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Abstract: HRM is traveling on the paths of digitalization from the past tradition-based intuition-dominated processes towards the
data-driven frameworks for decision making. The present study investigates the application of predictive analytics and in particular,
the Random Forest algorithm in correspondence to exploratory data analysis to strengthen the decision making in HR. It has
proposed an organized pipeline of data collection and preprocessing followed by descriptive statistics, visualization, and machine
learning for forecasting two primary HR outcomes: employee retention and performance. The results of the analysis brought forth
specifically the finding of bimodal distributions in scores of performance and absence of direct correlation of the dimensions under
consideration, namely salary and performance, highlighting the role of non-monetary motivators. The Random Forest Model had
an excellent classification accuracy of an AUC of .99 to output engagement score, promotion history, and age, as major predictors
in regard to retention. Immense promise lies in predictive analytics, but barriers of data inconsistency, deficiency in analytics
literacy, and system integration issues remain. Hence, this research proposes a paradigm shift to data governance with a focus on
analytics education and visualization-based decision support to maximize predictive HR analytics for organizational performance

and workforce optimization.
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l. Introduction

The world's business scenario in today's data-driven
approach is transforming HR management functions from the
traditional administrative ones into a strategic pillar for analytics
support [1]. More and more organizations now increasingly use
data to delve deeper into employee behaviors and performance
optimization as well as aligning workforce planning strategies
with business goals [2], [3]. Forecasting employee turnover,
performance, and engagement dynamics can be accomplished
effectively using powerful methods such as predictive analytics
and machine learning modeling like Random Forests [4]. By this,
exploratory data analysis would constitute the ability to
understand the structure and patterns within HR datasets as a
major component of HR in making evidence-based decisions [5].

The transformation into analytics-driven HR has been fed
by a plethora of factors. Among the prominent items is the
mushrooming demand and acceptance of HR Information
Systems [6]. Making for quite the cute little acronym-HRIS-
which has unwittingly introduced structured and unstructured
data about employees into HR workflows; personalization is yet
another component for that demand [7]. Arising from

organization development concepts that emphasize the ‘employee
experience [8].' Then, there are market pressures; talent
acquisition, retention, and performance management all raise
issues where data insights earn one a right to bragging benefits
among competitors [9], [10]. Thus, in a situation where machine-
learning models such as Random Forests are being fitted into HR
workflows [11]. Organizations can actually get in front of trend-
setting occurrences around workforce issues and behaviors lest
they confront it after the powers of incentives have set in [12].

In spite of these advances, many organizations continue to
face hurdles that affect full implementation and realization of HR
analytic benefits [13]. Typical challenges involve conflict within,
or simply poor quality of, data and incommensurability among
HR systems, while the whole analytics skills deficit sits with HR
professionals themselves [14]. In addition, complexity in
interpreting the output of machine learning models and a few
resistance to change to evidence-based decision-making from
intuition are further detractors to the complete adoption of
analytics tools [15]. These limitations could deny organizations a
full realization of chances for predictive modeling and
exploratory analysis to disrupt HR decision-making [16].
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In order to overcome these challenges, it is indispensable
for organizations to invest in building a strong data infrastructure
and develop a culture of data literacy within HR departments. As
for data governance policies, they serve a function of ensuring
accuracy and consistency of workforce data; cross-training
empowers HR practitioners to efficiently interpret analytical
results. The introduction of user-friendly visualization tools
through EDA and interpretable models such as Random Forests
would link data science more directly to HR functions.
Integrating predictive analytics into routine work processes in
HR would enable organizations to better their decision-making
capabilities, thereby improving employee outcomes and
providing organizations with a strategic edge in managing human
capital.

1.1 Problem Statement

The work proposed sufficiently solves the problems
identified with the integration of Artificial Intelligence primarily
through the Random Forest algorithm into an extensive data-
driven framework for HR's decision making [17]. This would
take the place of the use of intuitive and inconsistent data often
associated with traditional HR practices through an Al-enhanced
method that will leverage Exploratory Data Analysis and
machine learning for more insight [18]. Employee retention, for
example, is learned through complex patterns learned from
varied datasets found in HR. Performance prediction also closely
follows [19]. With that is data preprocessing and visualization
tools that enhance the quality of data beyond accountability [20].
It makes it transparent. The predictive insight automation and
influential factors such as 'engagement score' and 'promotion
history' offer the proposed study with timeliness in evidence-
based decisions to HR professionals thus surmounting bad data
usability, lack of analytical skills, and reactive workforce
planning challenges posed at HR managers.

1.2 Obijective

» Collect and preprocess a comprehensive HR dataset
including variables such as performance scores, retention
status, engagement levels, and demographics.

» Conduct descriptive and exploratory data analysis to
visualize patterns, trends, and anomalies within the
workforce data.

»  Develop and train a Random Forest classifier to predict
employee retention and performance outcomes based on
historical HR data.

»  Evaluate the model’s performance using metrics such as

Current Journal of Engineering and Science Research

Volume 2, Issue 2, pp 26-34, February 2025
ISSN (online): 3049-1738
DOI: https://doi.org/10.47001/CIJESR/2025.202006

Available Online at https://www.cjesr.com

accuracy, confusion matrix, and ROC-AUC to ensure its
predictive validity.

Il. Literature Review

Predictive analytics in HR has made significant strides and
uses artificial intelligence and data-based findings to improve
decision-making. With predictive analytics that uses algorithms,
HR professionals can forecast employee turnover, identify
candidates with significant potential for growth, and forecast
skill deficits. This allows HR professionals to anticipateively
move to applications for employee retention, recruitment, and
training initiatives; clearly, this links to overall organizational
objectives. Perhaps more importantly, this will lead to better and
more informed decisions by HR professionals, rewarding willful
productivity, and creating data-driven business practices that
drive positive organizational outcomes [21].

This is a review paper which examines how data-driven
analytics has been integrated into Human Resource Management
to support employee decision-making and organizational
effectiveness. It synthesizes current research of ways HR
functions can be optimized, such as in talent-acquisition and
performance management and workforce-planning. Data
analytics has the opportunity to optimize decision-making,
leading to an increased precision of decision-making, lower bias,
and a more robust overall predictive capacity. Ultimately, data
analytics increased organizational effectiveness, consciousness,
employee engagement and alignment with organizational
objectives. Furthermore, the paper focuses on the need for HR
professionals to become more proficient in data literacy and
discusses some of the data privacy and adoption implications
related to using analytics in HRM [22].

This research reviews the deployment of predictive
analytics in Human Resource Management for the benefit of
employee engagement and improved workforce planning. It
discusses how data-driven information can generate proactive
human resource practices, enhance retention, and concert
workforce planning with organizational objectives, as well as
providing information around the implications of data quality,
ethics, and costs related to the use of predictive analytics [23].

The research offers a framework for utilizing predictive HR
indicators and workforce analytics to promote data driven HRM
decision making in digital contexts. The research identified the
challenges, opportunities, and strategies for integrating predictive
indicators and workforce analytics and the implications for
organizations and policy-makers. The research revealed a need
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for quality data, data governance, leadership support, and cross-
functional support. The study recommends that organizations
adopt frameworks for data governance, training programs to
support data management, and regulatory incentives directing
organizations to adopt data-driven HRM and improve their
performance in digitalized environments [24].

The objective of this document is to provide a
comprehensive methodology emphasizing best practices for
improving growth, efficiency in operations, and decision
making; The overall approach was established on a solid data
governance framework focusing on data security, integrity, and
availability with Al-supported anomaly detection to protect
sensitive  content. The methodology emphasizes the
establishment of the integrated data ecosystem, and the
predictive analytics supported by machine learning will facilitate
understanding market trends and behavioral models of
customers. Creating, supporting, and embracing a data culture as
well as responsible use of data prepares organizations to
innovate, build efficiencies, and gain a competitive advantage.
[25].

This research discusses the influence of big data on Human
Resource Management and demonstrates how better data
analysis leads to superior decision making, productivity, and
satisfaction. To achieve this overall conclusion, a mixed-mode
methodology was employed to review the HR data through
machine learning algorithms, along with interviewing HR
practitioners using an open-ended format. The current analysis
employs qualitative analysis of HR big data, which showed big
data relates directly to efficiency and productivity in HR
processes. The authors report that there was improvement in
efficiency in selecting candidates during recruitment of between
30% and 25% in employee retention. The overall conclusion is
that there benefits to including big data in HRM, which will
require an ongoing investment in technology and training of HR
practitioner to use big data accurately and effectivelyake. [26].

This study surveys and scrutinizes BDA and its role in
improving talent management capabilities focusing specifically
on BDA's capabilities tied to recruitment, retention, and
evaluating performance. This paper uses a mixed-methods
approach examining HR data from 15 organizations while
developing predictive models that could help talent analysts
project trends in talent. The results revealed a 25% increase in
recruitment by reducing time to fill positions, and a 30%
decrease in turnover rates. The study also found high potentials
as well as at-risk employees, indicating that BDA can enhance
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official record-type evidence in HR's approach to decision-
making. This study also discussed issues that needed to be
addressed to harness BDA's full potential, including data privacy
and technical capacity. [27].

This paper aimed to find out how big data analytics impacts
human resources management practices, or organizational
behavior, focusing on recruitment, employee engagement
interactivity, and decision-making efficiency. This paper used
mixed-methods, including a survey of 200 HR managers and
subsequent interviews with 30 HR managers. Previous research
shows HR directors view their role as one of strategic top
management. Findings show; 72% of HR managers increased
recruiting efficiency, and 65% stated employee engagement and
retention improved. However, the challenges of lack of policy
requirements of data integration, lack of privacy policies and
data concerns, and lack of data interpretation skills were barriers
to adoption. The research found big data analytics could be
transformative in HRM, if organizations can overcome the issues
faced in bigger data implementation. [28].

HR analytics is an increasingly important methodology of
enhancing personnel productivity by applying data-driven
solutions for human capital management and organizational
effectiveness. For example, by calculating various measures of
employee performance, including employee engagement and
several human capital metrics, people data and HR analytics can
help HR practitioners identify skill gaps, anticipate employee
turnover, and make improvements in recruitment. Likewise, HR
analytics provides positive organizational alignment between
human capital, and business objectives and initiatives, which
encourages a growth mindset for continuous improvement in
corporate culture. This paper discusses and elaborates on how
HR analytics can establish quantitative workforce efficiency, as
well as ultimately improve organizational effectiveness [29].

This study specifically explores the predictive power of HR
Analytics to help improve financial performance in
organizations, and examines the relationship between HR
metrics, such as engagement, talent management practices, and
investment in training and development, and financial metrics
such as revenue growth and profitability. The findings indicate
that significant relationships exist between employee
engagement, talent management, training and employee
profitability and employee innovation. Organizations that have
engaged employees, as well as a strategic investment in
developing employees, showed productivity and revenue ability
and improved financial outcomes overall. The findings suggest
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that organizations need to align HR strategies with the
organization's business priorities while leveraging emerging
technology to drive growth and sustainability and help retain a
competitive advantage [30].

I11. Proposed Methodology

The flow-chart of this work demonstrates the step-by-step
procedure of investigation in a Human Resource set. The data
collection leads to preprocessing whereby the data is cleaned up,
duplicated removed and missing values dealt with. Then, the
descriptive analysis is done with the aim to comprehend the
statistical summaries and category distributions. This paves the
way to exploratory data analysisduring which visualizations and
information on the diversity are created. Lastly, the intends of
EDA would help shape performance metrics, which gets used in
taking data-driven HR decisions.

Preprocessing

Data Cleaning
« Remove duplicates
+  Handle missing
vatues

Descriptive Analysis
N
Summary Statistics
Distribution of Categories
o Salary and Performance Overview

|

Exploratory Data Analysis

=)

Data collection
(Human Resource Dataset)

Performance Metrics
i [
[l

Figure 1: HRM Data Analysis and Performance Evaluation Pipeline

Classfication using AT

Visualizations

(Random Forest) »  Diversity Insights

3.1 Data Collection

Data collection involves gathering detailed information
about employees, including demographic data employment status
performance metrics and compensation details. This data is
typically sourced from HRIS  payroll systems, employee
surveys, and diversity initiatives such as job fairs. The dataset
includes unique identifiers for employees, as well as categorical
variables for marital status, gender, and employment status. Data
is collected periodically to track trends, monitor employee
performance, and assess HR strategies for workforce
management and employee development.

3.2 Data Preparation

The first step in data analysis is data preparation whereby
the raw data is converted into usable and clean data. It pursues
data quality checks, make it consistent, and prepare the data to be
analyzed. In this step, unnecessary or duplicating data is
discharged and then the dataset is organized to befit the
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specifications of the analysis. Effective data preparation means
that outcomes of analysis can be considered reliable, correct, and
without biases introduced because of the inconsistency in the
data.

3.2.1 Data Cleaning

Data cleaning involves recognizing and correcting the mistakes
or inconsistency contained in the data. It tries to eliminate wrong,
mis-ordered or incomplete entries to misrepresent analysis
outcome. Data tidying may include invalid data entry correction,
conversion of values into the proper type and consistency within
the data set. Data cleaning aims at making data more accurate,
complete and consistent and in the end robust enough in the
determination of any analysis or decision-making process.

cleaned | Xis if x; is not missing
i - )1 n
n <

M

-1 X;, if x; is missing

3.2.2 Remove Duplicates

The duplicate elimination will make sure that no employees
have more than entries in the data set; this is a necessary
condition of proper data mining. Multiples of the same record
will distort the output of the analysis, particularly in measures
such as mean salary, or performance ratings. We can identify and
remove repetitive entries using having unique identifiers which
will prevent overrepresentation of data of a few employees in
calculations or notably in statistical analysis.

X ={x|x€X} 2

unique

Were,X is the original dataset or list of values. X, is the set

of unigue values from X. The set notation {x | x € X }ensures
that only one instance of each unique value x is retained.

3.2.3 Handle Missing Values

The treatment of missing values is particularly related to
finding out and filling any missing data like the missing salary,
department of an individual or the missing score of a measure
related to the performance. Imputation techniques may be
applied to fill in the missing values depending on nature of the
data or the cases containing excessively missing fields may be
dropped. One should determine the most suitable approach to the
treatment of missing data to prevent biases or mistakes later in
the correct analysis and to obtain a full and applicable dataset.
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if x; is not missing

®3)

X,
Xi=y1__1 . L

X = ;Z}lzl x;, ifx; is missing
Were, x; is the value for the iobservation. x is the mean of the
non-missing values in the variable. nis the total number of non-
missing observations

3.3 Descriptive Analysis

The process of descriptive analysis in HRM focuses on
summarization and interpretation of important details of the data
to understand the workforce. It aims at explaining patterns,
trends, and distributions in the data with an absence of forecasts.
Such an analysis assists HR professionals to come up with the
fundamental employee traits, performance pattern as well as
overall organizational statistics. The summary measures and
visualizations are some of the descriptive techniques of capturing
the broader picture of working population and make informed
decisions based on the data.

3.3.1 Summary Statistics

The summary statistics entails the computation of the
centralization of data and dispersion in the data where there is a
quick spread of important measures. The common examples of
statistics are mean, standard deviation, mode and median. As an
example, the average salary or average score of the performance
will tell a HR professional the level of compensation and
performance in the company. It also enables an outlier
identification that can help in identifying some anomalies or
areas that should be given additional focus.

3.3.2 Distribution of Categories

The distribution of categories is the analysis evaluating the
frequencies or the number of different classes in categorized
variable. This is necessary in order to comprehend the
departmental distribution and ratio of employees. As an example,
the gender distribution may reveal whether the company is a
victim of gender imbalance, whereas the department-wise
distribution may provide the means through which the company
could display the relative placement of employees within the
various business units. Through this analysis, it is made easier to
determine diversity trends, workforce imbalances or areas that
still require improvement in employee representation.

3.3.3 Salary and Performance Overview

The distribution of categories is the analysis evaluating the
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frequencies or the number of different classes in categorized
variable. This is necessary in order to comprehend the
departmental distribution and ratio of employees. As an example,
the gender distribution may reveal whether the company is a
victim of gender imbalance, whereas the department-wise
distribution may provide the means through which the company
could display the relative placement of employees within the
various business units. Through this analysis, it is made easier to
determine diversity trends, workforce imbalances or areas that
still require improvement in employee representation.

3.4 Exploratory Data Analysis (EDA)

The first step of data analysis is the Exploratory Data
Analysis, which is used to summarise the main features of the
data, and they are mostly visual in nature. It assists in
interpretation of the nature of the data, its pattern and
association. The purpose of EDA is to reveal some underlying
trends, identify the outliers and to test assumptions. In addition to
visualizations and summary statistics, it gives insights as to
distributions, correlation, and anomalies. In HRM & People
Management there can be patterns such as the distribution of
employee performance, salary, department wise which are
important in decision making and these will be identified by the
help of EDA.

3.4.1 Visualizations

It is important to note that an essential part of EDA is
visualization, which allows turning data into a more readable and
interpretable form. A complex data may be simplified in the
following charts such as histograms, bar charts, pie charts,
among scatter plots. In the case of HRM, visualized employee
data regarding their salaries, gender, and performance scores will
help the HR managers to find patterns faster. It also helps to
identify skewed distributions, data gaps and the other anomalies.
Data-driven decisions can be supported by visuality, including
how to set salary bands, revise department strategies and the
planning of the workforce.

3.4.2 Diversity Insights

Diversity insights are aimed at evaluating the presence of
the various demographic groups in an organization. You can
measure the degree of diversity at a different level in
departments and roles by conducting an analysis of variables
such as gender, ethnicity, and the attendance of diversity job
fairs. In HRM, it aides in comprehending whether the workforce
is diversified and whether they have any tendencies in the
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promotional or hiring process. Monitoring the trends in diversity,
HR workers can find the gaps and develop the programs aimed
to promote inclusivity and guarantee the equal and well-balanced
environment of work. Diversity knowledge is also helpful in
formulating specific actions and policies in recruitment.

3.5 Predictive Analytics Using Random Forests

Random Forest is an ensemble learning method that creates
a set of a decision tree during training and then predicts the mode
of the classes or mean prediction of the individual trees. In the
case of HR analytics, Random Forests can be pretty useful in
predicting outcomes for employees, such as performance rating,
likelihood of retention, and engagement scores as influenced by
various factors. The basic idea behind the building of the model
was to make several decision trees out of random subset samples
of data points and features from the training set, which increases
the resistance to overfighting compared to a classical single
decision tree.

Individual decision trees constitute the bootstrapped
samples of the dataset, where each data sample is selected
randomly with replacements. Specifically, at each node of the
tree, the algorithm selects a random subset of features to consider
in the best split. This randomness gives rise to differences in the
trees, such that some trees replicate different patterns in data.
The consensus or average prediction of all trees is taken as the
final prediction. In this manner, the individual bias or error from
one tree will be compensated by the others, thereby making the
model more stable and accurate.

Irr () = XM _1 9 () 0

Regression

For regression problems, each tree predicts a real value,
and the Random Forest aggregates them by averaging

T

.1

§=2 ) k@
t=1

Were, T is the total number of trees, h,(x)is the prediction
from the t-th tree.

IV. Results and Discussions

In the employee performance score analysis, a bimodal
distribution was observed. This directly implies two categories of
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major performance dominantly found in the organization. The
rate of retention has gone down from 85% in 2021 to 75% in
2023, hinting at an increase in dissatisfaction or outside
opportunities shedding the attrition. The salary versus.
performance scatter plot had shown no correlation, meaning that
apparently monetary motivation, by and large, has not acted
alone in exerting any strong influence. The Random Forest
model has scored a high AUC of 0.99, proving itself efficient in
being a retention predictor. Importance analysis has pointed to
engagement scores, promotion history, and age as the best
predictors. Findings once again buttress non-financial and

behavioral factors crucial for retention and performance
management.
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Figure 2: Relationship between Salary and Employee Performance
Score

This scatter plot shows the correlation between
performance score and the salary of the employees. Each of the
points indicates a specific employee. The data are very dispersed,
which indicates that there is no particular linear relation between
salaries and the scores of the performance--there is no direct
correlation between higher and lower performance with higher
and lower salaries. The majority of the performance results fall
between 2 and 4, irrespective of the salary scale. Salaries lie in
an array between 20,000 dollars and 100,000 dollars, however
scores of performance are fairly focused, indicating the presence
of additional non-monetary factors affecting performance.
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ROC Curve - Employee Retention Classification
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Figure 3: ROC curve

The evaluation of Random Forest model performance in
predicting employee retention using ROC Curve. False Positive
Rate will be represented along the x-axis, and the True Positive
Rate will be seen along the y-axis. The orange line shows the
model ability in distinguishing retained from non-retained
employees. A curve like this that bends towards the top-left
corner indicates good accuracy. This model gives AUC of 0.99,
which in fact indicates that it performs so well classification-
wise for retention outcomes.

Feature Importance - Predicting Employee Retention
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Figure 4: Key Predictive Features Influencing Employee Retention

Feature Importance plots show how each of the variables
contributes to predicting employee retention using Random
Forest. Most important variable is ER score followed by
Promotion History and Age since these features imply whether
employees will stay or leave. Performance Score and Department
also decide but are not at par with engagement scoring in weight.
Salary, Training Hours, and Job Satisfaction affect the model to a
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negligible extent, indicating such factors do not affect an
employee's decision as much as those not related to money.

V. Conclusions

The research demonstrates the need to integrate Al, mainly
through machine learning methods such as Random Forests, with
Exploratory Data Analysis so that HR decision-making shifts
from just responding to events to becoming more anticipatory.
By combining predictive modeling with Al with data
visualization, the HR expert is provided with real-time deeper
insights into employee behavior-to accurately forecast retention
trends and performance. We proved the ability of Al-assisted
analytics to spot performance clusters, weak salary-to-
performance correlations, and declining retention trends.
Besides, the Random Forest model was used very effectively to
highlight critical features, mainly engagement score and
promotion history, and also age. Whereas the potential for Al-
driven HR analytics is clear, many challenges need to be
addressed-if poor data quality, lack of analytical skills, and
resistance from the organization will stand in their way. With
clear frameworks for data governance, investments in Al skills,
and an ongoing effort to instill data literacy in employees, HR
can truly become a strategic partner in organizational growth.
Data-led, Al-powered HRM means evidence-based.
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