Multidisciplinary Journal of Research in Engineering and Technology

S
Y

Archives available at journals.mriindia.com

Multidisciplinary Journal of Research in Engineering and

Technology

ISSN: 2348-6953
Volume 12 Issue 01, 2025

A Survey of Methods and Architectures for Attention-Based Sparse
Graph Convolutional Neural Network-Based Forecast Model for Career
Planning in Human Resource Management

Jovencio Qureshi-Haq

Senior Lecturer, Department of Electrical and Computer Engineering, Visayan Maritime Polytechnic

University, Philippines

Email: jovencio.qureshi.haqg@vmpu-ph.net

Peer Review Information

Submission: 25 Feb 2025
Revision: 06 March 2025
Acceptance: 18 March 2025

Keywords

Graph Convolutional Neural
Networks, Attention
Mechanism, Sparse Graph
Learning, Career Forecasting,
Human Resource Analytics,
Talent Recommendation
Systems

Abstract

The rapid advancement of artificial intelligence and big data analytics
has significantly transformed human resource management (HRM),
particularly in career planning and workforce analytics. Traditional HR
systems, which rely on rule-based or statistical methods, often fail to
capture the complex relationships among employees, skills, job roles,
and organizational structures. With the increasing availability of
workforce data from enterprise systems and professional platforms,
intelligent predictive models have become essential. Graph-based
machine learning approaches, especially Graph Convolutional Neural
Networks (GCNs), effectively model such relationships by representing
entities as nodes and interactions as edges. These models enable
accurate forecasting of career paths and personalized
recommendations. However, conventional GCNs treat all connections
equally, limiting their effectiveness. Attention mechanisms address this
by assigning importance to relevant nodes and relationships, improving
prediction accuracy and interpretability. Additionally, sparse graph
neural networks handle incomplete and heterogeneous HR data
efficiently. Attention-based and heterogeneous graph models further
enhance job recommendation systems by capturing complex
dependencies between skills, roles, and career trajectories. This review
highlights advancements in attention-based sparse GCN architectures
for career forecasting, emphasizing their ability to support intelligent
talent management, while also identifying challenges and future
directions for scalable and adaptive HR analytics systems.

Introduction

organizations increasingly rely on data-driven

The rapid growth of digital technologies, artificial
intelligence, and data analytics has significantly
transformed the way organizations manage their
workforce and plan long-term human resource
strategies. Human Resource Management (HRM)
has evolved from a traditional administrative
function into a strategic component that directly
influences  organizational = competitiveness,
productivity, and innovation. Modern
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approaches to manage employee recruitment,
training, career development, and retention. In
this context, career planning has emerged as a
crucial process that enables both organizations
and employees to align their long-term goals with
evolving industry demands.

Career planning in human resource management
refers to the systematic process of identifying
employees’ career goals, evaluating their skills
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and competencies, and designing suitable career
development pathways that support both
individual aspirations and organizational
objectives. Effective career planning benefits
employees by providing clear career trajectories,
improving job satisfaction, and encouraging skill
development. For organizations, structured
career planning improves workforce stability,
reduces employee turnover, and helps identify
potential leaders within the organization.
However, implementing effective career planning
strategies in large organizations is a complex task
because workforce data is often dynamic,
heterogeneous, and interconnected.

With the increasing adoption of digital platforms
such as professional networking websites,
recruitment portals, and enterprise resource
planning systems, organizations now generate
massive volumes of workforce data. These
datasets include information about employee
skills, education, work experience, performance
evaluations, professional networks, and job
transitions.  Traditional —human resource
management systems often rely on manual
evaluation, rule-based decision making, or
simple statistical analysis to interpret such
information. These approaches are limited in
their ability to capture complex relationships
between employees, job roles, and organizational
structures.

The emergence of artificial intelligence (AI) and
machine learning (ML) technologies has opened
new possibilities for analyzing workforce data
and developing intelligent decision-support
systems for human resource management.
Machine learning models can identify patterns
within large datasets and generate predictive
insights regarding employee performance, job
transitions, and career development
opportunities. These capabilities have led to the
development of HR analytics systems that
support strategic workforce planning and talent
management.

One of the key challenges in developing
intelligent career planning systems is the
complex network of relationships that exist
within HR datasets. Employees are connected to
job roles, skills, departments, training programs,
and professional networks. These relationships
form highly interconnected structures that
cannot be effectively modeled using traditional
machine learning techniques that assume
independent observations. Graph-based learning
methods provide a powerful solution to this
challenge by representing data as networks of
interconnected entities.

Graph theory provides a natural representation
for many real-world systems, including social
networks, recommendation systems, and
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organizational structures. In graph-based
models, entities such as employees, job roles, and
skills can be represented as nodes, while their
interactions and relationships are represented as
edges. This representation allows machine
learning models to capture the structural
dependencies between entities and analyze how
information flows through the network. Graph-
based representations are particularly useful for
career forecasting systems because career
progression often depends on relationships
between skills, experiences, and professional
networks.

Graph Neural Networks (GNNs) have emerged as
a powerful class of deep learning models
designed to process graph-structured data.
Unlike traditional neural networks that operate
on structured grid-like data such as images or
sequences, GNNs enable neural networks to learn
from complex network structures. Graph neural
networks propagate information across nodes
through iterative message passing processes,
allowing models to learn representations that
incorporate both node features and graph
topology.

Among various GNN architectures, Graph
Convolutional Neural Networks (GCNs) have
gained widespread attention due to their ability
to perform convolution operations on graph
structures. GCNs extend the concept of
convolution from traditional image processing to
irregular graph domains. In a graph
convolutional network, each node updates its
representation by aggregating information from
its neighboring nodes. This process enables the
model to capture local structural information
within the graph while gradually learning global
patterns through multiple convolution layers.

In the context of human resource management,
graph convolutional neural networks can be used
to model relationships between employees, job
roles, and skill sets. For example, a graph can be
constructed where employees are connected to
the skills they possess and the positions they
have held in the past. By analyzing these
relationships, GCN models can identify patterns
that reveal potential career paths or recommend
job positions that match an employee’s skill
profile. Such predictive capabilities are
particularly valuable for career planning systems
because they enable organizations to identify
talent development opportunities and support
employee growth.

Despite their effectiveness, traditional graph
convolutional neural networks have certain
limitations. One major limitation is that they treat
all neighboring nodes equally when aggregating
information. In real-world datasets, however, not
all relationships are equally important. For
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instance, some skills may be more critical for
career advancement than others, and certain
professional experiences may have a stronger
influence on job transitions. Treating all
relationships equally may therefore reduce the
accuracy of predictions.

Attention mechanisms have been introduced to
address this limitation by allowing neural
networks to assign different importance weights
to different nodes and edges in the graph.
Attention mechanisms were initially developed
for natural language processing tasks, where they
enable neural networks to focus on the most
relevant parts of a sentence when generating
predictions. In graph neural networks, attention
mechanisms allow the model to learn which
neighboring nodes are most relevant when
updating a node’s representation.

Graph Attention Networks (GATs) represent a
popular architecture that integrates attention
mechanisms into graph neural networks. In GAT
models, attention coefficients are computed for
each pair of connected nodes, indicating the
importance of each neighbor during the
aggregation process. This approach enables the
network to dynamically adjust the influence of
different nodes based on their relevance to the
prediction task. As a result, attention-based
graph neural networks often achieve higher
accuracy and improved interpretability
compared with conventional GCN models.
Another challenge in HR analytics is the sparsity
of workforce data. In many cases, employee
profiles may contain incomplete information
regarding skills, job history, or professional
networks. Sparse datasets can reduce the
effectiveness of machine learning models
because they provide limited information for
training. Sparse graph learning techniques have
been developed to address this issue by enabling
neural networks to learn meaningful
representations even when the graph structure
contains relatively few connections.

Sparse graph convolutional neural networks
utilize efficient representations of adjacency
matrices and feature vectors to process large
graphs with limited connectivity. These
techniques improve computational efficiency and
allow models to scale to large datasets without
excessive memory consumption. In HR analytics
applications, sparse graph learning is
particularly important because workforce
datasets often contain thousands or millions of
nodes representing employees, job roles, and
skill categories.

In recent years, researchers have also explored
the use of heterogeneous graph neural networks
for modeling HR datasets. Unlike homogeneous
graphs where all nodes belong to the same type,
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heterogeneous graphs contain multiple types of
nodes and relationships. In career planning
systems, nodes may represent employees, skills,
job roles, educational institutions, and training
programs. Heterogeneous graph neural networks
can integrate these diverse entities into a unified
representation, enabling more comprehensive
analysis of workforce dynamics.

The integration of attention mechanisms with
sparse graph convolutional neural networks has
created a new class of models capable of
addressing many challenges associated with HR
analytics.  Attention-based  sparse GCN
architectures combine the advantages of graph
representation learning, dynamic feature
weighting, and computational efficiency. These
models can effectively analyze complex
workforce data and generate predictions
regarding career trajectories, job
recommendations, and skill development
pathways.

The increasing availability of large-scale
workforce datasets and the growing demand for
intelligent HR analytics systems have further
accelerated research in this area. Organizations
are increasingly adopting Al-driven tools for
recruitment, employee engagement, and
workforce planning. Intelligent career planning
systems can support HR managers in identifying
potential leaders, recommending training
programs, and forecasting future workforce
needs.

Despite these advancements, several challenges
remain in the development of Al-based career
forecasting systems. One significant challenge is
the integration of heterogeneous data sources,
including structured HR databases, unstructured
resume text, and social network data. Another
challenge involves ensuring the fairness and
transparency of Al models used in HR decision
making. Machine learning models trained on
historical workforce data may unintentionally
learn biases present in the dataset, potentially
leading to unfair recommendations.

Therefore, developing interpretable and ethical
Al models for human resource management is an
important research  direction. Attention
mechanisms can contribute to this objective by
providing insights into which features and
relationships influence model predictions. By
analyzing attention weights, HR professionals
can better understand the factors that drive
career recommendations and ensure that
decision-making processes remain transparent
and fair.

This survey aims to provide a comprehensive
overview of recent developments in attention-
based sparse graph convolutional neural
networks for career forecasting systems in
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human resource management. The study focuses
on research published between 2020 and 2023
and examines various architectures,
methodologies, and applications of graph neural
networks in HR analytics. The survey also
analyzes the strengths and limitations of existing
approaches and identifies potential research
directions for future studies.

By reviewing recent literature and comparing
different graph neural network architectures,
this paper aims to contribute to the growing field
of Al-driven workforce analytics. The insights
presented in this survey can help researchers and
practitioners develop more effective career
planning systems that support both employees
and organizations in navigating the evolving
landscape of the modern workforce.

Literature Review

Recent advancements in artificial intelligence
and graph-based deep learning have significantly
influenced the development of intelligent
recommendation and forecasting systems in
human resource management (HRM). Graph
neural networks (GNNs), particularly Graph
Convolutional Neural Networks (GCNs), have
emerged as powerful tools for modeling
relational data in recruitment systems, job
recommendation platforms, and career
forecasting systems. The integration of attention
mechanisms with graph neural networks has
further improved their performance by enabling
models to identify and focus on the most relevant
relationships within complex datasets. The
following section reviews key studies published
between 2020 and 2023 related to graph neural
networks, attention mechanisms, and HR
analytics.

Yang et al. (2020) introduced a Contextualized
Graph Attention Network (CGAT) designed for
recommendation systems that incorporate
knowledge graphs. The authors recognized that
traditional recommendation models often fail to
capture contextual relationships between users
and items. To address this limitation, the
proposed CGAT model integrates knowledge
graph embeddings with attention mechanisms to
capture contextual dependencies among nodes.
The attention mechanism enables the model to
assign dynamic weights to neighboring nodes,
allowing it to focus on the most relevant
relationships during the embedding process.
Experimental results demonstrated that the
CGAT model outperformed several baseline
recommendation algorithms in terms of accuracy
and recommendation quality. This study
highlighted the importance of attention
mechanisms in improving the representation
learning capability of graph neural networks.
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Wu et al. (2022) presented a comprehensive
survey on graph neural network-based
recommender systems, providing an extensive
overview of how GNN architectures can enhance
recommendation tasks. The authors categorized
existing methods into three primary groups:

collaborative filtering-based graph neural
networks, knowledge graph-based
recommendation models, and hybrid

architectures. The survey emphasized that graph
neural networks are capable of capturing
complex interactions between users and items
through graph structures. Additionally, the
authors discussed challenges related to
scalability, data sparsity, and computational
complexity in large-scale graph neural networks.
Their findings demonstrated that graph-based
recommendation models significantly
outperform traditional machine learning
approaches in terms of prediction accuracy and
recommendation diversity.

Hekmatfar et al. (2022) proposed GARec, an
attention-based graph convolutional neural
network for recommendation systems. The
GARec model incorporates a multi-head
attention mechanism that enables the network to
learn the relative importance of neighboring
nodes during feature aggregation. By assigning
adaptive weights to different node connections,
the model can capture more informative
relationships within the graph structure.
Experimental evaluation wusing benchmark
recommendation datasets showed that GARec
achieved higher accuracy and improved ranking
performance compared with conventional GCN
models and collaborative filtering algorithms.
The study demonstrated that attention-based
graph neural networks are particularly effective
in handling sparse datasets, which are common
in recommendation systems and HR analytics.
Another important contribution was presented
by Huang et al. (2023), who developed the
Attentive Implicit Relationship-Aware Neural
Network (AIRANN) for resume recommendation
and recruitment analytics. In this model, resumes
and job descriptions are represented as nodes
within a graph structure, while their
relationships are modeled as edges. The model
employs attention mechanisms to identify
implicit relationships between job requirements
and candidate qualifications. The AIRANN
architecture combines deep neural networks
with attention-based feature extraction, allowing
it to learn complex semantic relationships
between job seekers and job opportunities.
Experimental results demonstrated that AIRANN
significantly improved job recommendation
accuracy compared with traditional deep
learning models.
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Wang et al. (2023) proposed an Improved
Heterogeneous Graph Convolutional Network
(IHGCN)  designed specifically for job
recommendation systems. The model constructs
a heterogeneous graph that includes multiple
types of nodes such as resumes, job postings, and
skill sets. Unlike traditional homogeneous GCN
models, THGCN incorporates meta-path-based
feature learning to capture relationships
between different types of nodes. The authors
demonstrated that the heterogeneous structure
enables the model to integrate diverse HR data
sources effectively. = Experimental results
indicated that the IHGCN model achieved
superior performance in job recommendation
tasks compared with baseline models.

Shen et al. (2023) introduced a Similarity and
Complementarity Attention-Based Graph
Recommendation Model, which integrates two
types of attention mechanisms to capture both
similarity and complementary relationships
between users and items. The model utilizes
similarity attention to identify nodes with similar
characteristics and complementarity attention to
identify nodes with complementary features.
This dual attention mechanism improves the
model’s ability to learn complex user-item
interactions, making it particularly useful for
recommendation tasks in dynamic environments
such as recruitment platforms and career
planning systems.

Guo et al. (2023) developed a Graph
Convolutional Neural Network with Self-
Attention Mechanism for sequential
recommendation tasks. The proposed model
integrates sequential modeling with graph neural

Comparative Table and Analysis

networks to capture both temporal and
structural dependencies in user behavior data.
The self-attention mechanism allows the model
to dynamically learn the importance of historical
interactions when predicting future
recommendations. This approach significantly
improves the model’s ability to capture long-term
dependencies in wuser behavior, which is
particularly relevant for career trajectory
prediction in HR systems.

Zhou and Liang (2023) proposed a User
Perception-Guided Graph Convolutional Network
for Multimodal Recommendation Systems. Their
approach integrates multimodal information
such as textual, visual, and structural data to
improve  recommendation accuracy. By
combining graph convolutional neural networks
with multimodal attention mechanisms, the
model can effectively capture relationships
between different data modalities. This
capability is particularly important for HR
analytics systems that must analyze diverse
datasets including resumes, skill profiles, and job
descriptions.

Overall, the literature demonstrates that
attention-based graph neural networks provide
significant improvements in recommendation
systems and predictive analytics applications.
These architectures enable models to capture
complex relationships between entities while
addressing challenges such as data sparsity and
heterogeneous data integration. As a result,
attention-based sparse graph convolutional
neural networks have strong potential for
developing intelligent career forecasting systems
in human resource management.

Study Year | Architecture Dataset/Application | Key Contribution | Limitations
Yangetal. | 2020 | Contextualized Knowledge graph | Improved High
Graph Attention | recommendation contextual computational
Network relationship complexity
modeling
Wu et al. 2022 | GNN Recommendation Comprehensive Limited empirical
Recommendation | systems framework  for | evaluation
Survey GNN
recommendation
models
Hekmatfar | 2022 | GARec (Attention- | Recommendation Multi-head Sensitive to
et al. based GCN) datasets attention for node | hyperparameters
weighting
Huang et | 2023 | AIRANN Resume Captures implicit | Requires  large
al. recommendation relationships training datasets
between resumes
and jobs
Wangetal. | 2023 | Heterogeneous Job Integrates Graph
GCN recommendation multiple HR data | construction
types complexity
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Shenetal. | 2023 | Dual  Attention | Recommendation Captures Increased model
GNN systems similarity and | complexity
complementarity
relationships
Guo et al. 2023 | Self-Attention Sequential Captures Higher
GCN recommendation temporal computational
dependencies cost
Zhou & | 2023 | Multimodal GCN Multimodal Integrates Requires
Liang recommendation multimodal HR | multimodal data
datasets availability
Analysis Attention-based graph neural networks further

The literature review indicates a clear evolution
in graph neural network architectures used for
recommendation and predictive analytics
systems. Early models primarily focused on basic
graph convolution operations to learn node
embeddings. However, recent research has
emphasized the integration of attention
mechanisms to improve model performance.
Attention-based graph neural networks enable
models to dynamically adjust the importance of
different relationships within the graph. This
capability is particularly useful in HR analytics
because career progression depends on multiple
factors such as skills, experience, professional
networks, and organizational structures.
Another major advancement is the development
of heterogeneous graph neural networks capable
of integrating multiple types of HR data. These
models allow HR systems to analyze diverse
information sources simultaneously, including
resumes, job descriptions, employee skill
profiles, and organizational relationships.
Despite these advancements, challenges remain
in terms of scalability and computational
efficiency. Large organizations generate massive
workforce datasets, which require efficient graph
learning algorithms capable of processing large-

scale graphs without compromising
performance.
Discussion
The integration of artificial intelligence

technologies in human resource management
has created new opportunities for developing
intelligent career planning and workforce
analytics systems. Graph neural networks
represent one of the most promising approaches
for modeling the complex relationships present
in HR datasets. Unlike traditional machine
learning methods that treat data as independent
observations, graph neural networks allow
models to represent entities such as employees,
job positions, and skills as interconnected nodes
within a graph structure. This approach enables
models to capture relational dependencies that
play a crucial role in career development and job
mobility.
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enhance the capabilities of these models by
allowing them to identify and prioritize
important relationships within the graph. In real-
world HR datasets, certain relationships are
more influential than others. For example,
specific  technical skills or professional
experiences may have a stronger impact on
career progression than others. Attention
mechanisms enable neural networks to assign
higher weights to these critical features, thereby
improving prediction accuracy and
interpretability.

Another important advantage of graph neural
networks in HR analytics is their ability to handle
heterogeneous datasets. HR systems often store
information in different formats, including
structured employee records, textual resumes,
and relational organizational networks.
Heterogeneous graph neural networks allow
these diverse data sources to be integrated into a
unified representation. This integration enables
models to perform more comprehensive analysis
of workforce data and generate more accurate
career recommendations.

However, several challenges must be addressed
before graph neural networks can be fully
adopted in HR analytics systems. One major
challenge is data sparsity. Many HR datasets
contain incomplete information about employee
skills or career history. Sparse graph learning
techniques are therefore necessary to ensure that
models can still learn meaningful patterns even
when data is limited.

Another challenge is computational scalability.
Graph neural networks require significant
computational resources when processing large-
scale graphs. Organizations with thousands of
employees and job roles may generate extremely
large graphs that require efficient training
algorithms and optimized hardware
infrastructure.

Ethical considerations also play an important
role in the deployment of Al-based HR systems.
Algorithmic bias may occur if training datasets
contain historical hiring or promotion biases.
Researchers must therefore develop transparent
and fair machine learning models that minimize
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bias and ensure
recommendations.
Despite these challenges, the literature clearly
indicates that attention-based sparse graph
convolutional neural networks provide a
powerful framework for career forecasting
systems. These models can analyze complex
workforce data, identify hidden relationships
between employees and job roles, and generate
accurate predictions of career trajectories. As
organizations increasingly adopt data-driven HR
strategies, graph neural networks are likely to
become essential components of intelligent
workforce analytics systems.

equitable career

Conclusion

The increasing adoption of artificial intelligence
and big data analytics in human resource
management has transformed the way
organizations approach career planning and
workforce development. Modern HR systems
must analyze complex datasets containing
information about employee skills, job roles,
training programs, and organizational structures.
Traditional statistical and machine learning
approaches often struggle to capture the
relational nature of such datasets, limiting their
effectiveness in career forecasting applications.
Graph neural networks provide a powerful
framework for modeling relational data
structures in HR analytics. By representing
employees, job positions, and skills as nodes
within a graph structure, graph neural networks
can capture complex relationships that influence
career progression. Graph convolutional neural
networks extend traditional neural networks by
enabling information propagation across nodes,
allowing models to learn meaningful
representations of entities and their
relationships.

The integration of attention mechanisms into
graph neural networks has further enhanced
their performance. Attention-based architectures
allow models to dynamically assign importance
weights to different nodes and relationships,
enabling them to focus on the most relevant
information during prediction tasks. This
capability significantly improves the accuracy
and interpretability of career forecasting
systems.

Recent research has also demonstrated the
effectiveness of heterogeneous graph neural
networks for integrating multiple types of HR
data. These models can analyze structured
employee records, textual resumes, and
relational organizational networks
simultaneously, providing a more comprehensive
understanding of workforce dynamics.
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Despite these advancements, several research
challenges remain. Data sparsity and incomplete
workforce information can limit the effectiveness
of predictive models. Additionally, large-scale HR
datasets require efficient graph learning
algorithms capable of processing massive graphs
while maintaining high prediction accuracy.
Ethical considerations such as algorithmic bias
and fairness must also be addressed to ensure
that Al-based HR systems provide equitable
career recommendations.

Future research should focus on developing
scalable graph neural network architectures
capable of handling large workforce datasets
while maintaining interpretability and fairness.
Integrating knowledge graphs, natural language
processing techniques, and multimodal learning
approaches may further enhance career
forecasting systems by incorporating richer
contextual information from HR datasets.

In conclusion, attention-based sparse graph
convolutional neural networks represent a
promising direction for developing intelligent
career planning systems in human resource
management. These models offer powerful tools
for analyzing complex workforce data, predicting
career trajectories, and supporting data-driven
HR decision-making processes. As organizations
continue to embrace digital transformation, the
integration of graph neural networks and
attention mechanisms will play a crucial role in
shaping the future of workforce analytics and
career development systems.
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