. For example, training a decision tree to mimic the behaviour of a
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DNN and extracting rules from the trained decision tree can help break down the

black-box nature of DNNs (Chou, 2019).

To enhance transparency and accountability in black-box machine learning models
like DNNSs, various eXplainable Artificial Intelligence (XAI) algorithms have been
developed. The algorithms include SHapley Additive exPlanations (SHAP), Local
Interpretable Model-agnostic Explanations (LIME), Gradient-weighted Class
Activation Mapping (Grad-CAM), and rule-based systems (Vimbi, Shaffi, &
Mahmud, 2024; Jahmunah, Ng, Tan, Oh, & Acharya, 2022; Macha, Kozielski,
Wroébel, & Sikora, 2022).

Local Interpretable Model-Agnostic Explanations (LIME) (Ribeiro, Singh, and
Guestrin, 2016) is based on the principle of locally approximating a complex model
using an interpretable but simpler model, like a decision tree or linear regression
model. LIME generates an interpretable model for each input instance to provide local
explanations. The process begins with perturbing the input instance to create a set of
samples. These samples are then fed to the original black-box model to obtain
predictions. Based on these predictions, an interpretable surrogate model (such as a
linear model or decision tree) is trained on the generated dataset. By analysing the
feature importance, such as the coefficient of this surrogate model, LIME identifies
the key factors influencing the original model's prediction. LIME has the limitation of

instability. Further, LIME may generate inconsistent explanations (Zhao et al., 2021).

SHAP (SHapley Additive exPlanations) is a Model-Agnostic XAl framework based
on cooperative game theory. It assigns each feature a value called the SHAP value for
a given prediction, calculating the marginal contribution of each feature to explain
how it influences the model's prediction (Lundberg & Lee, 2017). SHAP's Additive
feature attribution property ensures that the sum of all feature contributions equals the
model's predicted value. This makes its explanation consistent with the model's
prediction. Even though SHAP is model-agnostic, it has different specialized
implementations like Tree SHAP for tree-based models. Other implementations are:
Kernel SHAP for model-agnostic implementations, and Deep SHAP for neural

network-based models. SHAP provides both local and global explanations. SHAP
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uses visualization plots, such as bee swarm plots, force plots, and decision plots, to
explain both local and global explanations. Limitations of the SHAP explainer include

its computational cost and the lack of end-user-friendly explanations.

Gradient-weighted Class Activation Mapping (Grad-CAM) utilizes the gradients of
target class scores flowing into the final convolutional layer of a Convolutional Neural
Network to generate a coarse localization map (Selvaraju et al., 2020). This map
visualizes the important regions of the input image, explaining the model's prediction.
GRAD-CAM focuses on a specific class for which an explanation is needed. It
computes the gradient of the selected class score with respect to the feature map of
the last convolutional layer. GRAD-CAM provides human-readable visual
interpretations. It can be applied in image or object detection applications for
explainability. However, when deploying it for critical applications, its main
limitations, such as dependence on convolutional layers and coarse resolution, must

be considered.
2.4.2. Existing Implementations of Explainability in Recommendation Systems

Explainable Al-based recommendation systems have been tried in various fields. A
proposal of a Grad-CAM-based explainable deep transfer learning algorithm was
presented by Panwar et al. to detect COVID-19 early, using chest X-ray and CT scan
images’ datasets (Panwar et al., 2020). They visualised the infected areas of the lung
using colour to make their predictions more interpretable by plotting class activation
maps according to the Grad-CAM technique. Grad-CAM was applied to the last
convoluted layer of their CNN, since it can determine high-level spatial information

about image features, and gives better visual explanations of the model prediction.

Tahir, Alayed, Hassan, and Haider (2024) introduced a hybrid explainable AI (XAI)
model that integrates LIME and SHAP to achieve real-time interpretability in
autonomous vehicles. This approach exploited the computational efficiency of LIME
while utilizing SHAP for comprehensive feature importance analysis. Specifically,
the computationally expensive SHAP is applied to the top n features identified by
LIME. This approach allowed the model to maintain high prediction accuracy while

providing interpretability. This method enhanced both computational and memory
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efficiency of the system. The approach helped to make it suitable for onboard

implementation in real-time applications like autonomous vehicles.

Shams, M. Y., Gamel, S. A., and Talaat, F. M. (2024) proposed an explainable crop
recommendation algorithm called LIME-based X AI-CROP. This algorithm takes into
account various parameters such as soil characteristics, weather conditions, and
historical crop performance. Selecting a sample from the validation dataset, applying
perturbations to the data, and training a linear model on the perturbed data, the LIME
algorithm was employed to generate feature importance explanations for the

prediction of the selected sample.

In their prostate cancer treatment recommender system, Tang et al. (2024) used the
SHAP algorithm to discover principal parameters like tumour stage (T stage), cancer
stage, age, core positive percentage (CPP), prostate-specific antigen, and Gleason
score that had a significant impact on the prediction ability of the model on surgical
and non-surgical treatment of prostate cancer. This analysis was conducted using
SHAP’s global explanation ability employing beeswarm plots. They applied the
SHAP algorithm to explain predictions across three different models they developed.
The system identified the best model to use in its prediction procedure by conducting
feature importance analysis using a SHAP beeswarm plot. This decision was based
on the degree of coherence between the feature importance explanations provided by

SHAP with domain expertise in the field.

There is a strong need to include explainability in the career recommendation system,
particularly among students in the early career decision-making, where the end user
of the system can understand the logic behind career recommendations. Although
black-box based recommender systems may be very accurate, it does not give
confidence to the career counsellor and the end-user unless appropriate interpretations
of the reasons why the system made some recommendations. Interpretability is
beneficial to both end-users and model developers. The system offers developers the
opportunity to debug and optimise the system to eliminate bias, inaccuracies, and
inconsistencies (Xu et al., 2019; Dwivedi et al., 2023). The students can be provided

with information on why a particular career path is recommended and hence make
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sound decisions. The key aspects of the long-term success and widespread use of the

system are trust and confidence.

Research on explainable career recommendation systems is still emerging.
Schellingerhout, Barile, and Tintarev (2023) developed an XAl framework employed
on job recommendations. Their work targeted candidates, recruiters, and company
managers and built on a Graph Attention Network (GAT). Their system incorporated
the candidate’s features and vacancy features to produce three explanation types: 1)
visual knowledge graph paths, ii) textual summaries using large language models, and
ii1) attribution charts. Company managers preferred visual explanations for clarity.
For actionable insights, candidates and recruiters favoured textual explanations. In the
job recommendation domain, the study provides foundational guidelines for

stakeholder-specific explainability.

Tran (2023) provided an empirical approach to an explainable job recommendation
system. Their approach applied both local and global explainability techniques. For
local explainability, the study employed LIME and SHAP algorithms. With inherently
self-explanatory models like Explainable Boosting Machines (EBM) and
Differentially Private Explainable Boosting Machines (DPEBM), global
explainability was achieved. Text data from job descriptions was used to calculate
TF-IDF and Latent Dirichlet Allocation (LDA). For building the recommendation
engine, ensemble algorithms like XGBoost, factorization machines, etc., were
employed. For the global explanation evaluation of the system, the model fidelity rate
was used, and a feature importance fidelity rate was used for local explanation
evaluation. Even though fidelity-based measures were suggested in order to measure
the soundness of explanations, the system primarily converted feature weights to
keywords or topical labels, instead of producing prose length natural language

explanations to make explanations more comprehensible to the final users.

Yang et al. (2023) came up with an explainable trainee course recommender system
that is based on a Contextualized Knowledge Graph Embedding (CKGE) model.
Their work employed a Knowledge Graph, which comprised of entities, including

talents, skills, and courses. The meta-graph of any talent-course contains a meta-path
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between the two entities and the neighbours of each entity. The model used a KG-
based Transformer and customized to serialise entities and paths on the meta-graph
into a structured representation, which represented a local and global interdependence.
Explainability is achieved through the exploration of the meta-graph that
demonstrates how user talents are related to the suggested courses. Although very
useful in demonstrating the line of reasoning, the framework did not involve processes

that generate explanations in natural language form.

The literature review shows that there has been a great development in ensuring
explainability in the recommender systems in various areas of application. Even so,
there still exists a critical gap in creating consistent accounts in natural language that
can be interpreted by non-specialist users. Currently used methods such as those
supported by SHAP, LIME, and knowledge graphs mostly generate visual or

structural justifications, which in many cases require technical knowledge to interpret

properly.
2.5. A Review of Relevant Datasets

To come up with efficient career recommendation systems, datasets are essential. The
quality of the datasets is necessary to make unbiased and fair decision-making when
using machine-learning models based on data. A recommendation engine can be
enhanced with a rich dataset having relevant features, which can considerably
improve the performance of such an engine. There is a high level of importance in
considering the relevance of a dataset to a certain topic, quality (minimal missing
values and outliers), diversity (to overcome biases), and ethical implications (privacy,

fairness) when choosing a dataset.

Regarding the career counselling domain, datasets should contain diverse career-
related information to build a holistic career recommendation system. But none of the
existing career datasets fully address this requirement. Some datasets focus on ability
profiles, and some others prioritize vocational interests. Most career datasets are
limited in scope and incomplete. Another concern is with datasets built using web

scraping techniques, which suffer from data sparsity issues.
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The CareerMap dataset by Pimplikar et al. (2023) is particular to the computer science
field alone. It consists of 9,180 records having 28 features and covers up to 16 careers
within the computer science field. Besides the characteristics that are relevant to
technical professions, the dataset contains the features concerning the Big Five
personality traits (openness, conscientiousness, extraversion, agreeableness, and
neuroticism), and therefore has both technical and personality aspects to the
recommendation systems constructed based on this dataset. The key issues that can
be identified with the dataset are its limitations, since it has been narrowed to 16
computer science-related careers only, which restricts its general applicability. It also
lacks aptitude profile information that is usually essential in making holistic career

recommendations.

Computer Science Students Career Prediction Dataset (Patil, n.d.) is a small dataset
with the data on 180 computer science students. It contains the fields of student ID,
name, gender, age, GPA, major, interested domain, projects, future career goals, and
Python, SQL, and Java skills with the future career goals being the target field.
Although the dataset can be utilized in terms of career recommendations in the
computer science field, it does not have a wide coverage and is limited. The synthetic
character of the dataset can decrease its usefulness in the context of the career
recommendations in a real-world scenario. Moreover, the dataset does not consider
such important factors like aptitude, professional interests, and personality traits,

limiting its scope and overall utility.

The Career Recommendation Dataset, developed by Breejesh Dhar (Dhar, n.d.),
contains records of 1,316 professionals with diverse attributes. Attributes include
demographic information (gender), academic details (undergraduate course,
specialisation, CGPA, and certifications), professional data (employment status, first
job title), and competencies (skills and interests). The dataset takes a holistic
approach, considering skill sets, vocational interests, achievements, and
specialisations. But it is limited to a narrow set of careers, and leads to issues such as

data sparsity and cold start limitations. The dataset, even though it contains the skill
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set features, does not adequately address the innate aptitude of candidates, that

essential for providing more efficient and personalised recommendations.

The Career Prediction Dataset (Shrivastav, n.d.) combines the Big-Five personality
factors (openness, conscientiousness, extraversion, agreeableness, and neuroticism)
with the types of differences in aptitudes (numerical, spatial, perceptual, abstract
reasoning and verbal reasoning) in 105 different careers. It is a unique asset that can
be used to develop career recommender systems because it is a combination with both
personality and aptitude features associated with each career. The dataset, however,
has significant weaknesses. It lacks mechanical reasoning and verbal skills, language-
based tests, which have to be considered as the core part of differential aptitudes to
select a career in full. Its size is another weakness as it comprises of 105 distinct
careers, which do not cover the scope of career opportunities in the real world.
Irrespective of these weaknesses, this dataset can still be a helpful resource for

researchers and analysts developing career recommender systems.

The analysis of existing career-related datasets shows that career-related datasets
remain at their early phases. This leaves the research society without a mature and
comprehensive dataset. The majority of the available career recommender systems are
constructed based on scraped data on job portals (Rashid, Mohamad, Masrom, and
Selamat, 2022) or social network websites such as LinkedIn (Kumalasari and Susanto,
2020). The simplest solution to sealing this gap involves making a new dataset based
on the data provided in the Occupational Information Network (ONET). The ONET
database consists of in-depth information about 1,000 professions. It enumerates
skills, interests, working styles, education, skills, training requirements, work
experience, daily work, job situation, titles, and technology skills. Such in-depth
information may be utilized to construct a high quality and trustworthy career
recommendation system. In our proposed system, we utilised the ability profile
information of all careers available in O*NET to create a unique, first-of-its-kind
dataset containing 612 records. This approach effectively addressed the issue of data
sparsity, significantly enhancing the system's utility. The weakness of the dataset is

that it did not consider features like personality traits and vocational interests of the
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candidate. Another issue to address, considering datasets, is the evolving and ever-
changing careers in the real world. There should be a dynamic career expansion
approach to enrich existing datasets, and the recommender systems should incorporate

such changes in the career domain.
2.6. Conclusion

The multidimensionality of career counselling process is seen in literature review. It
places much importance on considering various theoretical factors including aptitude,
occupational interests, personality traits, multiple intelligences, and emotional
intelligence. Given the intricacy of these dimensions, the review examines the
application of psychometric instruments using different methods of measuring these
dimensions. And lastly, the review has considered how machine learning technologies
have been incorporated into systems that can develop recommendation engines. In
order to deal with the multivaried nature of career counselling, psychometric
instruments like Differentiated Aptitude Tests, Five-Factor Model and Strong Interest
Inventory were considered to gain a systematic approach to assessment. This research
is the foundation of the creation of career recommendation systems providing
personalised advice. The development of machine learning algorithms has also made
it possible to develop automated solutions when it comes to career development.
Recommendation engines based on Al provide personalised and scalable career
advice. Their capacity to process large datasets efficiently makes them indispensable

for modern solutions.

The main limitation identified in the existing recommender systems is their restricted
capacity to generate diverse recommendations that are meaningfully aligned with the
user’s profile and preferences. This gap is significant and requires innovative methods
of architecture that can literally incorporate diversity without diminishing the
relevance of the recommendations. Here, the proposed approach suggests a new
hierarchical recommendation structure that will categorize the recommendations into
multi-tiered outputs. The system combines a collection of internal models organized
on the basis of the natural hierarchy of career clusters in the dataset. This guarantees

breadth as well as contextual coherence at the time of suggesting career pathways.
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Such a hierarchical process of recommendation and multi-tiered outputs allows the
recommendation engine to trade in personalization with diversity, and eventually

provides the users with more detailed and differing career paths.

The factors of bias, fairness, and transparency are very significant in career
recommender systems. The recommendations provided by Al will directly affect the
formative decisions of students and these decisions need to be explained in natural
language to ensure that the candidate can make informed and meaningful decisions.
Transparent explanations not only favour informed decisions but also build trust and
ensure adherence to ethical guidelines, such as GDPR. Gender, race, and
socioeconomic biases should be considered to enhance the concept of inclusiveness
and equity further. Although explainable algorithms like SHAP and LIME enhance
the interpretability, since they require technical conciseness in their explanations, they
are not suitable for providing a rationale that is comprehensible to the layperson. To
address it, the current work proposes a hybrid explainability framework that integrates
SHAP-guided insights with structured descriptions of natural language explanation.
Therefore, the proposed work, addressing the responsible Al concepts, attempts to

increase transparency and make it more accessible to non-specialist users.

Regarding career datasets, the review found several shortcomings in the currently
available ones. Most of them are too narrow and fail to represent the wide range of
real-world careers, making them unsuitable for complete career recommendation
engines. The O*NET database offers a better foundation, as it includes detailed
information on abilities, interests, and other career characteristics that can help build
a more comprehensive dataset. Studying the information in O*NET guided the
development of the dataset used in this work. The review also showed the need for a
flexible approach that can keep adding new and changing careers, so the

recommendation system stays useful and up to date.

The proposed system spans multiple dimensions of inquiry, integrating theoretical
frameworks, psychometric evaluations, advanced recommendation methodologies
and explainable Al Algorithms. It addresses critical challenges to ensuring diversity

in recommendations, designing explainable architectures, and enabling dynamic
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career pathway expansion. Central to this effort is the curation of a first-of-its-kind
dataset tailored for comprehensive career guidance. Building on this foundation, the
work proposes a suite of novel architectural components-including the core
recommendation module, an explainable framework layer, and a dynamic expansion
module-that collectively establish an innovative and holistic framework for career

recommendation with direct real-world applicability.
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CHAPTER 3

RESEARCH METHODOLOGY -
AN OVERVIEW

This section provides an overview of the methodology adopted for the proposed work.
The discussion starts with detailing the workflow from theoretical foundations to
system implementation. It begins with the theoretical aspects that form the basis of
the study, followed by the creation of a comprehensive dataset serving as the
backbone for generating career profiles, and then covers the process of user profile
generation, explaining how individual aptitude data is incorporated to align
recommendations with the user’s abilities. The novel architecture of the proposed
recommendation engine is briefly introduced, focusing on its hierarchical, multi-
tiered design, discussing how it enables the generation of personalised and diverse
career options. The innovative explanation framework, with its hybrid architecture, is
presented to highlight the system’s transparency and interpretability, enabling users
to understand the rationale behind the recommendations. Additionally, to address the
ever-evolving nature of the career domain, the scalable architecture of the dynamic
career expansion module (DCEM) is described, showcasing its ability to incorporate

new and emerging career options to ensure the system’s adaptability.

This section provides only a concise understanding of the design and functionality of
the system, as this chapter is targeted at laying the groundwork. Each component of
the methodology, like dataset creation, career and user profile generation,
recommendation engine architecture, explanation framework, and career expansion
module, is examined comprehensively later in subsequent chapters. Those chapters
will provide a deeper insight into their development and implementation, ensuring a
structured and logical progression throughout the study. The workflow diagram

presented in Figure 3 depicts the overall process of the research work.

3.1.Psychometric Foundations of the Methodology

A comprehensive study on the psychometric foundation of the work was carried out,

and the proposed Differential Aptitude Test (DAT) was selected as the psychometric
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tool to identify candidates' aptitudes. A thorough exploration of DAT was conducted,
examining all its test batteries and analysing how each identifies different innate
abilities of the candidates and how these are related to various real-world careers. The
analysis also included DAT's weaknesses, criticisms against it, issues of bias and
fairness, and the methodology used to address these concerns. The discussion further
acknowledges the limitations of DAT. It provides recommendations to enhance the
career counselling process by integrating other aspects, such as vocational interests
and personality traits, to create a holistic career recommendation system. The details

of this analysis will be presented in the respective chapter that follows.
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Figure 3. The Workflow Diagram of the Proposed Study.

3.2. Designing and Constructing the Dataset for Building the Career Profile

As there are few publicly available datasets based on differential aptitude tests
encompassing a large number of real-world careers, it was necessary to build a DAT-
based dataset from scratch. This led to the curation of a comprehensive dataset using

DAT parameters. To create the dataset, the ability profile information from the
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Occupational Information Network (O*NET) database was utilised. By analysing the
ability profile information from O*NET, key features were identified and mapped to
the corresponding DAT test batteries. From over 1,000 careers, 612 significant careers
were selected. The parameter values were converted into percentile values. This forms
the basis DAT dataset for the proposed work. The systematic methodology followed

in the creation of this dataset will be discussed in detail in the respective chapter ahead.
3.3.Dataset: Clustering, Sub-Clustering, and Data Augmentation

The careers in the dataset were grouped into related career clusters using various
clustering techniques. The resultant clusters were evaluated for effectiveness. Each
cluster's records were labelled to enable the application of classification algorithms.
The initial clusters generated were further stratified to create second-level clusters,
forming the basis for a hierarchical recommendation engine capable of offering a
diverse array of career options aligned with a candidate's innate aptitude. The records
in both the top-level and secondary-level clusters were augmented to generate
additional related records, aiming to learn more generalised patterns from the dataset.
This approach helps mitigate overfitting and ensures the system provides more
realistic and robust career recommendations. The augmented clusters were validated
to ensure the models did not learn patterns from noise. The entire process will be

thoroughly explored in the corresponding chapter ahead.
3.4.Generating User Profiles Through Differential Aptitude Tests

Generating user profiles is a crucial task for a career recommendation engine based
on DAT. Psychometric tests must be systematically developed and standardised for
the target population, considering the socio-economic and cultural diversity within
that population. The test items should be specifically designed to address these factors.
A psychometric test known as the Kerala Differential Aptitude Test (KDAT),
developed by the Directorate of General Education, Kerala, has already been
standardised for students in Standard X in Kerala. The proposed work utilises KDAT
for user profile generation based on DAT, with the department's approval as per the
Memorandum of Understanding (MoU). The details of KDAT will be thoroughly

discussed in the chapter dedicated to user profile generation.
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3.5.Structural Framework of the Career Recommendation Engine

A Content-Based Filtering (CBF) approach is employed to design the proposed
recommendation engine. The recommendation engine is built upon machine learning
algorithms, including deep learning. The study investigates methods to deliver diverse
yet personalised career recommendations aligned with a candidate's user profile. A
novel hierarchical and multi-tiered architecture is proposed and designed for the
recommendation engine. The design applies hierarchical clustering to the dataset. The
dataset is initially clustered into an optimal number of groups, and these initial clusters
undergo further stratification to generate second-level clusters. This internal
hierarchical structure, along with the multi-tiered output endpoints of the
recommender, ensures diversity in the career recommendation process aligned to the
given user profile. Additionally, an innovative explainability module and a dynamic
career expansion module are integrated into the recommendation engine to enhance
transparency, trust, fairness and adaptability in real-world scenarios. The chapter on
the recommendation engine architecture will provide a detailed discussion of its

implementation.
3.6.Architectural Design of the Explainability Framework

Since an explainable machine learning-based system is highly advocated and critical
in a sensitive area like career counselling, a robust explainability module has been
integrated into the recommendation engine. Machine learning-based recommender
engines built on DNN-like algorithms often function as black boxes. They do not offer
insights into their decision-making process. To address this, we employed a hybrid
explainability framework that integrates SHAP (Shapley Additive Explanations) with
a textual explanation module. SHAP was chosen for its ability to provide both global
and local interpretability. Additionally, SHAP is model-agnostic in functionality.
However, while SHAP offers valuable insights, its plot-based visual interpretations
may not be easily understood by general users. This work introduces an innovative
explainability framework employing SHAP’s local and global explainability features
and NLG techniques to produce natural language explanations for the

recommendations made by the system. This hybrid approach ensures that both expert
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users and general users can understand the rationale behind the career
recommendations generated by the engine. Thus, the framework fosters transparency,

fairness and trust in the recommendation engine.
3.7.Framework of the Dynamic Career Expansion Module

A career recommendation system should be adaptable to predict new careers in the
ever-evolving real-world career domain. Systems built on static datasets are typically
limited to predicting careers within the dataset. This can lead to the obsolescence of
the recommendation engine and reduce its long-term usability. To address this
limitation, the proposed career recommendation engine integrates a dynamic career
expansion module that incorporates new careers into its career clusters, enabling the
system to recommend up-to-date, real-world career options. The dynamic career
expansion module is developed using a semi-supervised approach. A career
counsellor can profile new careers for DAT parameters, and the recommendation
engine classifies these careers, updating the related career clusters accordingly. This
process ensures the adaptability and relevance of the system over time. The detailed

process is illustrated in the chapter on the dynamic career expansion module.

The overall system development process, depicted in Figure 4, encompasses every
stage from dataset creation, career clustering, and data augmentation to model

building, the explainability framework, and finally, DCEM integration.
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CHAPTER 4

THEORETICAL AND PSYCHOMETRIC
FOUNDATION OF THE STUDY

4.1 Introduction

Providing a holistic career recommendation to a candidate, especially at the early
stages of their education, while considering multiple factors such as aptitudes
(Savickas, 2019), personality traits (Mammadov, 2022), and vocational interests (Kim

& Beier, 2020), is very important.

Aptitude measurement is pivotal in career recommendations, as different careers
require different types of intelligence, such as numerical ability, abstract reasoning,
space relations, and mechanical reasoning. By evaluating a candidate's aptitude,
recommending related careers and course majors can guide students toward
appropriate career paths. This approach enhances both course and job satisfaction,
reducing dropouts in educational institutions and job switches in the industry. These
arguments should be augmented by insights into the need for unbiased and fair
aptitude tests, as aptitude assessments are often criticised for socio-economic and

cultural biases (Reynolds et al., 2021; Washington et al., 2016).

The analysis further clarifies that career recommendations should also take into
account the candidate's personality traits and vocational interests. Personality traits
such as conscientiousness, openness, neuroticism, extraversion, and agreeableness
(McCrae and Costa, 2003) are significant predictors of career success in various
domains. For instance, conscientiousness fosters self-discipline and aligns with
careers such as accountant, doctor, or systems analyst. Openness to experience
encourages creativity and suits careers like writer, designer, research scientist, or
journalist. Candidates with high neuroticism may excel as therapists, counsellors, or
software testers, where work pressure is typically lower. Individuals high in
extraversion thrive in roles such as sales manager or brand ambassador, while those
with high agreeableness, known for their empathy, are well-suited for careers such as

customer support specialist, mediator, personal manager, or fundraising specialist.
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These arguments are critically evaluated in various studies (Zakaria & Yusof, 2021;

Angelini, 2023).

Vocational interest also plays an important role in one’s career success. Based on John
Holland's RIASEC theory (Holland, 1959), a realist personality may excel in fields
such as engineering, while an investigative individual might pursue careers in
mathematics or scientific research. An artistic personality is well-suited for jobs like
designing, whereas a social personality may thrive as a doctor. Enterprising
individuals often choose careers in business, and those with a conventional personality

may find success in roles such as accounting (Phan & Rounds, 2018; Xu, 2021).

These evaluations highlight the need for a comprehensive approach to career
counselling that integrates various aspects such as aptitude, personality, and
vocational interests. Recognising the importance of these factors, the proposed study
narrows its focus to aptitude-based career recommendations alone and needs to

expand the work to include other factors in the future, to address this limitation.
4.2 The Differential Aptitude Tests

The career recommendation system proposed in this study is based on Differential
Aptitude Tests (DAT) (Bennett, Seashore, & Wesman, 1956) conceptualized by
George K. Bennet and his collaborators and subsequently published by the
Psychological Corporation (Bennett, Seashore, & Wesman, 1991).

An aptitude test is a tool used to measure an individual’s ability to acquire, through
future training, a specific set of skills. The Differential Aptitude Test (DAT) is an
instrument designed to assess various abilities, including cognitive processing,
reading comprehension, language proficiency, attention and working memory,
executive functioning, processing speed, and complex reasoning and problem-solving
skills. The DAT is conducted under strict conditions and is not an achievement test.
It is specifically designed to evaluate natural talents rather than knowledge or skills
gained through training. Additionally, no specific preparation or prior training is

required to undertake the DAT.
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Through a thorough analysis of theoretical constructs, empirical evidence, and
practical applications, eight distinct test batteries were systematically designed for
DAT (Bennett, Seashore, & Wesman, 1956). These batteries are designed to measure
a spectrum of aptitudes, ranging from Verbal Reasoning and Language Proficiency to
Abstract Reasoning (AR), Mechanical Reasoning (MR), Numerical Ability (NA),
Space Relations (SR), and Perceptual Speed and Accuracy (PSA). The Differential
Aptitude Tests, therefore, serve as a sophisticated tool for comprehensive aptitude
assessment in educational contexts. Each test battery, used alone or in combination,
can provide candidates with clear, measurable insights into career paths that align with
their differential cognitive abilities. These insights help candidates choose appropriate
courses and pursue suitable careers, thereby supporting sustained personal and

professional success.
4.2.1 Test Batteries in Differential Aptitude Tests

There are eight distinct test batteries in Differential Aptitude Tests (Bennett, Seashore,
& Wesman, 1956). Each test battery is targeted to evaluate a certain aptitude or ability

of the candidates. The Test batteries are:

1. Abstract Reasoning (AR)

2. Numerical Ability (NA) or Numerical Reasoning (NR)
3. Verbal Reasoning (VR)

4. Mechanical Reasoning (MR)

5. Spatial Ability

6. Language Usage — Spelling (LS)

7. Language Usage — Grammar (LU)

8. Clerical Speed and Accuracy (SPA)

Abstract Reasoning (AR): Abstract-reasoning tests are strong indicators of fluid

intelligence and of an individual’s capacity to grasp new concepts quickly. As non-
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verbal assessments, they measure the ability to detect relations among abstract figures
and to reason inductively. Items present a series of patterns that vary in size, shape,
position or quantity. The examinee must infer the rule governing the sequence and
select the figure that follows logically. Performance on these tasks therefore indexes

logical, analytical and conceptual problem-solving skills.

This skill is essential in courses and careers that require recognising relationships
between objects by size, shape, position and other attributes, and analysing how those
relations change over time. Fields that demand advanced abstract reasoning include
mathematics, computer programming and software development, the sciences,
architecture, engineering, law and medicine. It is also valuable in economics, where
predicting outcomes depends on analysing causes and effects, for example when
forecasting market trends. In management, especially at senior levels, the ability helps

leaders see how different parts of a complex organisation fit together.

Numerical Ability (NA) or Numerical Reasoning (NR): Numerical reasoning
assesses an individual’s ability to understand numerical relationships, apply
quantitative concepts, and use numerical data to solve problems and make decisions.
It measures basic arithmetic proficiency, estimation skills, speed and accuracy of
calculation, sustained concentration, and critical thinking. The assessment also
captures creative problem-solving, since candidates must analyse numerical problems
efficiently and draw logical conclusions. People who show strength in numerical
reasoning typically enjoy working with numbers and statistics and often find novel

ways to interpret quantitative information.

Critical thinking and numerical reasoning are essential across almost all professions
in today’s data-driven economy. They underpin work in mathematics, physics,
chemistry, accounting, actuarial science, economics and engineering. They are also
important factors affecting skilled trades such as banking, insurance, computing and
surveying, and for clerical and administrative roles in local government and accounts

management.

Verbal Reasoning (VR): The items in this subtest are presented as analogies and

measure the ability to identify relationships between words. The candidate must infer
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the connection in the first word pair and apply the same relation to the second pair.
Verbal reasoning is essential for conveying ideas and interpreting written information.
It is central to analytical professions such as law, medicine, teaching, journalism and
to technical roles like engineering and computer programming. It is also important in
business areas such as management, sales, marketing and advertising, and in roles that

depend on strong communication, such as training and administrative posts.

Mechanical Reasoning (MR): Mechanical aptitude assesses an individual’s capacity
to grasp and apply elementary mechanical and physical principles. It measures the
ability to reason about motion, force, energy transfer and simple mechanisms, and to
understand how everyday devices operate, for example levers, pulleys, gears, springs,
wheels and axles, inclined planes, simple electrical circuits and screws. This aptitude
helps predict suitability for technical trades, engineering roles and maintenance tasks

that demand practical problem solving.

High mechanical reasoning indicates strong practical aptitude and a readiness to learn
how machines and equipment operate. People with this skill grasp procedures and
tools more quickly, visualise how parts interact, and troubleshoot faults in a logical
way. The aptitude matters in engineering and skilled trades such as carpentry, vehicle
maintenance and plant operation. Specific roles that rely on mechanical reasoning
include aircraft technician, auto mechanic, electrician, plumber, machine operator,
plant operator and firefighter. In these jobs, the capacity to read technical diagrams,
anticipate mechanical failure and apply hands-on problem-solving reduces training

time and improves safety and equipment reliability.

Spatial Ability (SA): Spatial ability refers to the capacity to visualise and mentally
manipulate objects in two and three dimensions. It covers skills such as mental
rotation, recognising space relationships, judging relative size and position, and
picturing how parts fit together. These abilities are tested by tasks that require
interpreting diagrams, reading blueprints, imagining assemblies, or predicting the
appearance of an object after rotation. High spatial ability supports accurate
interpretation of technical drawings and effective use of CAD tools, and it aids fine

motor tasks that depend on precise mental imagery. Professions that rely heavily on
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spatial skill include architecture, engineering, surgery, graphic and interior design,
navigation, and trades such as carpentry and mechanics, where anticipating spatial

arrangements is a routine requirement.

Language Usage — Spelling (LS): This test battery contains items that assess a
candidate’s ability to recognise correct spelling and appropriate word use, including
homophones, word forms, and common orthographic rules. It measures accuracy in
written communication and the capacity to select words that fit context and tone.
Strong performance on these tasks indicates readiness for roles that demand precise
writing, such as editing, proofreading, journalism, copywriting, advertising, public

relations, technical writing and legal or administrative drafting.

Language Usage — Grammar (LU): This test battery contains items that assess a
candidate’s command of grammar, including punctuation, sentence construction,
syntax, register and word choice. It evaluates the ability to write clearly, edit text for
accuracy, and select phrasing appropriate to the purpose and audience. Strong
performance on these tasks indicates suitability for roles that demand precise written
communication, such as teaching, the civil service, public relations, advertising,

editing, scriptwriting, proofreading, legal drafting and technical writing.

Perceptual Speed and Accuracy (SPA): This test battery assesses candidates’ ability
to combine speed with accuracy when identifying and marking simple letter and
number patterns. It evaluates rapid visual scanning, sustained attention, hand-eye
coordination and a low error rate under time pressure. The measure reflects how well
an individual can perform routine, detail-focused tasks quickly and reliably. Such
skills are important in clerical and secretarial work, data-entry and indexing, quality-
control inspection, proofreading, and technical data analysis, where both pace and

precision matter.

Table 3 provides a detailed breakdown of the test battery components. Studies are
there to ensure the predictive validity of Differential Aptitude Tests (Setiawati, 2020).

Differential Aptitude Test results are reported as percentile scores rather than raw
totals. Percentiles place an individual’s performance in relation to a standardised

reference group, allowing a norm-referenced interpretation. This process accounts for
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question difficulty through normalisation, removes bias inherent in absolute scores,

and gives career counsellors a clearer basis for comparing candidates. This supports

making well-grounded career recommendations.

Table 3. Differential Aptitude Tests Batteries and Their Interpretations

calculations.

Ability Description Related Area
Proficiency in comprehending numerical Mathematics, physics,
Numerical Ability relations}}l]i sand Executin irithmetic engineering, Market Research,
(NA) P & Designing, Actuary,

Statistician, etc.

Abstract Reasoning
(AR)

Aptitude for recognizing concepts
conveyed not through numbers or words
but via sequences of figures. It measures

the ability to see patterns and
relationships in objects.

Architecture, Computer
Programming, Law,
Economics, Engineering,
Mathematics, Mechanics, etc.

Verbal Reasoning

Ability to conceive ideas framed in

Law, Business, Journalism,
Science, Social Science,
Public Relations, Advertising,

utilizing tools.

(VR) words and to reason with words. Civil Service, Authors,
Management, etc.
Proficiency in comprehendin, Engineer, Mechanic,
Mechanical fundamental m}fl:chanicarl, inci legé and Electrician, Carpenter, Quality
Reasoning (MR) P P Controller. Marine Engineer,

Assembly Workers, etc.

Space Relations

Ability to visualize or think in spatial

Architecture, Designing,
Dentistry, Civil Engineering,

(SR) terms. Ability to visualize 3D from 2D Animators, Photographers,
etc.
Perceptual Speed Speed and accuracy of response in Cler.lcal WOﬂ?S’ Filing,
and Accuracy(PSA) simple perceptual tasks Coding, Banking, Legal
Executives, etc.
Proofreading, Law, Secretarial
Language Spelling . . Work, Journalism, Public
(SP) Ability to use spelling Relations, Authors, Civil
Service, Advertising, etc.
Language Usage Proofreader, Lawyer,
(LU) Ability to use language Grammar Secretarial Work, Journalism,

Script Writer, etc.

4.3 Limitations of Differential Aptitude Tests

Psychometric tests, including Differential Aptitude Tests, have faced substantial
criticism due to their historical roots in the eugenics movement (Lowe, 1998). The
eugenics movement propagated the false belief that certain racial groups were

intellectually superior. Additionally, a test like the DAT, which is standardised on one
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population, can yield inaccurate and biased results when applied to other groups.
Research indicates that tools designed for one cultural group cannot be equitably used
with others. Additionally, various factors such as differing definitions of intelligence,
cultural variations, access to quality education, and influences during test
administration can significantly affect a candidate's performance (Washington, K.,
Malone, C., Briggs, C., & Reed, G. K., 2016). These concerns underline the
importance of ensuring that tests are specifically standardised for the populations they
are intended to assess. Test items must be culturally appropriate. This will reduce bias
and promote fair evaluation across diverse groups (Mellenbergh, 1989). The
limitations of the DAT should be addressed in terms of its potential bias and limited
scope. This can be achieved by standardising the test across the cultural and socio-
economic groups to which it is applied. Finally, the insights provided by DAT, being
it is a single dimension of the career selection, should be augmented with additional
dimensions such as vocational interest and personality of the candidate, to ensure

more comprehensive career recommendations.
4.4 Employing Differential Aptitude Tests in the Proposed Work

The proposed work utilises the Kerala Differential Aptitude Tests (KDAT), a
psychometric testing tool based on the Differential Aptitude Tests. KDAT was
developed by the Department of General Education, Government of Kerala. KDAT is
used for user-profile generation to evaluate candidates to recommend careers tailored
to their aptitude based on the test result. KDAT has been standardised for the Class X
population of Kerala, taking into account socio-economic and cultural differences.
The test items are specifically designed for students in Kerala to ensure fairness and
mitigate potential bias. The details of KDAT will be discussed in the relevant chapter
that follows.
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CHAPTER 5

GENERATION OF USER PROFILE USING
KERALA DIFFERENTIAL APTITUDE
TESTS (KDAT)

In our content-based career recommendation system user profile is generated by
employing Differential Aptitude Tests (DAT). DAT is used to evaluate candidates'
inherent abilities, and based on that, the recommendation engine will recommend
suitable careers to a candidate aligned to their abilities. We followed this assessment
while acknowledging and addressing the known criticisms and concerns related to this
approach. Specifically, we utilised the Kerala Differential Aptitude Tests (KDAT), an
aptitude testing tool developed by the Department of General Education, Govt. of
Kerala (Kerala Higher Secondary Education Department, 2024). KDAT is specifically
selected as it has been standardised across socio-economic and cultural differences

across Kerala Standard X students.
5.1. Introduction to Kerala Differential Aptitude Tests

Kerala Differential Aptitude Tests is a psychometric Testing Tool based on
Differential aptitude Tests. KDAT has been designed and standardised specifically
for 10%-grade students in Kerala, considering the region's unique socio-economic
factors. To achieve this, KDAT has been developed under the guidance of experts in
the relevant fields and test items are customised specifically for Kerala students. This
is targeted at minimizing potential biases in the testing process (Personal
Communication, Career Guidance and Adolescent Counselling, Directorate of

General Education, official communication, November 5, 2024).

While DAT is made up of a set of eight distinct test batteries, containing Abstract
Reasoning (AR), Numerical Ability (NA), Verbal Reasoning (VR), Mechanical
Reasoning (MR), Spacial Relations (SR), Perceptual Speed and Accuracy (PSA),
Language Spelling (SP), and Language Usage (LU), KDAT simplifies this structure.
It blends the Language Spelling (SP) and Language Usage (LU) batteries into a single
category termed Verbal Ability. Further, KDAT omits the Perceptual Speed and
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Accuracy (PSA) battery and consolidates the test into a set of six test batteries. The
KDAT test batteries are: Abstract Reasoning (AR), Numerical Ability (NA), Verbal
Reasoning (VR), Mechanical Reasoning (MR), Space Relations (SR), and Verbal
Ability.

KDAT comprises 180 unique questions strategically distributed across the six aptitude
test batteries, as detailed in Table 4 (Kerala Higher Secondary Education Department,
2024). These questions play a crucial role in evaluating the skill sets of candidates in
their respective domains. The raw scores obtained by candidates are converted into
percentile scores for each category. It employed significant item-analysis metrics such
as the difficulty index, discrimination factor, and guess factor associated with each
question. Percentile scores are used instead of percentage scores to normalise the
results and determine a candidate’s rank within the sample population. This enables a
comparison of the candidate's skill set against a standardised population. Thus, KDAT
helps to identify the key aptitude aspects of candidates, helping career counsellors to

recommend careers aligned with their outstanding abilities.

Table 4.Test Batteries and Question Distribution in Kerala Differential Aptitude Tests

SI No Test Category Number of Questions
1 Numerical Ability 28
2 Abstract Reasoning 28
3 Verbal Reasoning 30
4 Mechanical Reasoning 35
5 Space Relations 24
6 Verbal Ability 35
Total Questions 180

KDAT is conducted in an online mode under strict monitoring. Candidates are
provided with pre-counselling to explain why KDAT is not an achievement test and
to emphasise the importance of answering each question honestly. Although each
question has a time limit, candidates are allowed to take breaks between different
categories of questions. This enables them to complete the test without undue time
pressure. Upon completion, a graph, as illustrated in Figure 5 (Kerala Higher

Secondary Education Department, 2024), is generated, displaying the percentile
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scores for each category of questions. A career counsellor skilled in Differential
Aptitude Tests can analyse this graph to interpret the candidate's ability profile and
recommend suitable careers. While making career recommendations based on the
KDAT ability profile graph, it is strongly advised to incorporate the candidate's other
aspects, like personality traits and vocational interests, to ensure a comprehensive and

personalised career recommendation.
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Figure 5. A Sample KDAT Test Output

5.2.Enhancing DAT Interpretation through Automated Recommender Systems

Manual interpretation of DAT results and career recommendations by a career
counsellor has both advantages and limitations. The primary advantage lies in the
counsellor's ability to enhance the recommendations by considering DAT results.
They can augment career decisions, considering other candidates’ factors like
personality traits and vocational interests. However, a significant limitation is the
counsellor’s subjectivity involved in interpreting the DAT results. Different career
counsellors may provide varying interpretations depending on their expertise. Gaps in
their knowledge can lead to misinterpretation of test results. As part of this study, a

survey-based analysis of career counsellors’ potential subjectivity and related
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interpretation bias in the interpretation of DAT results was conducted among career
counsellors. The study employed KDAT test results in conjunction with career
counsellors trained in the use of the KDAT. (Kerala Higher Secondary Education
Department, 2024). The analysis revealed significant variation in the interpretation of
KDAT results among different career counsellors. A sample result of a single career
and a counsellor's aptitude profiling for the career is illustrated in Figure 6. The figure
shows that for a career in Agricultural Engineering, there are both comparable and
conflicting parameter value assignments by different counsellors, highlighting the
subjective nature of parameter interpretation. Another important aspect is that a
counsellor’s alertness and cognitive load can affect the quality of advice. An Al-based
decision-support tool that generates evidence-based, aptitude-aligned career options
provides consistent, reviewable support to a career counsellor with data-driven
direction to their counselling process. An Al-based tool can assist, but not replace a
career counsellor. Additionally, an Al-based system can address the poor career
counsellor-to-student ratio, making the accessibility of psychometric tests and career

recommendations available to every student.
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Figure 6. Varying Interpretations of Career Counsellors on DAT Parameter Values.
As Presented in the Author’s Published Work (Rahim & Basheer, 2025a) Under a CC BY License.

5.3.Utilizing KDAT in the Proposed Career Recommender System

The proposed career recommender system utilises the Kerala Differential Aptitude

Tests (KDAT) to generate user profiles for candidates. The user profile produced by
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KDAT, i.e., the test output, is fed into the proposed system to automatically
recommend careers that align with the candidate's profile. Traditionally, KDAT
results are interpreted by a career counsellor, relying on their expertise in Differential
Aptitude Tests. Our research, however, focuses on integrating Al algorithms with
novel recommendation architectures and an innovative explainability framework to
automate the career recommendation process. This can address a significant gap in
psychometric testing tools like KDAT, which lack automated career recommendation

capabilities.

The proposed career recommendation system aims to address the limitations
discussed above by automating the career recommendation process. It ensures a
standardised interpretation of aptitude test results, as generated by a Differential
Aptitude Testing tool like KDAT, and recommends careers aligned with the
candidate’s aptitude profile. Figure 7 illustrates the integration of KDAT within our

proposed career recommendation system.

The Proposed Explainable
Hierarchical Multi-Tiered Career
Recommender System
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Figure 7. Utilising KDAT in the Proposed Recommender System

5.4. Normalization and Standardisation of User Profile Data

Normalisation is a technique used to rescale feature values to a specific range,
addressing the problem of varying feature importance caused by disproportionate
value scales. This process enhances the efficiency of machine learning models such

as KNN, SVM, and DNN (Han et al., 2022) by ensuring that features with larger value
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ranges do not dominate the learning process, thereby reducing model bias towards
such features.The equation for normalisation, which rescales data to a specified range,

is given in Equation 1.

' x—min(x)

(1

o max(x)—min (x)

Where:
X: The original value of the data point,
min(x): The minimum value in the dataset,
max(x): The maximum value in the dataset,
x" The normalised value.

Standardisation is a technique used to transform data points in a dataset to have a mean
of 0 and a standard deviation of 1. It assumes a standard distribution and is applied in
machine learning models, particularly in statistical models, to enhance efficiency as
these models are highly sensitive to feature variance. Standardisation is also beneficial
for gradient descent optimisation. Since each test battery score of DAT is on a
percentile scale ranging from 0 to 100, normalisation is not applied to the user profile
data. However, standardisation is employed on the DAT scores using the formula
shown in Equation 2 (Ali, Faraj, & Koya, 2014).

_ (Xi-uX)
Zi =00 2

Where,
X; is the percentile score obtained by the candidate for each test battery,
1(X) is the average of scores across all test batteries,
o(X) is the standard deviation of scores across all test batteries, and

Z; is the standardized value for the i’ test battery.
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Following the administration of the Differential Aptitude Test (DAT), the user profile

is acquired as represented below:
DAT yserprofite = [ X1, X2, X3, X4, X5, X6]

Where each Xi represents DAT score for each test battery.

After the standardisation, the final user profile record can be represented as:
StandardizedDATuserprofite = [ Z1, Z2, 73, 74, Z5, Z6]

This standardised user profile will be input into the recommendation engine to

generate relevant career recommendations for the candidate.

In conclusion, KDAT is utilised for generating candidate profiles based on
Differential Aptitude Tests. It is specifically chosen because it has been standardised
for Class X students in Kerala, taking into account the socio-economic and cultural
differences of the population. Once the KDAT results are obtained, they undergo

standardisation and are subsequently fed into the recommendation engine.
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CHAPTER 6

CURATING A COMPREHENSIVE
DATASET FOR THE PROPOSED CAREER
RECOMMENDATION SYSTEM
BASED ON DAT

To develop a career recommender system based on a candidate's aptitude profile using
the Content-Based Filtering (CBF) approach, a career profile dataset aligned with
aptitudes similar to those of the user profile is required. As discussed in the previous
section, in the review of existing datasets, although multiple datasets (Pimplikar, Patil,
Dhar, Shrivastav, Kaggle, Hugging Face) on careers are available, there is a lack of a
comprehensive dataset based on aptitude profiles, encompassing all probable real-
world careers. To address this challenge, this study utilised the ability profile
information from the Occupational Information Network Database (O*NET) to create

a comprehensive aptitude-based career dataset.
6.1. An Overview of the Occupational Information Network Database

The Occupational Information Network database (O*NET) was created with the
support of the US Department of Labor, Employment and Training Administration
(National Center for ONET Development, 2024). The O*NET database encompasses
numerous standardised and job-specific descriptors for nearly 1,000 careers. This
publicly accessible resource, offered free of charge, is regularly refreshed through a
multifaceted data collection process. Data sources include jobholders, industry
experts, occupational evaluators, employer job advertisements, and feedback from

customers and professional organisations.

Data content areas in O*NET include:
»  Worker Characteristics (e.g., Abilities, Interests, Work Styles)
»  Worker Requirements (e.g., Education, Knowledge, Skills)

» Experience Requirements (e.g., On-the-Job Training, Work Experience)
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* Occupational Requirements (e.g., Detailed Work Activities, Work Context)
* Occupation-Specific Information (e.g., Job Titles, Tasks, Technology Skills)

The O*NET database is continuously updated with information on various job zones,
emerging and in-demand technologies, essential skills, and more. It is available under
a Creative Commons License. It provides valuable support to researchers and
developers in the career domain. In summary, the Occupational Information Network
Database offers a dynamic and comprehensive resource on occupations, featuring
extensive, up-to-date information about a wide range of careers. It aids job seekers,
employers, educators, and researchers in making well-informed decisions related to

career development, educational planning, and economic forecasting.
6.2.Ability Profile Information Related to Careers in O*NET

The ability profile of the Occupational Information Network database (O*NET)
contains 52 different ability features for each career in the database. All the ability

features and their interpretation are given in Table 5 (ONET Resource Center, 2024)).

Table 5.Ability Parameters and their Interpretations in O*NET

S.No | Ability Interpretation

1 Oral The ability to listen to and understand information and ideas
Comprehension presented through spoken words and sentences.

2 Written The ability to read and understand information and ideas presented in
Comprehension writing.

3 Oral Expression The ability to communicate information and ideas in speaking so
others will understand.

4 Written The ability to communicate information and ideas in writing so

Expression others will understand.

5 Fluency of Ideas The ability to come up with a number of ideas about a topic (the
number of ideas is important, not their quality, correctness, or
creativity).

6 Originality The ability to come up with unusual or clever ideas about a given
topic or situation, or to develop creative ways to solve a problem.

7 Problem The ability to tell when something is wrong or is likely to go wrong.

Sensitivity It does not involve solving the problem, only recognizing that there is
a problem.
8 Deductive The ability to apply general rules to specific problems to produce
Reasoning answers that make sense.
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9 Inductive The ability to combine pieces of information to form general rules or
Reasoning conclusions (includes finding a relationship among seemingly
unrelated events).

10 Information The ability to arrange things or actions in a certain order or pattern

Ordering according to a specific rule or set of rules (e.g., patterns of numbers,
letters, words, pictures, mathematical operations).

11 Category The ability to generate or use different sets of rules for combining or

Flexibility grouping things in different ways.
12 Mathematical The ability to choose the right mathematical methods or formulas to
Reasoning solve a problem.

13 Number Facility The ability to add, subtract, multiply, or divide quickly and correctly.

14 Memorization The ability to remember information such as words, numbers,
pictures, and procedures.

15 Speed of Closure | The ability to quickly make sense of, combine, and organize
information into meaningful patterns.

16 Flexibility of The ability to identify or detect a known pattern (a figure, object,

Closure word, or sound) that is hidden in other distracting material.

17 Perceptual Speed | The ability to quickly and accurately compare similarities and
differences among sets of letters, numbers, objects, pictures, or
patterns. This includes comparing a presented object with a
remembered object.

18 Spatial Orientation | The ability to know your location in relation to the environment or to
know where other objects are in relation to you.

19 Visualization The ability to imagine how something will look after it is moved
around or when its parts are moved or rearranged.

20 Selective The ability to concentrate on a task over a period of time without

Attention being distracted.

21 Time Sharing The ability to shift back and forth between two or more activities or
sources of information (such as speech, sounds, touch, or other
sources).

22 Arm-Hand The ability to keep your hand and arm steady while moving your arm

Steadiness or while holding your arm and hand in one position.

23 Manual Dexterity | The ability to quickly move your hand, your hand together with your
arm, or your two hands to grasp, manipulate, or assemble objects.

24 Finger Dexterity The ability to make precisely coordinated movements of the fingers
of one or both hands to grasp, manipulate, or assemble very small
objects.

25 Control Precision | The ability to quickly and repeatedly adjust the controls of a machine
or a vehicle to exact positions.

26 Multilimb The ability to coordinate two or more limbs (for example, two arms,

Coordination two legs, or one leg and one arm) while sitting, standing, or lying
down. It does not involve performing the activities while the whole
body is in motion.

27 Response The ability to choose quickly between two or more movements in

Orientation response to two or more different signals (lights, sounds, pictures). It

includes the speed with which the correct response is started with the
hand, foot, or other body part.
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28 Rate Control The ability to time your movements or the movement of a piece of
equipment in anticipation of changes in the speed and/or direction of
a moving object or scene.

29 Reaction Time The ability to quickly respond (with the hand, finger, or foot) to a
signal (sound, light, picture) when it appears.

30 Wrist-Finger The ability to make fast, simple, repeated movements of the fingers,

Speed hands, and wrists.
31 Speed of Limb The ability to quickly move the arms and legs.
Movement

32 Static Strength The ability to exert maximum muscle force to lift, push, pull, or carry
objects.

33 Explosive The ability to use short bursts of muscle force to propel oneself (as in

Strength jumping or sprinting), or to throw an object.
34 Dynamic Strength | The ability to exert muscle force repeatedly or continuously over
time. This involves muscular endurance and resistance to muscle
fatigue.
35 Trunk Strength The ability to use your abdominal and lower back muscles to support
part of the body repeatedly or continuously over time without "giving
out" or fatiguing.
36 Stamina The ability to exert yourself physically over long periods of time
without getting winded or out of breath.
37 Extent Flexibility | The ability to bend, stretch, twist, or reach with your body, arms,
and/or legs.
38 Dynamic The ability to quickly and repeatedly bend, stretch, twist, or reach out
Flexibility with your body, arms, and/or legs.

39 Gross Body The ability to coordinate the movement of your arms, legs, and torso
Coordination together when the whole body is in motion.

40 Gross Body The ability to keep or regain your body balance or stay upright when
Equilibrium in an unstable position.

41 Near Vision The ability to see details at close range (within a few feet of the
observer).

42 Far Vision The ability to see details at a distance.

43 Visual Color The ability to match or detect differences between colors, including

Discrimination shades of color and brightness.
44 Night Vision The ability to see under low light conditions.
45 Peripheral Vision | The ability to see objects or movement out of the corner of your eye.
46 Depth Perception | The ability to judge which of several objects is closer or farther away
from you, or to judge the distance between you and an object.
47 Glare Sensitivity The ability to see objects in the presence of glare or bright lighting.
48 Hearing The ability to detect or tell the differences between sounds that vary
Sensitivity in pitch and loudness.

49 Auditory The ability to focus on a single source of sound in the presence of
Attention other distracting sounds.

50 Sound The ability to tell the direction from which a sound originated.
Localization

51 Speech The ability to identify and understand the speech of another person.
Recognition

52 Speech Clarity The ability to speak clearly so others can understand you.
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From the analysis of the ability features in the Occupational Information Network
(O*NET) database, it is evident that certain features closely align with the Differential
Aptitude Test batteries. However, not all the 52 features of the O*NET ability profile
are relevant to the parameters of the Differential Aptitude Test. Consequently, a
detailed analysis and comparative mapping of O*NET ability features to the
Differential Aptitude Test batteries were conducted in this study. This mapping
facilitated the creation of career profiles for 612 relevant, unique careers, selected
from the more than 1,000 careers available in the O*NET database. For each ability
feature in the O*NET database, two related numerical values are provided:
importance and level. The importance score represents how critical a particular ability
is for performing a specific occupation, while the /evel score indicates the degree of

proficiency or expertise required for that ability in the context of the occupation.
6.3.Mapping O*NET Ability Features to DAT Test batteries

The analysis of 52 features of the ability profile information of the Occupational
Information Network (O*NET) database helped to identify Differential Aptitude-
related features available in the database. This analysis facilitated the creation of a
DAT-based career dataset and supported the building of the proposed career
recommender engine. For each career entry in O*NET, comprising 52 unique features
(National Center for ONET Development, 2024), we separated and mapped the most
consequential ones to our specific DAT test batteries. The mapping of the O*NET
ability profile to DAT test batteries is given in Table 6. The process of mapping is
guided by expert domain knowledge of the Differential Aptitude Test batteries.

6.4.Converting O*NET Ability Features to DAT Test batteries

Once the mapping has been done, the next task is to convert the ability profile value
for each of the selected features of all careers in the O*NET to their DAT parameter
values. The study considered 612 unique significant careers out of more than 1000
from the O*NET database, excluding some insignificant ones. For each career in the
O*NET database, its ability profile provides two most important parameter values:
Importance and Level. The Importance score refers to “how necessary the ability is”,

and the Level score refers to “How much the ability is needed”.
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Table 6. Mapping of DAT Test Batteries to O*NET Ability Profile Parameters

DAT Parameter Ability Profile of Occupational Information
Network Database

Numerical Ability Mathematical Reasoning, Number Facility

Abstract Reasoning Inductive Reasoning, Deductive Reasoning,
Fluency of Ideas

Verbal Reasoning Oral Comprehension, Written Comprehension

Mechanical Reasoning Problem Sensitivity, Manual Dexterity, Finger
Dexterity, Control Precision

Space Relations Visualisation

Verbal Ability Written Expression

Clerical Speed and Accuracy Perceptual Speed

To convert the ability profile parameter values into their corresponding DAT test
battery values, we utilized the Importance and Level scale values from the O*NET
ability profile parameters. Normalization was necessary due to the differing scales:
Importance values ranged from 1 to 5, and Level values ranged from 0 to 7 (National
Center for ONET Development, 2024). The normalization process is done, employing
the standard normalization equation, as shown in Equation 3 (Ali, Faraj, & Koya,

2014).

X—min (X)
Xnormalized = m (3)

Where, X represents the original Importance score or Level score.

Given that Importance values fall between 1 to 5 and Level values span from 0 to 7,

we computed normalized scores using Equations 4 and 5.

I,-1.0

Score = 4

Importance 5.0-1.0 ( )
L;i—0.0

Score = 5

Level 7.0—0.0 ( )

Where [; and L; represent the Importance score Level score for parameter i

respectively.
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After normalizing the values for each mapped ability profile parameter, and factoring
in the percentile score of the respective DAT parameter values, we employ Equation

6 to calculate the corresponding DAT parameter values.

Scorermportancet SCOT€Lepel
X; = i +100 (6)

Where X; is the score in the percentile of i DAT test battery.

Table 7 outlines the process of generating a career profile for the profession ‘Lawyer’

using the procedure above.

Hence, the skill set for the career Lawyer in terms of DAT parameters is determined

as:
DATrawyer (NA, AR, VR, MR, SR, VA) = [37, 67, 80, 30, 37, 75]

This approach was used to calculate the DAT parameter values for 612 distinct
careers. This process established the foundational career profile dataset for our

content-based recommender system. An illustrative sample is presented in Table 8.

Table 7. The Process of Generating a Career Profile for the Profession of Lawyer

DAT Test Mapped Importance | Level Conversion Computed Finding Final
Battery O*NET Ability Score Score Process Value Average Value | DAT
Parameters (Rounded Score
Up)
Numerical | Mathematical 2.62 2.38 | (((2.62-1)/(5- 38
Ability Reasoning 1))*100+(( 2.38- (38+36)/2 37
0)/(7-0))*100)/2
Numerical 2.38 2.5 (((2.38-1)/(5- 36
Facility 1))*100-+(( 2.5-
0)/(7-0))*100)/2
Abstract Inductive 4 4.25 | (((4.0-1)/(5- 68
Reasoning | Reasoning 1))*100+(( 4.25- (68+69+63)/3 67
0)/(7-0))*100)/2
Deductive 4 4.38 | (((4.0-1)/(5- 69
Reasoning 1))*100-+(( 4.38-
0)/(7-0))*100)/2
Fluency of | 3.75 3.88 | (((3.75-1)/(5- 63
Ideas 1))*100+(( 3.88-
0)/(7-0))*100)/2
Verbal Oral 4.5 5 (((4.5-1)/(5- 80
Reasoning | Comprehension 1))*100+(( 5.0- (80+80)/2 80
0)/(7-0))*100)/2
Written 4.5 5 (((4.5-1)/(5- 80
Comprehension 1))*100+(( 5.0-
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0)/(7-0))*100)/2
Mechanical | Problem 3.88 4 (((3.88-1)/(5- 65
Reasoning | Sensitivity 1))*100+(( 4.0- (65+8+30+15)/4 | 30
0)/(7-0))*100)/2
Manual 1.38 0.38 | (((1.38-1)/(5- 8
Dexterity 1))*100+(( 0.38-
0)/(7-0))*100)/2
Finger 2.25 2 (((2.25-1)/(5- 30
Dexterity 1))*100+(( 2.0-
0)/(7-0))*100)/2
Control 1.75 0.75 | (((1.75-1)/(5- 15
Precision 1))*100+((0.75-
0)/(7-0))*100)/2
Space Visualization 2.5 2.5 (((2.5-1)/(5- 37
Relations 1))*100+((2.5- 37 37
0)/(7-0))*100)/2
Verbal Written 4.12 5 (((4.12-1)/(5- 75
Ability Expression 1))*100+((5.0- 75 75
0)/(7-0))*100)/2

Table 8. Samples from the Generated Dataset: DAT Parameter Values for a Few Careers

S1 No Career NA | AR | VR | MR | SR | VA
1 Lawyer 37 67 80 30 37 75
2 Human Resources Managers 50 64 71 26 36 67
3 Robotics Engineers 65 70 74 58 69 69
4 Mechanical Engineers 67 65 73 62 59 58
5 Statisticians 81 67 74 30 42 73
6 Physicists 85 78 81 32 64 78
7 Economists 65 68 74 13 34 74
8 Journalists 25 60 70 30 34 67
9 Business Intelligence Analysts 55 66 72 16 30 70
10 Poets Lyricists and Creative Writers 16 62 66 43 45 81

6.5.Generating Career Clusters

After generating ability profiles for a comprehensive dataset comprising 612 distinct

occupational roles, a clustering methodology is applied to identify career clusters. The

process of clustering is characterized by its shared ability profiles. This is required

since there can be a set of careers, and not a single career, whose aptitude profiles

align with the candidate's aptitude profile, so that a candidate can be recommended a

similar set of careers. Various clustering algorithms, including Agglomerative

Clustering, Gaussian Mixture, Birch, and K-Means, were employed. This was

attempted with the insight that no single clustering algorithm is universally effective
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across all datasets (Xu & Wunsch, 2005). The ultimate choice of the K-Means
clustering approach is determined based on an evaluation involving Silhouette Scores
(Shahapure & Nicholas, 2020). The finding was supplemented by a visual assessment
of the resultant cluster structures. Table 9 provides silhouette Scores for different
clustering algorithms. The relatively higher, yet still low, Silhouette score (K-Means:
0.23) is acceptable, as career clusters are not expected to exhibit sharply defined
boundaries. In practice, the attributes of different careers often overlap, rather than

forming discrete, mutually exclusive categories.

After the clustering algorithm was chosen, the next step involved determining the
optimal number of clusters for the dataset. This was accomplished by applying both
the Silhouette Score method and the Elbow Method.

Table 9. Silhouette Scores for Different Clustering Algorithms.

SINo | Clustering Algorithm Silhouette Score
1 K-Means 0.23
2 Agglomerative 0.18
3 Birch 0.18
4 Gaussian Mixture 0.11

The Silhouette Score, utilized to determine the optimal number of clusters, is

computed via the following mathematical formula given in Equation 7.

_lyn _ b@-al®
S(k) = N XN=1 max{a(i),b(i)} "
Where,

S(k) 1s the Silhouette Score for a specific number of clusters (k),
N represents the total number of data points,

a(i) denotes the average distance from the i data point to other data points

within the same cluster,

b(i) signifies the smallest average distance from the i” data point to data points

in a different cluster, minimized over clusters.
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The elbow method involves drawing a graph that shows the Within-Cluster Sum of
Squares (WCSS) against the number of clusters. The goal is to find the point on the
graph where the curve bends, called the “elbow point”. This point can indicate the
optimal number of clusters to be determined while clustering the dataset. The

mathematical expression given in Equation 8 is used for calculating WCSS.

2
WSS, = 2, S (X — C) ®)

where,
WCSS; is the WCSS for a specific cluster count &, Xj represents data point j

in cluster i, C;is the centroid of the cluster, # signifies the number of data

points.

This resulted in the selection of 8 as the optimal number of clusters. This selection
procedure of 8 optimal cluster employing silhouette score and the elbow method is
illustrated in Figures 8 and 9. As a consequence, the K-Means clustering algorithm,
selected from multiple clustering algorithm based on silhouette score, is employed to

generate 8§ distinct clusters from the dataset.

Silhouette Score vs. Number of Clusters
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Figure 8. Finding the Optimum Number of Clusters Using the Silhouette Method.

Upon conducting a visual analysis of the generated clusters, it was ascertained that

certain clusters exhibit significant variances in attribute values among the included
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careers, suggesting the need for further stratification. Sub-clustering was subsequently
employed on these clusters, leveraging the elbow method to systematically partition

them into additional sub-clusters. As a result, a total of 49 clusters were generated.
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Figure 9. Finding the Optimum Number of Clusters Using Elbow Methods

Figures 10a and 10b illustrate a subset of the generated clusters, presenting them in

conjunction with their respective DAT parameter values.

With the clusters partitioned into sub-clusters, the process adopts a semi-supervised
approach, initially clustering the unlabelled dataset, and manually labelling the
records in the clusters later. Systematically labelling each record within these sub-
clusters facilitated the construction of machine learning models. Multiple models were
built on the dataset using different classification algorithms, including Artificial
Neural Networks (ANN), Random Forests Classifier (RF), Support Vector Machine
(SVM), K-Nearest Neighbour (KNN), Decision Tree Classifier, and Gaussian Naive
Bayes (GNB). Table 10 provides a comprehensive overview of the training and testing

accuracy of these models when applied to the dataset.
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Figure 10a. Sample from the Generated Clusters
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Figure 10b. Another Sample from the Generated Clusters.

Table 10. Training and Testing Accuracies of Various Models on the Original Dataset

S1 No Classifier Training Accuracy Testing Accuracy

ANN 1.00 0.72

Random Forests Classifier 1.00 0.75

Decision Tree 1.00 0.63

GNB 0.95 0.87

KNN 0.86 0.70

AN || B |W N |-

SVM 0.95 0.87
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The data presented in Table 10 highlights a notable risk of over-fitting (Ying, 2019),
and this causes the substantial disparity between training and testing accuracies. This
discrepancy can be attributed to the dataset's limited size, containing just 612 records.
To resolve the challenges posed by overfitting, we took measures to augment the
records (Rebuffi et al., 2021) within each cluster of the dataset, resulting in the
generation of approximately fifty thousand additional records. The subsequent section

provides a comprehensive explanation of the augmentation process.
6.6.Augmenting the Dataset to Address Overfitting

The primary objective of enhancing the dataset's records arises from its limited size.
The dataset comprises roughly 612 records distributed across 44 distinct clusters.
Each cluster contains only a small number of records, which hinders the classification
algorithm's ability to generalize patterns within these clusters. This disparity between
training and testing accuracy is a direct result of this issue. Thus, it becomes necessary
to expand the dataset by generating additional records that are similar to the existing
ones, thereby creating a larger dataset for building classifiers. Moreover, it's important
to recognize that each record in the original dataset corresponds to a specific career.
So, it would be overly simplistic to base a career profile solely on a single record from
the dataset. In reality, there are likely to be some variations in the DAT career profiles
for a particular profession. Hence, augmenting each record related to a career within
the dataset is essential to capture the nuanced patterns associated with those careers.
In essence, data augmentation addressing these factors is to be applied to enhance the
model's generalization prowess by systematically accounting for the real-world data

variations.

We utilize Gaussian Noise data augmentation (He et al., 2019) to generate extra
related records. Gaussian Noise is deliberately selected as it can introduce random
fluctuations into the dataset. The aim is to bolster the model's robustness and enhance
its adaptability to real-world scenarios. This approach fosters resilience to noise,

promotes the learning of more generalized features. It also injects diversity into the
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dataset through random disturbances and thus serves as a regularization technique.

This enables the cultivation of the model's invariance to minor input variations.

We apply Gaussian Noise data augmentation within our dataset using the following

mathematical expression:
Yi=Xi+ €
Where:
Y;represents i element of the augmented data point,
Xirepresents i element of the original data point,

€;1s the random value drawn from a Gaussian distribution with a mean

of 0 and a variance of ¢°.

This expression illustrates that each element of the augmented data point, denoted as
Yi, is created by incorporating a random value €;, drawn from a Gaussian distribution,
into the corresponding element of the original data point X;. The degree of noise
introduced is determined by the standard deviation, denoted as 6. Algorithm 1 outlines

the entire process:

Algorithm 1: Data_Augmentation_Using Guassian_Noise

Inputs : Input data point X; Augmentation Factor F, Noise standard deviation o,
Output: Augmented data list ADL
Repeat Augmentation Factor F times

Generate Gaussian noise for each data point i:

Noise, €; = randomly sample from a Gaussian distribution with a
mean of -2.0 and a standard deviation o of 5.0

Generate Augmented Record.:
Yi=Xi+€
Append the record Yito Augmented data list ADL.

Return Augmented data list ADL
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For our specific augmentation procedure, we drew random values from a Gaussian
distribution with a mean(p) of -2.0 and a noise standard deviation (o) of 5.0. This
process was iterated for each element of the data point with an augmentation factor
(F) of 100, resulting in a dataset enriched with controlled noise. These values were
finalized after repeated evaluation of the performance of the models built upon the

resultant dataset.

By applying the algorithm described above, we augmented each record within every
cluster of the original dataset, consisting of 612 records. As a result, our dataset has
been expanded to include over 57,000 records. We systematically removed any
potential duplicate records from the dataset. A selection of sample clusters is

illustrated in Figure 11.
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Figure 11. Samples from the Augmented Clusters.

6.7.Evaluation of the Validity of the Augmented Dataset

Augmenting and expanding a dataset from 612 records to over 57,000 records can
introduce potential issues. The augmented dataset may fail to capture the inherent
patterns present in the original dataset. As a result, a model trained on the augmented
dataset may learn from the noise-introduced patterns present in the augmented data.
It is important that the augmented dataset accurately reflects the patterns found in the
original data. This underlines the need for a thorough evaluation of the augmented
dataset's validity. This section will analyse the performance and validity of the

augmented dataset.
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To assess the performance of the augmented dataset, we constructed machine learning
models using the ANN, SVM, and Random Forest Classifier algorithms on the
dataset. Table 11 showcases the performance of these models on the train-test split

from the augmented dataset.

Table 11. Performance of Different Classifiers on the Augmented Dataset

SINo | Classifier Training Accuracy A];zitiggy
1 ANN 0.97 0.94
2 Random Forests Classifier 1.00 0.99
3 KNN 0.98 0.97

The method we employed to assess the validity of the augmented dataset consisted of
constructing several machine-learning models using the augmented data alone,
keeping the original dataset as test data. We then compared the testing accuracies of
these models on the original dataset. If the testing accuracies of the models on the
original dataset surpass those on the train-test split, it confirms that the augmented
dataset clearly captures the patterns present in the original data. As depicted in Table
12, the models demonstrated exceptionally high testing accuracies (100%) on the

original dataset.

Table 12. Performance of Classifiers Trained on the Augmented Dataset Against the Original Dataset

SI No Classifier Testing Accuracy
1 ANN 1.00
2 Random Forests Classifier 1.00
3 KNN 1.00

This observation confirms that the augmented dataset clearly captures the patterns
present in the original dataset. With this confirmation, we can confidently proceed

with the augmented dataset to build the career recommendation system.
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CHAPTER 7

ARCHITECTURE OF THE PROPOSED
CAREER RECOMMENDATION ENGINE

The architecture of our career recommender system follows the Content-Based
Filtering (CBF) approach. Even if there exist other approaches like collaborative
filtering, knowledge-based systems, etc. (Khanal, Prasad, Alsadoon, & Maag, 2020),
CBEF is selected as this is particularly suitable considering the intrinsic attributes of
the user profile and the career profile in our problem domain. Collaborative filtering
recommends items by identifying users with similar profiles and leveraging their
shared interactions to suggest relevant content (Jalili, Ahmadian, Izadi, Moradi, &
Salehi, 2018). In contrast, content-based filtering focuses on individual user
preferences and item characteristics, recommending new items with attributes similar
to those the user has engaged with in the past (Thorat, Goudar, & Barve, 2015). The
proposed system employs a content-based filtering approach, using the Kerala
Differential Aptitude Test (KDAT) to generate the user profile. The career profile is
constructed based on ability profile information extracted from the Occupational

Information Network (O*NET) database, as explained in the previous section.

While designing the proposed career recommendation system, the primary objective
was to generate diverse career recommendations aligned with the candidate's profile.
To achieve this, multiple strategies were integrated into the architecture of the
proposed recommendation engine. The system is built on machine learning models
trained on the developed dataset. The architecture follows a novel hierarchical and
multi-tiered architecture to enhance diversity in recommendations. Additionally, a
voting classifier mechanism is incorporated to further improve this aspect. Both
strategies contribute to increasing diversity in recommendations, enhancing
robustness to variance and bias. This also facilitates improving flexibility in decision-

making and addressing model-specific weaknesses.
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7.1. Ensemble Model Implementation Leveraging a Voting Classifier

The career recommendation engine is constructed using an ensemble of machine
learning models, employing a voting classifier (Manconi et al., 2022). The proposed
recommendation architecture integrates predictions from multiple algorithms,
including Artificial Neural Networks (ANN), K-Nearest Neighbours (KNN), Support

Vector Machines (SVM), Random Forest, Decision Tree, and Gaussian Naive Bayes.

The main objective of building the model based on the ensemble method is to achieve
diversity in recommendations, which can also provide flexibility in decision-making.
There are two main approaches to building a voting classifier: Hard voting and soft
voting. Both strategies are illustrated in Figure 12. In hard voting, each base classifier
will come up with a discrete label prediction, and the final prediction will be decided
by the majority vote. The process can be explained as shown in the mathematical

Equation 9.

g = arg Hcleagi; (hi(z) = ¢)
©)
Where:
C is the set of all possible classes,
M 1s the number of base classifiers,

hi(x) is the prediction of i classifier for input x,

I(hi(x)=c) 1s an indicator function that returns 1 if classifier i predicts

class ¢, otherwise 0,

The final predicted class J is the one with the highest vote count.
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Model 1 Model 2 Model 3 Model 1 Model 2 Model 3
(\/\7 N b 4 A l /
o \\ R y S ‘\( 3 \ W 3
\ \ f | 0:0.2 0:0.4 0:0.5
1] o | L1 1:08 106 1:05
(2 0:0.4

Figure 12. Hard Voting vs. Soft Voting Classifier.

In soft voting, the probability distributions of the classifiers over different classes are
considered. The final prediction is made based on the sum of these probabilities.

Equation 10 explains the concept mathematically.

M
§ = argmax ; w; P;(c|z)
(10)
Where:
Pi(c/x) is the predicted probability of class ¢ given input x by classifier i,
wi 1s the weight assigned to classifier i,
The class ¥ with the highest weighted probability sum selected.

We selected soft voting for our model prediction due to its ability to capture
uncertainty and nuanced patterns. Additionally, the approach can balance
contributions from diverse models, handle overlapping career profiles, and generate

top-N recommendations instead of a single prediction.

The overall voting classifier architecture of our model is illustrated in Figure 13.
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Figure 13. The Architecture of the Voting Classifier Adapted to the Proposed Recommender System.

Considering the methodology adopted for model training, the dataset was divided into
training and testing subsets using an 80:20 split. To improve evaluation reliability and
reduce sampling bias, k-fold cross-validation was additionally performed during
model evaluation. Data augmentation was applied exclusively to the training set.
Model testing was conducted using the original non-augmented data points.

7.2. The Innovative Hierarchical and Multi-Tiered Architecture of the

Recommendation Engine

The proposed system employs a novel hierarchical and multi-tiered recommendation
approach. The target is to offer diverse career recommendations tailored to a
candidate's DAT results. As previously discussed, the original dataset underwent an
initial division into eight distinct clusters based on insights derived from the silhouette
and elbow methods. Subsequently, these clusters were further subdivided into 49
clusters, labelled, and augmented to yield the final dataset. Thus, we have a higher-
level set of career clusters and a fine-tuned set of lower-level career clusters. This will

help us to generate a hierarchical career recommender system.

The recommendation system consists of a Diverse Recommender Module followed by
a Refined Recommendation Module. The Diverse Recommendation Module tries to

provide diversity in career recommendations at a higher level. The Refined
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Recommendation Module fine-tunes each set of recommendations delivered by the

Diverse Recommendation Module.

The Diverse Recommendation Module is constructed using the initially generated
dataset with top top-level eight clusters. Simultaneously, the Refined
Recommendation Module, a set of eight second-level classifiers, are developed on
datasets generated by further sub-clustering the original top-level eight clusters. These
second-level refinement classifier models, named from RefModl to RefMod§, act as
a Refinement Suite to fine-tune the recommendations made by the Diverse
Recommendation Module. While the Diverse Recommendation Module provides
diversity in recommendations, these recommendations are fine-tuned using the
Refinement Suite. Both the Diverse Recommendation Module and Refined
Recommendation Module are modelled employing voting classifiers - explained in the
previous section- incorporating machine learning algorithms such as ANN, KNN,

SVM, Random Forest Classifier, Decision Tree, and Gaussian Naive Bayes Classifier.

The candidate's DAT results serve as input for the Diverse Recommendation Module.
This classifier module identifies the best three diverse career classes from the eight
available in the higher-level model. These three classes are fed to the Refined
Recommendation Module. The module then loads the corresponding best three
second-level classifiers from the Refinement Suite, containing eight different
classifiers (named RefModI to RefMod$), to fine-tune the recommendations made by
the Diverse Recommendation Module. Each of these identified three sub-models,
called FirstPick, SecondPick and ThirdPick models, in turn, provides the best three
sets of career clusters to a candidate aligned to their aptitude profile. The multiple
output ends, called First Tier, Second Tier and Third Tier, thus provide career
recommendations in the order of their significance for the candidate, resulting in a
total of nine different sets of career clusters. This comprehensive array of options
provides the candidate with diverse career paths aligned with their DAT results.
Additionally, career counsellors can derive valuable insights from the recommender
system to enhance career counselling sessions. The entire process is illustrated in

Figure 14, and the recommendation process is further detailed in Pseudocode 1, as
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presented in author’s published work (Rahim & Basheer, 2025a) under a CC BY

license.
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Figure 14. The Hierarchical and Multi-tiered Architecture of the Proposed Career Recommendation
Engine. As Presented in the Author’s Published Work (Rahim & Basheer, 2025a) Under a CC BY
License

The overall recommendation process starts with the candidate being tested for abilities
in different aptitude dimensions using the Kerala Differential Aptitude Test (KDAT).
The results are then fed into the proposed hierarchical and multi-tiered career
recommendation engine, which provides diverse career recommendations aligned
with the candidate's aptitude profile. The entire recommendation process is depicted

in Figure 15.

Pseudocode 1. The Multi-Tiered Recommendation Process for Providing Diverse
Career Recommendations.

1. user_profile = GetUserProfile() // DAT result for the candidate
2. top_classes = GetBest3Classes(DiverseRecommenderModule, user profile)

3. For each class in top_classes:
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refinedModel = LoadRefinedModel(RefinementSuite, class)

// Obtain predictions from refinedModel

tierl predictions = GetTierl Predictions(refinedModel, user profile)
tier2 predictions = GetTier2Predictions(refinedModel, user profile)

tier3 _predictions = GetTier3Predictions(refinedModel, user profile)
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Figure 15. Illustration of the Recommender System Design with its Recommendation Process. As
Presented in the Author’s Published Work (Rahim & Basheer, 2025a) Under a CC BY License

7.3.The Proposed System’s Multi-Tiered Recommendation Approach

The model is designed to generate diverse career recommendations for a candidate by
processing their DAT results within the system. The system, via its Diverse
Recommendation Module, initially identifies three diverse sets of best-suited career
clusters for the candidate’s profile. Since initial recommendations (career clusters)

contain nearly eighty careers on average, the Refined Recommendation Module further
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refines these suggestions through specialised sub-models. Each sub-model finally
provides multi-level recommendations to candidates, from its Tier I, Tier 2, and Tier
3 output ends, that are aligned with their ability profile and ranked according to

relevance.

Thus, the system offers a diverse range of career options aligned with the candidate's
aptitude profile, allowing for flexible yet well-suited career choices based on the
recommendations provided by the recommendation engine. A career cannot be treated
as a fixed or mutually exclusive category like cat and rat classification. Careers often
overlap in the skills and abilities they demand. The proposed novel hierarchical and
multi-tiered architecture, supported by ensemble modelling, is designed to reflect this
diversity. It can present a candidate with multiple, diverse career paths that are
nevertheless consistent with the individual’s underlying ability profile, offering a

balanced view of suitability and variety.
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CHAPTER 8

THE HYBRID EXPLAINABILITY FRAMEWORK FOR THE
PROPOSED RECOMMENDER SYSTEM USING SHAP WITH
NATURAL LANGUAGE JUSTIFICATIONS

Since the proposed recommendation engine is based on an ensemble approach
comprising multiple machine-learning models, including Deep Neural Networks
(DNNSs), it inherently functions as a black-box system. It is difficult to directly
interpret the rationale behind recommendations made by such black boxes. As
highlighted in the introductory section, ensuring transparency in a career
recommendation system is crucial to fostering user trust, enabling informed decision-

making, and enhancing the reliability of the recommendations.

This section provides a detailed discussion of the innovative methodology employed
to integrate explainability into the proposed career recommender system. This
approach aims to enhance transparency and accountability (Akhtar, Kumar, &
Nayyar, 2024), enabling users to make more informed career decisions. We outline
the step-by-step integration process of a hybrid explainer, which combines a SHAP
explainer (Lundberg & Lee, 2017) with natural language explanations. Thus, the
explanations generated by the framework in natural language for the
recommendations made by the recommendation engine can be easily understood by
common users, such as students, addressing the challenge of requiring technical
expertise to interpret visual explanations, typically generated by SHAP. Diagrams,
plots, procedures, and tables are used to clarify each stage, with natural language
explanations for the recommendations. The overall methodology architecture is

illustrated in Figure 16.
8.1. Using SHAP to Interpret Model Recommendations

SHAP (Shapley Additive explanations) is based on Shapley values derived from
cooperative game theory (Lundberg & Lee, 2017). It is a powerful method for
providing interpretability for machine learning predictions based on feature

importance analysis. Shapley values distribute the total gain (model prediction) across



SHAP-Guided Explainability with Natural Language Interpretations

all the players (features) involved in the model prediction process. This allows us to
interpret the prediction based on the marginal feature importance for a given input.
The SHAP algorithm offers better local accuracy, addresses missing data through
imputation methods and ensures fairness. These are achieved by evenly distributing
the feature contributions against the total gain (Lundberg & Lee, 2017; Li, Sun,
Huang, & Chen, 2024).
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Figure 16. The Hybrid Explainability Architecture of the Proposed Recommender System.

While the machine learning model provides predictions based on the input and the
model parameter values without offering insights into how the decision is made, a
SHAP explainer can explain the model’s predictions. This helps the end user make
more informed decisions, as illustrated in Figure 17. The figure shows how different
parameters in our problem domain, like Numerical Ability (NA), Abstract Reasoning
(AR), Verbal Reasoning (VR), Mechanical Reasoning (MR), Space Relations (SR),
and Verbal Ability (VA), contribute to the recommendations generated by the black-

box recommendation engine using the SHAP explainer.

The main advantages of SHAP are its model-agnostic nature and its ability to provide

both local and global explanations, regardless of the underlying ML algorithm of the
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recommendation model (Chromik, 2021). While local explanations help us to
understand individual predictions, global explanations provide insights into feature
importance across the entire dataset. These explanations not only help the model
developer debug their model (Xu et al., 2019; Dwivedi et al., 2023) but also enable

end users to understand why the model provided certain predictions.
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Figure 17. Functional Comparison between ML Model and SHAP Explainer

SHAP provides various plots, including the summary plot, dependence plot, and
interaction plot, for enhanced global interpretability. Plots like force plot, decision

plot, and waterfall plot offer local interpretations for the model’s predictions.

As mentioned earlier, SHAP Explainer employs the concept of Shapley values derived
from cooperative game theory to explain predictions made by machine-learning
models. Shapley value is a unified measure of feature importance, calculated as the
average of a feature's marginal contributions across all possible subsets of features to

the model's prediction. The Shapely value ¢ is calculated using Equation 11.

105



SHAP-Guided Explainability with Natural Language Interpretations

[SI'(IN|=|S|-1)!
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Where:
¢: is the Shapley value for i feature,

N is the set of all features (i.e, NA, AR, VR, MR, SR, and VA as of our
dataset)

S 1s any subset of N that does not include feature i,

fsugip 1s trained with that feature i present and fs is trained with the
feature withheld.

Figure 18. visualizes how the Shapley values of each feature - in our case, Numerical
Ability, Abstract Reasoning, Verbal Reasoning, Mechanical Reasoning, Space
Relations, and Verbal Ability- of the input x contribute to the changes in the expected
model prediction E£/f{z)] to reach the predicted output f(x), of the model. The expected
model prediction, E/f(z)], also known as the base value (Lundberg & Lee, 2017),

represents the average model prediction when no feature information is provided to

the model.
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Figure 18. A Shapley Value-Based Illustration: How Each Feature Value Shifts the Model's Base
Prediction to the Final Prediction.

8.1.1. Global and Local Interpretation Using the SHAP Explainer

The SHAP explainer provides both global and local explanations (Salih et al., 2024).
It offers a global view of the model's behaviour, providing insights into feature

importance across the dataset, and this can also be utilized at the class level (item
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level). The primary goal of the global interpretation is to find out the most influential
features in the dataset guiding its recommendations. This helps the model builder to
identify overall model behaviour. It helps to even fine-tune the model and verify if the
model follows the domain knowledge and expected behaviour. The local explainer
module offers insights into individual predictions made by the system for specific
input instances. This helps the users to understand the rationale behind the

recommendation made by the system (Vimbi, Shaffi, & Mahmud, 2024).

This study employed SHAP summary plots, including bar plots and beeswarm plots,
to analyse feature importance and achieve global interpretability of the model. For
local interpretability, visualisations such as force plots, decision plots, and waterfall
plots were used to illustrate how different feature values influence individual
predictions - in our case, the career recommendations generated by the
recommendation engine for a given user's profile. The results and discussion section

includes illustrative examples.

The SHAP bar plot uses the mean absolute SHAP values for each feature to illustrate
the feature’s importance (global feature importance) across all the data points in the
dataset. Mathematically, the mean absolute SHAP value for a feature can be computed

using equation 12.
Global Importance of Feature, i = %29’:1 |q5l-(j)| (12)

Where:
|| is the SHAP value of the feature i, for the j data point,
N is the total number of samples in the dataset.

In the SHAP bar plot, each feature is represented by a bar. The longer the bar, the
higher the effect of the feature on the model’s prediction. However, it does not tell

whether the feature increases or decreases the likelihood of the prediction.

There comes the importance of the SHAP Beeswarm plot. It provides direction of the

impact of the feature (positive or negative). In the beeswarm plot, each dot
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corresponds to the SHAP value for a particular feature. It visualizes the distribution
of SHAP values for each feature for a data point from its base value. Mathematically,
this distribution can be calculated using Equation 13.
1 X N
; . S G _ 0\
Variance of SHAP values for feature i = N z;l ((;51 p;l)

j:

(13)
Where:
i represents the mean SHAP value for the feature i,
N is the number of samples,
¢ is the SHAP value of feature i, for the j data point.

For providing local interpretability, we utilised SHAP visualisation plots such as force
plots, decision plots, and waterfall plots. All of these help in understanding how the
model makes individual predictions. While the force plot illustrates how each feature,
in terms of its Shapley values, contributes to the model’s prediction, the decision plot
presents the cumulative SHAP values in an ordered sequence, and the waterfall plot
breaks down the incremental contribution of each feature using stacked SHAP values.
All these plots depend on the Shapley value ¢, and follow the mathematical formula

given in Equation 14.

M
f@)=do+ > ¢
= (14)
Where:

f(x) is the model’s prediction for a given instance.
¢o is the base value (expected model output when no features are considered).

¢: represents the SHAP value of feature i, showing its contribution to the

prediction.

M 1s the total number of features.
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8.1.2. Accuracy Evaluation of the Proposed SHAP Interpretation Framework

We performed a local accuracy analysis on the individual predictions generated by
the recommendation engine to validate the interpretive accuracy of the SHAP
explainer (Lundberg & Lee, 2017). Equation 15 was used to calculate local accuracy,
ensuring that the Shapley values generated for the user profile align with the model’s

prediction for that specific profile.

Local Accuracy = f(x) =gx) =y + XM, ¢ (15)
where,
f(x)  : The predicted value of the recommendation engine,

g(x)  : The approximation of the model prediction by the SHAP Explainer,

bo : The expected output or the base value of the model across the dataset,
i : The Shapley value of feature i, to the model’s prediction,
M : Total number of features present in the model.

The local accuracy evaluation is done to verify if the SHAP explainer faithfully
explains model behaviour, such as its decision-making process. If the sum of SHAP
values, computed using Equation 15, significantly deviates from the model’s output,
it suggests that the explainer has potential issues and cannot be used to explain the
model’s prediction. If the values are consistent, the explainer is considered valid and

can be reliably employed to interpret the model’s behaviour.

In summary, this study employed the SHAP algorithm to generate both global and
local explanations for the model's predictions. Various visualization techniques were
used to illustrate the model’s overall behaviour and to provide insights into individual
predictions. The performance of the SHAP explainer was evaluated using local
accuracy metrics to assess the reliability of its attributions. The results and discussion

section will offer a clearer understanding of the methodology and its effectiveness.
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8.2. The Architecture of the Proposed SHAP-Based Explainability Framework

with Natural Language Justifications

The visual explanations generated by the SHAP explanation framework using
different plotting mechanisms may not be suitable for common users. This is due to
the need for higher technical expertise to interpret these patterns. The SHAP explainer
is more suitable for model builders and advanced users. To bridge this gap and to
provide meaningful and easily understandable explanations to users like students, a
textual explanation framework is proposed for the career recommendation engine. A
hybrid approach is used to integrate the textual explainer, which takes inputs (both
local and item-level global Shapley value-based explanations) from the SHAP-based

framework and translates them into natural language explanations.

The proposed system employs an innovative approach that utilises SHAP's local and
global interpretability features expressed via their numerical Shapley values to
generate a comprehensive and human-readable textual interpretation for the
recommendations. Local explanations are produced using SHAP’s local Shapley
values to quantify each feature’s contribution for individual user instances. This can
offer precise, instance-specific justifications for the generated recommendations. On
the other hand, global explanations are generated by aggregating Shapley values
across all instances at the class level (item-level). These aggregated item-level
Shapley values are exploited to produce feature-driven summaries characterising the
recommended class (item). A central innovation of this approach is the integration of
local and class-level global insights to produce unified textual explanations that merge
personalised reasoning with broader class-level behavioural patterns. By combining
user-specific justifications (why a particular class is recommended to an individual)
with class-level evidence (why the class is generally recommended based on its item-
level global Shapley value-driven profile), the architecture delivers a comprehensive
explanation that strengthens interpretability and user trust. The innovative architecture

of the proposed system is illustrated in Figure 19.

As shown in the system architecture (Figure 19), the SHAP explainer operates atop

the recommendation engine and its corresponding training data. Initialization of the
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SHAP module is performed by selecting a model-agnostic explainer, such as Kernel
Explainer. The choice of explainer is adaptable, depending on the underlying
classification model employed for the recommendation engine. For example, Deep
Explainer is preferable for neural network frameworks like TensorFlow or Keras.
And, Kernel Explainer can be employed for any model when internal access is
restricted. The explainer uses SHAP’s cooperative game theory principles to distribute
each feature’s contribution fairly among the model’s predictions. These contributions,
called Shapley values, are computed through appropriate approximation techniques,

such as weighted linear regression, in the case of the Kernel Explainer (SHAP, n.d.).
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8.2.1. Template-Guided Natural Language Generation of Local Shapley

Explanations

This module forms the first layer of the proposed system’s textual explainability
framework. Its purpose is to provide local interpretability by clarifying the reasoning
behind the model’s recommendation for a particular user instance. In this layer, the
explanation is generated through an instance-specific textual module that exploits the

SHAP explainer’s local interpretability capability.

For multi-class models, SHAP provides instance-specific interpretability by
calculating a vector of Shapley values. Each value in this vector represents the
marginal contribution of a feature to a specific prediction. For interpretability, the
explanation is produced for the class, ¢ = argmax.(f-(x)). SHAP returns a vector of
numerical values known as Shapley values, represented as ¢©=/¢,, ¢, ..., pu@],
for M features. SHAP typically visualizes numerical Shapley values for local
interpretation using plots such as force, decision, and waterfall plots. However, the
technical complexity of these visuals poses a significant barrier to interpretation for

non-expert users.

In the proposed system, Shapley values are applied to generate explanatory text that
clarifies the reasoning behind a specific recommendation for a given user profile. The
explanation module uses a template-driven natural language generation (NLG)
approach (Pino, Parra, Besa, & Lagos, 2021), which interprets the instance-specific
SHAP values associated with the predicted class. It determines the proportional
contribution of each feature by normalising the absolute SHAP values. This enables
the identification and ranking of the most influential features in terms of Shapley
values. Using the sign and magnitude of each feature’s standardised value along with
its SHAP impact, the module populates predefined templates to create clear, human-
readable explanations describing how individual features increased or decreased the

likelihood of the recommended class. The full procedure is outlined in Algorithm 1.
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Algorithm 1: Generate Textual Explanation for Local SHAP Values. (as presented in the
author’s published work (Rahim & Basheer, 2025b), under a CC BY license)
Input:
feature_names: List of M feature names
instance_values: Feature values of the instance (length M)
shap values: SHAP values for a single instance (array of size M)
predicted _class_idx: Index of the predicted class
Output:

recommendation_explanation: A natural language explanation detailing
proportional feature contributions

Steps:

1. Extract feature _impact «<— shap _values corresponding to the predicted class.
2 Compute abs_shap values < absolute values of feature impact feature-wise.
3. Compute total_impact < sum of all abs_shap values.

4 If total_impact # 0:

a. Calculate percentages <— (abs_shap values / total_impact) x 100
Else:

a. Set percentages < vector of zeros.

5. Sort features by descending order of percentages, storing their indices in
sorted_indices.

6. Initialise an empty list explanation_list.

7. For each index i in sorted _indices:

a. Retrieve feature «— feature_names|/i]
b. Retrieve value « instance values[i]
¢. Retrieve impact < feature_impact/[i]
d. Retrieve percentage «— percentages|[i]
e. If impact > 0 and value > 0:

Append:

“The high feature (value: value, impact: impact) contributed
percentage%, increasing the likelihood of recommending this career cluster.”

f- Else ifimpact > 0 and value < 0:
Append:

“The low feature (value: value, impact: impact) contributed
percentage%, increasing the likelihood of recommending this career cluster.”

g. Else:
Append:

“The feature (value: value) with low (impact: impact) contributed
percentage%, decreasing the likelihood of recommending this career cluster.”

8. Optionally sort explanation_list alphabetically for consistency.
9. Concatenate all entries in explanation_list to form recommendation_explanation.
10. Return recommendation_explanation.
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8.2.2. Generating Feature-Driven Class Descriptions with Global SHAP Values

The framework's second module provides a global, data-driven explanation for why a
class (item) is generally recommended. It leverages aggregated, class-level Shapley
values to identify the features most characteristic of that class. To achieve this,
Algorithm 2 identifies key features that have a directly proportional influence on the
class recommendation. The algorithm adapts the Pearson correlation coefficient, a
proven method for feature selection (Gong, Li, Zhang, Zhang, & Wang, 2024), to
measure the relationship between a feature's values and its corresponding Shapley
values across instances. Only features with a positive correlation are selected,
ensuring they consistently contribute to the class prediction. These features are then
ranked by correlation strength to build the final class-level (item-level) description.
This item-level global explanation is then combined with the instance-specific text
from the first layer (Algorithm 1) to construct a comprehensive explanation for the

recommendation made by the system.

After identifying the key features of the class using global Shapley values (Algorithm
2), this information is transformed into a natural language summary (description) of
the class(item), through a rule-based NLG method (Algorithm 3). Feature correlation
values are mapped to qualitative significance levels using predefined thresholds (e.g.,
> 0.5 for “very strong significance,” > 0.3 for “high importance,” etc.). These
thresholds are adapted from Cohen’s rule-of-thumb for interpreting Pearson
correlation coefficients (Cohen, 2013). The resulting feature-based narrative explains

why the class is generally recommended by highlighting its most influential attributes.

Algorithm 2: Identifying Class-Level Important Features Using Global Shapley Values. (as
presented in the author’s published work (Rahim & Basheer, 2025b), under a CC BY
license)

Input:
Class level shap values: SHAP values for all samples belonging to a given class
Feature values: Feature values for the samples of the class
Feature names: List of feature names

Output:

Top_features: Top features with the positive correlation between feature values and
SHAP values

114



SHAP-Guided Explainability with Natural Language Interpretations

Steps:
1. Initialise an empty list: Correlations.

2. For each feature index i=1 to M:
a. Extract the SHAP values and feature values for the feature.

b. Compute the Pearson correlation coefficient between these two vectors.
c. If the correlation is positive, append it to Correlations.
3. Create a map with each feature name and corresponding correlation value.
4. Sort the map in descending order of correlation.

5. Return the map containing the features and their significance.

Algorithm 3: Generating Class-Level Textual Description Based on Class-Level Global

Shapley Values (as presented in the author’s published work (Rahim & Basheer, 2025b),
under a CC BY license)

Input:
Feature_importance_map: Important features and their degree of importance

Output:

Class_level description: Textual summary describing significant features of the
class

Steps:
1. Initialize Calss _level description
2. For each record from Feature_importance _map
a. Feature = record[feature]
b. feature_impact =record[feature importance]
c. Iffeature impact>=0.5

desc = "Feature {feature} has very strong significance as far as the
class is concerned.”

Else if feature_impact >=0.3

desc = "Feature {feature} has high importance as far as the class is
concerned."
Else if feature_impact >= 0.0
desc = "Feature {feature} has moderately high significance as far
as the class is concerned.”
Calss_level description.append(desc)
3. Return Class_level description.

By automatically generating data-driven class descriptions, this methodology
eliminates the need for domain-specific expert input, ensuring its adaptability across
various recommendation systems. This automated, feature-importance-based class
profile is then fused with the local textual explanation from Algorithm 1. Together,

they form the robust foundation for the final, comprehensive explanation of any given

recommendation.
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8.2.3. Generation of Natural Language Explanations via LLM by Synthesising
Local and Item-Level Global Insights

The framework's final layer serves as a synthesis engine, utilising a Large Language
Model, LLaMA 2, implemented as a sentence transformer, to generate a
comprehensive explanation (Said, 2025). The LLM processes two key inputs: the
instance-specific text (from Algorithm 1) and the feature-driven class descriptions
(from Algorithms 2 and 3). By integrating these local and global perspectives, the

LLM produces a final, meaningful explanation for the system's recommendation.

The fusion layer uses a carefully structured, systematic prompt to steer the model’s
reasoning, drawing on insights from both instance-specific explanations and class-
level feature descriptions generated through local and global SHAP analyses. By
grounding its process in these SHAP-based insights, the approach allows a controlled

language model to produce clear and meaningful explanations.

The Proposed Systematic Prompt for the Explanation Generation via LLM,

as Presented in the Author’s Published work (Rahim & Basheer, 2025b) Under a CC BY License:

Context:
Two types of feature-based textual explanations are provided:

Instance-Specific Justification: A textual explanation for the recommendation
derived from the feature contribution scores corresponding to an individual user

profile.
Class-Level Feature Summary:

A description of characteristic feature patterns associated with the recommended

class.

Inputs:
Instance_Specific_Justification: {instance_specific_recommendation_explanation}
Class _Level Feature Summary: {class _level description}

Objective:

Generate a final explanation with an analytical evaluation of how the instance-
specific justification aligns with or contradicts the class-level feature summary.

Constraint:

Constrain the explanation strictly to the provided inputs. Do not add external
information or assumptions.
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8.2.4. Implementation of the Explanation Framework in the Proposed Career

Recommender System

The SHAP explainer, employing a Deep Explainer for its model-agnostic capability,
was built on the proposed career recommender engine and its underlying dataset
(O*NET-based DAT dataset). To obtain a local explanation, the candidate profile
generated from KDAT is fed to the recommendation engine. The user profile and the
predicted career cluster are then provided to the SHAP explainer. The SHAP explainer
computes the Shapley values representing the marginal contribution of each feature
(NR, AR, VR, MR, SA, and VA). These Shapley values are then translated into a

human-readable explanation using Algorithm 1.

After producing the local explanation in natural language, the class-level (item-level)
global description module - the second layer of the explainability framework -
examines the recommended career class to determine which features most strongly
shape the model’s decision. It does this by checking the global SHAP values for that
class and identifying features - Numerical Ability (NA), Abstract Reasoning (AR),
etc. - whose values consistently show a positive correlation with the class prediction.
A stronger positive correlation means that higher values for that feature reliably
increase the likelihood of recommending the class. These influential features are then
ranked by their correlation strength and translated into an easy-to-read summary using
a rule-based natural language generation method. Algorithms 3 and 4 carry out this
process, turning the feature patterns into a clear explanation of why the career class

tends to be recommended.

To generate the final natural language explanation, the fusion layer integrating local
and global explanations was implemented using LLaMA 2, a Large Language Model
(LLM). The LLM module’s task is to generate the final textual explanation by
comparing and contrasting the explanations generated from the local explanation
module and the global explanation module to provide a rational justification for the
recommendations made by the recommendation engine. The prompt was customised
for the career recommender system, with the constraints kept as they are, but with

domain-specific elements added to it. This implementation helped to generate a
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rational explanation within the constraints, eliminating hallucinations in the

explanation generation process while preserving domain information.

This study used Python 3.10 for model building, along with TensorFlow 2.x and Keras
libraries. We utilised the SHAP explainer library, specifically the Deep Explainer, to
build the explanation framework. To construct the fusion layer, we employed the
LLaMA 2 large language model through the Hugging Face interface as a sentence
transformer to fine-tune the explanation in natural language. Data handling was done
using the Pandas and NumPy libraries, and plots were created using Matplotlib. The
work was carried out on Ubuntu OS, integrating a GPU through Google Colab.

8.3.Expert Evaluation of the Proposed System

As part of the validation of the work, an expert evaluation was conducted both for the
recommendations generated by the system and the explanations generated for the
recommendations by the explanation framework. This is done in addition to the
traditional performance metrics like accuracy, precision, recall, f1-score, etc., for the
recommendation engine, and local accuracy metrics related to the explanation
framework. The explanation evaluation process used 16 distinct user profiles spanning
across 33% of the career clusters in the dataset. Ten career experts, who are well-
versed in career counselling and KDAT from the Department of General Education,
Kerala, were selected for the expert evaluation process. Each of the career counsellor
were provided 16 user profiles and the career clusters recommended by the
recommendation engine, along with the natural language explanations for these
recommendations generated by the explanation framework. They were instructed to
evaluate the recommendations and the related explanations using a five-point Likert

scale (Joshi, Kale, Chandel, & Pal, 2015):

1 — Not satisfactory

2 — Slightly satisfactory

3 — Moderately satisfactory
4 — Satisfactory

5 — Highly satisfactory
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A Google Form was provided to the career experts for this evaluation, containing
anonymous candidate profiles along with their corresponding recommendations
generated by the recommender system and related explanations generated by the

explanation framework.
8.4. Ethical Guidelines Followed in the Evaluation Process

All the experts considered in the evaluation process were approved career counsellors
and KDAT experts of the Department of General Education, Government of Kerala.
All experts were provided with detailed information about the study in the
introductory part of the Google form used to evaluate the study. No personal, health
or sensitive data were part of this evaluation process. Pre-approved consent was
obtained for all the career experts. No personal data of candidates was shared with the
career experts. Only the DAT results of anonymised candidates were supplied for
evaluation. The Ethics Committee of Sullamussalam Science College, Areekode,

reviewed and approved this consent procedure.

8.5. The Overall Use-Case of the Proposed Hybrid Explainable Career

Recommender

Once a candidate is evaluated using the Differential Aptitude Test, their aptitude
profile is fed into the recommendation engine. The recommender system generates
career clusters aligned with the candidate’s aptitude profile. This recommendation,
along with the user profile, is then fed into the SHAP-based explanation framework,
which provides visual and textual interpretations for the recommendations. The use-
case diagram of the system given in Figure 20 clearly illustrates how the system helps

the candidate to make well-informed career decisions.
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Figure 20. The Use-Case Diagram of the Proposed Hybrid Explainable Career Recommender.
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CHAPTER 9

DYNAMIC CAREER EXPANSION FOR
FUTURE-PROOF RECOMMENDATIONS

This module aims to enable the proposed recommendation engine to suggest careers
that are not present in the existing career clusters derived from the dataset on which
the engine is built. Without this dynamic career expansion module, the system may
not be able to recommend emerging careers. This will lead to the system becoming

obsolete in the long run.
9.1. Need for Dynamic Career Expansion Module

Career landscapes are constantly evolving. New roles are emerging due to
advancements in technology, shifts in industry demands, and changes in skill
requirements. Traditional career recommendation systems, which rely on static
datasets and predefined career clusters, struggle to accommodate these rapid
developments. Once a recommendation engine is built on a fixed dataset, it becomes
limited to suggesting only the careers already present in its training data. As a result,
such systems fail to address the needs of students and professionals seeking guidance

in newly emerging career paths.

To overcome this limitation, a dynamic career expansion module is essential. This
module enables the recommendation engine to integrate new careers that were
previously unseen within the existing career clusters. Instead of treating career
recommendations as a static process, it introduces a mechanism for continuous
learning and adaptation. The approach incorporates a semi-supervised human-
machine hybrid workflow. The system allows career experts to define new career
profiles based on aptitude parameters such as Numerical Ability (NA), Abstract
Reasoning (AR), Verbal Reasoning (VR), Mechanical Reasoning (MR), Space
Relations (SR), and Verbal Ability (VA). These manually curated career profiles are
then processed by the recommendation engine to determine which existing cluster it

can be mapped to, thereby integrating the career profile into that cluster.
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9.2.Architecture of the Dynamic Career Expansion Module

The architecture of the dynamic career expansion module follows a semi-supervised

approach. It has basically three elements:
a. Career Profile Interface

b. Career Cluster Mapping

c. Career Cluster Integration

The Career Profiler Interface allows a career expert to define new career profiles based
on aptitude parameters. A career counsellor can profile a new career using aptitude
parameter values such as Numerical Ability (NA), Abstract Reasoning (AR), Verbal
Reasoning (VR), Mechanical Reasoning (MR), Space Relations (SR), and Verbal
Ability (VA). This process should be conducted by an expert in career counselling
with knowledge of Differential Aptitude Tests, as it is crucial for ensuring that the

predictions are valid and meaningful.
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Figure 21. The Architecture of the Dynamic Career Expansion Module

Career Cluster Mapping is performed by the proposed career recommendation engine.

Once the career expert profiles a new career based on its required aptitude parameter
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values, it is fed into the recommendation engine, disguised as a user profile. This
approach is valid since both user profiles and career profiles rely on the same set of
parameters. When the career profile is processed by the recommendation engine, it
recommends the most relevant career cluster aligned with the given profile. This
recommendation serves as the mapping of the new career to the existing career

clusters.

The Career Cluster Integration module integrates newly defined careers into the
mapped career cluster along with their aptitude parameters. This enables the career
recommendation engine to suggest these new careers to candidates whose profiles
match the corresponding career cluster. The overall architecture of the dynamic career

expansion module is illustrated in Figure 21.

This approach ensures that the recommendation engine remains relevant over time,
guiding users toward not only traditional careers but also emerging opportunities
across various industries. By enabling real-time career expansion, the system becomes

more robust and scalable.
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CHAPTER 10
RESULTS AND DISCUSSIONS

10.1. Introduction

The following section offers a detailed discussion of the results produced by the
recommendation engine and the explainability framework. Its primary considerations
are the validity, relevance and performance of the recommendation engine; and the
extent of its explainability. It initially reviews the proposed system’s career
recommendations, comparing them with established standards and domain
expectations. These recommendations are investigated in terms of accuracy and
consistency to guarantee their applicability to the real-world career guidance
situations. This part also explores the soundness of the explanations generated by the
explainability paradigm, which encompasses SHAP’s local and global explanations,
and the final fusion layer’s natural language explanations. These explanations are
evaluated based on domain knowledge to make sure they are meaningful and
consistent with the principles of professional career counselling. Also, the accuracy
measures are examined to identify the credibility and usefulness of the explanations.
This analysis makes the process of recommendation more transparent and
understandable.  This section also presents the expert’s evaluation of the
recommendation engine and its explanations to showcase its acceptability; and a
comparison of the work with current implementations. Finaly, the performance of the

dynamic career expansion module is also presented here.

10.2.Analysis of the Recommendation Engine’s Outputs

The recommendation engine generates diverse career recommendations for a given
user profile. These diverse recommendations are fine-tuned using the refinement suite
present in the system. Thus, the user is provided a diverse but fine-tuned set of
recommendations from its multi-tiered output ends. The recommendations are ranked

by their significance.

Consider the user profile:

DATyser profiie(NA, AR, VR, MR, SR, VA) = [ 50, 80, 77, 50, 50, 70]
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The profile was supplied to the recommendation engine, which produced First-Tier,
Second-Tier and Third-Tier suggestions as shown in Figures 22, 23 and 24,
respectively. The system produces these recommendations using its First Pick, Second

Pick, and Third Pick fine-tuned models according to the user profile.

As demonstrated by the outputs (Figures 22, 23, and 24), the system provides a vast
array of career recommendations. A total of nine distinct career clusters aligned with
the candidate's aptitude profile are presented to the candidate. The first career cluster,
shown in Figure 22, represents the most suitable recommendation for the candidate
based on their career profile. The other two clusters are the next best
recommendations, ranked accordingly. As shown in Figures 23 and 24, the multi-
tiered system further provides similar yet diverse recommendations from its second
and third tiers.

Candidate's test data First Tier Recommendations  Second Tier Recommendations Third Tier Recommendations
80
= Computer and Information Systems Managers
= Conservation Scientists
701 ~— Faod Scientists and Technologists
== Solar Energy Systems Engineers
| / \ ~— Radio Frequency Identification Device Specialists
~— Pediatricians General = Physical Medicine and Rehabilitation Pl===Computer Systems Engineers/Architects
604 = Health Informatics Specialists ~ (phthalmologists Except Pediatric  —— Web Administrators
= Soil and Plant Scientists = Mechatronics Engineers =~ Database Administrators
v = Zoologists and Wildlife Biologists = (ptometrists Computer Network Architects
T == Medical Scientists Except Epidemiologists = Surgeons = Computer Systems Analysts
5 = Environmental Scientists and Specialists Including He===Physician Assistants = Logisticians
Y 50 4 ~ Physicians Pathologists «— Podiatrists - physician ~Government Property Inspectors and Investigators
8 = Nursing Instructors and Teachers Postsecondary == Veterinarians — Foresters
Anthropologists and Archeologists Registered Nurses =~ (Career/Technical Education Teachers Secondary School
e Psychiatrists - (Critical Care Nurses ~— Energy Auditors
= Allergists and Immunologists == (linical Nurse Specialists = Nuclear Power Reactor Operators
40 A ~Hospitalists = Pharmacists ~— Computer Enqineering
= Naturopathic Physicians = Nurse Midwives ~—— Biofuels/Biodiesel Technology and Product Development Managers
— Genetic Counselors = Mudiologists Hydroelectric Production Managers
= Doctors - Aesthesiologists ~—— Biomass Power Plant Managers
— General Internal Medicine Physicians - Dermatologists ~— Biofuels Production Managers
301 ~Family Medicine Physicians ~— Obstetricians and Gynecologists = Geothermal Production Managers
= Nurse Practitioners ~—— Radiologists = Quality Control Systems Managers
Speech-Language Pathologists Urologists = Industrial Production Managers
= |nstructional Coordinators = Sports Medicine Physicians = (ytogenetic Technologists
— (andidate’s test result ~— Fam and Home Management Educators = Nurse Anesthetists — Qccupational Health and Safety Specialists
20 T T T T T T N T T T T T T Tt T T T T T T 2 T T T T T T y
NA AR W MR SR VAN AR W M SR VAN AR W M SR VANA AR W M SR VA

Figure 22. Career Recommendations from FirstPick Model

This is a multi-level suggestion strategy that offers flexibility in career choice. It
provides various options aligned with the aptitude profile of the candidate. The system
is superior to current recommendation systems since it offers a wider and more
organised array of career choices. Therefore, it can be a useful resource for career

counsellors, as it allows them to suggest and identify a variety of career paths for a
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candidate according to their ability profile. This is quite difficult in traditional

counselling environments.

Candidate's test data First Tier Recommendations  Second Tier Recommendations Third Tier Recommendations

=~ Computer Network Support Specialists

~ Computer User Support Specialists TECH HELP DESK
70 4 = Telecommunications Engineering Specialists 4
= Network and Computer Systems Administrators

~— Web Developers

— Cartographers and Photogrammetrists

~—— Nanotechnology Engineering Technologists and Techni
60 1 — Non-Destructive Testing Specialists g
~— Agricultural Technicians

~— Food Science Technicians
= Transportation Inspectors
= Airfield Operations Specialists
=~ Agricultural Inspectors 4
- Forest Fire Inspectors and Prevention Specialists
~ Neurodiagnostic Technologists

~— Licensed Practical and Licensed Vocational Nurses
= Magnetic Resonance Imaging Technologists

~— Chemical Technicians

[\~ Mechanical Engineering Technologists and Technicians
~— Forensic

o — Navy

'\, — Commercial Pilots

= Airline Pilots Copilots and Flight Engineers

~— (Orthodontists

=~ Qral and Maxillofacial Surgeons

~—Industrial Engineering Technologists and Technicians
~— Dentists General

—— Forensic Science Technicians

= Nuclear Monitoring Technicians

percentile
w
o

= Aviation Inspectors
== Desktop Publishers = Environmental Science and Protection Technicians Including Health

40 1 = Nuclear Medicine Technologists < fi— Architectural and Civil Drafters == Robotics Technicians
~— Medical and Clinical Laboratory Technologists = Special Effects Artists and Anim === Biological Technicians
~— Respiratory Therapists ~— Commercial and Industrial Desi¢===Precision Agriculture Technicians
=~ Radiation Therapists ~— Fashion Designers ~— Remote Sensing Technicians
— Anesthesiologist Assistants / ~— Electrical and Electronics Drafte~—Electrical and Electronic Engineering Technologists and Technicians
30 4 - Qccupational Health and Safety Technicians < !f = Set and Exhibit Designers - Environmental Engineering Technologists and Technicians
= Quality Control Analysts ~— (Choreographers = Aerospace Engineering and Operations Technologists and Technicians
=~ Geological Technicians Except Hydrologic Technicians = Film and Video Editors = Bioinformatics Technicians
= Power Distributors and Dispatchers / = Athletic Trainers ~— Geographic Information Systems Technologists and Technicians
- Candidate’s test result ~— Farmers Ranchers and Other Agricultural Managers e Graphic Designers = (Civil Engineering Technologists and Technicians

T T T T T T T T T T T T T T T T T T T

NA AR W MR SR VA NN AR W M SR VAN AR W M SR VAN AR W MR SR VA

Figure 23. Career Recommendations from Second Pick Model

Candidate's test data First Tier Recommendations  Second Tier Recommendations  Third Tier Recommendations
80 1 1 1 1
701 1 1
60 1 1 1
v
2
g 30 1 7 “— Geodetic Surveyors
g_ ~ Remote Sensing Scientists and Technologists
= (hemists
— Nanosystems Engineers
~— Robatics Engineers
401 1 — Neurologists "— Phatanics Engineers — Sales Engingers
— Chief Executives = Microsystems Engineers = lirban and Regional Planners
— Microbiolagists — Fuel Cell Engineers — Logistics Engineers
— Biclogists —— Mechanical Enginzers — Investment Fund Managers
— Epidemiologists — Materials Engineers — Energy Engineers Except Wind and Solar
301 = Entrepreneur "= Electranics Engineers Except Cor === Patroleum Engineers
= ldministrator ~— Bicengineers and Biomedical Eng == Industrial Engineers
— Business{MBA) ~— Agricultural Enginegrs — Health and Safety Engineers Except Mining Safety Engineers and Inspectors
—— Civil Service = Computer and Infarmation Resea == Electrical Engineers
20 — Candidate's test result —— Preventive Medicine Physicians — Surveyors ~—— Environmental Restoration Planners
L L ]
T T T T T T T T T T T T T T T T T T T T T T T T
NA AR W MR SR VA NA AR W MR SR VANA AR WV MR SR VA NA AR WV MR SR VA

Figure 24. Career Recommendations from ThirdPick Model
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Moreover, the visualization of the candidate profile next to the recommended career
clusters enables direct comparison of the aptitude parameters associated with the
candidate and the profile associated with the career cluster, thereby increasing
transparency. This visual clarity offers a good indication that the proposed cluster of
careers certainly fits the given candidate profile, since an increase in Abstract
Reasoning and Verbal Reasoning scores clearly justifies the recommended careers.

This affirms the validity and effectiveness of the recommendation engine.

It is important to note that the recommendations generated by the proposed framework
are primarily based on the candidate’s cognitive and aptitude profile derived from
DAT measures. Although aptitude is an important indicator of occupational
suitability, career decision-making is inherently multidimensional and may also
depend on personality traits, vocational interests, and other factors. Consequently,
aptitude-only recommendations may occasionally produce mismatches with
candidate interests or bias toward careers aligned strongly with measurable cognitive
abilities. Therefore, the current framework is intended to function as a decision-
support tool for career counsellors rather than a fully autonomous recommendation
system. Counsellors are expected to further interpret the recommendations by
incorporating personality characteristics and vocational interests to provide more
holistic career guidance. Integration of personality and vocational interest frameworks
such as Big Five and Holland/RIASEC models remains an important direction for

future work.
10.3. Performance Evaluation of Recommendation Engine

The accuracy, precision, recall and F1-score were some of the performance metrics
used to measure the performance of the recommendation engine. Accuracy measures
the general correctness of the system's predictions. Precision examines the
dependability of positive forecasts in terms of the cost of false positives. Recall, in
turn, measures the system capacity to recognize all the relevant positive cases and can
emphasize the cost of false negatives. Fl-score is an attempt to strike a balance

between precision and recall as the harmonic mean of the two. It guarantees a
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thorough assessment of the model's performance under the situations where false

positives and false negatives are important factors.

Accuracy gives a first gauge of the validity of a system. It is the ratio of correct
predictions to the total number of predictions made. To evaluate the general reliability
of our recommendation engine, we relied on the accuracy metric. The standard
formula expressed in Equation 16 is employed to calculate the accuracy of the

recommendation engine.

TP +TN

A —
Y T TP L TN + FP+ FN

(16)
Where:

TP = True Positives
TN = True Negatives
FP = False Positives
FN = False Negatives

Table 13 showcases the overall accuracy metrics of the proposed career
recommendation engine, considering its Diverse Recommender Module and

Refinement Recommendation Modules.

Table 13.Accuracy Metrics for the Diverse Recommender Module and Refinement Recommendation
Modules

Models Accuracy
Diverse Recommender 0.99220
RefMod1 0.99468
RefMod2 0.99729
RefMod3 0.99615
RefMod4 0.99511
RefMod5 0.99703
RefMod6 0.99292
RefMod7 0.99488
RefMod8 0.99434
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Precision is an important metric in a multi-class career recommender system. It is
important that candidates are not guided towards career suggestions that do not align
with their abilities. This is significant as the system provides several career cluster
recommendations ranked by their level of relevance. A high precision indicates that
the recommended clusters are highly relevant and that the system produces few false
positives. This helps candidates trust the career suggestions generated by the
recommendation engine. The precision of the recommendation engine is calculated
using Equation 17.

TP

P isi = —
recision TP — FP

(17)

Table 14 shows that the precision of all modules in the recommendation engine
exceeds 99%. This is a strong indication that candidates can reliably depend on the

career recommendations provided by the system.

In our study, the metric recall is also significant. It guarantees all relevant career
clusters are recommended to the candidate. A low recall indicates that the system fails
to include pertinent careers in its recommendation outputs. This will potentially limit
the candidate's options. Recall is computed using the standard formula, given in
Equation 18.

Table 14.Precision Metrics for the Diverse Recommender Module and Refinement Recommendation
Modules in the Proposed Model.

Models Precision
Diverse Recommender 0.99223
RefMod1 0.99472
RefMod2 0.99729
RefMod3 0.99618
RefMod4 0.99512
RefMod5 0.99704
RefMod6 0.99297
RefMod7 0.99491
RefMod8 0.99436
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TP
Recall = ——
= TP I EN (18)

Table 15 demonstrates the system’s effectiveness, as indicated by its exceptionally

high recall measure, in suggesting all relevant career clusters in its recommendations.

Table 15. Recall Metrics for the Diverse Recommender Module and Refinement Recommendation
Modules

Models Recall
Diverse Recommender 0.99221
RefMod1 0.99468
RefMod2 0.99729
RefMod3 0.99615
RefMod4 0.99511
RefMod5 0.99703
RefMod6 0.99292
RefMod7 0.99488
RefMod8 0.99434

The recommendation engine should provide quality career recommendations, which
can be measured in terms of precision. It is also important that the system does not
fail to consider any relevant careers thus providing sufficient recall. The F1-score is a
balanced score that represents both precision and recall at the same time. Therefore,
the F1-score evaluation is a robust technique of gauging general performance of the
recommendation engine. F1-score of our system is estimated as harmonic mean of
precision and recall, as defined in Equation 19.

19« Precision x Recall

Precision + Recall

(19)

Table 16 reveals that the recommendation engine has maintained a strong balance
between precision and recall, thus showing that it is able to suggest all the relevant
career paths at the same time maintaining high precision during the recommendation

process.
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In short, the findings show the system demonstrated an excellent performance
whereby testing accuracy was over 99% in the top-level Diverse Recommender
Module and the sub-level Refined Recommendation Module. Moreover, the key
performance metrics such as precision, recall and F1 score were all above 99,
indicating that there was a high degree of harmony between the measurements. This
high consistency supports the strength and stability of the predictive functions of the
model in a wide performance dimension.

Table 16.F1-Score Metrics for the Diverse Recommender Module and Refinement Recommendation
Modules.

Models F1 Score
Diverse Recommender 0.99220
RefMod1 0.99468
RefMod2 0.99729
RefMod3 0.99615
RefMod4 0.99510
RefMod5 0.99703
RefMod6 0.99292
RefMod7 0.99487
RefMod8 0.99434

The proposed system showed very strong predictive performance - precision,
accuracy, and recall were all close to 0.99. We used an 80:20 train - test split; without
augmentation the model’s accuracy was 0.76. To improve generalisation and reduce
overfitting, Gaussian noise was added to the training data and duplicates from
augmentation were removed to avoid memorisation. Testing on the original non-
augmented samples produced consistent results, suggesting the model preserved
underlying data patterns. 5-fold cross-validation was performed on individual
classifiers. Experts reviewed the recommendations; however, additional evaluation is
recommended to ensure results are not overly optimistic and to check for any
unintended data leakage.

10.4. SHAP Explainer Analysis: Interpreting the Recommendation Engine’s

Behaviour and Its Recommendations

This section examines different features of the SHAP explainer module, including the
validity of the explainer in terms of local accuracy measures, global explanations of

the overall behaviour of the recommendation engine, and local explanations of
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individual recommendations made by the SHAP explainer. We use different SHAP
visualisation techniques to offer insight into the decision-making process of the
model. This includes summary plots and beeswarm plots to examine overall model
behaviour, as well as force plots, decision plots, and waterfall plots to illustrate
individual predictions made by the system, providing transparency in its decision-

making process.
10.4.1. Evaluating Validity of the SHAP Explainer

To use the SHAP explainer that has been built on the recommendation engine and the
underlying dataset, it is essential to validate the explainer to verify if it faithfully
explains the recommendations generated by the recommendation engine. It should
ensure that the sum of SHAP values correctly reconstructs the model's prediction. If
the local accuracy does not hold, the SHAP explainer will be inconsistent with the
model’s behaviour. This section does a local accuracy analysis of the generated SHAP

explainer.
We considered the user profile:
USER _PROFILE (NA, AR, VR, MR, SR, VA) = [65, 60, 66, 25, 24, 59]

Once this particular record was fed to our recommendation engine, the system

predicted a career cluster labelled 200.
To evaluate local accuracy, we used the standard equation 20:
Local Accuracy =f(x) = g(x) = ¢y + XM, ¢y (20)
Where,
f(x)  :The predicted value of the recommendation engine,
g(x)  : The approximation of the model prediction by the SHAP Explainer,
bo : The expected output or the base value of the model across the dataset,

bi : The Shapley value of feature i, to the model’s prediction,
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M : Total number of features present in the model.
Here we have:

f(x) =200, predicted label.

SHAP explainer’s base value for the model,

bo =557.1110703812317

Shapley values of the features (NA, AR, VR, MR, SR, VA) generated for the predicted

class

= [ -52.00565738, -45.4643695, -9.70420332, -68.92581867, -165.69422043,
-15.31680108]

Applying Equation 20,

g(x)= 557.1110703812317 + (-52.00565738 + -45.4643695 + -
9.70420332 + -68.92581867+ -165.69422043+-15.31680108)

=200

=fx)

f(x)=g(x)=200 ensures that the generated SHAP Explainer provides an accurate and
faithful approximation of the model and that the explanation is locally faithful.
Furthermore, it suggests the model is transparent, as its decision-making process is
interpretable for this specific input using our SHAP explainer object. Thus, the
explainer can be used to explain the recommendations generated by the
recommendation engine. Based on this evaluation and the established validity of the
explainer, the following section will present the global and local interpretations of the

recommendation engine using the explainer.
10.4.2. Global Interpretation: Analyzing Model Behaviour Using SHAP Explainer

Using SHAP summary plots, including bar plots and beeswarm plots, the most
influential features among Numerical Ability (NA), Abstract Reasoning (AR), Verbal
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Reasoning (VR), Mechanical Reasoning (MR), Space Relations (SR), and Verbal
Ability (VA) across the entire dataset were identified. As illustrated in Figure 25, MR,
SR, and NA emerge as the most important decision-making features in career
prediction across the entire dataset. This indicates that features, Mechanical
Reasoning (MR), Space Relations (SR) and Numerical Ability (NA) are the most
discriminative features that help the recommendation engine to differentiate between
career clusters when recommending careers in general. This also suggests that
variations in features, MR, SR, and NA will produce larger shifts in the model’s

prediction.

0 10 20 30 40 50 60
mean(|SHAP value|) (average impact on model output magnitude)

Figure 25. Summary Bar Plot: Feature-Value Based Feature Importance Analysis.

The beeswarm plot, Figure 26, reveals that higher values of most of the features-
especially that of MR and SR- have a positive impact on class discrimination,
specifically in career cluster selection from the dataset. While features VA, AR, and
VR also have a positive impact on class selection, NA exhibits a unique behaviour. In
some cases, its higher value guides the recommendation engine towards a specific
cluster of careers, while in some other cases, its lower value favours a different set of
careers, indicating 1its varied influences across different career cluster

recommendations.

135



Results and Discussions

High
MR
SR
@
=
NA S
v
VA com 2
©
frd
AR R
VR .+-o
- - - - - - Low
-200 -100 0 100 200 300
SHAP value (impact on model output)

Figure 26. Beeswarm Plot: Feature-Value Based Feature Importance Analysis
To further confirm feature importance across the entire dataset, we employed
Permutation Importance analysis (Altmann et al., 2010), while acknowledging that
the SHAP summary plot and beeswarm plot can exhibit better insights than

Permutation Importance feature analysis.

Permutation Feature Importance evaluates how shuffling the values of a feature
affects the model's performance. The importance score of a feature j is calculated

using Equation 21.

I = M(X) - M(XZ,,,,) (21

Where:
X is the dataset,
X perm is the the dataset where feature j is randomly selected,
M(X) is the model performance metric (accuracy).

This analysis, as illustrated in Table 17, confirms that Mechanical Reasoning (MR),
Space Relations (SR) and Numerical Ability (NA) are the most influential
characteristics in career cluster selection. The above 3 features (MR, SR, and NA) had
scores more than 0.3 meaning that they are very essential in the prediction process of

the model. The values lie between 0.1420 (VR) and 0.3838 (MR), which suggests that
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every feature has a moderate level of significance in the model’s output. The analysis

validates the observations provided by the SHAP summary plot and beeswarm plot.

Therefore, the Permutation Importance analysis supports the fact that MR, SR, and
NA play a central role in career cluster determination as well. To sum up, both the
Summary plot analysis and the Permutation Importance analysis point to the fact that
Mechanical Reasoning (MR), Space Relations (SR), and Numerical Ability (NA) are
the most powerful in the model recommendation. Other features like the Abstract
Reasoning (AR) and Verbal Reasoning (VR) also affect career selection, but in a

smaller degree and more evenly distributed through all the career clusters.

Table 17. Feature Importance Comparison Using Permutation Importance Analysis.

Feature Name Permutation Importance Score
Mechanical Reasoning (MR) 0.38
Numerical Ability (NA) 0.36
Space Relations (SR) 0.33
Verbal Ability (VA) 0.26
Abstract Reasoning (AR) 0.21
Verbal Reasoning (VR) 0.14

10.4.3. Local Interpretations: Understanding Individual Career Recommendations

This section attempts to justify why the model makes particular predictions of the
class labels for individual instances. In order to do so, we instantiated a SHAP
explainer object through the predict method of the classifier and used the SHAP plots
including the force plot, decision plot, and waterfall plot. These plots explain how the
feature-specific SHAP values of the input instance cause it to shift the model's
prediction towards the desired predicted label from its base value, giving a better

insight into how the model makes a decision (Lundberg and Lee, 2017).
We considered a sample candidate test result:
User profile = {

Numerical Ability: 65,
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Abstract Reasoning: 60,
Verbal Reasoning: 66,
Mechanical Reasoning: 25,
Space Relations: 24,

Verbal Ability: 59

}
i.e., USER PROFILE (NA, AR, VR, MR, SR, VA) = [65, 60, 66, 25, 24, 59]

Once this particular record was fed to our recommendation engine, the system

predicted the career cluster labelled 200 as depicted in Figure 27.

Next, we applied SHAP Explainer’s visualisation tools to explain the
recommendations, shown in Figure 27, made by our recommendation engine for this
particular user profile. Figure 28 demonstrates how the force plot explains the model’s
prediction for the given user profile. It specifically shows how higher values of NA
and AR, along with lower values of MR and SR, significantly contribute to shifting
the model’s prediction from its base value (557.1) to the predicted value (200). The
explainer clearly highlights that features such as Numerical Ability (NA) and Abstract
Reasoning (AR) are key aptitudes for the recommended career cluster, as depicted in
Figure 28. Almost all careers in this cluster, according to established domain
knowledge, require mathematical and problem-solving skills, while Mechanical
Reasoning (MR) and Space Relations (SR) are less relevant. If MR and SR had higher
positive values, the recommendation engine might have suggested a different career
cluster for the candidate. Thus, the explainer provides a mature explanation of the

recommendation generated by the recommendation engine.
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Figure 27. Career Recommendations Made by the Model for the Given Candidate Profile.
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Figure 28. Force Plot Illustrating How the Marginal Contribution of Each Feature Value in the
Model's Prediction

Figure 29 presents the same idea using a decision plot by extending the explanation.
The plot illustrates how feature contributions accumulate along the prediction path.
Furthermore, Figure 30 reiterates this information in a static audit view of the
reasoning using a waterfall plot. All these plots (force plot and decision plot, and
waterfall plot) illustrate the prediction process in terms of the marginal contributions

of feature values through their Shapley values.

139



Results and Discussions

200 300 400 500 600 700 800 200
[ —
SR T~
MR
NA 1)
AR h.175)
VA (-0.133)
VR \| (-0.067)
200 300 400 500 600 700 800 200

Figure 29. The Decision Plot I[llustrates How Different Feature Values Contribute to the Model’s
Prediction.
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Figure 30. Waterfall Plot Providing a Static Audit View of the Model’s Reasoning

To verify the validity of this explanation, we did a feature importance analysis of the
predicted career cluster labelled 200 using class-level(item-level) SHAP summary
plots. The summary bar plot (Figure 31) indicates that, for the selected career cluster,
labelled 200, the features such as Numerical Ability (NA) and Space Relations (SR)
are the most influential. However, based on well-established domain knowledge in
differential aptitude tests, we know that SR is not an important aptitude needed for
this recommended career cluster labelled 200. This issue was further investigated
using a beeswarm plot, shown in Figure 32, which clarifies that a higher value of NA
positively contributes to the career cluster selection, whereas a lower feature value of
SR generates a higher Shapley value contributing positively to this selection. This
indicates that if SR were high, the recommendation engine would not have

recommended this career cluster for the given user profile.
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Figure 31. Summary Bar Plot of Career Cluster 200 Illustrating the Significant Features
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Figure 32. Summary Beeswarm Plot Depicting the Feature Importance for Career Cluster Labelled
200.

Additionally, the beeswarm plot shows that as the value of MR decreases, its SHAP
value increases for this career cluster, and this observation is binding for this career
cluster as per DAT. Therefore, the system's prediction for the input instance and the
explanation provided by the explainer are largely valid according to the feature
importance analysis of the selected career cluster. This ensures the reliability of the
SHAP explainer and, thus, it can be used for providing explanations for the

recommendations generated by the recommendation engine.
10.4.4. Analysing Class-Specific SHAP Explanations

In this section, with the SHAP explainer, we aim to explain why a particular class is
predicted and why another is not, thus providing insights to the user about why they

are recommended for one career cluster over another.
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In the previous section, we utilized an explainer built on the predict method of the
underlying classifier. This approach helped explain why the final class label was
predicted by showing how feature values influenced the overall prediction. However,
it did not support class-specific analysis using the SHAP explainer, as it only showed
how feature values shifted the model’s prediction from the base value to the final
predicted class label without breaking down the contributions for each possible class.
Since the model is a multiclass classifier, it is more effective to build the SHAP
explainer object using the predict proba method of the classifier for class-specific
analysis based on the expected values and SHAP values for each class. This approach
helps us understand the model’s probabilistic reasoning by showing how features shift
the model’s prediction from class-specific base values to the predicted value. This
benefits the end user to make more informed decisions when selecting their career

path. We used force plots, decision plots, and waterfall plots to illustrate this.

For class-specific analysis, we utilized the same standardised user profile which we

used in the previous analysis:

USER_PROFILE (NA, AR, VR, MR, SR, VA) =

[1.65079783, 0.1751207, -0.06732215, -0.89514629, -1.77507484, -
0.13278312]

When input into the model, it predicted a probability of 1.00 for the career cluster
labelled 200. We did a class-specific analysis for this predicted career cluster using

our SHAP Explainer.

Employing SHAP visualisation techniques like force plot, decision plot and waterfall
plot, we demonstrated the impact of each feature on the output probability. The
decision plot, shown in Figure 33, visualises how these features contribute to shift the
prediction from the base value (0.02) of the career cluster to the predicted probability
value of 1.00.

Observing each feature’s spread, we noticed that NA, AR, and VR have relatively
higher(positive) values, while MR and SR have lower (negative) values. And the

resultant Shapley value-based plots show that all the feature values marginally
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contributed to the predicted probability. Notably, lower values of MR and SR

increased the likelihood of selecting this career cluster.

—0.75 —0.50 —0.25 0.00 0.25 0.50 0.75 1.00
NA (1.352)
SR (-1.283)
WA (0.465)
AR (0.614)
VR (0.617)
MR / (-1.215)

—0.75 —0.50 —0.25 0.00 0.25 0.50 0.75 1.00

Model output value

Figure 33. Feature Contributions to Individual Prediction: Class-Specific Analysis Using Decision
Plot.

We further explored whether a candidate with the same user profile, analyzed in the
previous section, might be suitable for a quite different career, like an Architect. This
investigation involved analyzing the candidate profile against the Shapely values for
the target career cluster containing the career Architect, labelled 900. The SHAP plot,
shown in Figure 34, clearly illustrates why the candidate’s profile may not align well
with the target career. The likelihood of selecting the career cluster labelled 900 for

the given candidate profile is approximately 0.00.

0.000 0.005 0.010 0.015 0.020 0.025 0.030
L ——
SR T (-1.p83)
MR \ (-1.315)
o
\\
AR . (0.814)
VA / (0.465)
VR / (0.617)
!
NA [ (1.352)
0.000 0.005 0.010 0.015 0.020 D.025 0.030
Model output value

Figure 34. Decision Plot Explaining Why the Given Career Cluster May Not Align with the
Candidate’s Profile.

The plot reveals that low scores in the Space Relations (SR), along with the poor

scores of Abstract Reasoning (AR) and Mechanical Reasoning (MR), do not justify
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the candidate to choose a career in Architecture. This observation is consistent with
the domain knowledge. This fact indicates that people with low spatial reasoning and

abstract reasoning abilities are probably not fit to work in Architecture.

The analysis of the results revealed that the SHAP explainer is a useful tool that can
be used to understand the recommendations that our proposed system produces. The
explainer module provided acceptable explanations for each prediction using local
explanations. The explainer also gives insights into the overall model behaviour
through global interpretations. These explanations are consistent with established
domain knowledge. This suggests that the explainer model can be successfully applied
to provide insightful information to the model builder and, to a degree, to an expert
end user, like a career counsellor. This supports the usefulness of SHAP in bringing

better transparency and interpretability to recommender systems.

Considering the proposed recommendation engine, the SHAP explainer provides
valid and meaningful global and local interpretations for its recommendations. The
global interpretation reveals that Mechanical Reasoning (MR), Space Relations (SR),
and Numerical Ability (NA) are the most crucial features in its overall career
recommendation process. Abstract Reasoning (AR) and Verbal Reasoning (VR) also
contribute to career suggestions, but their impact is comparatively lower than MR,
SR, and NA. This is because almost all careers inherently require AR and VR to a
significant extent. But changes in MR, SR, and NA will make a significant impact on
the model’s recommendation process. This indicates that candidates with strong MR,
SR, and NA have a diverse set of career paths. The local explanations via different
SHAP plots also showed how different features influence the recommendations for a
given user profile. These influences were consistent with the insights provided by
domain experts. This is also supported by the local accuracy evaluation. These facts
highlight the explainer’s ability to accurately interpret recommendations. Thus, the
explainer enhances transparency in the recommendation engine’s decision-making

process.

Finally, the study identifies different levels of explanation for different stakeholders.

Model developers can use SHAP visualisations such as bar plots and beeswarm plots
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to understand global feature importance and fine-tune the model. Force plots, decision
plots, and waterfall plots can help both model developers and technically trained
career experts analyse individual predictions, whereas SHAP-guided natural-language
explanations can help career counsellors, students, and parents understand the

rationale behind the system recommendations.

10.5. Analysis of the Final Natural Language Justifications Generated from

the Hybrid Explainability Framework

While the SHAP explainer provides explanations for the recommendations through
visualisation plots, a typical user, such as a student, may find these difficult to
interpret. This section explains how the textual explainer enhances interpretability by
providing clear, natural language explanations for the reasoning behind the

recommendations.

Considering the sample candidate test result, i.e, the user profile: USER_PROFILE
(NR, AR, VR, MR, SR, VA) =[65, 60, 66, 25, 24, 59].

The system generated the recommendations as shown in Figure 35 for this user

profile.
candidate’'s test data
60 candidate's test result
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Figure 35. Recommendations Generated by the System Matching for a User Profile.
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The following sections discuss the results of local and global interpretations based on
Shapley values, their resultant textual explanations via Algorithm 1, Algorithm 2 and
Algorithm 3, and final comprehensive natural language justification generated by the

hybrid explainability framework for the above recommendation.

10.5.1. Analysis of Textual Explanations for Individual Recommendations Using the
Explainability Framework

For the USER_PROFILE (NA, AR, VR, MR, SR, VA) =[65, 60, 66, 25, 24, 59], and
the corresponding career recommendations (given in Figure 35), this section will

analyze the local explanation generated by the system in natural language.
After applying standardization, the transformed feature values are:
[1.69090851, 0.19389258, -0.05227239, -0.90342015, -1.79073424, -0.11755611]

The Shapley values of the features for the given user profile for the predicted class

are:
[0.44310025, 0.07924637, 0.0609078, 0.09494073, 0.24430919, 0.05990119].

And, the expected SHAP value (base value) for the recommended class is:

0.01759431

The force plot (Figure 36) illustrates the rationale of the systems prediction for the

user profile:

higher = lower

-C 01759 0.2176 0.4176 0.6176 0.8176 1.60 8 1.218
b ) ) ) )

VA =-0.1176 | VR = -0.05227 | AR = 0.1939 | MR = -0.9034 SR =-1.791 NA = 1691

-0.1824

Figure 36. Force Plot Illustrating the Marginal Contributions of Features to the Model Prediction.

The instance-specific local explanation module employing Algorithm 1 generated the

following explanation:

o The high Numerical Ability skill (value: 1.6909, impact: 0.4431) contributed

45.1%, increasing the likelihood of recommending this career cluster.

o The high Abstract Reasoning skill (value: 0.1939, impact: 0.0792) contributed

8.1%, increasing the likelihood of recommending this career cluster.
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o The low Mechanical Reasoning skill (value: -0.9034, impact: 0.0949)
contributed 9.7%, increasing the likelihood of recommending this career

cluster.

e The low Spatial Relation skill (value: -1.7907, impact: 0.2443) contributed

24.9%, increasing the likelihood of recommending this career cluster.

o The low Verbal Ability skill (value: -0.1175, impact: 0.0599) contributed

6.1%, increasing the likelihood of recommending this career cluster.

e The low Verbal Reasoning skill (value: -0.0523, impact: 0.06091) contributed

6.2%, increasing the likelihood of recommending this career cluster.

The explanation aligns with the visual interpretation illustrated in the force plot
(Figure 35). The textual explanation correctly informs the candidate that their
Numerical Ability (NA), and Abstract Reasoning skill (SR) are the primary factors
for recommending this particular career cluster by the system. Mechanical Reasoning
(MR) and Space Relations (SR) are less influential in recommending this career. This
explanation provides a clearer and more meaningful interpretation for ordinary users,
such as students, who may not have the technical background to understand graphical

outputs.

10.5.2. Analysis of Item-Level Textual Description Generated Via Global Class-
Specific Shapley Values

For the career cluster recommended in Figure 35 by the recommendation engine,
corresponding to the user profile USER _PROFILE (NA, AR, VR, MR, SR, VA) =
[65, 60, 66, 25, 24, 59], a feature importance analysis was performed using the
Shapley values of the cluster’s features. The results are illustrated with a SHAP

beeswarm plot in Figure 37.
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Figure 37. Summary Beeswarm Plot Illustrating Feature Importance for the Career Cluster Labelled
200.

For this career cluster (Figure 35), using Algorithm 2, a feature importance analysis
was carried out leveraging class-level global Shapley values. Table 18 presents the
Pearson correlation between each feature and its corresponding Shapley value, using

positive correlations only, to assess feature importance.

Table 18.Correlation Between Feature Values and Corresponding SHAP Values

Feature Correlations (SHAP vs Feature values)
Numerical Ability 0.55
Verbal Ability 0.21
Abstract Reasoning 0.10

Algorithm 3 translated these features' importance details, presented in Table 18, into

the natural language description of the career cluster. As shown below:

Feature Numerical Ability has very strong significance as far as this cluster is

concerned.

Feature Verbal Ability has moderately high significance as far as this cluster is

concerned.

Feature Abstract Reasoning has a moderately high influence as far as this cluster is

concerned.

This natural language, feature-driven description of the career cluster is largely

accurate from a domain knowledge perspective, as it identifies the key features.
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However, the description of Abstract Reasoning (AR) does not accurately reflect its
significance. This can be improved by augmenting the description with additional

domain knowledge.
10.5.3. Analysis of Natural Language Explanation Generated Via Fusion Layer

For the user profile, USER_PROFILE (NA, AR, VR, MR, SR, VA) =[65, 60, 66, 25,
24, 59] and the generated recommended career cluster (Figure 39), the instance-
specific natural language explanation (local explanation presented in section 10.5.1)
and item-level textual description (class-level global explanation presented in section
10.5.2), were fed to the LL.M-assisted fusion layer with its systematically created
prompt. The following final natural language explanation was generated for the

recommendation:

“The recommendation is well justified by the close alignment between the student’s
aptitude profile and the characteristics of the target career cluster. The student
demonstrates a particularly high score in Numerical Ability (NA), which serves as the
key determinant for this cluster and therefore holds the greatest influence on the
outcome. The Abstract Reasoning (AR) score is moderately above the mean,
satisfactorily matching the cluster’s requirement. Although Verbal Ability (VA) falls
slightly below average, it remains within an acceptable range for a feature of
moderate relevance. The remaining attributes, such as Mechanical Reasoning (MR),
Space Relations (SR), and Verbal Reasoning (VR), are relatively lower. But their
reduced values exercise a favourable effect on the overall recommendation. This
indicates that these factors are either of lesser importance or inversely related to the
features defining the cluster. Hence, the recommendation is supported by the strong
correspondence between the student’s key strengths and the critical attributes of the

recommended career cluster.”

This explanation is largely consistent with established domain knowledge. The
framework identifies NA and AR as important factors for the recommended career
cluster, which aligns with domain knowledge. While VR is considered important for

the cluster, the system identifies the feature as having a limited scope, a slight
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contradiction of domain knowledge. This inconsistency is due to the data-driven
explanation mechanism used in its explainability architecture, operating without

domain-specific inputs, which is a limitation of the framework.

The proposed SHAP-NLG explainability framework primarily relies on data-driven
feature attribution without incorporating explicit domain constraints or expert-defined
reasoning rules. The explanations generated by the framework are based on SHAP
values computed from domain-specific aptitude features and therefore capture
statistically significant feature contribution patterns relevant to the recommendation
context. Consequently, the framework is capable of addressing domain-related feature
interactions to a considerable extent. However, certain explanations may occasionally
differ from established domain expectations regarding the relative importance of
specific aptitude factors for particular recommendation clusters, since SHAP
explanations reflect statistical learning patterns rather than explicit expert
psychological reasoning processes. To address this issue, the proposed work
incorporated expert evaluation of both the recommendations and the generated
explanations. Therefore, although the framework improves transparency and
interpretability, further integration of domain expert knowledge and expert-guided
validation mechanisms may enhance the semantic alignment and contextual reliability

of the generated explanations.

10.6.Comparative Analysis: The Proposed Framework Against Existing

Approaches

The interpretability framework that has been proposed employs data-driven (feature-
driven) procedures to generate natural language explanations to provide a clear
justification of how and why the system makes the recommendations it does. This
offers significant benefits compared to the existing explainability systems. The
differences between the proposed framework and the older methods are shown in

Table 19.
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Table 19. Comparison of the Proposed Explainability Framework with Existing Approaches.

Study Explanation Output Limitations The proposed work
method format
(Yang et al., Contextualized Graph Context-aware v' Provides context-
2023) Knowledge reasoning but not user- aware and user-
Graph + (meta-paths) friendly friendly
Transformer over explanation explanations that
meta-paths are easy to
(Tran, 2023) LIME, SHAP Feature Designed for interpret.
(local), Importance + | technical v Combines visual
EBM/DPEBM Topic interpretability and textual
(global), TF-IDF, | keywords rather than end- outputs to suit
LDA user accessibility both expert and
(Shams et al., LIME-based Numeric Limited to v ?on expertusers.
2024) XAI with feature expert users; ntegr%tes
contextual importances lacks a textual SHAP’s local and
features narrative global .
interpretability
(Tang et al., SHAP for feature | Visual Not accessible to features for
2024) attribution explanations non-specialists detailed insight.
(SHAP plots) v Highlights key
feature
contributions
through clear,
natural-language
explanations.
v" Enhances

transparency and
strengthens user
confidence in the
recommendations.

The comparison shows that existing explainable recommendation systems mainly

focus on technical interpretability through feature importance scores, SHAP plots, or

graph-based reasoning, which are often difficult for non-expert users to understand.

The proposed work improves accessibility by combining visual explanations with

natural-language interpretations that clearly describe feature contributions. In

addition, the integration of both local and global SHAP-based interpretability

enhances transparency, usability, and user confidence in the recommendation process.

10.7. Expert Evaluation of the Career Recommendations and Related

Explanations

An expert evaluation was carried out on the recommendations and related

explanations. Ten career experts, well-versed in the counselling process and
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Differential Aptitude Tests, were provided with 16 unique candidate profiles. The
candidate profiles are systematically selected to include diverse career paths, covering
approximately 33% of career clusters in the dataset. The expert’s evaluation provided
a generally positive response with the average rating values on a five-point Likert
scale ranging from 3.4 to 4.6 for the systems’ recommendations and from 3.7 to 4.4
for the related explanations across the 16 profiles. The distribution of mean expert
satisfaction scores on a five-point Likert scale for the recommendations and the

related explanations across the 16 user profiles is illustrated in Figure 38.
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Figure 38. Mean Expert Ratings for Each Profile on a Five-Point Scale (1 = Not satisfactory, 2=
Slightly satisfactory, 3 = Moderately satisfactory, 4 = Satisfactory,5 = Highly satisfactory). As
Presented in Author’s Published Work (Rahim & Basheer, 2025b) Under a CC BY License

There are slight variations in the system-generated explanations against experts’
knowledge. Additional mechanisms such as expert-reviewed explanation templates,
reliability thresholds on SHAP values, and rule-based validation to detect
explanations that conflict with domain knowledge can be included as possible future
enhancements to strengthen explanation reliability.

10.8.Analysis of the Dynamic Career Expansion Module

The Dynamic Career Expansion Module is introduced to make the system scalable.
This will make the system capable of recommending ever-evolving careers that are
not present in the training dataset. This is done through a semi-supervised approach.
When a new career is introduced, its ability profile is determined by a career expert

and fed to the recommendation engine in disguise as a user aptitude profile. The
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recommendation engine then suggests the most suitable existing career cluster for this
career. The career is automatically added to the suggested cluster, making it available

for recommendation to a suitable user profile in the future.

To evaluate the validity of the process, a new career, Machine Learning Engineer,
which is not in the training dataset, is selected, and its aptitude parameters are

determined by a career expert as shown below:

ML Engineer (NA, AR, VR, MR, SR, VA) = [81,67,74,30,42,73], which is depicted in

Figure 39.
ML Career Profile/User Profile
80 -
—— candidate's test result
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= 60 -
=
a
e
2 40
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Figure 39. ML Career Profile

When this particular profile was fed to the system, the recommendation engine

provided target career cluster label 903 as shown in Figure 40.

Recommnded Cluster- class label: 903
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Figure 40. Suggested Career Cluster for the ML Engineer Career Profile.
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The Dynamic Integration Module present in the DCEM automatically added this new
career to the suggested career cluster 903. Then, when a new user profile aligned with
the newly added career was fed to the system, it recommended the career cluster
labelled 903 containing the newly added career, ML Engineer, as illustrated in Figure

41.

Recommnded Cluster- class label: 903
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Figure 41. Illustration of Dynamic Career Expansion.

Thus, the DCEM module effectively addresses the scalability issue in the ever-
evolving career landscape. The limitation of the system is the need for a career expert
proficient in the differential aptitude test to profile new careers for their aptitude
profile. The system is semi-supervised, where a man-machine combination is needed

for proper functioning, which needs to be addressed further.
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CHAPTER 11
CONCLUSION

This chapter summarises the key findings of this research, highlights its
methodological and practical contributions, acknowledges its limitations, and

proposes directions for future work.

The study presents an explainable, hierarchical, and multi-tiered career recommender
system. It provides a new architecture for recommendation engines, which can be
adapted to other domains as well. Its novel hierarchical and multi-tiered
recommendation framework facilitates data-driven diversity in the recommendation
process. The innovative explainability framework introduced in this work can provide
data-driven (feature-driven) natural language explanations for recommendations
generated by recommendation engine. This framework can also be adopted in other
domains. The study also introduces a first-of-its-kind career dataset based on aptitude
profiles to address the classical problems of data sparsity and cold start limitations in
career recommender systems. To address the ever-evolving nature of the career
landscape, the study proposes a semi-supervised solution, thus making the
recommender system scalable and adaptable for future use. While maintaining high
accuracy, precision, and F1-score, the system showcased its usability through experts’

evaluation.

With the improved access to career advice, this work has the potential to deal with
important issues such as high dropouts in higher educational institutions and job
switches in industries. This system can fill the career counselling gap in a country like
India, where the career counsellor-to-student ratio is extremely low and thus, all
students can be given a personalized and data-driven career advice, helping them to

make informed choices and an employable and skilled workforce.
11.1 Summary of Findings

This study aimed to develop an explainable, hierarchical and multi-tiered career

recommender system with dynamic career expansion to provide personalised
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recommendations to secondary students aligned with their aptitude profile. The main

findings are:

1.  Enhanced Career Diversity Through a Novel Hierarchical and Multi-Tiered
Recommendation Engine Architecture: The recommendation engine, which is
developed based on a novel hierarchical and multi-tiered architecture,
outperforms the conventional recommendation models because the architecture
enables providing wider and more diverse sets of career recommendations.
Whereas traditional recommender systems offer a small pool of choices, the new
multi-tiered framework can guarantee that candidates are presented with a
broader range of various career opportunities that are relevant to their aptitude
profiles. This systematic method increases career exploration with various

options instead of choosing from a limited set of suggestions.

2. Improved Interpretability and Transparency Through an Innovative Hybrid
Explainability Framework: The innovative explainability framework made the
proposed recommendation engine highly interpretable. Through the use of
SHAP-based natural language explanations, the framework makes the
recommendation process transparent to the users, including those who do not
have technical knowledge. Moreover, the framework can be customized to a
wide range of recommendation systems in various fields. And thus, the system
complies with the tenets of responsible artificial intelligence, promoting equity,

trust, and user confidence in its recommendation process.

3. High-Accuracy Career Recommendations Using Content-Based Filtering:
The proposed recommendation engine with its content-based filtering approach
showcased its efficiency via different performance metrics like accuracy,
precision, recall, and fl-score, all exceeding 99%. This ensures that the
recommendations are reliable with low false positives, and the system can
retrieve all relevant career choices for the candidate, proving its comprehensive

coverage in career recommendations.

4.  Comprehensive Career-Aptitude Dataset Encompassing Real-World Career

Options: The study developed a comprehensive career dataset containing 612
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11.2.

unique careers based on differential aptitude tests. The dataset includes almost
all real-world careers and is built by utilising the O*NET ability profiles. Thus,
the recommendation engine built upon this dataset can recommend almost all
real-world careers to a candidate based on their aptitude patterns. This ensures
the system’s ability to provide diverse career choices to a candidate, allowing
him or her to further fine-tune these choices based on vocational interests and

personality traits.

Scalable Career Recommendations Through a Semi-Supervised Dynamic
Career Expansion Module: The dynamic career expansion module, which is
made with the help of a semi-supervised architecture, enables the incorporation
of continually evolving career paths into its spectrum. This aspect makes the
system relevant in providing career guidance over time. This results in the
system being resistant to long-term obsolescence. Thus, it can be trusted by the
candidates and career counsellors as a long-term career guidance tool. Although
additional improvements may be needed, the system will continue to be aligned

to the ever-evolving career landscape.

Strategies for Addressing Data Sparsity and Cold Start Problems: With a rich
dataset containing 612 unique real-world careers, a dynamic career expansion
module to keep pace with the ever-evolving career landscape, and the effective
use of the Kerala Differential Aptitude Test tool, which is standardised across
the class X population in Kerala considering its socio-economic diversities, the
system can address data sparsity and cold-start limitations making it able to

recommend nearly all real-world careers aligned with the candidate profile.
Contributions of the Research

Advancement in Recommendation Frameworks: This study contributed a
novel architecture for a recommendation system targeting diversity in its
recommendation process. The novelty is achieved by adopting a hierarchical
recommendation process that internally uses its Diverse Recommendation
Module to diversify the recommendations, the Refinement Recommendation

Module to refine these recommendations, and further provides a multi-tiered
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output-ends with a vast array of career choices for a candidate. This architecture
can be adapted to other domains where diversifying the recommendations is

essential.

Enhancing Explainability in Career Recommendations: With an innovative
hybrid explainability framework, integrating SHAP's feature-driven
explanations with NLG techniques, the proposed system enhances transparency
in its recommendation process, targeting non-expert users and expert users alike.
SHAP provides feature attribution-based insights via Shapley values, which are
mathematically grounded, and these Shapley values are translated into natural
language justifications that even a non-technical user can understand. This
hybrid explainability approach ensures transparency and trust in the

recommendation process.

Creation of a Comprehensive Career-Aptitude Dataset: The research
contributed a first-of-its-kind dataset containing 612 unique real-world careers.
The careers have been profiled with their aptitude parameters. The dataset is
adapted from the Occupational Information Network (O*NET) database. From
more than 1000 careers, a significant 612 careers were selected. Their ability
profile features are mapped and adapted to corresponding differential aptitude
parameters to create the dataset. This dataset has been published with open
access permission and can be a valuable resource for future researchers in the

career guidance domain.

Aptitude-Driven Career Recommendation Addressing Data Sparsity and
Cold-Start Limitations: The suggested recommendation engine, which is based
on the content-based filtering model, provides recommendations based on the
aptitude profiles of the candidate. The system produces satisfactory
recommendations in accordance with the candidate profile, and the
recommendations are enriched by diversity. The recommendation engine
addresses the data sparsity and cold-start problems by training it on a high-

quality aptitude-profiled dataset of 612 unique real-world careers. This is also
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reinforced through the integration of the Kerala Differentiated Aptitude Tests,

which is a standardised testing tool used for generating user profiles.

Improving System Scalability and Adaptability: Another contribution is a
semi-supervised scalable architecture for the recommendation engine. The
dynamic career expansion module is a man-machine system where new careers
are profiled by a career expert for their aptitude profile. The career profile is
then fed to the recommendation engine in disguise as a user profile. The
recommendation engine recommends a matching career cluster for the new
career, which is then automatically added to the recommended cluster. This
approach enables the career recommendation engine to recommend ever-
evolving careers, which are not present in the training dataset. This makes the
system relevant over time, and candidates and career counsellors can depend on

it as the recommendations are not obsolete in the long run.
Practical Implications

Real-World Implementation and Adoption: The Department of General
Education, Government of Kerala, has agreed to integrate the outcomes of this
research work with KDAT, and an MoU has been signed in this regard. The
proposed system can support approximately 1,680 career counsellors in
improving the counselling process for more than seven lakh students across
Kerala. However, the current implementation is intended to function as an
additional support tool and may require further enhancement through the

integration of additional counselling dimensions.

Enhancing Career Guidance Accessibility: The work will increase the
accessibility of career guidance to every student in a country like India, where
the career counsellor-to-student ratio is very poor. Once the proposed
recommendation engine is integrated into KDAT, every standard X student in

Kerala can be provided with career guidance based on their aptitude.

Technology-Driven Solution: This work showcases how an Al-driven solution

can be integrated into the education sector. This will facilitate personalized
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education for every student. A recommender system with natural language
interpretable solutions can tackle challenges in the education sector, where

large-scale implementation without technology is challenging.

Provides Direction for Future Research: The proposed work paves the way for
researchers in this domain, with the integration of theoretical foundations in
career counselling, Al-driven solutions, and explainability frameworks. All of
these elements can be further enhanced and can come up with a more holistic
career recommender system. Along with the aptitude profile of the candidate,
vocational interests and personality traits of the candidate can also be considered

in future research.
Limitations of the Research

Dependence on Standardised Aptitude Test Alone: The main limitation of this
work is that the career recommendation process considered only the aptitude of
the candidate and bypassed other aspects such as vocational interests and
personality traits. A holistic career recommender system should consider these

important factors as well.

Limitations in Candidate Engagement and Response Authenticity: Honesty
and commitment of the test taker are very critical in an assessment test. Random
or careless answers in an objective-type test will jeopardize the entire process.
Ensuring student engagement and honesty while taking the test is essential in an

Al-based automated career recommender system.

Limitations in SHAP-Based Explanations and Interpretability: The proposed
innovative explainability framework is purely based on feature-driven (data-
driven) explanations. The Shapley value-based explanation may contradict well-
established domain knowledge. Thus, if the framework is employed in any other
domain, as the framework is adaptable to other domains also, it is essential to
evaluate the explanation by experts in the respective domain. Bias in the dataset

can also badly affect the explanation generated. Additionally, the sentence

160



Conclusion

transformer-based fusion layer can add hallucination in the textual explanations,

which has been currently addressed using a systematic prompt.

Computational Cost and Development Challenges of SHAP Explainer:
Building a SHAP explainer is highly computationally intensive. This creates
obstacles for the model builder as it will affect debugging and fine-tuning the
models due to the time delay between each process. This affects the iterative
improvement of the system as far as a developer is concerned. Thus, the SHAP-

based system creates challenges for optimizing the explanability framework.

Challenges in Dynamic Career Expansion and Expert Oversight: The
dynamic career expansion module has limitations. Even if the module is
effective in delivering scalability to the recommendation engine, an expert's
intervention is required to profile new careers before it is integrated into the
system. This semi-supervised approach restricts the system's potential to

recommend evolving careers.

The proposed system is conceptually adaptable in terms of its recommendation
engine architecture and explainability framework to similar domains. Within the
career recommendation domain, adaptability is supported by the use of
occupational profiles derived from the O*NET database. However, effective
deployment in other educational or demographic contexts other than Kerala
would require customised aptitude assessment tools similar to KDAT to address

regional, cultural, and socioeconomic diversity in user profiling.
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CHAPTER 12
RECOMMENDATIONS

Need for a Holistic Career Recommendation Approach: A holistic career
recommender system should evaluate multiple factors like aptitude,
personality traits, and vocational interests of a candidate, before
recommending careers to a candidate. A system based on aptitude alone will
have limitations in recommending personalized careers to a candidate. Future
work can incorporate these additional dimensions to provide holistic career

recommendations.

Incorporating a Multimodal Career Recommendation Framework: In the
proposed system, diversity in career recommendations is achieved using a
data-driven approach. By employing a hierarchical clustering approach and
generating multiple models, the system provides a diverse array of careers
through its multi-tiered endpoints. This approach can be refined by clustering
the careers into different streams like science, commerce, and humanities.
Based on these divisions of careers, along with the existing data-driven
clustering, more meaningful recommendations can be provided across

different domains.

Enhancing the Dynamic Career Expansion Model for Scalability: There is
scope to improve the proposed dynamic career expansion module. The current
implementation is based on a semi-supervised approach. An expert's
intervention is required in the current implementation. Analyzing labour
market data and career-related websites, new careers can be automatically

identified and added to the system to keep it up-to-date dynamically.
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Appendix A: Original Dataset (Sample entries from about 1000 careers collected
from the O*NET, https://www.onetonline.org)

Title,Element Mame,Scale MName,Data Value,M,Standard Error,Lower CI Bound,Upper CI Bound

Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief
Chief

Executives,Oral Comprehension, Importance,4.5,8,08.19,4.13,4.87
Executives,0Oral Comprehension,level,4.88,8,0.13,4.63,5.12
Executives,Written Comprehension,Importance,4.25,8,0.16,3.93,4.57
Executives,Written Comprehension,level,4.562,8,08.18,4.27,4._98
Executives,Oral Expression,Importance,4.38,8,0.18,4.02,4.73
Executives,Oral Expression,lLevel,5,8,0,5,5

Executives,Written Expression,Importance,4.12,8,06.13,3.858,4.37
Executives,Written Expression,level,4.62,8,0.18,4.27,4.98
Executives,Fluency of Ideas,Importance,3.88,8,0.13,3.63,4.12
Executives,Fluency of Ideas,lLevel,4.62,8,0.18,4.27,4.98
Executives,Originality,Importance,3.88,8,8.13,3.63,4.12
Executives,Originality,lLevel,4.25,8,0.16,3.93,4.57
Executives,Problem Sensitivity,Importance,4,8,0,4,4
Executives,Problem Sensitivity,lLevel,5,8,0,5,5
Executives,Deductive Reasoning,Importance,4.12,8,0.13,3.88,4.37
Executives,Deductive Reasoning,Level,5,8,0,5,5
Executives,Inductive Reasoning,Importance,4,8,0,4,4
Executives,Inductive Reasoning,level,5,8,0,5,5
Executives,Information Ordering, Importance,3.62,8,0.18,3.27,3.98
Executives,Information Ordering,level,4,8,0,4,4
Executives,Category Flexibility, Importance,3.5,8,8.19,3.13,3_87
Executives,Category Flexibility,lLevel,4.12,8,0.13,3.88,4.37
Executives,Mathematical Reasoning,Importance,3.38,8,0.18,3.02,3.73
Executives,Mathematical Reasoning,level,3.88,8,8.23,3.43,4.32
Executives,Number Facility,Importance,3.25,8,8.16,2.93,3.57
Executives,Number Facility,level,4.12,8,08.13,3.88,4.37
Executives,Memorization, Importance,3,8,0,3,3
Executives,Memorization,lLevel,3.12,8,0.13,2.88,3.37
Executives,Speed of Closure,Importance,3.12,8,0.13,2.88,3.37
Executives,Speed of Closure,level,3.38,8,0.18,3.062,3.73
Executives,Flexibility of Closure,Importance,3.38,8,0.18,3.02,3.73
Executives,Flexibility of Closure,lLevel,3.5,8,0.19,3.13,3.87
Executives,Perceptual Speed,Importance,3.12,8,0.13,2.88,3.37
Executives,Perceptual Speed,level,?.88,8,8.23,2.43,3.32
Executives,Spatial Orientation,Importance,1.12,8,0.13,1,1.37
Executives,Spatial Orientation,lLevel,®.12,8,0.13,8,08.37
Executives,Visualization,Importance,3.12,8,0.13,2.88,3.37
Executives,Visualization,lLevel ,3.88,8,08.35,3.19,4.56
Executives,Selective Attention,Importance,3,8,0,3,3
Executives,Selective Attention,level,3.12,8,0.13,2.88,3.37
Executives,Time Sharing, Importance,3,8,8.19,2.63,3.37
Executives,Time Sharing,level,2.88,8,08.23,2.43,3.32
Executives,Arm-Hand Steadiness,Importance,1,8,0,1,1
Executives,Arm-Hand Steadiness,Level,®,8,0,0,0
Executives,Manual Dexterity,Importance,1,8,0,1,1
Executives,Manual Dexterity,level,?®,8,0,0,0

Executives,Finger Dexterity,Importance,2.25,8,0.16,1.93,2.57
Executives,Finger Dexterity,level,2,8,0.19,1.63,2.37
Executives,Contreol Precision,Importance,1.75,8,0.16,1.43,2.87
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Video
Video
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Video
Video
Video
Video
Video
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Video
Video
Video
Video
Video
Video
Video
Video
Video
Video
Video
Video
Video
Video
Video
Video
Video
Video
Video
Video
Video

Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game
Game

Designers,Multilimb Coordination,Importance,1,8,8,1,1
Designers,Multilimb Coordination,level,®,8,0,8,0
Designers,Response Orientation,Importance,1,8,8,1,1
Designers,Response Orientation,level,®,8,0,0,8
Designers,Rate Control,Importance,1,8,0,1,1

Designers,Rate Control,lLevel,®,8,0,0,0

Designers,Reaction Time,Importance,1,8,0,1,1
Designers,Reaction Time,level,?,8,0,0,0
Designers,Wrist-Finger Speed,Importance,1.5,8,8.19,1.13,1.87
Designers,Wrist-Finger Speed,level,®.62,8,08.26,08.11,1.14
Designers,Speed of Limb Movement,Importance,1,8,8,1,1
Designers,Speed of Limb Movement,level,?,8,0,0,0
Designers,Static Strength,Importance,1,8,0,1,1
Designers,Static Strength,lLevel,®,8,0,0,0
Designers,Explosive Strength,Importance,1,8,0,1,1
Designers,Explosive Strength,lLevel,9,8,0,0,0
Designers,Dynamic Strength,Importance,1.12,8,8.13,1,1.37
Designers,Dynamic Strength,level,®.12,8,8.13,8,08.37
Designers,Trunk Strength,Importance,1.62,8,0.18,1.27,1.98
Designers,Trunk Strength,LlLevel,®.88,8,0.3,08.3,1.45
Designers,Stamina, Importance,1,8,0,1,1
Designers,Stamina,level,9,8,0,0,0

Designers,Extent Flexibility,Importance,1,8,0,1,1
Designers,Extent Flexibility,lLevel,®,8,8,08,0
Designers,Dynamic Flexibility,Importance,l1,8,8,1,1
Designers,Dynamic Flexibility,level,®,8,8,08,8
Designers,Gross Body Coordination,Importance,1,8,0,1,1
Designers,Gross Body Coordination,lLevel,®,8,0,0,0
Designers,Gross Body Equilibrium,Importance,1,8,0,1,1
Designers,Gross Body Equilibrium,level,®,8,0,0,0
Designers,Near Vision,Importance,4,8,8,4,4

Designers,Near Vision,level,4,8,8,4,4

Designers,Far Vision,Importance,2.88,8,8.13,2.63,3.12
Designers,Far Vision,lLevel,3,8,0,3,3

Designers,Visual Color Discrimination,Importance,2.88,8,08.13,2.63,3.12
Designers,Visual Color Discrimination,lLevel,3.12,8,0.13,2.88,3.37
Designers,Night Vision,Importance,1,8,0,1,1

Designers,Night Vision,lLevel,®,8,0,8,0

Designers,Peripheral Vision,Importance,1,8,8,1,1
Designers,Peripheral Vision,lLevel,®,8,0,8,0

Designers,Depth Perception,Importance,1.62,8,8.18,1.27,1.98
Designers,Depth Perception,level,®.62,8,0.18,0.27,8.98
Designers,Glare Sensitivity,Importance,1,8,0,1,1
Designers,Glare Sensitivity,level,®,8,0,0,0
Designers,Hearing Sensitivity,Importance,2.12,8,8.13,1.88,2.37
Designers,Hearing Sensitivity,level,2.12,8,8.13,1.88,2.37
Designers,Auditory Attention,Importance,2,8,8,2,2
Designers,Auditory Attention,lLevel,1.12,8,0.13,0.88,1.37
Designers,Sound Localization,Importance,1,8,0,1,1
Designers,Sound Localization,lLevel,®,8,0,0,08
Designers,Speech Recognition,Importance,3.25,8,08.16,2.93,3.57
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Mechanical
Mechanical
Mechanical
Mechanical
Mechanical
Mechanical
Mechanical
Mechanical
Mechanical
Mechanical
Mechanical
Mechanical
Mechanical
Mechanical
Mechanical
Mechanical
Mechanical
Mechanical
Mechanical
Mechanical

Engineers,Response Orientation,Importance,1,8,8,1,1
Engineers,Response Orientation,level,®,8,8,0,8
Engineers,Rate Control,Importance,1.38,8,8.18,1.82,1.73
Engineers,Rate Control,lLevel ,®.38,8,8.18,8.82,8.73
Engineers,Reaction Time,Importance,2.12,8,8.13,1.88,2.37
Engineers,Reaction Time,level,2.12,8,8.13,1.88,2.37
Engineers,Wrist-Finger Speed,Importance,1.5,8,8.19,1.13,1.87
Engineers,Wrist-Finger Speed,level,®.62,8,08.26,8.11,1.14
Engineers,Speed of Limb Movement,Importance,1.12,8,8.13,1,1.37
Engineers,Speed of Limb Movement,level,®.12,8,8.13,8,8.37
Engineers,Static Strength,Importance,1,8,8,1,1
Engineers,Static Strength,level,®,8,8,0,8
Engineers,Explosive Strength,Importance,l1,8,8,1,1
Engineers,Explosive Strength,lLevel,®,8,0,0,0
Engineers,Dynamic Strength,Importance,1,8,8,1,1
Engineers,Dynamic Strength,level,®,8,08,8,08

Engineers,Trunk Strength,Importance,1.5,8,8.19,1.13,1.87
Engineers,Trunk Strength,lLevel,1,8,8.42,8.17,1.83
Engineers,Stamina, Importance,1,8,8,1,1
Engineers,Stamina,level ,®,8,8,8,0

Engineers,Extent Flexibility,Importance,l1,8,8,1,1
Engineers,Extent Flexibility,lLevel,®,8,8,8,0
Engineers,Dynamic Flexibility,Importance,1,8,8,1,1
Engineers,Dynamic Flexibility,level,®,8,8,8,8
Engineers,Gross Body Coordination,Importance,1,8,8,1,1
Engineers,Gross Body Coordination,level,®,8,8,8,0
Engineers,Gross Body Equilibrium,Importance,1,8,8,1,1
Engineers,Gross Body Equilibrium,lLevel,®,8,0,8,0
Engineers,Near Vision,Importance,3.75,8,8.16,3.43,4.87
Engineers,Near Vision,lLevel,4,8,8.19,3.63,4.37

Engineers,Far Vision,Importance,?.88,8,8.13,2.63,3.12
Engineers,Far Vision,level,3.25,8,8.25,2.76,3.74
Engineers,Visual Color Discrimination,Importance,2.75,8,8.16,2.43,3.87
Engineers,Visual Color Discrimination,level,2.88,8,8.23,2.43,3.32
Engineers,Night Vision,Importance,1,8,8,1,1

Engineers,Night Vision,lLevel,®,8,08,8,0

Engineers,Peripheral Vision,Importance,1,8,8,1,1
Engineers,Peripheral Vision,lLevel,®,8,0,8,0

Engineers,Depth Perception,Importance,2,8,8,2,2
Engineers,Depth Perception,level,2?2.38,8,8.18,2.82,2.73
Engineers,Glare Sensitivity,Importance,1,8,8,1,1
Engineers,Glare Sensitivity,level,®,8,0,0,0
Engineers,Hearing Sensitivity,Importance,2.5,8,8.19,2.13,2.87
Engineers,Hearing Sensitivity,level,2.75,8,8.25,2.26,3.24
Engineers,Auditory Attention,Importance,2.5,8,8.19,2.13,2.87
Engineers,Auditory Attention,lLevel,2.62,8,8.18,2.27,2.98
Engineers,Sound Localization,Importance,l1,8,8,1,1
Engineers,Sound Localization,lLevel,®,8,8,8,0
Engineers,Speech Recognition,Importance,3.25,8,8.16,2.93,3.57
Engineers,Speech Recognition,lLevel,3.75,8,08.16,3.43,4.87
Engineers,Speech Clarity,Importance,3.25,8,08.16,2.93,3.57
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Appendix B: Generated DAT Dataset (Samples from selected 612 careers) -
Published: https://doi.org/10.5281/zenodo.14192027

Career NA AR R MR SR VA
Chief Executives 5 i) 7 0 5 1
Chief Sustainabiity Officers 4 68 70 0 4 1
General and Chperations Managers 4 i 67 ) 4 67
Advertising and Promotions Managers 47 4 68 16 il 63
Marketing Managers 53 6 68 19 47 6
Sales Managers i 63 69 19 3 63
Admitistrattve Services Managers 4l i 67 H 4 63
Computer and Information Systems Managers X b4 7 1 47 b4
Financial Managers 61 64 1 18 0 6
Treasurers and Controlers 67 6 69 1 36 67
lvestment Fund Managers 66 63 69 30 4 66
Industrial Production Managers b)) 63 68 k) 30 0
Quatty Control Systems Managers 30 4 68 i Y 67
Geothermal Production Managers bl 60 67 4 47 60
Biofuels Prodtuction Managers 4 i ) M 4 6
Biomass Power Plant Managers 4 ol 68 19 4 63
Hydroelectric Prochiction Managers 53 60 1 3 53 b3
Prurchasing Managers 3 63 67 4 36 64
Transportation Storage and Distribution Managers N 9 67 16 i 63
Supply Chain Managers 30 60 68 1 41 67
Compensation and Benefts Managers 4 3l 67 19 i) 67
Human Resources Managers 30 4 ! 16 3 67
Training and Development Managers Ly 67 68 1 8 1
Farmers Ranchers and Other Agricultoral Managers 4 Bl o4 Y 4 0
Construction Managers 5 ol 6 1 6 4
Betucation and Childeare Administrators Preschool and Daycare 4 b3 67 i) 36 7
Education Administrators Kindergarten through Secondary X 68 76 ) 4] i
Bdtucation Administrators Postsecondary 46 63 i 16 i1 i
|Architecmral and Bngineering Managers 63 6 i 3l 63 69
Biofuels Biodiesel Technology and Product Development Managers 3 b4 68 4 47 6
Food Service Managers 46 il 4 46 3 3
Medical and Health Services Managers Eh 63 i 10 30 67
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(Clinical Data Managers

Bioinformatics Technicians

Architects

Landscape Architects

Cartographers and Photogranmetrists
Surveyors

Geodetic Surveyors

Aerospace Engineers

Agricultural Enginzers

Bioengineers and Biomedicel Engineers
Chemical Engineers

(il Engineers

Transportation Enginzers
Water/Wastewater Enginers
Conputer Hardware Engineers
Blectrical Enginzers

Electronics Engineers Except Computer

Radio Frequency Identtication Device Specialists

Bnvironmental Engineers

Health and Safety Engineers Eicept Mining Safety Engineers and Ins

Fire-Prevention and Protection Engineers
Industrial Engineers

Human Factors Engineers and Ergonomists
Validation Engineers

Manufacturing Bnginzers

Marine Engineers and Naval Architects
Materials Engineers

Mechanical Engineers

Fuel Cel Engineers

Automotive Engineers

Mining and Geological Engineers Inchuding Mining Safety Engineers

Nuclear Fnginzers
Petrolzum Enginsers

3
5
Bl
46
i1
67
10
64
5%
b3
66
61
67
66
il
Bl
%
i1
Bl
il
1
i
5
M
68
63
bl
67
il
61
63
1
3

6
60
0
64
5
bt
1
67
63
69
69
68
69
69
64
6
65
6
67
67
63
63
69
63
69
67
67
65
6
Il
69
65
66

68
68
1l
67
67
67
i
i
)
i
Ii)
i
)
/)
1l
1l
69
66
1
)
66
69
i
10
1
i
i
i
i
)
i
Ii)
69

3
5
3
i
5
8
)
30
5
)
2%
2
3

%
36
4
3

JAl
i}
i

i
3
E
ki
6
4
i
)
bl
JAl

3
I
i
67
53
54
5
3
5
0
5
6
67
&
3%
5
60
1
5]
54
5
5
3
m
67
67
5
5
3%
6
5
I
5)

6
63
b7
63
5%
63
67
T
68
L
Bl
61
67
67
64
6
6
5
1
68
63
68
1l
69
63
67
1l
Bl
T
63
1l
i
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Astronomers

Physicists

Atmospheric and Space Scientists

Chemists

Materials Scientists

Eavironmental Scientists and Specialists Inchiding Health
(limate Change Pokicy Analysts
Environmental Restoration Plansers
Industrial Ecologists

(veoscientists Except Hydrologists and Geographers
Hydrologists

Remote Sensing Scientists and Technologists
Economists

Environmental Economists

Survey Researchers
Industrial-Organizational Psvchologists
Clnical and Counseling Psychologists
School Psychologists

Sociologists

Urban and Regional Planners
Anthropologists and Archeologists
(eographers

Historians

Politcal Scientists

Transportation Planners

Agricuttural Techricians

Drecision Agriculure Technicians

Food Science Technicians

Biological Techmcians

Chemica] Techicians

Bavironmental Science and Protection Technicians Inchiding Health

(ealogical Techrictans Except Hydrologic Techricians
Nuclear Technicians

1l
)
5l
64
5

41
3
5
60
63
b4
63
!
67
5
3
4
40
30
4
30
1l
4
3l
49
il
4
49
49

)
30

7
7
63
)
b
)
l
)
68
67
67
67
68
63
63
68
6
63
63
()
1l
b4
5
6
6
5l
l
4
b}
5
51
)
b}

75
8l
m
4
75
75
!
7
70
75
i
i)
74
75
69
78
i
78
75
!
7
i
m
78
67
63
67
63
6
66
67
66
63

4
64
40
il
55
4
%
il
4
4
il
4
4
4
Bl
4
i
3
1
4
b
4
X%
%
6l
4
3
4
4
49
4
4
4
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Appendix C: Generated Top-Level 8 Career Clusters

80

70

60

50

40

30

20

10

"z

AN SAGAMBARTAMANNANINY 1A &2

'Economists’

'Survey Researchers'

'School Psychologists'

'‘Geographers'

'Social Science Research Assistants’

‘Directors Religious Activities and Education’

'Business Teachers Postsecondary'

'Computer Science Teachers Postsecondary'

‘Mathematical Science Teachers Postsecondary'

'Agricultural Sciences Teachers Postsecondary'

'Forestry and Conservation Science Teachers Postsecondary'
'Atmospheric Earth Marine and Space Sciences Teachers Postsecondary'
'Chemistry Teachers Postsecondary'

'Physics Teachers Postsecondary'

'Economics Teachers Postsecondary'

'Kindergarten Teachers Except Special Education’

'Middle School Teachers Except Special and Career/Technical Education'
‘Secondary School Teachers Except Special and Career/Technical Education’
'Special Education Teachers Middle School'

‘Special Education Teachers Secondary School'

AR L N N

'Adult Basic Education Adult Secondary Education and English as a Second Language Instructors'

‘Dietitians and Nutritionists'

‘Intelligence Analysts'

'First-Line Supervisors of Non-Retail Sales Workers'
'Advertising Sales Agents'

'Insurance Sales Agents'

'Securities Commodities and Financial Services Sales Agents'
'Real Estate Sales Agents'

'Loan Interviewers and Clerks'

'Statistical Assistants'

'Construction and Building Inspectors'
‘Investigators'

'Advertising'

'Financial Planner'

2
X

AR VR MR SR

VA

80

70

60

50

40

30

‘Psychiatric Technicians'

‘Veterinary Technologists and Technicians'
‘Licensed Practical and Licensed Vocational Nurses'
'Neurodiagnostic Technologists'

'Athletic Trainers'

'Surgical Assistants'

'Physical Therapist Assistants'

‘Firefighters'

‘Forest Fire Inspectors and Prevention Specialists'
'Chefs and Head Cooks'

'‘Desktop Publishers'

'First-Line Supervisors of Farming Fishing and Forestry Workers'
'Agricultural Inspectors'

‘Electricians'

'Avionics Technicians'

'Electrical and Electronics Repairers Commercial and Industrial Equipment'
'Electrical and Electronics Repairers Powerhouse Substation and Relay'
'Aircraft Mechanics and Service Technicians'
'Fabric and Apparel Patternmakers'

'Power Distributors and Dispatchers'

'Hydroelectric Plant Technicians'

'Biofuels Processing Technicians'

'Medical Appliance Technicians'

'Aircraft Cargo Handling Supervisors'

'Airline Pilots Copilots and Flight Engineers'
‘Commercial Pilots'

‘Airfield Operations Specialists'

'Captains Mates and Pilots of Water Vessels'

'Ship Engineers'

‘Traffic Technicians'

'Transportation Inspectors'

‘Aviation Inspectors*

‘Navy'

‘Forensic '

CCCETEEEEC T ERREEE LR T TTT T

NR

AR VR MR SR

VA
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60

50

40

30

20

10

‘Dancers'

'Physical Therapist Aides'

'Security Guards'

'Cooks Fast Food'

'Cooks Private Household'

'‘Cooks Restaurant'

'Cooks Short Order'

'Food Preparation Workers'

'Fast Food and Counter Workers'

'‘Animal Caretakers'

‘Motion Picture Projectionists’

'Exercise Trainers and Group Fitness Instructors’

'Couriers and Messengers'

'Postal Service Mail Sorters Processors and Processing Machine Operators'
'Animal Breeders'

‘Agricultural Equipment Operators'

'Fishing and Hunting Workers'

'Painters Construction and Maintenance'

'Automotive Glass Installers and Repairers'

'Helpers--Installation Maintenance and Repair Workers'

‘Structural Metal Fabricators and Fitters'

'Foundry Mold and Coremakers'

'Sewing Machine Operators'

'Textile Bleaching and Dyeing Machine Operators and Tenders'

'Textile Cutting Machine Setters Operators and Tenders'

'Textile Knitting and Weaving Machine Setters Operators and Tenders'
'Textile Winding Twisting and Drawing Out Machine Setters Operators and Tenders'

\

=== 'Transportation Vehicle Equipment and Systems Inspectors Except Aviation'

.3

=
o]

IS SN\

AR VR MR SR VA

80

70

60

50

40

30

20

10

SN SOUSNENNSCWL

'Political Science Teachers Postsecondary'

'Psychology Teachers Postsecondary'

'Sociology Teachers Postsecondary'

'Health Specialties Teachers Postsecondary'

'"Education Teachers Postsecondary’

'Library Science Teachers Postsecondary'

'Criminal Justice and Law Enforcement Teachers Postsecondary'
‘Law Teachers Postsecondary’

'Social Work Teachers Postsecondary'

‘Communications Teachers Postsecondary'

'English Language and Literature Teachers Postsecondary'
'Foreign Language and Literature Teachers Postsecondary'
'History Teachers Postsecondary'

'Philosophy and Religion Teachers Postsecondary'

'‘Family and Consumer Sciences Teachers Postsecondary'
'Recreation and Fitness Studies Teachers Postsecondary'
'Special Education Teachers Preschool'

"Tutors'

‘Archivists'

'Teaching Assistants Postsecondary'

‘Talent Directors'

'‘Broadcast Announcers and Radio Disc Jockeys'

'News Analysts Reporters and Journalists'

'Public Relations Specialists'

‘Technical Writers'

'Writers and Authors'

'Interpreters and Translators'

‘Low Vision Therapists Orientation and Mobility Specialists and Vision Rehabilitation Therapists'
'Patient Representatives'

'Speech-Language Pathology Assistants’

'Private Detectives and Investigators'

'‘Real Estate Brokers'

‘Social Workers'

'Criminologists’

IR AN

NR

AR VR MR SR

VA
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70

60

50

40

30

20

10

A\

'Parts Salespersons’

= 'Retail Salespersons'
= 'Travel Agents'
== 'Demonstrators and Product Promoters'
= Telemarketers’
=== 'Bill and Account Collectors’
=== 'Billing and Posting Clerks'
= 'Bookkeeping Accounting and Auditing Clerks’
== 'Correspondence Clerks'
=== 'Court Municipal and License Clerks'
'Credit Authorizers Checkers and Clerks'
= 'Customer Service Representatives'
= 'File Clerks' /
=== 'Hotel Motel and Resort Desk Clerks'
=== 'Library Assistants Clerical'
= 'New Accounts Clerks'
== 'Human Resources Assistants Except Payroll and Timekeeping'
= 'Receptionists and Information Clerks' “
=== 'Reservation and Transportation Ticket Agents and Travel Clerks'

'Public Safety Telecommunicators'
'Executive Secretaries and Executive Administrative Assistants'

== 'Legal Secretaries and Administrative Assistants'
= 'Medical Secretaries and Administrative Assistants'
= 'Secretaries and Administrative Assistants Except Legal Medical and Executive'
= 'Data Entry Keyers'
= 'Word Processors and Typists'
=== 'Insurance Claims and Policy Processing Clerks'
= 'Office Clerks General'
=== 'Proofreaders and Copy Markers'
== 'Flight Attendants'

'Sales person'
= 'Nursing'
=== 'Travel and Tourism'
=== 'Hotel Management'

AR VR MR SR

70

60

50

40

30

'Medical Equipment Repairers'

'Musical Instrument Repairers and Tuners'
'Watch and Clock Repairers'

'‘Maintenance and Repair Workers General'
"Wind Turbine Service Technicians'
'‘Geothermal Technicians'

‘Electrical and Electronic Equipment Assemblers'
'Electromechanical Equipment Assemblers'
'Engine and Other Machine Assemblers'
'Fiberglass Laminators and Fabricators'
'Model Makers Metal and Plastic'
'Patternmakers Metal and Plastic'

‘Tool and Die Makers'

'Prepress Technicians and Workers'
'Printing Press Operators'

'Print Binding and Finishing Workers'
'Tailors Dressmakers and Custom Sewers'
'‘Extruding and Forming Machine Setters Operators and Tenders Synthetic and Glass Fibers'
'Upholsterers'

'Cabinetmakers and Bench Carpenters'
'Furniture Finishers'

'Model Makers Wood'

'Power Plant Operators'

'Biomass Plant Technicians'

'Stationary Engineers and Boiler Operators'
'Jewelers and Precious Stone and Metal Workers'
'‘Gem and Diamond Workers'

'Dental Laboratory Technicians'
'Ophthalmic Laboratory Technicians'
'Semiconductor Processing Technicians'
‘Locomotive Engineers'

'Sailors and Marine Oilers'

'Motorboat Operators'

'Mechanic Technicians'

1SRN\

=2
X

AR VR MR SR

VA
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80

70

60

50

40

30

20

‘Nurse Anesthetists’

'‘Nurse Midwives'

'Nurse Practitioners'

'Audiologists’

'Anesthesiologists’

'‘Dermatologists’

'Family Medicine Physicians'

'‘General Internal Medicine Physicians'
'Obstetricians and Gynecologists'
'Pediatricians General'

‘Physicians Pathologists'
'Psychiatrists'

'Radiologists’

'Allergists and Immunologists'
'Hospitalists’

‘Urologists'

'Physical Medicine and Rehabilitation Physicians'
'Sports Medicine Physicians'
'‘Ophthalmologists Except Pediatric'
'Naturopathic Physicians'

'Orthoptists’

'Cytogenetic Technologists'
'Orthotists and Prosthetists’

'Genetic Counselors'

'‘Midwives'

'Fire Inspectors and Investigators'
'Detectives and Criminal Investigators'
'Customs and Border Protection Officers'
'Energy Auditors’

'Nuclear Power Reactor Operators'
'Air Traffic Controllers'

'Surgeons'

'‘Doctors'

'‘Computer Engineering’

NR

R VR MR SR
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80

70

60

50

40

30

20

'Wind Energy Engineers'

‘Animal Scientists’

'‘Biochemists and Biophysicists'
'‘Microbiologists’

'Bioinformatics Scientists’

‘Molecular and Cellular Biologists'
‘Geneticists'

'Biologists’

'Epidemiologists’

'Astronomers"*

'Physicists'

‘Chemists'

'Materials Scientists'

‘Environmental Restoration Planners'
'Geoscientists Except Hydrologists and Geographers'
'Hydrologists'

'Remote Sensing Scientists and Technologists'
'Environmental Economists'
‘Industrial-Organizational Psychologists'
‘Urban and Regional Planners'
‘Transportation Planners'

'Architecture Teachers Postsecondary'
'Engineering Teachers Postsecondary'
‘'Interior Designers'

‘Neurologists'

'Preventive Medicine Physicians'

'Sales Engineers'

'Civil Service'

'‘Data Scientists'

'Architecture’

‘Planners’

‘Business(MBA)"

‘Administrator’

'Entrepreneur’

NR

AR VR MR SR

VA
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Appendix D: A sample from Hierarchical Clustering by sub-stratification of top-

level clusters

s Pas Salespersons'

= ‘Retail Salespersons'

= Travel Agents'

= ‘Demonstrators and Product Promoters'

w—Telemarketers'

e 'Bill and Account Collectors'

70 i s 'Billing and Posting Clerks'

mm ‘Bookkeeping Accounting and Auditing Clerks'

w 'Comrespondence Clerks'

m= 'Coutt Municipal and License Clerks'

60 - s \Credit Authorizers Checkers and Clerks'

e ‘Customer Service Representatives'

= file Clerks'

== ‘Hotel Motel and Resort Desk Clerks'

504 = = Library Assitants Clerical

= New Accounts Clerks'

= 'Human Resources Assistants Except Payroll and Timekeeping'
= ‘Receptionists and Information Clerks'

404 e ‘Reservation and Transportation Ticket Agents and Travel Clerks'
s 'Public Safety Telecommunicators'

e 'Executive Secretaries and Executive Administrative Assistants'
s Legal Secretaries and Administrative Assistants'

30+ = ‘Medical Secretaries and Administrative Assistants'
s 'Secretaries and Administrative Assistants Except Legal Medical and Executive'
= Data Entry Keyers'
e 'Word Processors and Typists'

204 s ‘Insurance Claims and Policy Processing Clerks'

= Office Clerks General'
s ‘Proofreaders and Copy Markers'

w 'flight Attendants'
10+ = Sl person’
s ‘Nursing'
e Travel and Tourism'
0 == 'Hotel Management'

T T T T T

NR AR R MR R
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Appendix E: Augmented Samples from Sub-Stratified Career Clusters

original cluster200

75 A
50 A
25
NR AR Augfpented clijster SR VA
75
50 1
25 4
NR clugter after rggnoving dyplicate recrds VA
75 - _— Financial Managers
- Cost Estimators
50 1 — Accountants and Auditors
55 - —— Budget Analysts
—— Credit Analysts
—

NR /= Personal Financial Advisors
——— Treasurers and Controllers

Ciirmemvs Dacasvrchare

75 A

50~

25 1

original cluster300

NR clugter after rggoving dyglicate recrds VA

Fashion Designers

Architectural and Civil Drafters
Special Effects Artists and Animators
Commercial and Industrial Designers
Graphic Designers

Electrical and Electronics Drafters

Choreographers
Eilma and VVidan EditAare

NR AR

195



Appendices

original cluster500

50 +

Z
0

50 -

clugter after rggoving dMiacate recrds VA

Criminal Justice and Law Enforcement Teachers Postsecondary
English Language and Literature Teachers Postsecondary
Philosophy and Religion Teachers Postsecondary
Communications Teachers Postsecondary

Social Work Teachers Postsecondary

Law Teachers Postsecondary

Library Science Teachers Postsecondary

Carninn |l anmiiana and Litaratiira Taacrhare Dacteacrandarag

original cluster600

75 1

504

25 1

NR clugter after rggoving dyplicate rechrds VA

Legal Secretaries and Administrative Assistants

Human Resources Assistants Except Payroll and Timekeeping
Credit Authorizers Checkers and Clerks

Medical Transcriptionists

Court Reporters and Simultaneous Captioners

Librarians and Media Collections Specialists

Proofreaders and Copy Markers

CAarratariac

and Adminictrativa Accictante Eveant Lanal Madical anAd Evaciotiva
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original cluster701

NR clugker after rggnoving dyglicate recrds VA

80 Radio Cellular and Tower Equipment Installers and Repairers
60 Mobile Heavy Equipment Mechanics Except Engines

Home Appliance Repairers
40 Medical Equipment Repairers

Tool and Die Makers
Geothermal Technicians

Model Makers Metal and Plastic
Madal Mal-are \AMAanA

original cluster800

N
)]
1

NR clugter after rggoving dyplicate recrds VA

Foresters

Conservation Scientists

Food Scientists and Technologists

Solar Energy Systems Engineers

Radio Frequency Identification Device Specialists
Computer Systems Engineers/Architects

Web Administrators

Natahaca Adminictratare
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original cluster900

75 1
50
25
NR AR Augented clyjster SR VA
75 1
50
25
NR clugger after r@ﬁnov;ng dglicate reggrds VA
75 4 — Manufacturmg Engineers
—— Planners
50 —— Architecture
— Automotive Engineers
257 —— Water/Wastewater Engineers |
NIR AIR = Marine Engineers and Naval Architects
—— Civil Engineers
—— T hamicral Enninanre
original cluster907
75
50
25 . .
NR AR Auginented clijgter SR VA
75
50 A
25 4 .
NR clugger after rggoving dyplicate rec@rds VA
75 4 —— Chief Executives
—— Entrepreneur
50 4 —— Microbiologists
— Biologists
25 —— Epidemiologists ]

NR AR VR

Neurologists

Civsil Carmsiera

Preventive Medicine Physicians
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Appendix F: Program Code Snippets

Python code to generate the DAT dataset from ONET ability profiles for feature

Numerical Reasoning (same procedure applied to other features)

Idef standardizeImpScore (originalvValue) :
#5 = ( (C - L) / (H — L) ) * 100
stdImpScore = (( originalValue-1)/(5-1))*100
return stdImpScore

Idef standardizelevelScore (originalValue) :
#s5 = ( (O - L) / (H - L) ) * 100
stdLevelScore = (( originalvValue-0)/(7-0))*100
return stdlLevelScore

ldef getImpScore (career, =lementName) :

eleImpResultset = dfabilities| (dfabkbilities]| ]==career ) & N\
(dfabilities| ]J==elementName) & \
(dfabilities]| ]== )1

if eleImpResultset.empty:
return
print ( ,eleImpResultset)
print (eleImpResultset.iloc[0,2], eleImpResultset.iloc[0,3])
eleImpValue=(eleImpResultset.iloc [0, 3])
print (elementName, eleImpValue)

stdEleImpScore=standardizeImpScore (eleImpValus)
return stdEleImpScore

ldef getlevelScore (career, elementName) :

elelLevelResultset = dfabilities[ (dfabilities]| ]==carser ) & 0N
(dfabilities|[ ]==elementName) & \
(dfabilities]| == )1

if elelevelResultset.empty:
return

print (elelevelResultset.ileoc[0,2], elelevelResultset.ileoc[0,3])

elelevelValue=(elelLevelResultset.iloc [0, 3])

print (elementName, elelevelValue)

stdElelevelScore=standardizelevelScore (elelevelValues)

return stdElelevelScore

|def getNR (career):
mrImpValue=getImpScore (career, )
mrlevelValue=getLevelScore (career, )

| if mrImpValue is None:
return

| if mrlLevelValue is None:
return

avgMrScore= math.ceil ((mrImpValue+ mrlevelValue) /2)
print ( , avgMrScore)

nfImpValue=getImpScore (career, )
nflevelValue=getlLevelScore (career, )i
avgNfScore=math.ceil ( (nfImpValue+nflevelValue) /2)

print ( , avgNfScore)

datNRScore= math.ceil ((avgMrScoretavgNfScore) /2)
print ( , datNEScore)

return datNRScore
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Code: Evaluation of Clustering Algorithms via Silhouette score

from sklearn.preprocessing import StandardScaler as SS
from sklearn.cluster import KMeans

from sklearn.mixture import GaussianMixture

from sklearn.cluster import Birch

from sklearn.cluster import AgglomerativeClustering
from sklearn.cluster import DBSCAN

scaler = 55()

DNP dfdat standardized = scaler.fit transform{odfdat)

df dfdat standardized = pd.DataFrame (NP _dfdat standardized, columns=( , , , , , 1)
df dfdat standardized = df dfdat standardized.set index(odfdat.index)

print( ,odfdat . head()

print (df dfdat standardized.head()

algorithms = {
: AgglomerativeClustering(n_clusters=8, metric= ,
linkage= ),
: GaussianMixture (n_components=8, random state=0),
: Birch(threshold=0.03, n_clusters=8),
:KMeans (n_clusters=8, random state=0

}

for algo name, algo in algorithms.items():
if algo name == :
labels = algo.fit predict(df dfdat standardized)
else:
labels = algo.fit predict(df dfdat standardized)
silhouette avg = silhouette score(df dfdat standardized, labels
print( algo name silhouette avg )
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Python code to generate clusters (Code for KMeans clustering only provided here)

from sklearn.preprocessing import StandardScaler as S5
from sklearn.cluster import KMeans

odf=pd.read csv('l; :==='_;ataf;:.rii”)
career values = odf[ -r'].values
odfdat= odf.drop(columns ["Career"])

row dict=odf.iloc[:,0:7]

scaler = 35()

DNP dfdat standardized = scaler.fit transform(odfdat)

df dfdat standardized = pd.DataFrame (DNP dfdat standardized, columns=["NR","2R","VR","MR","5R","VA"])
df dfdat standardized = df dfdat standardized.set index(odfdat.index)

algorithm="KMeans"

kmeans model = KMeans(n clusters=8, random state=0
kmeans model.fit(df dfdat standardized)

labels = kmeans model.fit predict(df dfdat standardized)

clusters = {}
n=1>0
for item in labels:
if item in clusters:
clusters[item].append(row dict.iloc[n].tolist())
else:
clusters[item] = [row dict.iloc[n].tolist()]
n +=1

for item in clusters:

clusterFile=open("GeneratedClusters/"+algorithmt"/"+" " careerClusters "+str (itemtl) +" . cav", "u")

fclusterFile, wrlte("Career NR, AR, VR,MR, SR, VA, cluster")

clusterFile.write("Career, R, AR, VR, MR, SE, VA")

for i in clusters[item]: #printing each element of the cluster from the dictionary
clusterFile.write("\n")
clusterFile.write(str(i) [1:-1]) # [l:-1] to remove square bracket from list values
#clusterfFile.write(str(i)+4", "+str(item))

clusterFile.close();
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Soft-Voting Classifier Implementation

def buildVotingClassifierModel():
# Instantiate your classifiers (SVM, KW, Random Forest)
cLIDNN = MLPClagsifier(solver='1bZzs', activation='relu',
alpha=le-5,
hidden layer sizes=(100,60,44),
max_iter=1000,
random state=l
cLIKNN = KNeighborsClassifier(n neighbors=5, leaf size=36,p=l, welghts='unifom', metric='manhattan
cl£SVM = svm.SVC(kernel="tbf', probability=True)
clfRF = RandomForestClassifier(random state=l
clfDT=DecisionTreeClassifier (random state=10)
# Create a VotingClassifier with the individual classifiers
voting classifier = VotingClassifier(estimators=|
('DNNclt', cLfDNN),
("HNNelf', cLRNN),

('REC1f', clfRF),|
('SWelf', clEsvM),
('DTclf!, clfDT)#,
4 ('GNBclf', clEGNB)
], voting="soft') 4 Use 'soft' for probability-based voting
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Code snippets: Hierarchical and Multi-Tiered Recommendation Engine

loadedBaseVC=pickle.load(open('Tonle
loadedBaseVCScaler=pickle.load(open (' TopLevellMod

record=[[61, 64, 72, 18, 30, 66]] #candidate profile
originalRecord=record

inputRec = loadedBaseVCScaler.transform(record)
vc_proba = loadedBaseVC.predict proba (inputRec)

record=record[0]
recorddf=pd.DataFrame (pd.Series (record))

firstKey, secondKey, thirdKey=getDiverseRecommendations("VC", vc proba, recorddf

finetuneRecommendations (firstKey, secondKey, thirdKey, originalRecord)

def finetuneRecommendations (firstKey, secondKey,thirdKey, record):
Fooriiiaiaas load sub level models

subl=pickle.load (open ('
scalerl=pickle.load (open(’
sublDf=pd.read_csv (' SubMc

sub2=pickle.load (open (' SubModel:
scalerZ=pickle.load (open ('
sub2Df=pd.read csv(':

b))

sub3=pickle.load (open (' Subl
scaler3=pickle.load (open (' SubM
sub3Df=pd.read_csv (' SubMc

subd=pickle.load (open (' SubModsal
scalerd=pickle.load (open ('
sub4dDf=pd.read csv('SubMod

b))

subb=pickle.load(open ('St
scalerb=pickle.load (cpen
sub5Df=pd.read_csv (' SubMc

sub6=pickle.load (open (' SubMoc
scaler6=pickle.load (open ('
sub6Df=pd.read_csv('SubMc

;b))

sub7=pickle.load (open (' SubM
scaler7=pickle.load (open (
sub7Df=pd.read csv('SubMc

b))

sub8=pickle.load (open (5"
scaler8=pickle.load (open ('
sub8Df=pd.read csv('SubMc
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#select first best fined tune model

if firstKey== 1:
firstModel=subl
firstScaler=scalerl
firstDf=sublDf

elif firstKey== 2:
firstModel=sub2
firstScaler=scaler2
firstDf=sub2Df

elif firstKey== 3:
firstModel=sub3
firstScaler=scaler3
firstDf=sub3Df

elif firstKey== 4:
firstModel=sub4
firstScaler=scalerd
firstDf=sub4Df

elif firstKey== 5:
firstModel=sub5
firstScaler=scalerb
firstDf=subbDf

elif firstKey== 6:
firstModel=subé
firstScaler=scaleré
firstDf=subéDf

elif firstKey== 7:
firstModel=sub7
firstScaler=scaler’
firstDf=sub7Df

elif firstKey== 8:
firstModel=sub8
firstScaler=scalers
firstDf=subi8Df

#... similarly select secondKey and thirdKey as second & third best fine tuned Models

Foernnn 1. get best 3 predictions from first model
inputRec = firstScaler.transform(record)
vc_proba = firstModel.predict proba (inputRec)

recordCopy=record[0]
recorddf=pd.DataFrame (pd.Series (recordCopy))

predictBestThreeCareerClusters("", vc_proba, recorddf, firstDf)
Fovunnn 2. get best 3 predictions from second model

inputRec = secondScaler.transform(record)
vc_proba = secondModel.predict proba (inputRec)

recordCopy=record[0]
recorddf=pd.DataFrame (pd.Series (recordCopy) )

predictBestThreeCareerClusters("", vc_proba, recorddf, secondDf)
Fovannn 3. get best 3 predictions from third model
inputRec = thirdScaler.transform(record)

vC proba thirdModel.predict proba(inputRec)

recordCopy=record[0]
recorddf=pd.DataFrame (pd.Series (recordCopy))

predictBestThreeCareerClusters("", vc_proba, recorddf, thirdDf)
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Code snippets: SHAP-Guided hybrid explanation framework

import numpy as np

import pandas as pd

import shap

import joblib

from sklearn.preprocessing import StandardScaler
from sklearn.pipeline import Pipeline

from scipy.stats import pearsonr

# Creating the SHAP Explainer, model is the recommendation engine
#
explainer = shap.Explainer (model.predict proba, xtrain,

feature names=feature names)
shap wvalues = explainer (xtrain)

#class specific summary plots

shap.summary plot (shap values[:, :, class_index], features=xtrain, feature names=feature names)
shap.summary plot (shap values[:, :, class_index|, features=xtrain, feature names=feature names, plot type='bar'

#Instamce level explanation via SHAP plots

shap.initis()
f names=['NR', 'AR', 'VR', 'ML', 'SR', 'VA']

predicted proba = clf.predict proba(input)

predicted class_index = np.argmax (predicted proba, axis=I)[0]
max_proba values = np.max(predicted proba, axis=I)
class_index=predicted class_index

shap values input = explainer (input)
class_specific base value = explainer.expected value[class_index]
selected class shap values = specific class shap values.values

fp=shap.force plot(class specific base value,selected class shap values, features=input, feature names=f names
display (fp)
dp=shap.decision plot(class specific base value,selected class shap values, features=input, feature names=f names)
display (dp)
shap_explanation = shap.Explanation(
values=specific class shap values.values,
base_values=class_specific_base value,
data=input,
feature names=f names
)
print("shap explanation”, shap explanation
wi=shap.plots.waterfall (shap explanation[0])
display (wf)
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#class-level (item-level)

#

def get_ cluster_ feature importance directly proporticnal(
shap_values_cluster, xtrain_ cluster, feature names, top n=10

)z

assert shap values_cluster.shape xtrain_cluster.shape, \

veen SHAP and input values

Mismatch betw 1l

correlations = []

for i in range(shap_values_cluster.shape[l]):
shap_vals = shap wvalues_cluster[:, 1i]
feature_vals = xtrain cluster[:, i]

if np.std(feature_vals)
corr = 0

else:
corr,

0 or np.std(shap_vals)

_ = pearsonr (feature vals, shap vals)
correlations.append(corr if corr > 0 else 0)
importance_df = pd.DataFrame ({
! ': feature_names,

=) ': correlations

by='Correlation ( P ', ascending=False

return importance df.sort_wvalues(
) -head (top_n) .reset_index (drop=True)

xtrain np = xtrain
print("Xtrain shar
print("shar
feature_names
feature_importance df =
shap_values_cluster=shap values[:, :,
xtrain_cluster=xtrain,
feature_names=feature_ names,
top_n=6

# Convert DataFrame to NumPy array if needed
=",xtrain_np.shape)
",shap _wvalues([:, :, class_index].values.shape)

['NR', 'AR', 'VR', 'MR', 'SR', 'VA']

groupIndex].values,

)

print(feature importance_df)

# Item-level global explanation:item-level feature description

4
T

def describe cluster from feature importance(importance df, cluster name="this clus

descriptions = []

for idx, row in importance df.iterrows():
feature = row['Feature']
corr = row|'Correlation
if corr >= 0.5:

desc = £"Fe feature} has very stro i as far as
elif corr >=

desc = " feature} has high importance cluster name} is
elif corr > 0:

desc = f"Feature {feature} has a moderately high importance as far as
else:

continue # Skip zero correlations (already filtered by your function)
descriptions.append (desc)

if not descriptions:

body = "\n".join(descriptions)

return header + body
description = describe cluster from feature importance(feature importance df
print (description)

cluster name} is

global shapley value based feature importance analysis.

get_cluster_ feature importance directly proporticnal (

ter

cluster name} is concerned.”

cluster name}."
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#Local Explanation:prediction explanation for a given instance

def generate proportional explanation(shap_values, feature names, instance values, predicted class_idx):

feature_impact = shap values[0]#[:, predicted class_idx] # instance specific SHAP values for the prediction

# Compute absolute SHAP values and their percentage contributions
abs shap values = np.abs(feature impact)
total impact = np.sum(abs shap values)

percentages = (abs_shap_values / total _impact) * 100 if total impact != 0 else np.zeros_like(abs_shap values

# Sort features by contribution percentage
sorted indices = np.argsort(-percentages

print (f"The rec 5 are baszed on
explanation = []
for i in sorted indices:
feature = feature names|[i]
value = instance values[i]
impact = feature_ impact|[i
percentage = percentages[i]

#print ("ALL", feature,value,impact,percentage)

if impact > 0 and value > 0 : # if impact (shapely value) increases, as feature value increases

(feature) {value}) |

explanation.append ("

e

{percentage:.lf}3, 1 E
elif impact > 0 and value < 0 :
explanation.append (" n

er. ")

[percentage:.1f}% er.
else :

explanation.append(f"\n The {feature} =: {value}) (haz lo : {impact}) and

{percentage:.1f}%, decr g the 1i recommending eer cluster.

explanationSorted=serted (explanation)
return " ".join(explanationSorted

#Fusion Layer: Final Explanation Generation

T

from transformers import AutcModelForCausallM, AutoTokenizer

import torch

trecommendation_explanation: explanation for instance specific recommendation
fcareer_cluster description: Recommended Item-level description

def finalExplanation(recommendation explanation, career cluster description):

nodel name = "meta-1lz a-2-Tb-chat-hf" ¢  # using LLaMA 2 model and tokenizer
tokenizer = AutoTokenizer.from pretrained(model name)
model = AutoModelForCausallM. from pretrained(model name)

promt = £
Analyze the following student's profile and compare it with the career description.
Identify the matching skills and their strengths.

Why the student recommended this career (student profile): {recommendation explanation}

tributed \

¢ {impact}) contributed \

)

Q

")

What the career expects as per its requirements (career description): {career cluster description}

Note that NR stands for Numerical Reasoning, AR stands for Abstract Reasoning, VR stands for Verbal Reasoning,

MR stands for Mechanical Reasoning, SR stands for Spatial Relations, and VA stands for Verbal Ability.
Explain why this career is suitable (or not) for the student, specifying matching skills and strengths. Do not hallucinate.

nmn

inputs = tokenizer(prompt, return tensors="pt")
outputs = model.generate(inputs, max new tokens=300
explanation = tokenizer.decode (outputs[0], skip special tokens=True)

return explanation
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