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Abstract: - An intelligent talent recommendation algorithm is a sophisticated system that utilizes advanced data analysis techniques and
machine learning algorithms to match individuals with suitable job opportunities or educational programs. By analyzing a wide range of data
points such as skills, qualifications, work experience, and preferences, these algorithms can generate personalized recommendations tailored
to each individual's unique profile and career goals. Moreover, intelligent talent recommendation algorithms continuously learn and improve
over time, refining their recommendations based on user feedback and performance data. This paper presents an intelligent talent
recommendation algorithm tailored for college students preparing for the future job market, utilizing Ranking Hidden Chain Deep Learning
(RHC-DL). The algorithm aims to provide personalized recommendations by analysing students' skills, qualifications, interests, and career
aspirations. Through simulated experiments and empirical validations, the efficacy of the RHC-DL-enhanced recommendation algorithm is
evaluated. Results demonstrate significant improvements in recommendation accuracy and relevance compared to traditional methods. For
instance, students using the RHC-DL algorithm reported a 40% increase in job offer acceptance rates and a 30% improvement in job
satisfaction levels. Additionally, the algorithm adapts and learns from user interactions, continuously refining its recommendations based on
real-time feedback.

Keywords: Intelligent talent recommendation algorithm, college students, Recommendation System, Ranking, Hidden Chain,
Deep Learning

L INTRODUCTION

A recommendation algorithm is a computational method designed to suggest items or actions to users based on their
preferences, behaviors, or similarities to other users. These algorithms are commonly employed in various
applications such as e-commerce platforms [1], streaming services, social media, and more, to enhance user
experience and engagement. One of the most popular recommendation algorithms is collaborative filtering, which
analyzes user-item interaction data to identify patterns and make predictions about user preferences [2].
Collaborative filtering can be further divided into two main approaches: user-based and item-based [3]. User-based
collaborative filtering recommends items to a user based on the preferences of users with similar tastes, while item-
based collaborative filtering suggests items similar to those that a user has previously liked or interacted with.
Another widely used recommendation algorithm is content-based filtering, which suggests items to users based on
the characteristics or attributes of the items themselves and the user's historical preferences [4]. This approach relies
on features such as keywords, genres, or descriptions to match items with users' interests.

Hybrid recommendation algorithms combine collaborative filtering and content-based filtering techniques to
leverage the strengths of both approaches and provide more accurate and diverse recommendations [5]. These
algorithms often yield better results by mitigating the limitations of individual methods and improving
recommendation quality [6]. A job market recommendation algorithm is a specialized computational tool developed
to match job seekers with relevant employment opportunities based on their skills, qualifications, preferences, and
the requirements of available positions [7]. These algorithms are vital components of modern job search platforms
and recruitment systems, aiming to streamline the hiring process, improve candidate experience, and enhance
employer satisfaction. Employing a variety of techniques such as natural language processing, machine learning,
and data analytics, job market recommendation algorithms analyze vast amounts of job postings, resumes, and
candidate profiles to identify relevant matches [8]. They consider factors like job titles, skills, experience levels,
location preferences, salary expectations, and industry sectors to generate personalized recommendations for both
job seekers and employers. These algorithms utilize collaborative filtering methods to suggest job openings that
align with a candidate's past job applications, interactions, or preferences [9]. Additionally, they leverage content-
based filtering techniques to match candidates with job postings based on the textual content of their resumes or job
descriptions [10]. Moreover, job market recommendation algorithms often incorporate feedback mechanisms to
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continuously refine their recommendations and adapt to evolving user preferences and market dynamics [11]. They
also facilitate features such as automated job alerts, candidate ranking, and skill gap analysis to assist both job
seekers and employers in making informed decisions throughout the hiring process.

An intelligent talent recommendation algorithm for college students in preparation for the future job market is an
essential tool designed to assist students in identifying and developing skills and competencies that align with the
evolving demands of the workforce [12]. This algorithm leverages a combination of data analysis, machine learning,
and predictive modeling techniques to provide personalized recommendations tailored to each student's academic
background, career aspirations, and industry trends [13]. By analyzing data from various sources such as academic
transcripts, extracurricular activities, internships, and industry reports, the algorithm identifies relevant skills,
knowledge areas, and experiences that are in high demand within the job market of the future [14]. It takes into
account factors such as emerging technologies, industry growth sectors, and changing job roles to anticipate the
skills and competencies that will be most valued by employers. The algorithm provides targeted recommendations
to students on educational pathways, courses, certifications, and experiential learning opportunities that can help
them acquire and develop the identified skills and competencies [15]. It also offers insights into potential career
paths, salary projections, and job market trends to assist students in making informed decisions about their academic
and professional pursuits [16]. Furthermore, the algorithm incorporates feedback loops and continuous learning
mechanisms to adapt its recommendations based on user interactions, feedback, and changes in the job market
landscape over time. It encourages students to engage in lifelong learning and skill development to remain
competitive and adaptable in the face of technological advancements and industry disruptions [17].

This paper makes several significant contributions to the field of talent recommendation systems in higher
education. Firstly, by integrating Hidden Markov Chain dynamics and classification mechanisms into the Ranking
Hidden Chain Deep Learning (RHC-DL) model, we have developed a novel approach that effectively captures the
temporal dependencies in student-skill interactions. This dynamic adaptation enables the model to provide
personalized skill recommendations that evolve over time, reflecting changes in student preferences and aptitudes
as they progress through their academic journey. Secondly, the RHC-DL model's predictive capabilities offer
valuable guidance to college students by identifying and prioritizing the acquisition of skills that are most relevant
to their individual profiles and career aspirations. By leveraging deep learning principles, the model generates
accurate and context-aware recommendations, ensuring that students receive timely guidance for their skill
development journey. Additionally, the proactive nature of the RHC-DL model ensures that students are equipped
with the necessary competencies to thrive in the ever-changing landscape of the job market. By continuously
updating its recommendations based on ongoing interactions, the model helps students stay ahead of emerging
trends and demands, enhancing their readiness for the challenges of the future workforce.

IL. LITERATURE SURVEY

In an era defined by rapid technological advancements and dynamic shifts in the global economy, the landscape of
higher education and workforce development is undergoing profound transformations. As college students navigate
the complexities of preparing for a future job market characterized by uncertainty and evolving skill requirements,
the need for innovative solutions to assist them in identifying and cultivating relevant talents has become
increasingly imperative. In response to this demand, intelligent talent recommendation algorithms have emerged as
promising tools to guide college students towards acquiring the skills and competencies essential for success in the
future workforce. This literature review aims to explore and analyze the current state of research, developments,
and applications of intelligent talent recommendation algorithms tailored specifically for college students in
anticipation of the future job market.

Cai and Wang (2022) delve into the prediction and influencing factors of college students' career planning using big
data mining techniques. This study likely investigates how data mining can uncover patterns and trends in career
planning among college students, potentially informing the development of intelligent recommendation systems.
Bothmer and Schlippe (2022) present the Skill Scanner, an Al-based recommendation system designed to connect
employers, job seekers, and educational institutions. This system likely utilizes advanced algorithms to match job
seekers' skills and preferences with available opportunities, aiming to bridge the gap between education and the job
market. Fedushko, Ustyianovych, and Syerov (2022) focus on developing an intelligent recommendation system
for selecting academic specialties in higher education for Ukrainian entrants. This research could offer insights into
tailoring educational pathways to align with students' interests, skills, and market demand. Aljohani et al. (2022)
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propose a methodological framework utilizing Al and big data technologies to predict future market needs for
sustainable skills management. This framework likely involves analyzing industry trends, job market data, and
workforce dynamics to anticipate skill demands and inform talent development strategies.

RoZzman, Tomine, and Vrecko (2023) explore students' perspectives on emerging jobs in the Data and Al Cluster
and the role of Al in education for building future workforce skills. This study may shed light on the effectiveness
of Al-driven educational initiatives in preparing students for evolving job roles. Yang, Anbarasan, and Vadivel
(2022) introduce a knowledge-based recommender system using Al for smart education. This system likely
leverages Al algorithms to personalize learning experiences, recommend relevant educational resources, and adapt
to students' individual needs and preferences. Atalla et al. (2023) propose an intelligent recommendation system for
automating academic advising based on curriculum analysis and performance modeling. This system likely offers
tailored guidance to students, helping them navigate course selections, career pathways, and skill development
opportunities. Chunmian et al. (2022) investigate the demand for blockchain talents in the recruitment market using
topic modeling analysis on job postings. This study may inform the development of Al-driven recommendation
systems tailored to emerging technologies and industry trends. Wang et al. (2023) present a reference training system
for intelligent manufacturing talent education, focusing on platform construction and curriculum development. This
system likely aims to address skill gaps in the manufacturing sector by providing targeted educational resources and
training programs.

Faqihi and Miah (2023) explore the construction of an Al-driven talent management system, examining the risks
and options associated with its theoretical foundation. This research may offer valuable insights into designing
effective talent management strategies leveraging Al technologies. Chiu, Xia, Zhou, Chai, and Cheng (2023)
conduct a systematic literature review on the opportunities, challenges, and future research recommendations of
artificial intelligence in education. This comprehensive review likely identifies key trends, best practices, and areas
for further exploration in leveraging Al for educational purposes, including talent recommendation systems. Verma,
Lamsal, and Verma (2022) investigate skill requirements in artificial intelligence and machine learning job
advertisements. By analyzing job postings, this study may uncover the specific skills and competencies sought by
employers in the Al and machine learning domain, which can inform the design of talent recommendation
algorithms. AlDhaen (2022) conducts a systematic review on the use of artificial intelligence in higher education.
This review likely provides insights into the various applications of Al in higher education settings, including talent
recommendation systems, and evaluates their impact on teaching, learning, and student outcomes. Kaushal, Kaurav,
Sivathanu, and Kaushik (2023) identify future research agendas in artificial intelligence and human resource
management through systematic literature review and bibliometric analysis. This research likely highlights
emerging topics and directions for advancing Al-driven talent management practices in organizations.

Bhutoria (2022) conducts a systematic review of personalized education and artificial intelligence in the United
States, China, and India using a human-in-the-loop model. This study may offer insights into the effectiveness of
Al-driven personalized learning approaches and their implications for talent development strategies. Xia and Li
(2022) explore the role of artificial intelligence in higher education development and teaching skills. This research
likely examines how Al technologies can enhance teaching and learning practices, including personalized
instruction, adaptive learning, and skill assessment, to better prepare students for future careers. Cramarenco, Burca-
Voicu, and Dabija (2023) conduct a systematic review on the impact of artificial intelligence on employees' skills
and well-being in global labor markets. This review likely examines how Al adoption influences workforce skill
requirements, job roles, and job satisfaction, which can inform talent recommendation strategies and workforce
development initiatives. Mousavi Baigi, Sarbaz, Ghaddaripouri, Ghaddaripouri, Mousavi, and Kimiafar (2023)
investigate attitudes, knowledge, and skills towards artificial intelligence among healthcare students through a
systematic review. This study likely assesses the readiness of healthcare students to adopt Al technologies and
identifies areas for enhancing their Al-related competencies and preparedness for future careers. Yu, Xu, and Ashton
(2023) explore the antecedents and outcomes of artificial intelligence adoption and application in the workplace
from a socio-technical system theory perspective. This research likely examines the organizational factors
influencing Al adoption, its impact on employee skills, job roles, and overall workplace dynamics, which can inform
talent recommendation strategies and workforce planning efforts.

One limitation is the diversity of methodologies and data sources used across the studies, which may hinder direct
comparisons and generalizations. Additionally, many of the studies focus on specific regions or industries, limiting
the applicability of their findings to broader contexts. Moreover, the rapid pace of technological advancements and
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shifts in workforce dynamics may render some findings outdated or less relevant over time. Furthermore, the ethical
considerations and potential biases inherent in Al-driven recommendation systems, such as algorithmic fairness and
privacy concerns, are often not thoroughly addressed in the reviewed literature. Finally, while the studies highlight
the potential benefits of intelligent talent recommendation algorithms, there is limited evidence on their
effectiveness in improving student outcomes or addressing broader societal challenges such as inequality and
unemployment.

III. INTELLIGENT TALENT RECOMMENDATION ALGORITHMS

Intelligent talent recommendation algorithms leverage advanced data analytics, machine learning, and artificial
intelligence techniques to match individuals with suitable employment opportunities or educational pathways based
on their skills, qualifications, preferences, and the requirements of available positions. These algorithms are
designed to enhance the efficiency of talent acquisition and development processes by providing personalized
recommendations tailored to the unique characteristics and needs of users. One key aspect of intelligent talent
recommendation algorithms is their ability to analyze large volumes of data, including job postings, resumes,
academic transcripts, and user interactions, to identify patterns and correlations that inform the recommendation
process. By leveraging sophisticated algorithms, these systems can infer implicit relationships between different
attributes and make predictions about the suitability of candidates for specific roles or educational programs. Figure
1 illustrated the intelligent recommender system for the Job market.

Figure 1: Process of Intelligent Recommender System for the Job Market

Intelligent talent recommendation algorithms often incorporate feedback mechanisms to continuously refine their
recommendations and adapt to changing circumstances. This iterative approach enables the algorithms to improve
over time, learning from past interactions and adjusting their recommendations based on user feedback and evolving
market dynamics. Additionally, these algorithms can take into account various factors such as industry trends,
emerging technologies, geographical preferences, and diversity considerations to provide more nuanced and
contextually relevant recommendations. By considering a wide range of inputs, they can offer users a comprehensive
view of available opportunities and help them make informed decisions about their career or educational paths.

Let's denote this user-item matrix as R, where Rij represents the interaction (e.g., rating or engagement) of user i
with item j. However, this matrix is often sparse because users have interacted with only a small subset of items.
Therefore, the goal of collaborative filtering is to estimate the missing entries in this matrix to predict how a user
would interact with items they have not yet encountered. One common approach is matrix factorization, where we
aim to decompose the user-item matrix R into two lower-dimensional matrices: one representing user factors (U)
and the other representing item factors (V) expressed as in equation (1)

R~UXVT (1)

In equation (1) U is a matrix where each row represents a user and each column represents a latent feature; V is a
matrix where each row represents an item and each column represents a latent feature; and VT denotes the transpose
of matrix V. The latent features capture underlying characteristics of users and items that are not directly observable
but influence their preferences. These features are learned during the training process, where the algorithm
minimizes the error between the predicted and actual interactions in the user-item matrix. Once the matrices U and
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V are learned, we can use them to make recommendations for a given user i. The predicted preferences (Rij) for all
items j as the dot product of the corresponding user and item vectors represented in equation (2)

Rij = YR_, Uik X Vjk )

In equation (2) K is the number of latent features. Finally, we recommend the top N items with the highest predicted
preferences to the user. Intelligent talent recommendation algorithms leverage collaborative filtering techniques
such as matrix factorization to predict user preferences for items they have not yet interacted with.

Iv. PROPOSED RANKING HIDDEN CHAIN DEEP LEARNING (RHC-DL)

In the context of a student skill recommendation system, the Proposed Ranking Hidden Chain Deep Learning (RHC-
DL) algorithm offers a sophisticated approach to predict and recommend relevant skills or educational pathways to
students based on their profiles and historical interactions. RHC-DL combines elements of deep learning and
collaborative filtering to capture intricate relationships between users (students) and items (skills or courses) within
a latent feature space. The RHC-DL algorithm starts by representing students and skills as vectors in a latent feature
space. Let's denote the student matrix as S and the skill matrix as T, both having dimensions N X K, where N is the
number of students and K is the number of latent features. Next, RHC-DL constructs a hidden chain structure to
capture the sequential dependencies in student skill acquisition. This structure enables the algorithm to consider the
order in which students acquire skills over time, which is crucial for personalized skill recommendations. The hidden
chain is modeled using recurrent neural networks (RNNs) or other sequential modeling techniques. Specifically, we
can represent the hidden chain as a series of hidden states Ht, where t denotes the time step. The hidden states are
updated recursively based on the previous hidden state and the current student-skill interaction. The update equation
for the hidden state Ht can be expressed as in equation (3)

Ht=f(WH-Ht =1+ WS-St+WT-Tt +b) 3)

IN equation (3) f is the activation function; WH, WS, and WT are weight matrices; b is the bias vector; and St and
Tt are the student and skill vectors at time t, respectively. The output of the hidden chain at each time step is then
fed into a ranking module to predict the likelihood of a student acquiring a particular skill in the future. This ranking
module can be implemented using various techniques such as feedforward neural networks or attention mechanisms.
Finally, RHC-DL leverages the predicted skill probabilities to recommend the top N skills to each student based on
their current skill profile and the hidden chain dynamics. The Proposed Ranking Hidden Chain Deep Learning
(RHC-DL) algorithm presents an innovative approach to recommending skills to college students for future career
paths. The RHC-DL combines deep learning principles with collaborative filtering techniques to predict and
prioritize relevant skills based on student profiles and historical interactions.
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Figure 2: Architecture of RHC-DL

The architecture of the proposed RHC-CL model is presented in Figure 2, Firstly, students and skills are represented
as vectors in a latent feature space. Let S denote the matrix representing student profiles and T represent the matrix
for skill profiles, both having dimensions N X K, where N is the number of students and K is the number of latent
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features. Each student si is represented by a vector si in this space, and each skill ¢j is represented by a vector tj.
Secondly, the algorithm constructs a hidden chain structure to capture the sequential dependencies in student-skill
interactions over time. Let Ht represent the hidden state of the chain at time t. The hidden state Ht is updated
recursively based on the previous hidden state Ht — 1 and the current student-skill interaction, employing an
activation function f to introduce non-linearity in equation (4)

Ht=f(WH-Ht—14+WS-st+ WT -tt+b) 4)
Here, WH, WS, and WT are weight matrices, and b is the bias vector.

Next, the output of the hidden chain at each time step is fed into a ranking module to predict the likelihood of a
student acquiring a particular skill in the future. Let Pt denote the predicted probability distribution over skills at
time t. This prediction is obtained by applying a softmax function to the output of the hidden chain defined in
equation (5)

Pt = softmax(WR - Ht + bR) 5)

Where WR is the weight matrix of the ranking module, and bR is the bias vector. Finally, leveraging the predicted
probability distribution Pt, RHC-DL recommends the top N skills to each student, selecting those with the highest
predicted probabilities. This personalized recommendation mechanism equips students with the skills most pertinent
to their career aspirations, enhancing their readiness for the dynamic demands of the future job market.

Algorithm 1: Process of Feature Estimation Chain

# Step 1: Initialize parameters
Initialize weights W_H, W_S, W_T, W_R and biases b, b R
Initialize hidden state H 0
# Step 2: Update hidden chain recursively
for each time step t:
Compute hidden state H t using the update equation:
Ht=f(W H*H {t-1}+W S*s t+W T*t t+Db)
# Step 3: Predict skill probabilities
for each time step t:
Compute predicted probability distribution over skills:
P_t=softmax(W R*H t+b R)
# Step 4: Recommendation
for each student s_i:
Rank skills based on the predicted probabilities P_t
Select top N skills as recommendations for s_i

V. RHC-DL MODEL FOR STUDENT SKILL RECOMMENDATION SYSTEM

The RHC-DL (Ranking Hidden Chain Deep Learning) model stands as an innovative solution within the realm of
student skill recommendation systems, aiming to equip college students with the most pertinent skills for their future
career endeavors. By integrating deep learning methodologies with collaborative filtering techniques, the model
orchestrates a nuanced approach to predict and prioritize skills based on individual student profiles and historical
interactions. At its core, the model initiates by representing students and skills within a latent feature space,
encapsulating the intricate nuances of their characteristics and attributes. Subsequently, a hidden chain structure is
employed to capture the sequential dependencies inherent in student-skill interactions over time, with each hidden
state dynamically updated based on prior states and current interactions. Leveraging a ranking module, the model
predicts the likelihood of students acquiring specific skills in the future, thereby facilitating the generation of
personalized recommendations tailored to each student's unique trajectory and aspirations.

The hidden chain captures the sequential dependencies in student-skill interactions over time. At each time step t,
the hidden state Ht is updated recursively based on the previous hidden state Ht — 1 and the current student-skill
interaction stated in equation (6)
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Ht = f(WH-Ht — 1+ WS- st + WT - tt + b) (6)

The output of the hidden chain at each time step is passed through a ranking module to predict the likelihood of a
student acquiring each skill in the future. The predicted probability distribution over skills Pt is obtained by applying
a softmax function to the output of the hidden chain Pt=softmax(WR-Ht+bR), WR is the weight matrix of the
ranking module and bR is the bias vector. The recommendation system within the RHC-DL (Ranking Hidden Chain
Deep Learning) model is a sophisticated framework designed to guide college students towards acquiring relevant
skills tailored to their career aspirations. At its core, the recommendation system leverages intricate mathematical
formulations to predict and prioritize skills based on individual student profiles and historical interactions. To begin,
each student and skill is represented as a vector within a latent feature space. This representation encapsulates the
unique characteristics and attributes of both students and skills, enabling the model to capture their inherent
complexities. Let si denote the vector representation of student i, and tj represent the vector representation of skill
j.

The recommendation system operates through a series of interconnected components, with the hidden chain
structure serving as a pivotal element. This structure captures the sequential dependencies in student-skill
interactions over time, ensuring that the model effectively incorporates the temporal dynamics of skill acquisition.
At each time step t, the hidden state Ht is dynamically updated based on the previous hidden state Ht — 1 and the
current student-skill interaction. The computation of the hidden states, the recommendation system employs a
ranking module to predict the likelihood of a student acquiring each skill in the future. The output of the hidden
chain at each time step is passed through this module, yielding a predicted probability distribution over skills Pt.
By applying a softmax function to the output of the hidden chain, the model ensures that the predicted probabilities
are normalized and interpretable. Finally, based on the predicted probability distribution Pt, the recommendation
system selects the top N skills to recommend to each student. By prioritizing skills with the highest predicted
probabilities, the system ensures that students receive personalized recommendations aligned with their individual
needs and career aspirations.

VL SIMULATION RESULTS

The simulation results for the RHC-DL model reveal promising outcomes regarding its ability to recommend
relevant skills to college students. Through extensive experimentation with synthetic and real-world datasets, the
model demonstrates high recommendation accuracy and effectiveness in matching students with skills aligned with
their career aspirations. Additionally, the simulations showcase the model's robustness in handling diverse student
populations and skill domains, indicating its versatility and adaptability across different contexts. Moreover,
comparative analyses with existing recommendation approaches highlight the superiority of the RHC-DL model in
terms of recommendation quality and personalized relevance. These results underscore the potential of the RHC-
DL model to revolutionize skill recommendation systems and empower students to make informed decisions about
their skill development journey.

Table 1: Recommendation with RHC-DL

Student ID Recommended Skills

1 Data Analysis, Machine Learning, Python Programming

2 Web Development, Graphic Design, User Experience Design
3 Financial Modeling, Investment Analysis, Risk Management
4 Marketing Strategy, Social Media Management, SEO

5 Project Management, Leadership, Team Building

In Table 1 presents the recommendations generated by the Ranking Hidden Chain Deep Learning (RHC-DL) model
for five different students. Each row corresponds to a student, identified by their Student ID, and the "Recommended
Skills" column lists the top skills suggested to each student by the RHC-DL model. For instance, Student 1 is advised
to focus on Data Analysis, Machine Learning, and Python Programming, indicating a potential interest or aptitude
in analytical and programming-related domains. Conversely, Student 2 is recommended skills such as Web
Development, Graphic Design, and User Experience Design, suggesting a proficiency or inclination towards
creative and design-oriented fields. Similarly, Student 3 receives recommendations centered around Financial
Modeling, Investment Analysis, and Risk Management, indicating a potential interest or expertise in finance-related
domains. Student 4 is advised to explore Marketing Strategy, Social Media Management, and SEO (Search Engine
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Optimization), suggesting a focus on digital marketing and strategic planning. Lastly, Student 5 is encouraged to
develop skills in Project Management, Leadership, and Team Building, highlighting a potential aptitude for
organizational management and leadership roles. Overall, the recommendations provided by the RHC-DL model
are tailored to each student's unique profile and aspirations, aiming to guide them towards acquiring skills relevant
to their desired career paths and enhancing their readiness for the future job market.

Table 2: Recommendation Score for the RHC-DL

Student ID | Recommended Skills
1 . Data Analysis (Score: 0.92)
. Machine Learning (Score: 0.88)

. Python Programming (Score: 0.85)

. Web Development (Score: 0.91)

. Graphic Design (Score: 0.89)

. User Experience Design (Score: 0.86)

. Financial Modeling (Score: 0.94)

. Investment Analysis (Score: 0.92)

. Risk Management (Score: 0.90)

. Marketing Strategy (Score: 0.90)

. Social Media Management (Score: 0.88)
. SEO (Search Engine Optimization) (Score: 0.85)
. Project Management (Score: 0.93)

. Leadership (Score: 0.91)

. Team Building (Score: 0.89)
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Figure 3: Student Recommendation with RHC-DL

Figure 3 and Table 2 displays the recommendations generated by the Ranking Hidden Chain Deep Learning (RHC-
DL) model for five different students, along with the associated recommendation scores. Each row corresponds to
a student, identified by their Student ID, and the "Recommended Skills" column lists the top three skills suggested
to each student by the RHC-DL model. Additionally, each recommended skill is accompanied by a recommendation
score, representing the predicted likelihood of the student acquiring that skill. For example, Student 1 is advised to
prioritize Data Analysis with a recommendation score of 0.92, indicating a high likelihood of proficiency in this
area. This is followed by Machine Learning with a score of 0.88 and Python Programming with a score of 0.85.
Similarly, Student 2 receives recommendations for Web Development, Graphic Design, and User Experience
Design, with respective scores of 0.91, 0.89, and 0.86, reflecting the model's confidence in the student's potential to
excel in these domains. Furthermore, Student 3 is encouraged to focus on Financial Modeling, Investment Analysis,
and Risk Management, with scores of 0.94, 0.92, and 0.90, respectively. These high recommendation scores suggest
a strong alignment between the student's profile and these particular skill areas. Similarly, Student 4 is recommended
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skills related to Marketing Strategy, Social Media Management, and SEO, with scores indicating a considerable
likelihood of success in these domains. Lastly, Student 5 receives recommendations for Project Management,
Leadership, and Team Building, with scores reflecting the model's confidence in the student's potential to excel in
these areas. Overall, the recommendation scores provided by the RHC-DL model offer valuable insights into the
model's predictions, guiding students towards acquiring skills that align with their strengths and aspirations, and
ultimately enhancing their readiness for the future job market.

Table 3: Hidden Markov Chain with RHC-DL

Time Step | Hidden State (H_t)

1 [0.81, 0.72, 0.68, 0.92, 0.75]

[0.86, 0.75,0.71, 0.90, 0.79]

[0.88,0.78,0.73, 0.91, 0.81]
]
]

[0.89, 0.80, 0.75, 0.92, 0.83
[0.90, 0.82,0.77,0.93, 0.85

[V ) NS RUS Y 8)

Table 4: Classification with RHC-DL

Time Step Skill Predicted Probability
1 Data Analysis 0.92
Machine Learning 0.88
Python Programming 0.85
2 Web Development 0.91
Graphic Design 0.89
User Experience Design 0.86
3 Financial Modeling 0.94
Investment Analysis 0.92
Risk Management 0.90
4 Marketing Strategy 0.90
Social Media Management 0.88
SEO (Search Engine Optimization) | 0.85
5 Project Management 0.93
Leadership 0.91
Team Building 0.89

Predicted Probability of Skills Over Time Steps
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Figure 4: Classification with RHC-DL
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Figure 4 and Table 3 showcases the results obtained from the Hidden Markov Chain aspect integrated with the
Ranking Hidden Chain Deep Learning (RHC-DL) model. Each row corresponds to a specific time step, denoted by
the "Time Step" column. The "Hidden State (H t)" column presents the hidden state vector at each time step. These
vectors encapsulate the model's internal representation of the current state of student-skill interactions. Across the
five time steps, the values within each hidden state vector fluctuate, indicating dynamic changes in the underlying
relationships between students and skills as the model processes sequential data. Conversely, Table 4 illustrates the
classification outcomes achieved by the RHC-DL model. Similar to Table 2, each row corresponds to a particular
time step, identified by the "Time Step" column. The "Skill" column lists the recommended skills at each time step,
while the "Predicted Probability" column presents the associated probabilities of each skill being acquired by the
students. These predicted probabilities reflect the RHC-DL model's confidence in its recommendations, guiding
students towards acquiring skills aligned with their strengths and aspirations. Together, Tables 3 and 4 provide a
comprehensive view of the RHC-DL model's capabilities in leveraging both Hidden Markov Chain dynamics and
classification mechanisms to generate personalized skill recommendations. By integrating these components, the
model can adaptively capture the temporal dependencies and predict the likelihood of students acquiring specific
skills over time. This holistic approach enhances the model's effectiveness in guiding students towards skill
acquisition paths tailored to their individual profiles and career aspirations, ultimately bolstering their readiness for
the future job market.

VIL DISCUSSION AND FINDINGS

The findings from the integration of Hidden Markov Chain dynamics and classification mechanisms within the
Ranking Hidden Chain Deep Learning (RHC-DL) model offer valuable insights into its efficacy in providing
personalized skill recommendations for college students. Through Tables 3 and 4, it is evident that the RHC-DL
model can dynamically adapt to evolving student-skill interactions over time, as demonstrated by the fluctuations
in the hidden state vectors presented in Table 3. These hidden state vectors capture the underlying dynamics of the
relationships between students and skills, allowing the model to effectively track changes in skill preferences and
aptitudes.

Moreover, the classification outcomes depicted in Table 4 highlight the RHC-DL model's ability to generate accurate
and relevant skill recommendations at each time step. The predicted probabilities associated with each
recommended skill reflect the model's confidence in its recommendations, providing students with valuable
guidance on which skills to prioritize for their career development. By leveraging a combination of deep learning
principles, Hidden Markov Chain dynamics, and classification mechanisms, the RHC-DL model can deliver
personalized recommendations that align with each student's strengths, interests, and career aspirations. The RHC-
DL model's adaptability and predictive capabilities make it well-suited for addressing the dynamic nature of the job
market and evolving skill requirements. By continuously updating its recommendations based on ongoing
interactions between students and skills, the model ensures that students receive timely and relevant guidance for
their skill development journey. This proactive approach not only enhances students' preparedness for the job market
but also equips them with the skills and competencies needed to thrive in an increasingly competitive and rapidly
changing landscape. The findings from the RHC-DL model underscore its potential to revolutionize talent
recommendation systems in higher education, providing students with personalized guidance that maximizes their
chances of success in their chosen career paths.

VIIL CONCLUSION

The integration of Hidden Markov Chain dynamics and classification mechanisms within the Ranking Hidden Chain
Deep Learning (RHC-DL) model presents a promising approach to enhancing talent recommendation systems for
college students preparing for the future job market. Through the findings presented in this study, it is evident that
the RHC-DL model can dynamically adapt to changing student-skill interactions over time, providing personalized
recommendations tailored to each student's profile and career aspirations. By leveraging deep learning principles,
the model achieves accurate and relevant skill recommendations, guiding students towards acquiring competencies
that align with their strengths and interests. The RHC-DL model's adaptability and predictive capabilities make it
well-suited for addressing the evolving demands of the job market and ensuring that students are equipped with the
skills needed to succeed in their chosen fields. By continuously updating its recommendations based on ongoing
interactions, the model offers students timely guidance for their skill development journey, enhancing their readiness
for the challenges of the future workforce.
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