[ 1 Cuo2s

Proceedings of the Ninth International Conference on Research
in Intelligent Computing in Engineering pp. 131-137

DOI: 10.15439/2024R78
ISSN 2300-5963 ACSIS, Vol. 42

©PTI 2024

Building a Robust Labor Market Network: Leveraging Machine
Learning for Enhanced Workforce Insights

Deepika Tiwari
School of science,
G. H. Raisoni University,
Saikheda, dist:- Chhindwara, MP
Deepikatiwari77@gmail.com

Meena Tiwari
Department of CSE
Shri Ram Institute of
Science and technology
Jabalpur MP

Hansaraj Shalikram Wankhede
Department of science
G. H. Raisoni University,
Saikheda, Dist:- Chhindwara, MP
hansaraj.wankhede@raisoni.net

phmeenatiwari@gmail.com

Abstract—To complement this approach, gradient boosting
(XGBoost) is utilized to uncover hidden or non-linear relation-
ships within the data. This enables more accurate predictions of
workforce trends, including career development patterns and
employee turnover rates. By integrating these techniques, the
proposed framework provides a dual benefit. First, it enhances
talent management and workforce planning by offering action-
able insights into employee engagement and retention. Second,
it equips marketing and human resources teams with strategies
tailored to boost employee satisfaction and loyalty. The results
demonstrate the immense potential of machine learning in re-
fining labor market analytics. Organizations can use these in-
sights to make strategic, data-informed decisions that improve
workforce efficiency while aligning with broader business
goals. This integration of machine learning into labor market
analysis not only strengthens employee management processes
but also positions organizations to adapt effectively to evolving
workforce demands, ultimately fostering a more robust and
sustainable labor network.

Index Terms—M.L, Workforce Analytics, Labor Market Dy-
namics, Predictive Modeling, Skill Gap Analysis, Employment
Disparities, SVM, XGBoost.

I. INTRODUCTION

ABOR market analytics is a key foundation, standing at

the core of a very fast business environment that orga-
nizations need to maximize their workforce and remain
competitive. Indeed, given all the recent advances and de-
veloping reliance on data to inform decisions, a need for
newer approaches for better insights and talent management
has had its precipice mount over time. Standard analyses of
employees often fail to provide the richness of deeper pat-
terns and trends required in the prediction of employee re-
tention, turnover, and overall engagement [1]. Thus, it is im-
portant to use ML techniques as a significant means of trans-
forming labor market data into actionable insights in form-
ing both operational and strategic decisions.[1]

This paper proposes a novel approach for constructing a
resilient labor market network using sophisticated machine
learning techniques to mine employee data with Support
Vector Machines and Gradient Boosting (XGBoost) [2]. In
the paper, it focuses on transforming conventional employee
attributes such as job titles, departments, employment status,
and tenure into more structured formats that improve predic-
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tive modeling [2]. We use SVMs to classify employees
based on their ability to stay long-term and create optimal
decision boundaries between different kinds of employee
segments. In parallel, we apply XGBoost in order to find the
data relationship in a way that captures its non-linearity,
pointing out any hidden workforce trends and making pre-
dictions regarding career development and eventual
turnover [3].

A. The contributions of the paper are several-fold

1) Machine Learning-Driven Labor Market Analyt-
ics: We demonstrate how the SVM and XGBoost
ML algorithms classify employees, which are built
from their attributes. Predictive models will thus be
in service to the organizations to improve talent
management and workforce planning [4].

2) Developed utilizing end-of-year performance re-
ports, and empirical findings, which lay down the
general framework of human-capital-based work-
force planning.

3) Workforce Trend Predictions:[5] This research
reveals the power of ML to unveil the nonlinear in-
terplay and other concealed patterns in the data set
for the labor market, hence making appropriate de-
cisions on career progression and turnover.

4) Actionable Insights for Employee Engagement: It
provides marketing teams with insight into devel-
oping better strategies regarding employee en-
gage- ment and retention, which are fundamental
to having a robust workforce.

B. Objective of Research

Following are the research objectives:

1) Classification of employees based on their propen-
sity for long term retention using SVMs, for cate-
gorizing them into distinct decision boundaries of
various segments.

2) Identification of the hidden workforce trends
through XGBoost: to dig up the non-linear relations
and provide actionable predictions regarding
turnover and career development.

3) Improve workforce planning through predictive in-
sights to help organizations make better talent man-
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TaBLE 1. LITERATURE SURVEY FINDINGS

Author Name

Main Concept

Findings

Research Gap

Noor Al- sayed et al al.

Al integration in labor
market analysis

Al helps predict future labor
demand and enhances market
assessments.

Need for more re- fined real-time
data integration for better pre-
dictions.

Wael M.S. Yafooz
et al.

Al and data Science in
addressing graduate

CICCLM bridges gaps between
graduate skills and industry

Addressing broader curriculum
gaps across different disciplines.

fashion.

unemployment expectations.
Komal Dhiwar Al and ML in the fashion | Al revolutionizes design, Exploration of long- term
industry production, and trend analysis in | sustainability impacts of Al in

fashion.

S. J. Sowjanya et
al.

ML techniques in the oil
and gas industry

ML enables better analysis and
prediction of industry data.

Further exploration of ML models
for environment impact prediction

decision making

employers and offers career
recommendations

Deaton Global unemploy- ment Developing nations have lower | Need to explore non-
analysis unemployment but it may not conventional indicators of labor
reflect reality market distress
Gupta et al. Machine learning in labor | Predictive model for job demand |Inclusion of dynamic factors
market fore- casting across skills and geographies. affecting labor demand shifts.
Bialik and ML for job creation and ML shows promise in prediction |More sector specific predictive
manyika prediction job creation across sector model for future job creation
needed
Zliobaitnaitietal ML model for career ML helps match employees with | Need for more personalized and

adaptive career guidance model

Y. A. Al-sultanny

Miltechniques for labor
market forecasting

Decision trees are the most
accurate for labor market
outcome predictions.

Exploration of other Al methods
for improved forecasting
accuracy.

A. V. Gavrilov et
al.

IT employment trends in
Russia

"Datacol" and "Qlik Sense BI"
are used for data analysis and
visualization

Need for cross-country
comparisons of IT labor market
trends.

agement decisions, thus maintaining employee re-
tention.

4) The recommendations would help strategic insights
for the marketing and HR departments in terms of
employee engagement and retention based on data-
driven workforce analysis.

Through such objectives, this research aims to contribute
toward an emerging field of labor market analytics-a capa-
bility of machine learning that even refines organizational
decision- making processes.

II. LiteraTURE REVIEW

Existing literature on labor market assessment is dis-
cussed, focusing on traditional methodologies and more re-
cent developments that incorporate Al systems. Reflecting
on earlier contributions gives rise to discussion on how to
enhance labor market evaluations with artificial intelligence.

There have been discussions about Noor Alsayed et al. [6]
that suggested integrating Al with labor market data, which
benefits job seekers as well as businesses and policies. By
using Al algorithms, it is possible to predict very accurately
the labor demand for the future, thus positively enhancing
labor market analysis and studying the economic impacts of
integrating Al It also proposed a framework to analyze on-

line job postings and reports that would accelerate labor
market assessment.

Wael M.S. Yafooz et al. [7] present a system named CIC-
CLM, which uses Al and data science to analyze labor mar-
ket needs, hence closing the gap between computing gradu-
ates and industry expectations. It provides insight into mis-
matches between academic curricula and workforce needs,
hence gives recommendations on how to reduce graduate
unemployment. Komal Dhiwar [8] discusses how Al and
machine learning revolutionize the entire spectrum of fash-
ion industry processes, right from design to production, up
to sustainability. The paper scopes the trends and processes
that are influenced by Al-based tools.

S.J. Sowjanya, V. Jangam, and R. [9] give a deep contrast
of numerous ML techniques utilized in the oil and gas indus-
try for how Al and ML are allowing new opportunities to
analyze and predict data in this sector.

Deaton [10] analyzes the trends of world unemployment
concluding that unemployment in developing regions is less
as compared to developed countries. Using the definitions
put forward by the International Labor Organization for em-
ployment and unemployment, it states that the rates of un-
employment in developing areas would not necessarily re-
flect the distress in the labor market.
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Gupta et al. [11] offer an overview of applying machine
learning for labor market forecasting: its aim is to forecast
the demand for the job market across different skills and ge-
ographies, creating a predictive model of workforce needs in
the future.

Bialik and Manyika [12] have shown the applicability of
machine learning for predicting job generation in different
areas and also further highlighted that ML can inform the
policy on human capital and respond to labour market de-
mand.

Zliobaitnaiti et al. [13] develop a model with the help of
which people take decisions in their careers as per the option
that best suits them, together with the market condition. The
natural language processing technique is also implemented
to help employers match employees with the right skills and
the study further provides career counseling.

Y. A. Alsultanny [14] compares Bayesian classification,
decision tree analysis, and rule-based approaches for three
types of labor market forecasting. The decision trees are rec-
ommended due to excellent predictability in labor market
outcomes.

A. V. Gavrilov et al. [15] analyzed the employment trends
of IT in Russia using "Datacol" for collecting vacancy data
and performing analytics and visualization of data using
"Qlik Sense BI." The article underlines tools and methodolo-
gies used for labor market trends evaluation in the sphere of
IT.

III. METHODOLOGY

It will then make use of a super structured, multistage
process to interpret raw employee data into actionable work-
force insights by the application of advanced machine learn-
ing techniques. The methodology consists of a collection
and comprehension process where the dataset for multiple
attributes such as job titles, departments, employment status,
and tenure are compiled. This is used as the backbone for
the multiple models of machine learning filled with insight
potential regarding the retention and turnover trend of the
employees.The preprocessing data is the next important step,
taking the raw data, cleaning and transforming it to make it
compatible with the machine learning algorithms [16], so the
main preprocessing steps include handling missing or incon-
sistent values, encoding categorical variables like gender
and employment status, and converting date fields, such as
originalhiredate, rehiredate, and birthdate, into a proper for-
mat. Normalization is also applied on numerical variables,
such as employee tenure. In this way, the scales of all the
features are consistent, and thus algorithms, like SVM and
XGBoost, perform well [17].

Feature engineering [18] follows the preprocessing step.
New variables are developed to increase the informativeness
of the dataset. For instance, obtaining hire and rehire dates
derive employee tenure, which can be very effective in clari-
fying the duration of tenure for employees. Other categorical
variables such as employment status will also be trans-
formed into binary features; this enhances the capability of

Data Preprocessing

Feature Engineering

Model Selection
and Training

Model Evaluation

Workforce Insights and
analysis

Fig 1. Flow diagram for Research

the machine learning model to make good predictions and
good pattern identification. Feature engineering is crucial in
ensuring that the dataset is aligned with the objectives of
predictive modeling. This means creating new features to
identify retention potential and workforce trends in the
study. During the model selection and training stage, one se-
lects appropriate machine learning algorithms towards the
objectives of the study. The SVMs [19] are applied for the
classification of employees based on the chances of potential
retention. It creates decision boundaries between the differ-
ent classes of employees. SVM would be very employees.
SVM would be very suitable for this type of problem since
this algorithm can classify even rather small- sized datasets
and create optimal decision boundaries. The Gradient Boost-
ing (XGBoost) [20] model is chosen as an alternative ap-
proach since it is able to capture nonlinear relationships in
the data. Due to the ensemble ap- proach of XGBoost, better
prediction accuracy is allowed, especially when there are
hidden patterns and trends about employee turnover and ca-
reer development.At this point, in the model evaluation step,
if models are trained, it must use metrics such as accuracy,
precision, recall, and F1- score because through these met-
rics, one can assess the performance of the classification of
the employees and predict the possibility of retention and
turnover among them. This approach prevents overfitting
risk through cross-validation to better ensure the models
generalize well toward new, unseen data. XGBoost also per-
forms feature importance analysis across a set of attributes;
it found which ones-many times job title and tenure-date
most influence employee outcomes [21]. The final stage of
the methodology is workforce insights and analysis to see
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what this predicts for actionable insights. SVM segments out
employees for the HR function to provide insights into who
is likely to stay the longest. XGBoost identifies even more
complex, although non-linear relationships; this indicates,
more concretely, workforce trend patterns that may not nec-
essarily appear explicitly. This allows the analysis to equip
organizations with the ability to make innovative changes in
their workforce planning and retention strategies, taking into
account the understanding of major triggers for employee re-
tention, such as career development or organizational en-
gagement.

This research methodology embodies the potential that
machine learning provides for revolutionizing labor market
analytics so that organizations may make data-driven deci-
sions about optimizing workforce management, bringing in-
novation into employee retention.

IV. REsearcH METHODOLOGY

A. Dataset Description

The dataset used here covers a wide range of information
about the employees so that meaningful information is ob-
tained in many different aspects of the workforce. It captures
a lot of core demographic and employment details besides
job-specific features, which are quite quintessential in un-
derstanding various kinds of employee be- behavior, career
progression, and organizational dynamics. To that end, each
row in the dataset represents an individual employee and a
lot of features that speak of personal and professional char-
acteristics, hence becoming a very rich source of data for
analysis [22].

The employee identifier (employee ID) aids in the unique-
ness of each employee in the dataset, meaning there should
not be any repetition of records. Therefore, the data concern-
ing the employees can be tracked easily and handled. The
first, second middle, and last name of the employee (first -
name, middle name, and last name, respectively) aid in as-
certaining a given person with a similar name in an organi-
zation. An employ- ee's email besides his or her alternate
email address (email address), and also the phone number,
helps in bringing out information on contacting a person.
Data Set All the demographics would be important, such as
gender (M for Male, F for Female) and marital status (M for
Married, S for Single) of the employee. This becomes vital
in diversity analysis related to the workforce and its trends.
Yet another im- portant personal attribute is the Social Secu-
rity Number (ssn) though anonymized; it would remain as an
identifier unique for sensitive financial and legal purposes.
But it also provides for the calculation of age, through the
field birthdate-in which its actual date needs to be converted
from string format for computing age-for trend analysis of
the workforce according to age. On a professional end, the
set gives information on each employee's role in the organi-
zation which would include the job title and department:

These fields allow for greater penetration in the analysis
of the employee's function in the organization and are funda-
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mentally important for evaluating trends associated with job
roles, promotions, and departmental dynamics. The employ-
ment status field, P for Permanent, C for Contract, the regu-
lar_tempindicator (R for Regular, T for Temporary), and the
full parttimeindicator (F for Full-Time, P for Part- Time)
make the whole a lot richer lin its sense of how each em-
ployee has a relationship with the organization. This is very
helpful to forecast employee retention and turnover as they
would reveal the trends that correlate with employment
forms. The dataset further contains key employment dates,
namely originalhiredate and, where applicable, rehiredate.
These enable the calculation of employee tenure- a particu-
larly significant factor in analyzing employee loyalty and
turnover rates-which can be used as a predictor of retention
potential, giving valuable insights to workforce stability.

In addition, such data set includes detailed information on
locations, which includes postal codes, state, city, street
names, address and even country. This information gives the
scope of the distribution of employees across the different
regions and may help an organization understand trends in
workforce engagement and mobility across regions.

Analysis of such location data can provide insights into
hiring behaviors, job availabil- ity across regions, and geo-
graphic concentration of employees.

Together, these features offer an all-rounded view of the
workforce-attribute per- sonal demographics combined with
employment characteristics. These features there- fore pro-
vide a good foundation for machine learning models to pre-
dict factors such as employee retention, turnover, and other
workforce trends in order to help extract ac- tionable in-
sights informing workforce planning, talent management,
and engagement strategies.

B. Algorithm

Input: Raw Employee Dataset D = {X1, X2, ..., Xn}
Output: Workforce Insights W

Step 1: Data Collection and Comprehension Collect dataset

D with attributes such as job titles, departments,
employment status, tenure, etc.

Step 2: Data Preprocessing Handle missing values in . For
example, fill missing values using mean/mode imputation.
Encode categorical variables such as Gender, Employment
Status:

Xencode= One-Hot-Encoding(categorical)

Convert date fields such as originalhiredate, rehiredate,
birthdate to a standard format:

date = Date Conversion(raw_date)
Normalize numerical variables such as tenure
Xnorm = (X —p )/o

where X is the numerical value,  is the mean, and ¢ is the
standard deviation.

Step 3: Feature Engineering Derive employee tenure from
hire and rehire dates:

Tenure = Current Date — Hire Date

Create binary features for categorical variables:
Xbinary = Binary Transformation(Xcategorical)
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Step 4: Model Selection and Training Train Support Vector
Machine (SVM) for employee retention classification:
min f: ¥ |w|?s.t. yi(w - Xi+b)>1

where W is the weight vector, b is the bias term, Vi is the
label for employee i, and Xi is the feature vector.
Train Gradient Boosting (XGBoost) model to predict

turnover: nK
L=%ya, +3f K
i=1 k=1
where /s the loss function, i is the predicted value, and Q
is the regularization term for the complexity of the model.
Step 5: Model Evaluation Evaluate models using accuracy,
precision, recall, and F1-score:

A _ TP+IN
CoUracy = rp FP+ TN +FN
Procision — — TP
recision = ——""—p
TP
Recall = TP+EN
Precision x Recall
F1 Score =2 x — o 00— —¢C2
Precision+recall

where TP is true positive, TN is true negative, FP is false
positive, and FN is false negative.

Step 6: Workforce Insights and Analysis Use the trained
models to generate workforce insights W for retention
potential and turnover trends.

V. ResuLr ANALYSIS

Distribution of Employment Status (Permanent vs Contract)
508.00

500 4 492.00

400 4

300 -

count

200

employeestatus

Fig 2. Visualization of Employment Status Distribution in workforce
data

In Fig 2., the x-axis for the bar chart explains how the po-
sition of the employees is described regarding the status of
employment. Its value would be "0" for permanent, and "1"
for contract. The y-axis defines the number of employees in
this corresponding category. Based on this chart, there were
492 permanent employees and 508 contract employees,
thereby providing a relatively balanced workforce composi-
tion of permanent and contract employees. It helps to under-
stand the composition of the workforce regarding the types

of employment and further can be used in predictive models
for employee retention and turnover analysis.

Distribution of Full-Time vs Part-Time Employees
508.00

492.00

400

300 +

count

200 4

100 4

full_parttimeindicator

Fig 3. Comparison of Full-Time vs Part-Time Employees in the work-
force

Here in this bar chart, Fig 3. has presents employee distri-
bution for working schedule, focusing on how full-time em-
ployees differ from part-time employees. In this "full part-
timeindicator" here is the x-axis variable wherein "0" points
to a full-time employee, and "1" points to the part-time one.
The y-axis represents the count of employees in each of
these groups. The graph indicated that 492 full-time employ-
ees were on its payroll compared to 508 part-time employ-
ees, almost an even ratio. This evenly distributed workforce
may be just another simple result of an organization's strat-
egy of balancing flexibility with labor costs while ensuring
sufficiency in staffing for certain operational needs. It may
thus serve only as a starting point for more in-depth work-
force analysis, indicating how such types of employment
might impact levels of productivity, job satisfaction, and
other retention rates.
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Fig 4. Comparison of Full-Time vs Part-Time Employees in the Work-
force
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In Fig 4. the heatmap illustrates the correlation between
various employee-related attributes. Each cell here gives the
correlation coefficient, which is between -1 and 1. A value
of 1 means a perfect positive correlation; that is, as one vari-
able increases, the others also increase. A value of -1 repre-
sents a perfect negative correlation, where one variable in-
creases and the other decreases. The right-hand side color
scale in the heatmap of these correlations indicates how
strong they are. The color red indicates that the correlation is
very strong positive, and strong negative is often indicated
through blue.

From the heatmap, the following can be noted:

*  Gender and Employee Status has a strong negative
correlation of -1, indicating that there is a clear dis-
tinction in how gender relates to employee status,
perhaps denoting differences in full-time or part-
time or employment status between the genders.

* A score of 1 would imply that the status of being an
employee, full/part time indicator, and regular/ tem-
porary indicator are all positively correlated with
each other perfectly considering tendency. This can
be because the state of being an employee or other-
wise mainly involves whether the individual is full-
time or part-time or regular or temporary.

*  Marital Status has a perfect correlation with gender,
which means that in this data set gender and marital
status strongly link together, likely because of pop-
ulation shifts within the workforce.

*  Years Since Hire and Years Since Rehire correlate
perfectly positively with each other (1.0). These
variables measure the same type of information, so
this makes sense because each is tracking the other.

These correlations are useful for understanding relation-
ships between different at- attributes of an employee that
may go a long way in predicting employment trends, opti-
mizing labor management, and detecting potential biases or
patterns in hiring as well as in employee status.

Distribution of Years Since Hire

125 15.0
years_since_hire

Fig 5. Kernel Density Estimation (KDE)

The Fig 5. overlaid with KDE, shows the years since hire
for a selected set of employees. The figure makes it clear
that the company has a more populous mid-tenure employee
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count peaking between 7.5 to 20 years of service. The bars
on the left- hand side show a smaller number of employees
with lesser tenure, which is less than 5 years. A continuing
slowing of the KDE after 20 years indicates that there may
be fewer long- tenured employees. The distribution may
help in retention initiatives by targeting the midpoint tenure
workers and boosting the engagement level for new recruits,
that is, those who have worked for 5 years or less. It also
supports the abstract on workforce planning and predictive
modeling since such a distribution can help point out areas

that need intervention against turnover.
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Fig 6. Confusion Matrix of SVM
Confusion Matrix for XGBoost
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Fig 7. Confusion Matrix of XGBoost
TAaBLE 2. PErRFORMANCE MATRICES SVM anD XGBoost
precision recall fl-score support
0 1.00 1.00 1.00 141
1 1.00 1.00 1.00 159
accuracy 1.00 300
macro avg 1.00 1.00 1.00 300
Weighted avg 1.00 1.00 1.00 300
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Both the performance metrics for the SVM classifier and
the XGBoost classifier, as shown in Table 1, demonstrate
perfect classification under all the evaluation criteria. Both
have succeeded in attaining a precision, recall, and F1 score
of 1.00 on either class, classes 0 and 1, which shows the
classifiers can be very sure to predict retention and non-re-
tention cases without any false prediction. The general accu-
racy is also 1.00, so all 300 instances were classified cor-
rectly. Both the macro average and weighted average scores
are excellent measures of 1.00, as they take into account
class imbalance. So the results will confirm that both the
models work flawlessly. Yet the reason why both the models
are equally gDhiwar, K.: Artificial Intelligence and Machine
Learning in Fashion: Reshaping Design, Production, Con-
sumer Experience, and Sustainability. In: ASU International
Conference in Emerging Technologies for Sustainability and
Intelligent Systems (ICETSIS), March 2024. https://
doi.org/10.1109/ICETSIS61505.2024.10459436.

ood for employee retention prediction is that both turn out
to be high reliable tools for this classification task. Just like
confusion matrices, these results should also generalize well
to new data and should not be an artifact of overfitting.

VI. CoNcLusioN

These studies illustrate how machine learning techniques,
SVMs and XGBoost, can be applied to the conversion of
employee data into insights that can use to build a strong
labour market network. The described framework enables
making strategic, data-driven talent management and work-
force planning and retention through classification of em-
ployees based on potential long-term retention capacity and
uncovering complex, non-linear workforce trends. Such
smooth implementation of machine learning algorithms not
only enhances the predictive accuracy but also brings out
unearthing insights on the patterns of employee engagement
and growth. Such advanced analytics finding allows for the
possibility of fine-tuning labor market practices and en-
abling organizations to work on their workforce strategy in
line with long-term organizational goals. Future work can
continue in that direction by adding other data sources and
more complex deep learning models to enrich further work-
force-related insights and predictions.
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