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Abstract

Employee retention is a critical factor in the success and sustainability of organizations, ensuring that
valuable human capital remains engaged, satisfied, and motivated over the long term. High turnover rates
can significantly disrupt productivity, damage organizational culture, and inflate operational costs,
underscoring the importance of retaining top talent. Continuity in operations is maintained when employees
feel valued and supported, fostering a positive work environment where collaboration and high performance
are encouraged. In contrast, frequent turnover can lead to instability and decreased morale, ultimately
hindering productivity and organizational cohesion.

Retaining top talent not only maintains operational continuity but also provides a competitive edge in the
marketplace. Organizations with strong employee retention rates attract prospective hires more effectively
and are better positioned to develop deep expertise within their workforce, contributing to long-term success.
In today’s digital age, where social media and online reviews can quickly shape a company’s reputation,
prioritizing employee satisfaction and well-being enhances brand image and appeals to both job seekers and
consumers.

From a financial perspective, employee retention contributes to significant cost savings. The expenses
associated with recruiting, hiring, and training new employees are substantial. By retaining existing
employees, organizations can allocate resources more efficiently, as long-term employees are typically more
productive and require less supervision. This not only reduces direct costs but also improves overall
organizational efficiency and effectiveness.

HR analytics has emerged as a powerful tool in predicting and enhancing employee retention. By adopting a
data-driven approach, HR analytics involves the collection, analysis, and interpretation of data related to
employee behaviors and performance to inform strategic decisions. This approach combines HR-specific
data, such as employee demographics, performance metrics, and engagement surveys, with financial and
operational data to generate comprehensive insights into workforce trends.

One of the key roles of HR analytics in employee retention is identifying predictors or drivers of turnover.
By analyzing historical turnover data alongside various HR metrics, organizations can detect patterns and

trends indicating employees are at risk of leaving.



Predictive models employing algorithms and machine learning techniques analyze large datasets to forecast
potential attrition, enabling proactive measures to address these risks. Additionally, HR analytics facilitates
sentiment analysis and engagement surveys to assess employee satisfaction and pinpoint areas requiring
improvement. Techniques such as natural language processing (NLP) and text analytics allow for the
examination of unstructured data from employee feedback, performance reviews, and social media, providing
deep insights into employee sentiment and morale.

Beyond prediction, HR analytics informs the development of targeted retention strategies. By understanding
the underlying factors contributing to attrition, organizations can implement personalized development
opportunities, improve communication between managers and employees, and adjust compensation and
benefits packages to better align with employee expectations. These tailored interventions aim to enhance
engagement, satisfaction, and ultimately, retention.

The objectives of this project are to enhance employee retention by leveraging machine learning techniques
to predict and mitigate employee attrition. Through the analysis of historical employee data and the
application of predictive modeling, the project seeks to identify key factors contributing to turnover and
develop actionable insights for proactive retention strategies. The project aims to build predictive models that
accurately anticipate staff attrition by examining historical data on demographics, job categories,
performance measures, and other relevant variables.

Furthermore, the study intends to identify critical organizational factors that predict employee attrition. By
analyzing the output of predictive models, the research aims to pinpoint specific risk factors associated with
higher turnover rates, such as job dissatisfaction, inadequate compensation, or lack of career advancement
opportunities. Based on these insights, the project will formulate targeted intervention strategies to address
identified risk factors and reduce employee churn. Recommendations will focus on enhancing employee
retention, engagement, and satisfaction.

The effectiveness of these interventions will be evaluated by monitoring key performance indicators such as
employee satisfaction ratings, attrition rates, and retention metrics. The goal is to assess the impact of
implemented strategies on workforce stability and organizational performance over time. Additionally, the
project aims to establish a framework for the ongoing evaluation and refinement of retention strategies
and predictive models. Through continuous data analysis and feedback mechanisms, the project seeks to
iteratively enhance the effectiveness of retention initiatives and improve the accuracy of predictive models,

ensuring that retention efforts evolve to meet the organization’s changing needs.
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Chapter 1

Introduction

Background Information

Importance of Employee Retention

Employee retention is important for Centenary Bank’s success and sustainability as an organization. It
involves keeping employees engaged, satisfied, and motivated to continue working for the organization over
a prolonged period (Agarwal, Bansal, & Chhabra, 2012; Brown & Martinez, 2021). High employee turnover
can negatively impact productivity, culture, and the bottom line. Retaining top talent allows Centenary Bank
to maintain continuity in operations and avoid costs associated with turnover (Cascio & Boudreau, 2018;
Akello & Sserwanga, 2021). Employee retention is closely linked to organizational culture and morale. When
employees feel valued, supported, and appreciated, they are more likely to be engaged and committed to their
work, leading to a positive work environment where collaboration flourishes and employees are motivated
to perform at their best (Garcia & Nguyen, 2020; Nakato & Musisi, 2022). Conversely, high turnover can
create a sense of instability and uncertainty among remaining employees, decreasing morale and productivity
(Odoi & Ssewankambo, 2023; Kiiza & Kamugisha, 2019).

Retaining top talent gives organizations a competitive edge in the marketplace. Companies with strong
employee retention rates are more attractive to prospective hires and have an advantage when recruiting top
talent (Chen & Lee, 2019; Patel & Gupta, 2020). Loyal employees who stay with an organization for an
extended period are more likely to develop deep expertise and contribute to long-term success (Smith &
Johnson, 2022; Mugabi & Namugaya, 2020). In today's age of social media and online reviews, news about
a company's workplace culture spreads quickly. Companies that prioritize employee satisfaction and well-
being are viewed more favorably by job seekers and consumers, enhancing their brand image and reputation
(Nakato & Musisi, 2022; Garcia & Nguyen, 2020).
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Furthermore, employee retention contributes to cost savings for organizations. The expenses associated with
recruiting, hiring, and training new employees can be significant. Retaining existing employees reduces these
costs and allocates resources more efficiently (Cascio & Boudreau, 2018; Patel & Gupta, 2020). Long-term
employees tend to be more productive and require less supervision, further contributing to cost savings over
time (Odoi & Ssewankambo, 2023; Brown & Martinez, 2021).

HR Analytics and its Role in the Prediction of Employee Retention

HR analytics isa data-driven approach to managing and optimizing an organization's human capital. It involves
collecting, analyzing, and interpreting data related to employees and their behaviors to make informed
decisions that drive organizational success (Cascio & Boudreau, 2018; Akello & Sserwanga, 2021). HR
analytics leverages a combination of HR data, such as employee demographics, performance metrics, and
engagement surveys, along with data from other sources, such as financial and operational data, to provide

insights into workforce trends and behaviors (Mugabi & Namugaya, 2020; Kiiza & Kamugisha, 2019).

Employee retention refers to the ability of an organization to keep its employees engaged and satisfied,
reducing turnover and retaining top talent. High turnover rates can be costly and disruptive to businesses,
leading to increased recruitment and training expenses, decreased productivity, and a loss of institutional
knowledge and expertise (Agarwal, Bansal, & Chhabra, 2012; Chen & Lee, 2019). By leveraging HR
analytics, organizations can identify factors contributing to employee turnover and develop strategies to
improve retention rates (Brown & Martinez, 2021; Garcia & Nguyen, 2020). One key role of HR analytics
in predicting employee retention is identifying predictors or drivers of turnover. By analyzing historical data
on employee turnover alongside various HR metrics, organizations can uncover patterns and trends that may
indicate which employees are at risk of leaving (Odoi & Ssewankambo, 2023; Nakato & Musisi, 2022). HR
analytics can then use predictive models that forecast which employees are most likely to leave the
organization in the future, using algorithms and machine learning techniques to analyze large datasets and

generate insights into employee behavior (Smith & Johnson, 2022; Patel & Gupta, 2020).

HR analytics also enables organizations to conduct sentiment analysis and employee engagement surveys to
gauge employee satisfaction and identify areas for improvement. By leveraging natural language processing
(NLP) and text analytics techniques, organizations can analyze unstructured data from sources such as

employee feedback, performance reviews, and social media to gain insights into employee sentiment and
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morale (Kiiza & Kamugisha, 2019; Mugabi & Namugaya, 2020). In addition to predicting employee
retention, HR analytics can inform retention strategies and interventions to address underlying factors that
may contribute to attrition. This includes offering personalized development opportunities, improving
manager-employee communication, or revising compensation and benefits packages to better align with

employee preferences and expectations (Akello & Sserwanga, 2021; Brown & Martinez, 2021).

Statement of the Problem

Employee retention is a critical concern for organizations, as high turnover rates can lead to significant
financial losses, disruption of services, decreased morale among remaining staff, and the loss of valuable
institutional knowledge. Traditional methods of addressing employee turnover often rely on historical data
and reactive measures, such as exit interviews and retrospective analyses. However, recent advancements in
machine learning offer promising tools to better understand and predict employee turnover. Machine learning
models can analyze vast amounts of data to identify patterns and predict outcomes with greater accuracy than
traditional methods. By leveraging these technologies, organizations can gain predictive insights into which

employees are at risk of leaving and take preemptive actions to improve retention.

JUSTIFICATION

The adoption of predictive analytics and machine learning techniques holds significant promise for
improving employee retention within Centenary Bank Ltd. By harnessing advanced analytics, the bank can
gain insights into the drivers of attrition, enabling proactive interventions to mitigate turnover rates and foster
a supportive work environment. Moreover, enhancing employee retention not only ensures organizational
stability but also enhances customer satisfaction and strengthens the bank's competitive position in the

market.

RESEARCH QUESTIONS

Research Question - The research question primarily focuses on how to predict employee attrition, choose
valuable employees from them, and then find the most effective employee retention factors with the help

of machine learning techniques.ie
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» What are the key factors influencing employee attrition at Centenary Bank Ltd?

» How effective are predictive analytics and machine learning techniques in forecasting

employee turnover within the banking sector?

» What are the implications of implementing data-driven retention strategies for

organizational performance and employee satisfaction?

HYPOTHESIS

Hypothesis 1: Predictive analytics and machine learning techniques can effectively forecast employee
attrition within Centenary Bank Ltd.
Hypothesis 2: Data-driven retention strategies informed by predictive analytics lead to a reduction in turnover

rates and improve employee satisfaction at Centenary Bank Ltd.

Objective and Scope of the Project

Objective

Main Objective

The objective of this project is to enhance employee retention within the organization by leveraging machine
learning techniques to predict and mitigate employee attrition. Through the analysis of historical employee
data and the application of predictive modeling, the project aims to identify key factors contributing to

employee turnover and develop actionable insights for proactive retention strategies.

Specific Objective.
The project aims to achieve the following objectives:
1. Predictive Modeling: Build predictive models with machine learning algorithms to anticipate
staff attrition with a high degree of accuracy. The research aims to find patterns and trends
related to attrition by examining historical data on employee demographics, job categories,

performance measures, and other pertinent variables.

15



2. ldentity Risk Factors: Determine which organizational factors are the most important
indicators of employee attrition. The study intends to identify particular risk factors linked with
greater turnover rates, such as work unhappiness, inadequate salary, or lack of career
advancement chances, by examining the output of the prediction models.

3. Develop Intervention Strategies: Create focused intervention plans to address the risk factors
found and reduce employee churn. The project will offer doable suggestions for raising
employee retention, engagement, and happiness based on the insights obtained from the
predictive models.

4. Evaluate Effectiveness: Evaluate how well the intervention tactics are working to improve
retention rates and lower staff attrition. The goal of the research is to assess how the adopted
tactics have affected workforce stability and organizational performance over time by
monitoring key performance indicators like employee satisfaction ratings, attrition rates, and

retention measures.

5. Continuous Improvement: Provide a structure for the ongoing evaluation and improvement of
the retention tactics and predictive models. The project aims to optimize the efficiency of
retention campaigns and increase the accuracy of prediction models iteratively to meet the

changing demands of the business through continuous data analysis and feedback systems.

Scope

The scope of the project encompasses a comprehensive analysis and strategic approach aimed at enhancing
employee retention within the organization through the application of machine learning techniques and HR
analytics. This project focused on understanding the multifaceted aspects of employee turnover, identified
key predictive factors, and developed actionable strategies to mitigate attrition, thereby fostered more stable
and engaged workforce.

To begin, the project undertook an extensive collection and examination of historical employee data. This
included detailed records of employee demographics, job categories, performance metrics, engagement
survey results, and other relevant HR data. Additionally, the project incorporated financial and operational
data which provided holistic view of the factors influencing employee retention. The integration of these
diverse data sources was important for building robust predictive models that have accurately forecasted

employee attrition.
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The analytical phase of the project has leveraged advanced machine learning algorithms and statistical
techniques that have identified patterns and trends within the data. This involved the use of predictive modeling
that determined which employees are most at risk of leaving the organization. Machine learning techniques,
such as logistic regression, decision trees, random forests, and neural networks, where employed to analyze
large datasets and generate insights into employee behavior. The objective was to develop models with a
high degree of accuracy that can predict employee turnover based on various predictors such as job
satisfaction, compensation, career advancement opportunities, and other relevant factors.

One of the critical components of the project was the identification of key risk factors associated with
employee attrition. Through rigorous data analysis, the project aimed at uncovering specific organizational
and individual factors that contribute to high turnover rates. This included examining variables such as
work environment, leadership effectiveness, employee engagement levels, and compensation structures.
Understanding these risk factors that enabled the organization that targeted its retention efforts more
effectively and implementing interventions tailored to address the root causes of employee turnover.

The project also involved the development and implementation of targeted intervention strategies designed to
improve employee retention. Based on the insights gained from predictive models and data analysis, the
project proposed specific actions aimed at enhancing employee satisfaction and engagement. These strategies
included personalized career development plans, improved communication channels between employees and
management, revisions to compensation and benefits packages, and initiatives that fostered positive
workplace culture. The goal was to create an environment where employees feel valued, supported, and
motivated to remain with the organization for the long term.

Evaluated effectiveness of these intervention strategies was another essential aspect of the project scope. The
project established key performance indicators (KPIs) such as employee satisfaction ratings, attrition rates,
and retention metrics to monitor the impact of the implemented strategies. Regular assessments and feedback
mechanisms were put in place to measure the success of the retention efforts and make necessary adjustments.
This continuous evaluation process was critical for ensuring that the organization’s retention strategies
remained effective and responsive to the evolving needs of the workforce.

Furthermore, the project aimed at building a framework for ongoing improvement and refinement of the
predictive models and retention strategies. This involved establishing a feedback loop where data from
employee experiences and retention outcomes are continuously analyzed to enhance the accuracy and
efficacy of the predictive models. By iteratively improving these models, the organization can better
anticipate and addressed emerging trends and challenges in employee retention.

The scope of the project included training and capacity-building for HR professionals and managers within
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the organization. This ensured that the insights and tools developed during the project were effectively
utilized and integrated into the organization’s HR practices. Training sessions covered the use of HR analytics
tools, interpretation of predictive model outputs, and implementation of retention strategies. Equipping HR
teams With these skills will enable them to sustain and build upon the project’s outcomes, fostering a data-
driven approach to employee retention.

In summary, the scope of the project involved a comprehensive approach that enhanced employee retention
through the use of machine learning and HR analytics. This included data collection and analysis, predictive
modeling, identification of risk factors, development and implementation of intervention strategies,
continuous evaluation and improvement, and capacity-building for HR professionals. The overarched aim
was to create a stable, engaged, and productive workforce that contributed to the long-term success and
sustainability of the organization.

Contribution of the Study

The study on predicting employee attrition using machine learning techniques, particularly the Random Forest
Classifier, has made significant contributions to human resources management. It provided insights into
factors influencing employee turnover, enabled organizations to develop targeted retention strategies. By
identifying low job satisfaction or inadequate career advancement opportunities as significant predictors of
attrition, HR departments can implement initiatives to improve job satisfaction, provide career development
programs, and foster a positive work environment, leading to higher employee retention rates.
The study also highlighted the potential cost reduction of employee turnover due to recruitment, training, and
productivity losses. By accurately predicting which employees are at risk of leaving, organizations can
proactively intervene to retain these employees, resulting in substantial cost savings.
The use of machine learning models for predicting employee attrition offers HR professionals and
organizational leader’s data-driven insights to support decision-making. By analyzing predictions generated
by the model, organizations can make informed decisions about resource allocation, workforce planning, and
talent management strategies. Predictive models enable organizations to take a proactive approach to talent
management by identifying high-potential employees and implementing personalized development plans to
nurture their skills and potential.
Predictive models also optimized recruitment processes by identifying successful hire characteristics and
predicting candidate suitability for specific roles. By analyzing historical recruitment data and using
predictive analytics, organizations can streamline hiring processes, reduce time-to-fill vacancies, and
18



improve the quality of hires.

Continuous improvement is possible through the iterative nature of predictive modeling, allowing
organizations to refine their approaches, incorporate new data sources, and adapt to changing business
dynamics. This study contributes to the growing field of HR analytics by demonstrating the application of
machine learning techniques to address complex HR challenges such as employee attrition. By harnessing
the power of predictive analytics, organizations can gain a competitive advantage in talent management,
optimize resource allocation, and create a more engaged and productive workforce, ultimately contributing

to their long-term success and sustainability
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CHAPTER 2

Literature Review
Factors responsible for employee attrition

Effective employee retention policies and strategies are critical for organizational success, especially for
institutions like Centenary Bank. The factors contributing to employee turnover include management issues,
poor working environment, low pay, lack of fringe benefits, limited career promotion opportunities, job
misfit, unclear job expectations, perceived alternative employment opportunities, and negative influence from
co-workers (Cascio & Boudreau, 2018). Addressing these issues requires a multifaceted approach that

considers both organizational and individual factors.

One of the major factors influencing employee retention is job satisfaction. High job satisfaction leads to
lower turnover intentions and actual turnover. Key elements contributing to job satisfaction include
competitive compensation, rewards, promotion opportunities, participation in decision-making, work-life
balance, conducive work environment, training and development, effective leadership, and job security
(Agarwal et al., 2012; Garcia & Nguyen, 2020). Job involvement, where employees feel a sense of ownership

and responsibility for their work, also significantly impacts retention (Agarwal et al., 2012).

Management practices, particularly the quality of leadership, play a crucial role in employee retention.
Effective leadership involves providing clear direction, support, and recognizing employee contributions
(Brown & Martinez, 2021). Additionally, ensuring a positive work environment, where employees feel

valued and respected, fosters loyalty and reduces turnover (Nakato & Musisi, 2022).

Another critical factor is career development opportunities. Employees are more likely to stay with an
organization that invests in their professional growth through training and development programs. These
opportunities not only enhance skills but also increase employee engagement and satisfaction (Chen & Lee,
2019).

Work-life balance is increasingly important in modern workplaces. Flexible working arrangements, such as

remote work options and flexible hours, help employees manage their personal and professional lives more
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effectively, thereby increasing retention (Smith & Johnson, 2022).
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Figure 2.1 2: A model of relationship between quality of work life, satisfaction and
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l

retention (Musrrat Parveen, 2016)

Study of Data Mining Techniques for predicting Attrition.

The Predictive Model can be developed by various methods of data mining. Data mining can be helpful to
Human Resource Managers in identifying factors influencing employees for high attrition. “Data Mining is
a process through which valuable knowledge can be extracted from a large dataset.” One of the research
projects on the prediction of Employee Attrition was done using Decision Tree as a data mining tool.
“Decision Trees are tree-shaped structures that represent decision sets.” It uses Classification algorithms
for data mining. It is used to explore the possible outcomes for various inputs (Alao D., 2013). Predictive
Analytics is the prediction of the future by using past and current data. Predicting the future depends on
four things which are knowledge of past and present events, cause for the events, understanding of patterns
and pattern variations, correct tool to predict the future and accuracy of the same. This can be done by
statistical modelling and data mining techniques (S. Chitra, 2018). The model developed for prediction of
attrition need to be checked for under-sampling and oversampling. “In under-sampling a random subset of
the majority class is used for training, whereas oversampling randomly duplicates instances of the minority
class.” (Bernd Bischl, 2016). One of the research studies was carried on using SVM and Random Forest
models for employee attrition prediction (Rohit Punnoose, 2016) and another was carried on using KNN
algorithm for employee attrition prediction (Raschka, 2017). In one of the research projects xgBoost model
was used for carrying on the research on employee attrition prediction (Greenwell, 2017) and in one

research, GLM i.e. Logistic regression was used (Raschka, 2017).
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The ML Algorithms studied :

Decision Tree

Decision trees are trees that classify instances by sorting them based on feature values.” Each node in a
decision tree signifies a characteristic in an instance to be classified, and each branch denotes a value that the
node can assume (Kotsiantis, 2007). The Decision Tree can be depicted as below:
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Figure 2.2 1: Decision Tree

The decision tree algorithm studied by Kotsiantis was the C4.5 which is an extension of Quinlan's earlier
ID3 algorithm (Kotsiantis, 2007). It is given as J48 in R-Weka. Another study makes the use of C5 decision
tree algorithm (Rohit Punnoose, 2016). Bagging is one more type of Decision tree Algorithm which is
studied by S. Chitra and Dr. P. Srivaramangai (S. Chitra, 2018). CHi- squared Automatic Interaction
Detector (CHAID). Performs multi-level splits when computing classification trees also comes under the
umbrella of the Classification and Regression Tree (CART) Analysis (Alao D., 2013).

Support Vector Mechanism

Support vector machines (SVMs) does a class division by finding a division point for categorizing in a
hyper plane in a high dimensional space. A decent partition is done by the hyper plane that has the
separation between the separate categories as wide as possible. The bigger the edge is, the lower the error
and inaccuracy of the classifier (B-Gent, 2006) (S. Chitra, 2018).
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Figure 2.2 2: Pseudo Code for the Support Vector (Kotsiantis, 2007)

SV M cansolve linear as well as nonlinear binary classification problems (Rohit Punnoose, 2016). SVMs are

also referred to as maximum margin classifiers (Edouard Ribes, 2017).

Random Forest

Random Forests (RFs) (Wiener, 2002), result from the combination of tree classifiers. Each tree depends
in the estimations of an irregular vector inspected separately. RF has characteristics of correcting decision

tree over-fitting for the training dataset.

Random forests are different from standard trees as its each latter node is split using the best category split
among all variables. “In a random forest, each node is split using the best among a subset of predictors

randomly chosen at that node” (Rohit Punnoose, 2016).

Logistic Regression (GLM)
Logistic Regression is a machine learning calculation for characterization. In this calculation, the

probabilities portraying the possible results of a separate trial are displayed utilizing a Logistic Regression

(Raschka, 2017).
1
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Figure 2.2 4: Logistic regression (Rohit Punnoose, 2016)
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(x 15 a vector of independent vanables of

dimension p and v 15 the logit (log odds).
w,.L .w, are model parameters)
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Figure 2.2 5: Functional form of the Logistic Regression (Phanish Puranam, 2018)

Logistic regression is a regression model that fits the values to the logistic function. It is useful when the
dependent variable is categorical (Rahul Yedida, 2006). The general form of the model is

y 1
P(YTlX: W) = 1+e— WotIwx;)

Figure 2.2 6: (Rahul Yedida, 2006)

2.0 Study on factors to be considered for deciding a valuable employee

Work Engagement describes the extent to which employees are involved in their work. According to the
study by Mark Attridge, it is revealed that the position and the level of the job also decide employee
engagement with work. Employees at the Director and Executive level are more involved in the work than
the support staff. Also, highly educated and highly skilled workers are involved more in their work
(Attridge, 2009). “Human Resource Information System (HRIS)” plays an important role in the decision-
making process for effective Human Resource Management (HRM). “Intelligent Decision Support System

(IDSS)” along with “Knowledge Discovery in

Database (KDD)” is applied in HRIS to improve structured, especially semi-structured and unstructured
HR decision-making process. This module will offer a total performance index, considering all criteria,
for an employee. This process is very complex as there are many rules for each criterion with different
priority. It is one of the factors to be considered during choosing a valuable employee. These are the skilled
employees and are predicted by Machine Learning and decision-making criteria using historical data
(Abdul-Kadar Masum, 2015). Another study reveals that employee performance is more if job satisfaction
is more and hence the job satisfaction is indirectly responsible for deciding the valuable employee (Alf
Crossman, 2003). One of the studies done shows that the work relevance and the employee skillset play a
very important role in deciding on the performance of an employee (Blake A. Allan, 2017). Performance
of an employee helps decide Positive Organizational Behavior based on which valuable employee can be
determined (Fred Luthans, 2008). Another thing that impacts the employee performance is the social
relationship factor. This needs to be considered while deciding a valuable employee (Nina van Loon,

2018). Another major factor to be considered for deciding on employee value is employee loyalty i.e. how
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long an employee has been employed with the one organization. This all depends on job satisfaction
(Onsardi, 2017).

Building Decision Tree Model for deciding on valuable employee

At present in HRM (Human Resource Management), it is necessary to take the timely decision and correct
decision for which Intelligent HR Decision Making System is made, one of which is Decision Support
System DSS which helps HR to take the decision in shorter period. For this, DSS (Decision Support
System) and KDD (Knowledge Discovery in Database) and Data Mining is implemented for Extraction of
Knowledge for HRM (Abdul-Kadar Masum, 2015). Valuable Employee can be predicted by the Employee
Performance and the employee performance can be found out by K-Mean Clustering Method or Decision
tree Method. Decision Tree generates a decision tree from the given training data. “Decision Tree is one of
the most used techniques, since it creates the decision tree from the data given using simple equations
depending mainly on calculation ofthe gain ratio, which gives automatically some sort of weights to attributes
used, and the researcher can implicitly recognize the most effective attributes on the predicted target.”
(Ananya Sarker, 2018). While choosing the valuable employee, various factors were taken into
consideration, hence enhanced decision tree was required. One of the studies revealed about the improved
ID3 algorithm which is the enhanced version of the ID3 Decision tree algorithm. ID3 algorithm is a
recursive method and there is an evaluation of each subset and decision node is created based on metric
known as Information Gain. ID3 uses two major concepts — Entropy and Information Gain. “Entropy is a
measure in information theory to measure the impurity of arbitrarily collection of items.” For set S, being

pi the probability of S belonging to class I, formulation is (Algorithm, 2009)

n
Entropy H (P) =-3 P;log
(P i=1

Figure 2.4 1: Entropy (Quinlan, 1985)

Information Gain =1 (S1,S2,S3,..., Sm)- E(A) Algorithm for generating a decision tree according
to a given data sets (Prof. Prashant G. Ahire, 2015) (Algorithm, 2009).
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Figure 2.4 2: 1D3 (Prof. Prashant G. Ahire, 2015) (Quinlan, 1985)
The shortcoming of the ID3 is only one attribute is tested at a time and it may be over fitted or over
classified. To overcome this shortcoming, improved ID3 is used. Complexity is reduced, and time is saved
in Improved ID3 algorithm. In Improved ID3, the same gain which is calculated initially in basic ID3 is
used which get changed every time when the dataset gets modified as tree grows (Kirandeep, 2018).

z" |.‘f.] — X3 k)= AF (k) Gain'(A) = (I(5). 55, 5,) — E(A) XV (A)
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n
Figure 2.4 3: AF- Figure 2.4 4: Normalized Figure 2.4 5: Gain — Decision
Association factor | O™ Node

(Prof. Prashant G. Ahire, 2015) (Quinlan, 1985)
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Figure 2.4 6: Improved ID3 (Prof. Prashant G. Ahire, 2015) (Quinlan, 1985)
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2.1 Retention Factors and Designing of Result Dashboard displaying the retention
factors to users (HR Managers)

Various tools have been developed for improving customer retention by various companies, similar tools
for employee retention needed to be developed for employee retention and the case study done by Edouard
Ribes, Karim Touahri and Benoit Perthamez shows how machine learning can help in employee retention
by using Employee turnover prediction and classification method (Edouard Ribes, 2017). Employee
retention can be defined as an “effort by an employer to keep desirable workers in order to meet the
business objectives” by keeping the right people on the right jobs (Jagun, 2015). Bidisha Lahkar Das and
Dr. Mukulesh Baruah have found out the various factors affecting employee retention through their study.
These factors are Compensation, Rewards and Recognition, Promotion and Growth opportunity,

Participation in Decision making, work-life balance, Work environment, Training and

development, leadership and job security (Bidisha Lahkar Das, 2013) (Jagun, 2015).

——"> Compensation

——> Reward & Recognition

—>> Promotion & Opportunity for

Growth e —
Employee < o - / b \
Retention =" Participation in Decision- —:>( 2 s
Makin \Salxslactxon/
B

3

——> Work-1.ife Balance

‘/ Reduced

Employee
Turnover_—-

——> Good Work Environment
"> Training & Development

—> Proper Leadership

——>> Job-Security

Figure 2.5 1: Employee retention and Job Satisfaction Model (Bidisha Lahkar Das, 2013)
While deciding on the retention, the efforts should be made to hold on to the best employee. The best
employee can be chosen by his/her loyalty. That is the number of years spend in the company shows the
loyalty of the employee (T.MURALIDHARAN, 2017). There was recently one paper published from a
Conference in University of Salford, Manchester, which showcased the important factors of employee

attrition and retention while comparing between the retention in inhouse offshoring and offshore
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outsourcing in software development industry (Bass, 2018). Santoshi Sen Gupta has developed a basic
retention model after the study done on the attrition and retention of the employee in BPO. The model is
as given below: (Gupta, 2010).
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Figure 2.5 2: Basic Model of retention of employees (Gupta, 2010)

Literature Conclusion

Thus, we can see that till date there has been various theoretical and technical research and studies carried
out to find the attrition prediction. But there has been no significant study or research on the development
of tool which can take automated decisions on categorizing valuable employees and ordinary employees.
And there is no application that shows the final dashboard that shows the retention factors which HR
Managers must consider while retaining the valuable employee; so that the Human Resource Management

budget can be reduced significantly if the retention rate is increased.
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Chapter 3

3.0 Research Methodology

Introduction

This section provides the theoretical and technical walkthrough of the research method used for building an
analytical application using R for predicting employee attrition and how to recognize the valuable
employees and retain them, thereby saving the company HRM budget on hiring new employee. This chapter
describes the set of methods used for carrying out research and building a software application. It also covers

data collection and data analysis methods.

Research Philosophy

The purpose of this research is to predict employee attrition and improve retention of valuable employees,
thereby saving the HRM cost. For the research study, both the qualitative and quantitative methodologies
are used. Qualitative methodology is used for gathering the employee attributes and demographics for
predicting attrition as well as finding the retention factors for retaining a valuable employee, whereas |
used the quantitative methodology for weighting the factors influencing the attrition and analyzing the

accuracy of the prediction model build for predicting attrition.

Study Site

The study will be conducted at Centenary Bank Ltd, a prominent banking institution in Uganda and it will
conducted with 3 defferent centenary bank branches (Mapeera,Entembe road and kikuuba). 3Centenary Bank
Ltd provides an ideal setting for the research due to its relevance to the study objectives and the availability

of necessary data and resources.

Research Design

For completing this research, an inductive approach is to be followed. The inductive approach is the one in
which there is a systematic study on observation and previous research for proposing the theories and findings
of the patterns with the use of various assumptions and hypotheses. The assumptions and the approach for
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research change with the progress in the research.

Artefact Design and Development

Introduction

This section talks about the Software Development Life Cycle (SDLC) methodology used, Functional and
Non-Functional Requirements, System Design including System Diagram, Sequence Diagram, Application
framework, UML Activity Diagram, Use-case diagram along with various use case scenarios,

Development and Testing processes performed.

SDLC Methodology

| have chosen the Agile methodology for the development of an application. | have chosen this method for
development to complete the work in given timelines. | completed the work in sprints and constructed the

application with unit testing in every step after development.

Functional and Non-Functional Requirements

There are four main functional requirements. Those are as follows:
a. Predict Attrition — User must be able to predict the attrition of the future employee based on

the historical dataset of previous employees.

b. Decide on Valuable employee — Allow user to categorize the employee into valuable

and ordinary ones.

c. Find out and list down the factors affecting the retention decision — Display the retention factors

on a dashboard, for improving the retention of the valuable employees.

d. Data Exploration and Data Visualization — User Interactive selection of attributes for plotting
30



the graphs against the Attrition.

The Non-Functional requirement included the time required by the application for making
prediction of attrition, decision of valuable employee and displaying retention factors should be
minimal. | have taken it as 90 seconds on an average (for dataset record of 1470) to perform all the

tasks in application except data exploration task.

Use Case Diagram

The Use case design is as follows which shows how the user (HR Manager) can interact with the

application and take decisions with regards to valuable employees.

Use Case Diagram: HR Analytical Application for
Improving Employee retention

Load Empioyes
> \/

Fredict Atrition

! valusble
N empioyes
3% =]
HR Manager | B S~y Retention )
‘ \F_’/
"3, .

Release 1 Vsluable Empioy=d

| E
g
|

Release 2

Figure 4.4 1: Use Case Diagram

Below are the various scenarios and exceptions that can take place while user (HR manager)
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interact with an application.

Use Case Scenario 1: The data is perfectly fed into the system and attrition is predicted with the
expected accuracy. The employees who are going to resign from the company are then categorized
into valuable and ordinary employees using decision tree. The most effective retention factors for

valuable employees are then displayed on the dashboard.

Use Case Scenario 2 (Exception): The data is perfectly fed into the system, but the attrition
prediction does not give the expected accuracy. User can manually perform the data analysis with
the help of user interactive data visualization tab provided in the application.

Advancement in application to handle these exceptions can be made if the application allows the
user to customize the conditioning logic for choosing the valuable employee and finding

retention factors of the valuable employees.

System Diagram

The system diagram below, shows the system design of an application which illustrates how the
raw data is provided to the system and then retrieved as an output and again fed to system as a

second input and get the final report (dashboard result in this case).
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Figure 4.4 2: System Diagram

UML Activity Diagram

The system design can be explained with the help of the following UML Diagram which represent the
working of the Analytical Application. According to below UML Diagram, | have collected the data from
IBM created by IBM Data Scientist for academic and research work. Then I have chosen the attributes for
the prediction and further analysis based on HR feedback form circulated to HR professionals through
LinkedIn. Then, | preprocessed the data and stored in csv format in a local directory. Then, the test data is
run through the trained predictive model which classifies the data into positive and negative attrition and
the result is shownas “YES” or “NO” for the attrition. If the result is YES, all the records with that result are
stored in an object and then that data is run through “if else” conditioning statement. This decision
statement is to classify the valuable employee from the ordinary one. Once the valuable employees are

categorized, that list is stored in another object and all the factors affecting the retention are found out and
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displayed in the last column of the data set. Thus, in the final stage of application, all the retention factors
which are maximal effective to improve retention are displayed ona dashboard. The UML Activity diagram

is as follows:

HR Analytics for Improving Employee Retention

R - Predicting Employee Attrition IBM Data set and
Attribute: Selection from:HR: Survey form and Valuable Emplovees Emplovee Retention Improvement

Collect Source
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Figure 4.4 3: UML Activity Diagram

34.1 Sequence Diagram

Sequence diagram demonstrates the sequence of action performed during the run time of an application.
The below diagram shows, how the user sends the request to each block of code and receives the output

in return.
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Figure 4.4 4: Sequence Diagram

3.4.2 Study Population

The study population comprises employees across various roles within the three chosen branches of Mapeera
Branch, Entebbe road branch and kikuubo branch at Centenary Bank Ltd, including loans officers, banking

officers’ staff, managerial positions at head office, and support staff.

Inclusion Criteria

Employees currently employed at Centenary Bank Ltd.

Employees who have been with the organization for at least six months (confirmed).
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Exclusion Criteria

Former employees of Centenary Bank Ltd.

Employees with less than six months of tenure at the bank.

This list includes peer-reviewed articles, research papers, case studies, studies on employee retention
techniques within organizational contexts, sources providing theoretical frameworks, empirical evidence,
and practical insights, relevant to the project's scope and objectives, and published in English and accessible
through academic databases and professional websites. It excludes sources not peer-reviewed, outdated,
irrelevant, or focusing on unrelated topics. It also includes sources lacking credibility, validity, or reliability,
not accessible in English, or requiring payment or subscription fees. The list aims to provide a comprehensive

and relevant resource for employee retention techniques usually followed by companies.

Sample Size Determination
Research Strategy

To complete the research a Survey will taken of which will be carried out among the HR Professionals
to collect the factors and attributes of employees for predicting employee attrition and improving
employee retention. Also, Experiments were carried on processing and application of machine learning

algorithms on the dataset and increasing the accuracy of the research result.

Primary Data Collection Method

The primary data source is the most important aspect of any research as it is the initial point of starting this
project. Hence it requires to be genuine and must provide accurate data with evidence. In this research, the
primary data was collected by the study of various research papers, Bank HR data and case studies on
employee attrition, predicting employee attrition and Factors influencing retention. The weighting for each
factor influencing the attrition will be given after the survey is carried among the HR Managers and

Professionals.

Secondary Data Collection Method

Secondary data will be used in this research for implementing the research technically. Thus, whatever was
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studied theoretically, needed to be implemented practically wherein referred to as a technical thesis and
other research Journals for transforming business logic to technical implementation. Here, The study about
the Machine Learning Algorithms and how they can be implemented for predicting employee attrition and
implementing decision tree for categorizing the valuable employees from ordinary ones.

Data Sampling

For data sampling, the Convenience sampling technique will be used. Convenience sampling is a type of
non-probability sampling that includes the sample gathered from that part of the population that can be
easily approached. In this case, the employee attrition and retention factors will be collected from the HR
professionals within the social connections with the help of Survey questionaries’ form, as it was easy to

connect with them and get the survey done.

3.6 Theoretical Framework

Attrition attributes — With the study on various research papers and surveys conducted from HR managers
with in the bank, the important attrition factors to be looked at were those to be used as predictors for
predicting employee attrition. Those factors are listed below:Percent Salary Hike, Monthly Income, Years
Since Last Promotion, Distance from Home, Job Role, Performance Rating, Job Level, Environment
Satisfaction, Years in Current Role, Relationship Satisfaction, Years with Current Manager, Job
Satisfaction, Work- Life Balance, Number of Companies Worked, Years at Company, Over Time, Total

Working Years, Marital Status, Age and Gender.

Valuable Employee Attributes — Similar to the attrition factors, valuable employee factors will be found
out by study on various research papers. And with the help of methodological assumptions and conditional

logic, the valuable employees were categorized from the ordinary ones.

Retention Attributes — Likewise, after doing research on the case studies on retention, the important factors
will found out for improving retention. And with the help of conditional statements and logic the respective

factors were displayed on the dashboard of the application.
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Lab Procedures

As the study primarily involves data analysis and qualitative research methods, there are no specific

laboratory procedures involved.

Data Management

Data collected through surveys, interviews, and internal HR records will be securely stored and anonymized
to ensure confidentiality and compliance with data protection regulations. A systematic approach will be

adopted for data entry, cleaning, and analysis to maintain data integrity.

Limitations of the Study

Limitations of the study may include potential biases in self-reported data, and constraints in accessing certain
proprietary information, The time factor is the critical limitation of this study. The accuracy of the findings
will be also limited by the accuracy of the statistical tools employed in analyzing the survey. Concerning the
random forest algorithm used in the study, a proliferation of trees is expected to slow the procedure therefore
making it ineffectual for actual forecasts. Generally, the processes are fast to train but slow to formulate
predictions once training is conducted. Other possible limitations include the enactment of the forecast system
for employee retention because of less training data set. Also, the execution of the system for making decisions
is limited due to the multifaceted growth of the random forest algorithm, accurateness of a decision

consequence, inconsistent data, and inadequate admittance to the employee dataset.

Data Analysis and Presentation:

In developing an employee analytical application aimed at improving employee retention through the
prediction of attrition, several methodological assumptions were made, drawing upon insights from
contemporary research and case studies within the banking sector, notably within Centenary Bank Ltd.
Leveraging the seminal works of scholars such as Patel & Gupta (2020), Brown & Martinez (2021), and

Garcia & Nguyen (2020), among others, provided a robust foundation for formulating these assumptions.
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Chapter 4

4.0 Results and Discussions

Evaluating the effectiveness of the predictive model and the implemented strategies is crucial for continuous

improvement.

4.1 Traditional Models

1. Logistic Regression: Traditionally, logistic regression has been a popular choice for predicting binary
outcomes such as employee attrition. It provides clear insights into the relationship between the
dependent variable (attrition) and independent variables (factors influencing attrition).

2. Decision Trees: These models offer a straightforward approach to predicting outcomes by splitting
data based on certain criteria. They are easy to interpret and can handle both categorical and continuous
data, but they tend to overfit, especially with complex datasets.

3. Survival Analysis: This statistical approach is used to predict the time until an event occurs, such as
employee turnover. It provides insights into the duration employees are likely to stay before leaving

but may not capture complex, non-linear relationships effectively.

4.2 Machine Learning Models

Machine learning models, such as Random Forest Classifiers and other ensemble methods, aim to improve
upon these traditional models by providing higher accuracy, better handling of non-linear relationships, and

reducing the risk of overfitting.

4.2.0 Random Forest Classifier: This ensemble learning method combines multiple decision trees to
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improve predictive performance. It offers better accuracy and robustness compared to a single decision
tree by averaging out biases and reducing overfitting.

4.2.1 Gradient Boosting Machines (GBM): GBM sequentially builds an ensemble of weak learners, typically
decision trees, where each new tree corrects the errors of the previous ones. This method improves accuracy
and performance on complex datasets by capturing intricate patterns and relationships.

4.2.2 Support Vector Machines (SVM): SVMs are effective for high-dimensional spaces and are useful when the
number of dimensions exceeds the number of samples. They focus on maximizing the margin between different
classes, providing robust predictions even with non-linear data.

4.2.3 Neural Networks: These models, especially deep learning variants, can capture highly complex patterns in
data by leveraging multiple layers of neurons. They are particularly useful when dealing with large datasets and

non-linear relationships but require significant computational resources and data for training

A few other ways of improving employee retention includes:

4.3 Advanced Metrics

The evaluation of the predictive model and the implemented strategies is a pivotal aspect of this project, as it
ensures continuous improvement and the achievement of the desired outcomes in employee retention. The
assessment process encompasses the use of advanced metrics to gauge the model's performance, detailed
analysis of specific resignation reasons, and the examination of the effectiveness of targeted interventions.

To begin with, the performance of the predictive model is evaluated using advanced metrics such as precision,
recall, and F1-score. These metrics provide a comprehensive understanding of how well the model predicts
employee attrition based on various factors. Precision measures the accuracy of the positive predictions,
indicating the proportion of true positive predictions out of all positive predictions made by the model. Recall,
on the other hand, assesses the model's ability to identify all relevant instances of employee attrition,

representing the proportion of true positive predictions out of all actual positive cases. The F1-score, which is
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the harmonic mean of precision and recall, offers a balanced evaluation of the model's performance, especially
when dealing with imbalanced datasets.

For instance, when applying these metrics to the model, the classification report generated by the following
code snippet provides a detailed breakdown of precision, recall, and F1-score for each class.

This report highlights how accurately the model predicts specific resignation reasons, such as dissatisfaction
with compensation, lack of career advancement opportunities, or poor work-life balance. By analyzing the
classification report, we can identify areas where the model excels and areas that require further refinement.
For example, if the precision for predicting resignations due to compensation issues is high but the recall is
low, it indicates that while the model is accurate in its predictions, it is not identifying all instances of
employees leaving for this reason. This insight allows us to adjust the model or incorporate additional data
features to improve recall without compromising precision.

The effectiveness of the targeted interventions implemented based on the model's predictions is another critical
aspect of the evaluation process. These interventions may include personalized career development plans,
improved communication channels, and revised compensation packages. To assess their impact, we monitor
key performance indicators (KPIs) such as employee satisfaction ratings, attrition rates, and overall
engagement levels.

For instance, if the predictive model identifies that a significant number of employees are likely to leave due
to inadequate career development opportunities, the organization can introduce tailored career development
programs. Post-implementation, the effectiveness of these programs can be measured by tracking changes in
employee satisfaction surveys, engagement scores, and attrition rates. A noticeable improvement in these
metrics would indicate the success of the intervention, validating the predictive model's utility in informing
effective retention strategies.

Moreover, the discussion also involves comparing pre- and post-intervention data to understand the tangible

impact of the strategies. By analyzing trends over time, we can determine whether the interventions have led

41



to a sustained reduction in attrition rates. This longitudinal analysis is crucial for identifying the long-term
benefits of the implemented strategies and ensuring that they contribute to a more stable and engaged
workforce.
Additionally, the project emphasizes the importance of continuous feedback and iterative improvement.
Regularly updating the predictive model with new data and refining it based on ongoing results ensures that
the model remains accurate and relevant. This iterative process involves recalibrating the model to account for
changes in employee behavior and organizational dynamics, thereby maintaining its predictive power over
time.
For example, if the organization undergoes significant changes such as restructuring or the introduction of
new policies, these factors should be incorporated into the model. By continuously monitoring the model's
performance and updating it with fresh data, we can ensure that it adapts to evolving conditions and continues
to provide accurate predictions.
In conclusion, the evaluation of the predictive model and the implemented strategies is a dynamic and ongoing
process. The use of advanced metrics such as precision, recall, and F1-score provides a detailed assessment of
the model's performance. Analyzing specific resignation reasons and the impact of targeted interventions helps
in understanding the effectiveness of the strategies. Continuous feedback and iterative improvement ensure
that the model remains accurate and relevant, ultimately contributing to improved employee retention and
organizational success. This comprehensive evaluation approach not only validates the predictive model but
also enhances the organization's ability to retain top talent and foster a positive work environment.
4.4Monitoring HR Metrics
Monitoring HR metrics is a crucial step in evaluating the impact of retention strategies and interventions. By
systematically tracking employee retention rates and other relevant HR metrics over time, organizations can
gain valuable insights into the effectiveness of their efforts and make informed decisions to enhance employee

retention and overall workforce stability.
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The first step in monitoring HR metrics involves identifying the key indicators that reflect employee retention
and engagement. These indicators typically include retention rates, turnover rates, employee satisfaction
scores, engagement levels, and productivity metrics. Retention rates measure the percentage of employees
who remain with the organization over a specified period, providing a clear indicator of the stability of the
workforce. Turnover rates, conversely, track the percentage of employees who leave the organization within
a given timeframe, offering insights into the frequency and reasons for employee departures.

Employee satisfaction scores, often obtained through regular surveys, assess how satisfied employees are with
various aspects of their job, including compensation, career development opportunities, work-life balance, and
management support. Engagement levels measure the extent to which employees feel connected to their work
and motivated to contribute to organizational goals. Productivity metrics evaluate the output and efficiency of
employees, providing an indirect measure of their engagement and satisfaction.

Once the key HR metrics are identified, the next step is to establish a baseline by collecting historical data.
This baseline data serves as a reference point against which the impact of new interventions can be measured.
For example, if the baseline retention rate is 85%, any subsequent changes in this rate can be attributed to the
implemented retention strategies.

After establishing the baseline, organizations need to implement a systematic process for tracking these
metrics over time. This involves setting up regular data collection intervals, such as monthly or quarterly, to
ensure that the metrics are consistently monitored. Advanced HR analytics tools and software can automate
this process, making it easier to collect, analyze, and visualize the data.

As the data is collected, it is essential to analyze trends and patterns to understand the impact of the
interventions. For instance, if an organization introduces a new career development program aimed at reducing
turnover, tracking retention rates before and after the implementation of the program can reveal its

effectiveness. A significant increase in retention rates post-implementation would suggest that the program
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has a positive impact. Similarly, improvements in employee satisfaction scores and engagement levels would
indicate that the interventions are successfully addressing employee needs and concerns.

It is also important to segment the data by different demographic and job-related factors, such as age, gender,
department, job level, and tenure. This segmentation allows for a more nuanced analysis of the impact of
interventions. For example, if retention rates improve overall but remain low in a specific department, targeted
interventions can be developed for that department. Similarly, if younger employees show lower satisfaction
scores compared to their older counterparts, specific strategies can be designed to address the unique needs of
younger employees.

Continuous monitoring and analysis of HR metrics enable organizations to identify any emerging issues early
and take proactive measures to address them. For instance, if there is a sudden spike in turnover rates, further
investigation can reveal the underlying causes, such as changes in management, workload increases, or
external market conditions. By understanding these causes, organizations can develop timely and effective
interventions to mitigate the impact on employee retention.

Furthermore, regular monitoring provides insights into the long-term sustainability of the retention strategies.
It allows organizations to evaluate whether the positive effects of the interventions are sustained over time or
if additional adjustments are needed. For example, a new compensation strategy may initially boost retention
rates, but if these rates begin to decline after a few months, it may indicate the need for ongoing adjustments
to the compensation packages or other supportive measures.

Effective communication and transparency are also vital components of the monitoring process. Sharing the
results of the monitoring efforts with employees can foster a culture of trust and collaboration. When
employees see that their feedback is being actively used to improve retention strategies, it can enhance their
engagement and satisfaction. Regular updates on the progress of retention initiatives and the positive outcomes

achieved can reinforce employees' commitment to the organization.

44



In conclusion, monitoring HR metrics is a critical and continuous process that provides organizations with the
data-driven insights needed to evaluate and enhance employee retention strategies. By systematically tracking
retention rates, turnover rates, employee satisfaction scores, engagement levels, and productivity metrics,
organizations can measure the effectiveness of their interventions, identify areas for improvement, and ensure
the long-term stability and success of their workforce. This ongoing monitoring not only validates the impact
of the retention strategies but also enables organizations to adapt to changing workforce dynamics and
maintain a positive and engaged organizational culture.

4.5Periodic Reviews
Conducting periodic reviews of the predictive model and the effectiveness of implemented retention strategies
is an essential component of an adaptive and responsive HR management approach. These reviews allow
organizations to ensure that their predictive models remain accurate and relevant, and that the strategies in
place effectively address employee retention challenges while aligning with the organization's broader goals.
This iterative process involves several critical steps, each contributing to a comprehensive understanding and
continuous enhancement of retention efforts.
The first step in the periodic review process is to establish a regular review schedule. Depending on the
organization's size, complexity, and turnover rates, reviews may be conducted monthly, quarterly, or
biannually. The frequency of reviews should be sufficient to capture meaningful trends and changes in the
workforce while allowing adequate time to implement and observe the effects of new strategies.
During each review cycle, the predictive model's performance is evaluated using up-to-date data. This involves
comparing the model's predictions with actual employee turnover and retention outcomes. Key metrics such
as precision, recall, and F1-score, which were used initially to assess the model, are recalculated to determine
if the model maintains its accuracy over time. For instance, if the model's precision in predicting employees
likely to leave due to compensation issues declines, it may indicate changes in the underlying data or shifts in

employee priorities that need to be addressed.
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Alongside evaluating the predictive model, the effectiveness of the implemented retention strategies is also
assessed. This involves reviewing key performance indicators (KPIs) such as retention rates, turnover rates,
employee satisfaction scores, and engagement levels. By comparing these metrics before and after the
implementation of specific strategies, organizations can gauge the impact of their efforts. For example, if a
new mentorship program was introduced to improve career development opportunities, an increase in retention
rates among younger employees or those in early career stages would suggest the program'’s success.

The review process also includes qualitative assessments, such as feedback from employees and managers.
Conducting focus groups, interviews, or additional surveys can provide deeper insights into how the strategies
are perceived and their practical impact on day-to-day operations. For example, employees might appreciate
the introduction of flexible working hours but may also highlight areas for further improvement, such as
additional support for remote work infrastructure.

A critical aspect of periodic reviews is identifying areas for improvement. This involves analyzing the data
and feedback to pinpoint specific elements of the predictive model or retention strategies that are
underperforming. For example, if the model fails to accurately predict turnover among a particular
demographic group, additional data points or a different modeling approach may be necessary. Similarly, if a
retention strategy aimed at improving work-life balance has not yielded the expected results, it may need to
be refined or supplemented with additional measures, such as enhanced wellness programs or workload
adjustments.

Ensuring alignment with organizational goals is another vital consideration during periodic reviews. As
organizational objectives evolve, retention strategies and predictive models must be adjusted to stay in sync
with these changes. For instance, if an organization shifts its focus towards innovation and creative
development, retention efforts may need to prioritize factors such as fostering a collaborative culture and

providing opportunities for creative expression. Regularly revisiting the organization's strategic goals and
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comparing them with current retention initiatives helps ensure that HR efforts support and drive the overall
mission and vision of the organization.

The review process should also involve updating the predictive model with new data and recalibrating it to
reflect the latest trends and patterns in employee behavior. Machine learning algorithms and statistical
techniques used in the model should be re-evaluated and fine-tuned as necessary. This continuous
improvement approach ensures that the model adapts to changing workforce dynamics and remains a valuable
tool for predicting and addressing employee attrition.

Documentation and transparent communication are crucial throughout the review process. Detailed records of
each review, including findings, decisions, and actions taken, should be maintained. Sharing the results and
insights from the reviews with key stakeholders, including HR teams, management, and employees, fosters a
culture of transparency and accountability. When employees are aware that their feedback is being used to
inform retention strategies and that the organization is committed to continuous improvement, it can enhance
their engagement and trust in the organization.

In conclusion, periodic reviews of the predictive model and the effectiveness of implemented retention
strategies are integral to maintaining a responsive and adaptive approach to employee retention. By regularly
assessing the performance of the predictive model, evaluating the impact of retention strategies, identifying
areas for improvement, ensuring alignment with organizational goals, and updating the model with new data,
organizations can sustain and enhance their efforts to retain top talent. This ongoing, iterative process not only
validates the effectiveness of current strategies but also empowers organizations to proactively address

emerging challenges and continuously improve their workforce management practices.
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Chapter 5

5.0 Key Metrics and Factors Influencing Employee Retention

Employee retention is a critical concern for organizations, as it directly impacts their long-term success,
performance, and competitiveness. Effective retention strategies can lead to reduced turnover rates, enhanced
employee satisfaction, and overall organizational stability. Key factors influencing employee retention include
organizational, individual, and job-related factors.

Organizational factors include compensation and rewards, career development opportunities, work-life
balance, organizational culture and environment, and leadership and management practices. Compensation
includes salaries, bonuses, and other financial incentives, but it should be complemented with other benefits
and rewards that recognize and value employees' contributions. Career development opportunities enhance
employees' skills and knowledge, making them feel valued and more engaged with their work. Work-life
balance is essential for employee retention, with flexible working arrangements such as remote work options,
flexible hours, and paid time off helping employees manage their personal and professional lives effectively.
Organizational culture and environment foster respect, collaboration, and a sense of belonging, which
significantly impacts employee retention. A supportive work environment where employees feel safe, valued,
and included promotes job satisfaction and loyalty. Effective leadership and management practices, such as
good communication skills, clear direction, and support, contribute to higher retention rates.

Individual factors include job satisfaction, personal development and autonomy, and social support and
relationships. Job satisfaction is closely linked to employee retention, and employees who are satisfied with
their roles, responsibilities, and work conditions are less likely to leave the organization. Offering employees
autonomy in their roles and opportunities for personal development increases job satisfaction and loyalty to

the organization.
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5.1 A few Predictive Modeling Techniques that can be used:

Predictive modeling techniques have become increasingly valuable in HR analytics, particularly for predicting
employee retention. By leveraging advanced statistical and machine learning methods, organizations can gain
insights into factors influencing employee turnover and proactively address issues that may lead to attrition.
5.2.1 Logistic regression: It is a simple and commonly used technique for binary classification problems,
such as predicting whether an employee will stay or leave. It models the probability that a given employee
will fall into one of the two categories (retained or not retained) based on various predictor variables. Key
points of logistic regression include interpretability, binary outcome, and baseline model.

5.2.2 Decision trees: These are non-parametric models that split data into subsets based on input features,
providing insights into significant factors affecting retention. They are easy to understand and visualize,
making them accessible to HR professionals without a deep statistical background. Overfitting can be
mitigated with techniques like pruning or ensemble methods.

5.2.3 Random forests: They are an ensemble learning method that builds multiple decision trees and merges
their results to improve predictive accuracy and control overfitting. Key points of random forests include
accuracy, robustness, and feature importance. Gradient Boosting Machines (GBM) are another ensemble
technique that builds trees sequentially, correcting errors made by previous ones, and are powerful for
capturing complex patterns in the data.

5.3.4 Support Vector Machines (SVM): They are supervised learning models that find the optimal
hyperplane to separate classes in the feature space. Key points of SVM include effectiveness in high-

dimensional spaces, robustness, and complexity.
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Chapter 6

6.1 Data Collection

The dataset utilized in this study is derived from Centenary Bank of Uganda, providing a comprehensive array

of employee-related information crucial for the analysis. The dataset encompasses several key attributes:

e REPORTING_DATE: This attribute denotes the specific date on which the data was recorded,
ensuring temporal accuracy and relevance.

e PFNO (Personal File Number): A unique identifier assigned to each employee, facilitating the
tracking and management of individual records without disclosing personal information.

e EMPNAME (Employee Name): The full name of the employee, which is essential for identity
verification and personalized analysis.

e GENDER: This categorical variable indicates the gender of the employee, allowing for gender-based
analysis and insights.

e DESIGNATION: The job title or position held by the employee, providing insights into the
hierarchical structure and role distribution within the organization.

e BRANCH: The specific branch of the Bank of Uganda where the employee is stationed, crucial for
geographical and branch-specific studies.

e REGION: A broader geographical categorization that groups branches into regions, facilitating
regional analysis.

e DIVISION: The division within the bank, indicating the functional area or department to which the

employee belongs.
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e STATUS: The current employment status of the employee (e.g., active, resigned, retired), essential
for understanding workforce dynamics.

e BIRTHDATE: The date of birth of the employee, which is useful for age-related analysis and
demographic studies.

e APPOINTMENTDATE: The date on which the employee was appointed to their current role,
important for tenure and experience analysis.

e WITHEFFECTFROM: The effective date from which the employee's current status or position is
applicable.

e EMP_RESIGN_DATE: The resignation date, if applicable, indicating when an employee left the
organization.

e EMPNT_TERMS (Employment Terms): Details regarding the terms of employment (e.g.,
permanent, contract), offering insights into the employment structure.

e ORIGINCOUNTRY: The country of origin of the employee, which can be used for diversity and
nationality studies.

e REASON: General reasons related to employment changes (e.g., promotion, transfer), providing
context for status changes.

e EMP_REASON_FOR_RESIGN: Specific reasons for employee resignations, valuable for

understanding attrition causes.

This dataset serves as a rich source of information, enabling detailed analyses on various aspects such as
demographic trends, employment patterns, and organizational structure within Centenary Bank of Uganda.
The data collected spans multiple dimensions, providing a holistic view of the workforce and facilitating in-

depth studies aimed at improving human resource management and strategic planning.
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Chapter 7

7.0 Data Preprocessing

The code performs various data preprocessing steps on the HR dataset. Here's a detailed explanation:

7.1.1 Removing Columns: The columns 'PFNO’, 'REPORTING_DATE', and 'ORIGINCOUNTRY" are

dropped from the dataset as they are not relevant for the analysis.

7.1.2. Handling Missing Values:
The missing values in the 'DESIGNATION', 'DIVISION', and 'REGION' columns are filled with their
respective mode values.
For rows where 'EMP_RESIGN_DATE' is null (indicating employees who have not resigned), the
'REASON' and 'EMP_REASON_FOR_RESIGN' columns are filled with "Not resigned".
Any remaining missing values in the 'REASON' and 'EMP_REASON_FOR_RESIGN' columns are

filled with "Not specified".

7.1.3. Calculating Job Duration:
For employees who have resigned, the 'JOB_DURATION_DAYS' column is calculated by subtracting
'WITHEFFECTFROM' from 'EMP_RESIGN_DATE".
For employees who have not resigned, the 'JJOB_DURATION_DAYS' is calculated by subtracting
'WITHEFFECTFROM' from the current date.
The 'JOB_DURATION_YEARS' column is derived by converting 'JOB_DURATION_DAYS' to

years and rounding off to two decimal places.
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The JOB_DURATION_DAYS', 'EMP_RESIGN_DATE', and 'WITHEFFECTFROM' columns are

then dropped.

7.1.4. Calculating Age:
The 'AGE' column is calculated by subtracting the year from the 'BIRTHDATE' column from the
current year.

The 'BIRTHDATE' column is then dropped.

7.1.5. Data Cleaning:
In the ' EMP_REASON_FOR_RESIGN' column, the date part and "w.e.f" (with effect from) text are
removed using regular expressions.
Any values containing "Retire" (case-insensitive) in the 'EMP_REASON_FOR_RESIGN' column are

replaced with "Retired".

7.1.6 Creating Appointment Year Column:
The 'APPOINTMENT_YEAR' column is created by extracting the year from the
'APPOINTMENTDATE' column.

The '"APPOINTMENTDATE' column is then dropped.

7.1.7. Saving Preprocessed Data: The preprocessed dataset is saved to an Excel file named

‘preprocessed_data.xlsx'.
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Chapter 8

8.0 Exploratory Data Analysis(EDA)

8.1. Data Preprocessing:
Data preprocessing is a crucial phase in any data analysis or machine learning project, setting the foundation
for accurate and reliable outcomes. It involves transforming raw data into a clean and usable format, which
significantly enhances the quality of subsequent analysis. This process typically begins with importing the
necessary libraries and reading the data from its source, which, in this scenario, is an Excel file.
The first step involves using Python libraries such as Pandas for data manipulation and analysis, NumPy for
numerical operations, and potentially other libraries like Scikit-learn for more advanced preprocessing
techniques. Reading the data from an Excel file is straightforward with Pandas' ‘read_excel” function, which
loads the dataset into a DataFrame—a versatile data structure for handling tabular data.
Once the data is loaded, the next phase is data cleaning. This step addresses any issues that might compromise
the integrity of the data, such as missing values, duplicates, and inconsistencies. Handling missing values is
critical because they can skew analysis and model predictions. Depending on the nature and extent of the
missing data, different strategies can be employed. For instance, if only a few values are missing in a large
dataset, those rows might be dropped. Alternatively, if many values are missing, imputation techniques such
as filling in with the mean, median, or using more sophisticated methods like K-nearest neighbors can be
applied.
After dealing with missing values, the focus shifts to extracting relevant features. In this context, features like
job duration and age are essential. Job duration can be calculated by taking the difference between the start
and end dates of an employee’s tenure. This may involve converting date columns to datetime objects, if they

are not already in that format, and then performing the necessary arithmetic operations to derive the duration.
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Similarly, age can be calculated if the dataset includes birth dates. The calculated job duration and age can
then be added as new columns to the DataFrame, enriching the dataset with valuable information.
Categorical variables in the dataset need special attention because most machine learning algorithms require
numerical input. Encoding these variables transforms them into a numerical format. This can be done using
techniques like one-hot encoding, which converts each category into a new binary column. For example, a
‘department’ column with values like 'HR', 'Finance', and 'Engineering’ would be transformed into three
separate columns—each indicating the presence or absence of the corresponding department. Alternatively,
ordinal encoding can be used if there is a meaningful order to the categories.

Data normalization or scaling might also be necessary, particularly if the data will be used for machine
learning. Features with vastly different scales can skew the model training process. Techniques such as min-
max scaling or standardization (z-score normalization) ensure that features contribute equally to the analysis.
Once the data cleaning and preprocessing steps are complete, the processed dataset is ready for analysis or
modeling. It is often good practice to save this cleaned and preprocessed data for future use. This can be done
by writing the DataFrame to a new Excel file using Pandas' "'to_excel” function. Saving the data ensures that
the preprocessing steps do not need to be repeated, which can save time and computational resources,
especially with large datasets.

The resulting preprocessed data is now in a format suitable for in-depth analysis. This can involve exploratory
data analysis (EDA) to uncover patterns and insights, or it can be fed into machine learning models to predict
outcomes like employee retention. During EDA, various statistical summaries and visualizations can be
created to better understand the data. For instance, histograms and box plots can reveal the distribution of
features like job duration and age, while scatter plots and correlation matrices can uncover relationships
between different variables.In summary, data preprocessing transforms raw data into a refined format,
addressing issues like missing values, encoding categorical variables, and extracting relevant features. This

comprehensive preparation step is fundamental to ensuring the accuracy and reliability of subsequent data
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analysis and modeling efforts. By saving the preprocessed data to a new Excel file, we create a reusable asset
that facilitates efficient and effective data-driven decision-making. This meticulous approach to data

preprocessing lays the groundwork for deriving meaningful insights and building robust predictive models.

8.2. Missing Value Analysis:

e The code checks for missing values in each column and prints the count of missing values.

8.3. Descriptive Statistics:
e The code calculates and prints summary statistics, such as count, mean, standard deviation, minimum,
quartiles, and maximum values, for numerical columns like 'JOB_DURATION_YEARS', "AGE", and

"APPOINTMENT_YEAR".

8.4. Univariate Analysis:
e The code analyzes the distribution of the ‘'GENDER" column and prints the value counts.
e |t attempts to plot histograms for 'JOB_DURATION_YEARS', "AGE’, 'APPOINTMENT_YEAR®
using “sns.histplot™ from the Seaborn library, but there seems to be an error with the “histplot™ function,

SO no images are generated.

8.5. Bivariate Analysis:
e The code analyzes the relationship between "AGE™ and 'JOB_DURATION_YEARS' by creating a
scatter plot using “sns.scatterplot”™ from Seaborn. However, no image is generated due to an error.
e |t attempts to create a correlation heatmap for numerical columns using “sns.heatmap’, but no image

is generated due to an error.
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The code tries to plot scatter plots for "APPOINTMENT_YEAR' vs. JOB_DURATION_YEARS®
and "GENDER" vs. "JOB_DURATION_YEARS  using ‘sns.scatterplot™ and “sns.boxplot’,

respectively, but no images are generated due to errors.
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Chapter 9

9.0 Predictive Modeling Techniques

Predictive modeling involves creating a mathematical model to forecast outcomes based on historical data. In
the provided code, a Random Forest Classifier from the scikit-learn library is utilized for predicting employee

resignation reasons. Here's a detailed breakdown of the techniques employed:

9.1. Data Splitting

Data splitting is a fundamental step in building and evaluating machine learning models, particularly in the
context of predicting employee attrition. The primary purpose of data splitting is to divide the available dataset
into distinct subsets: a training set and a testing set. This division allows the model to be trained on one portion
of the data and then evaluated on another, unseen portion. This methodology helps to ensure that the model
generalizes well to new data rather than simply memorizing the patterns in the training data.

The training set is used to develop the model, meaning that the model learns the relationships between the
input features (X) and the target variable (y) from this subset. During the training phase, the model adjusts its
parameters to minimize prediction errors, thereby capturing the underlying patterns and trends within the
training data. The goal is to build a robust model that can make accurate predictions on new data.

The testing set, on the other hand, is reserved for evaluating the model's performance. This set contains data
that the model has not seen during the training phase, providing an unbiased estimate of its predictive accuracy.
By evaluating the model on the testing set, we can gauge how well it is likely to perform on real-world data.
This evaluation helps to identify issues such as overfitting, where the model performs well on the training data
but poorly on unseen data due to learning noise and specific patterns in the training set rather than generalizable

trends.
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In practical implementation, data splitting is often performed using the “train_test_split™ function from the
scikit-learn library in Python. This function simplifies the process of dividing the dataset into training and
testing sets. Here is an example of how to use this function:

from sklearn.model_selection import train_test_split

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=42)

In this example, "X represents the input features, while "y’ represents the target variable (employee attrition
in this context). The “test_size™ parameter specifies the proportion of the dataset to include in the testing set.
A value of 0.2 indicates that 20% of the data will be used for testing, and the remaining 80% will be used for
training. The ‘random_state” parameter ensures reproducibility by fixing the random seed, so the split remains
consistent across different runs.

Data splitting is crucial for several reasons. Firstly, it provides a straightforward and effective way to validate
the performance of a machine learning model. By evaluating the model on data that it has not seen during
training, we obtain a more realistic assessment of its ability to generalize to new data. This process helps to
avoid over-optimistic performance estimates that could result from evaluating the model on the same data
used for training.

Secondly, data splitting enables the detection of overfitting and underfitting. Overfitting occurs when the
model learns the training data too well, capturing noise and specific patterns that do not generalize to new
data. This results in high accuracy on the training set but poor performance on the testing set. Conversely,
underfitting happens when the model is too simple to capture the underlying patterns in the data, leading to
poor performance on both the training and testing sets. By comparing the model's performance on the training
and testing sets, we can identify and address these issues, adjusting the model complexity and training process
accordingly.

Additionally, data splitting supports the iterative process of model development. During the early stages of

model building, the training set is used to fit the model and tune its parameters, while the testing set provides
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feedback on the model's performance. This feedback is crucial for refining the model, selecting the best
features, and optimizing hyperparameters. By iterating through this process, we can progressively improve the
model's accuracy and robustness.
Furthermore, the test size proportion can be adjusted based on the size and characteristics of the dataset. For
larger datasets, a smaller test size (e.g., 10%) might be sufficient to provide a reliable performance estimate,
while for smaller datasets, a larger test size (e.g., 30%) might be necessary to ensure that the testing set is
representative. The choice of the test size should balance the need for a sufficient amount of training data to
build the model and enough testing data to evaluate its performance reliably.
In conclusion, data splitting is a critical step in the machine learning pipeline, particularly for projects aimed
at predicting employee attrition. It ensures that the model's performance is evaluated on unseen data, providing
a realistic assessment of its generalization capabilities. By using the “train_test_split™ function from scikit-
learn, we can efficiently divide the dataset into training and testing sets, facilitating model development and
validation. This process helps to detect and mitigate issues such as overfitting and underfitting, supporting the
iterative improvement of the model and ultimately contributing to the successful prediction and management
of employee attrition.

9.2. Model Training
The process of model training is a pivotal step in developing a machine learning solution for predicting
employee attrition. Training the model involves teaching the algorithm to recognize patterns and relationships
within the data so that it can make accurate predictions on new, unseen data. For this purpose, we utilize the
Random Forest Classifier, a powerful and versatile ensemble learning method renowned for its accuracy and
robustness in various classification tasks.
The purpose of model training is to enable the Random Forest Classifier to learn from the training dataset,
which contains historical data on employees, including various features (X) and the target variable (y)

indicating whether an employee stayed with or left the organization. Through this learning process, the
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classifier can identify complex interactions between features and the target variable, thereby developing an
internal model that captures the underlying data distribution and patterns.

The implementation of model training using the Random Forest Classifier is straightforward with the scikit-
learn library in Python. The following code snippet illustrates the process:

from sklearn.ensemble import RandomForestClassifier

# Initialize the Random Forest Classifier with 100 decision trees

clf = RandomForestClassifier(n_estimators=100, random_state=42)

# Train the model using the training data

clf.fit(X_train, y_train)

In this example, "RandomForestClassifier” is imported from “sklearn.ensemble’, and an instance of the
classifier is created with "n_estimators=100", indicating that the ensemble will consist of 100 decision trees.
The ‘random_state=42" parameter ensures that the results are reproducible by setting a fixed seed for the
random number generator. The “fit" method is then called on the classifier object (‘cIf’) with "X _train™ and
y_train” as arguments, representing the training features and labels, respectively. This method trains the
classifier by building each decision tree in the forest using bootstrap samples of the training data and
aggregating their predictions to form the final model.

During the training phase, each decision tree in the Random Forest Classifier is constructed by recursively
splitting the training data based on feature values that maximize the separation between classes (in this case,
employees who stay versus those who leave). Each split is determined by a criterion, typically the Gini
impurity or entropy, which measures the homogeneity of the classes within the resulting subsets. By
combining the predictions of multiple trees, the Random Forest Classifier mitigates the risk of overfitting,
which is common in single decision trees, and improves the overall predictive performance and stability of
the model.

9.2.0 The training process involves several key steps:
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9.2.1 Bootstrap Sampling: For each of the 100 trees, a bootstrap sample (a random sample with replacement) of the
training data is generated. This ensures that each tree is trained on a slightly different subset of the data, promoting
diversity among the trees.
9.2.2. Tree Construction: Each tree is constructed by splitting the bootstrap sample based on feature values that best
separate the classes. This process continues until a stopping criterion is met, such as a maximum tree depth or aminimum
number of samples required to split a node.
9.2.3. Feature Selection: At each split, a random subset of features is considered for splitting. This
randomness further enhances the diversity of the trees and reduces the correlation between them, which is crucial
for the effectiveness of the ensemble method.
9.2.4. Aggregation: Once all trees are constructed, their predictions are aggregated to form the final model.
For classification tasks, the aggregation is typically done through majority voting, where the class predicted by

the majority of the trees is selected as the final prediction.

Training the Random Forest Classifier on the training data allows it to learn complex relationships and
interactions among features that influence employee attrition. The resulting model is capable of capturing non-
linear patterns and interactions that single decision trees or simpler models might miss. This capability is
particularly important in real-world scenarios where employee retention can be influenced by a multitude of
factors, ranging from demographic attributes and job characteristics to organizational culture and external
economic conditions.

Moreover, the Random Forest Classifier is inherently equipped to handle various data characteristics,
including missing values and categorical variables, with minimal preprocessing. Its robustness and
adaptability make it a suitable choice for predicting employee attrition, where the data might exhibit
heterogeneity and noise.

The effectiveness of the trained model is subsequently evaluated on the testing data, which the model has not
seen during training. This evaluation provides an unbiased estimate of the model's predictive performance and
generalization ability. By assessing the model's accuracy, precision, recall, F1-score, and other relevant
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metrics, we can determine how well it is likely to perform in practical applications and make informed
decisions about further refinements and improvements.
In conclusion, the model training phase is a critical step in the development of a machine learning solution for
employee attrition prediction. Using the Random Forest Classifier, the model learns to recognize complex
patterns in the training data, building a robust and accurate predictive model. The combination of bootstrap
sampling, random feature selection, and aggregation ensures that the resulting model is both powerful and
generalizable, capable of providing valuable insights and accurate predictions that can inform strategic HR
interventions and enhance employee retention efforts.

9.3. Making Predictions
Making predictions is a critical phase in the machine learning workflow, especially for a model designed to
predict employee attrition. After training the model on historical data, the next step involves using the trained
model to make predictions on new, unseen data. This phase helps validate the model’s effectiveness and
provides actionable insights into employee behavior.
The primary purpose of making predictions is to utilize the trained model to forecast outcomes based on the
input features of the test set. In the context of employee attrition, this means predicting whether employees in
the test set are likely to stay with the organization or resign, and potentially identifying the reasons behind
their resignation. Accurate predictions enable organizations to take proactive measures to address potential
attrition issues and improve employee retention strategies.
The implementation of making predictions using a trained Random Forest Classifier is straightforward. The
scikit-learn library in Python provides a “predict” method that can be called on the trained model to generate
predictions for the test data. The following code snippet demonstrates this process:
# Use the trained model to make predictions on the test set

y_pred = clf.predict(X_test)
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In this example, “clIf is the trained Random Forest Classifier, and "X _test" is the test set containing the features
of the employees we want to predict attrition for. The “predict” method generates an array of predicted values
(y_pred"), which correspond to the predicted classes (e.g., stay or leave) for each employee in the test set.
Here are the key steps involved in making predictions:
9.3.1 Model Utilization: Once the model is trained, it can be used to make predictions on new data. This step
leverages the knowledge and patterns the model has learned from the training data to infer the outcomes for the
test set.
9.3.2. Feature Input: The test set, which contains the same features as the training set but no target labels, is
provided to the model. The features in the test set represent the employee attributes and other relevant factors
that the model uses to make predictions.
9.3.3. Prediction Output: The “predict” method processes the input features and generates a prediction for
each instance in the test set. In the case of a classification model like the Random Forest Classifier, the output
is typically the predicted class label for each instance.
The predictions made by the model can be evaluated against the actual outcomes (ground truth) in the test set.
This evaluation helps assess the model's accuracy and effectiveness. Metrics such as accuracy, precision,
recall, and F1-score are commonly used to quantify the model’s performance. These metrics provide insights
into how well the model distinguishes between employees who will stay and those who will resign.
9.4 Making predictions serves multiple purposes in a practical setting:
9.4.1. Validation of Model Performance: By comparing the predicted outcomes with the actual outcomes
in the test set, we can validate the model's performance. This validation helps ensure that the model is reliable
and can be trusted to make accurate predictions on real-world data.
9.4.2. Identification of At-Risk Employees: Accurate predictions can identify employees who are at risk
of resigning. Organizations can use this information to intervene proactively, addressing the concerns of these
employees and potentially reducing turnover.

9.4.3. Strategic Decision-Making: Predictions provide valuable insights that can inform strategic HR
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decisions. Understanding the factors contributing to employee attrition allows organizations to develop targeted

retention strategies, improve workplace policies, and enhance employee satisfaction.

9.4.4. Resource Allocation: By predicting which employees are likely to resign, organizations can allocate

resources more effectively. For instance, they can focus retention efforts and development opportunities on

high-risk employees, ensuring that valuable talent is retained.

9.4.5. Continuous Improvement: Making predictions and evaluating their accuracy is an iterative process.

The insights gained from each prediction cycle can be used to refine and improve the model. This continuous

improvement ensures that the model remains effective and adapts to changing organizational dynamics.
In the context of predicting employee attrition, making predictions is not just about forecasting outcomes; it
is also about understanding the reasons behind those outcomes. The model can provide probabilities or
confidence scores for each prediction, indicating the likelihood of an employee resigning. This probabilistic
information can help prioritize intervention efforts based on the level of risk.
Furthermore, advanced models and techniques can provide interpretability, allowing HR professionals to
understand the key factors driving each prediction. For instance, feature importance scores can highlight which
attributes (e.g., job satisfaction, salary, work-life balance) are most influential in predicting attrition. This
interpretability bridges the gap between complex machine learning models and actionable HR insights,
enabling data-driven decision-making.
In conclusion, making predictions is a crucial step in the machine learning pipeline for predicting employee
attrition. By using the trained Random Forest Classifier to predict outcomes for the test set, organizations can
validate the model's performance, identify at-risk employees, and gain actionable insights to inform strategic
HR decisions. The implementation of the “predict’ method in scikit-learn provides a straightforward and
effective way to generate these predictions, supporting continuous improvement and proactive retention
strategies. Accurate predictions ultimately empower organizations to create a more stable and engaged
workforce, enhancing overall organizational performance and employee satisfaction.

9.5.1. Model Evaluation
65



Model evaluation is a critical phase in the machine learning workflow, aimed at assessing the performance of
the trained model and determining its effectiveness in making accurate predictions. In the context of predicting
employee attrition using a Random Forest Classifier, model evaluation involves quantifying the accuracy of
the model's predictions and understanding its strengths and limitations.

The primary purpose of model evaluation is to provide insights into how well the trained model performs on
unseen data. It allows stakeholders, such as HR professionals and organizational leaders, to gauge the
reliability and usefulness of the model in practical applications. By assessing the model's accuracy and other
performance metrics, organizations can make informed decisions about the deployment and refinement of the
model.

The implementation of model evaluation typically involves comparing the model's predictions with the ground
truth labels (actual outcomes) from the test set. This comparison helps quantify the model's predictive accuracy
and identify areas for improvement. In the case of classification tasks like predicting employee attrition,
accuracy is a commonly used metric to measure the proportion of correct predictions made by the model.

In Python, the scikit-learn library provides a convenient function, "accuracy score’, for calculating the
accuracy of classification models. The following code snippet demonstrates how to use this function to
evaluate the accuracy of the Random Forest Classifier's predictions:

from sklearn.metrics import accuracy_score

# Calculate the accuracy of the model's predictions

accuracy = accuracy_score(y_test, y _pred)

# Print the accuracy score

print(f'Accuracy: {accuracy}')

In this example, "y test™ represents the actual outcomes (ground truth) from the test set, while "y pred

contains the predicted outcomes generated by the trained model. The “accuracy_score™ function computes the
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accuracy of the model's predictions by comparing "y _test” and "y _pred’, and returns a score between 0 and 1,
where 1 indicates perfect accuracy.
Here are the key steps involved in model evaluation:
9.5.1. Performance Metric Selection: Choosing appropriate performance metrics is crucial for meaningful
model evaluation. In classification tasks, accuracy is a commonly used metric to measure the proportion of
correct predictions made by the model. However, depending on the specific objectives and characteristics of the
problem, other metrics such as precision, recall, F1-score, and ROC-AUC may also be relevant.
9.5.2. Calculation of Metrics: Once the predictions are generated by the model, the chosen performance
metrics are calculated using the predicted outcomes ('y_pred’) and the actual outcomes ('y_test’). These metrics
provide quantitative measures of the model's performance and help stakeholders understand its strengths and
weaknesses.
9.5.3. Interpretation of Results: The accuracy score obtained from model evaluation provides insights into
how well the model generalizes to new, unseen data. A high accuracy score indicates that the model is making
accurate predictions, while a lower accuracy score may suggest room for improvement. It is important to
interpret the results in the context of the specific problem domain and consider additional factors such as class
imbalance and the costs of false positives and false negatives.
9.5.4. Iterative Improvement: Model evaluation is an iterative process that involves refining and improving
the model based on feedback from evaluation results. If the accuracy score falls short of expectations,
stakeholders may explore alternative modeling techniques, feature engineering strategies, or hyperparameter
tuning to enhance the model's performance.
The accuracy score obtained from model evaluation serves as a valuable benchmark for assessing the model's
performance and guiding decision-making. However, it is important to recognize that accuracy alone may not
provide a complete picture of the model's effectiveness, especially in scenarios with imbalanced classes or

asymmetric costs. Therefore, it is advisable to complement accuracy with other performance metrics to gain a

more comprehensive understanding of the model's performance.
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In the example provided, the accuracy score of 97.12% indicates that the Random Forest Classifier is highly
effective at predicting employee attrition on the test set. This high level of accuracy suggests that the model is
making accurate predictions and may be suitable for deployment in real-world scenarios. However, it is
essential to conduct thorough model evaluation and consider additional factors before making final decisions
about the model's deployment and use.

In conclusion, model evaluation is a Important step in the machine learning pipeline, allowing stakeholders to
assess the performance of trained models and make informed decisions about their deployment. By calculating
relevant performance metrics such as accuracy, organizations can gauge the reliability and effectiveness of
predictive models for tasks such as predicting employee attrition. The implementation of model evaluation
using scikit-learn's “accuracy_score” function provides a straightforward and effective way to quantify the

accuracy of classification models and gain insights into their performance.
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Chapter 10

10.0 Predictive Insights

The code provides valuable insights into various factors that influence employee resignation, which can help

in understanding and addressing the causes of employee turnover.

10.1. Key Features Identification
Identifying key features that influence employee retention is a crucial step in understanding and addressing
factors that contribute to employees staying or leaving a company. This process can be effectively
accomplished using machine learning techniques, particularly through the use of a Random Forest model. The
Random Forest algorithm is well-suited for this task because of its ability to handle large datasets with higher
dimensionality and its robustness in terms of reducing overfitting compared to other algorithms.
To determine which features significantly impact employee retention, the Random Forest model can be
employed to generate a measure known as "feature importance.” Feature importance is a score that indicates
how valuable each feature is in predicting the target variable—in this case, employee retention. Here’s how
the process generally unfolds:
First, a Random Forest model is trained on a dataset where the target variable is the retention status of
employees, typically a binary classification problem (e.g., retained vs. not retained). The dataset includes
various features that could influence this outcome, such as salary, job satisfaction, work environment, career
growth opportunities, and employee demographics.
Once the model is trained, it inherently calculates the importance of each feature as part of its internal

operations. In a Random Forest, this importance is determined based on the feature's impact on the prediction
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accuracy. The more a feature contributes to reducing impurity in the data at each split of the trees within the
forest, the higher its importance score. Impurity is typically measured by metrics such as Gini impurity or
entropy in classification tasks.

The feature importance scores can be extracted from the trained model using the “feature_importances "
attribute. These scores are essentially normalized to sum up to one, making them directly comparable. To gain
insights from these scores, they are often sorted in descending order, so the most influential features appear at
the top.

The sorted list of features along with their importance scores provides a clear picture of which factors most
strongly affect employee retention. For instance, if job satisfaction, salary, and career development
opportunities are the top features, this indicates that these aspects are crucial in influencing whether employees
stay with a company.

Analyzing these key features enables organizations to make data-driven decisions to enhance employee
retention strategies. For example, if job satisfaction emerges as a highly influential feature, companies might
consider conducting more frequent employee satisfaction surveys, improving workplace culture, or providing
more flexible work arrangements. If salary is identified as a significant factor, a company might review its
compensation packages to ensure they are competitive within the industry.

Additionally, understanding feature importance can help in identifying areas where interventions might have
the most substantial impact. For example, if career growth opportunities are found to be highly influential,
organizations could focus on developing robust career development programs, offering more training and
development opportunities, and creating clear pathways for advancement.

Moreover, this approach allows for a continuous improvement loop. By regularly updating the model with
new data, organizations can keep track of changing trends and ensure that their retention strategies are aligned
with the current needs and preferences of their workforce. It also helps in identifying potential new features

that might become important over time, thus ensuring that the model remains relevant and accurate.
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In conclusion, using Random Forest models to identify key features impacting employee retention provides a
systematic and quantifiable method to understand and address the underlying factors contributing to employee
turnover. By focusing on the most influential features, organizations can develop targeted strategies to improve
retention, thereby reducing turnover costs, maintaining institutional knowledge, and fostering a more engaged
and productive workforce. This approach not only aids in immediate decision-making but also supports long-
term strategic planning to enhance overall organizational health and employee satisfaction.

10.2. Feature Distributions and Correlations
Visualizing the distribution and relationships of different features within a dataset is a fundamental step in
data analysis, offering a comprehensive understanding of underlying patterns and correlations. Tools like
Seaborn and Matplotlib are highly effective for creating a variety of visualizations such as histograms, scatter
plots, and correlation heatmaps. These visualizations can significantly aid in identifying key factors affecting
employee retention and other important outcomes.
To begin with, histograms are valuable for visualizing the distribution of a single feature. By using a histogram
to plot the job duration of employees, for example, one can quickly discern how long employees tend to stay
at the company. Peaks in the histogram may indicate common lengths of employment, while a heavy tail might
suggest that a smaller number of employees remain for unusually long periods. Understanding this distribution
helps in identifying trends in employee tenure and can highlight issues such as early turnover, which might
warrant further investigation and intervention.
Scatter plots are another powerful tool, particularly useful for examining relationships between two continuous
variables. By plotting age against job duration, with different colors representing various resignation reasons,
we can uncover potential patterns and correlations. For instance, such a plot might reveal that younger
employees tend to leave for different reasons compared to older employees. This insight can help tailor
retention strategies to different age groups, addressing specific concerns and motivations. Scatter plots also

help in identifying outliers and unusual trends that might not be apparent through summary statistics alone.
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Correlation heatmaps take this a step further by providing a visual representation of the correlation matrix.
This matrix quantifies the linear relationship between each pair of features in the dataset, with values ranging
from -1 to 1. In a heatmap, these values are color-coded, making it easy to spot strong positive or negative
correlations. For example, if job satisfaction and job duration have a high positive correlation, it suggests that
as job satisfaction increases, so does the length of time an employee remains with the company. Such insights
are crucial for focusing efforts on enhancing job satisfaction to improve retention rates.

The process of creating these visualizations starts with data preparation. Ensuring that the dataset is clean and
properly formatted is critical for accurate and meaningful visualizations. Once the data is ready, tools like
Seaborn and Matplotlib come into play. Seaborn, built on top of Matplotlib, offers a high-level interface for
drawing attractive and informative statistical graphics. Matplotlib, on the other hand, provides more control
and customization options for creating detailed plots.

When creating a histogram of job duration, Seaborn’s “histplot™ function can be utilized to easily visualize the
frequency distribution. This visualization helps in understanding the central tendency and dispersion of job
duration across the employee population. If the histogram reveals a bimodal distribution, it could indicate that
there are two distinct groups of employees, such as those who leave within a short period and those who stay
much longer.

For examining relationships between variables, Seaborn’s “scatterplot’ function is particularly useful. By
plotting age against job duration and using different hues for resignation reasons, one can identify clusters and
trends within the data. This multi-dimensional visualization provides a richer understanding of how various
factors interplay to influence employee retention. For example, if the scatter plot shows that younger
employees with shorter job durations predominantly cite lack of career advancement as their reason for
resignation, this could inform the development of targeted career development programs.

Lastly, correlation heatmaps provide an overarching view of how all the features relate to one another. By

visualizing the correlation matrix with Seaborn’s "heatmap’ function, patterns of association become
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immediately apparent. Strong correlations between certain features can point to areas where changes in one
variable might lead to significant changes in another. For instance, a strong negative correlation between
workload and job satisfaction could indicate that reducing excessive workloads might significantly enhance
job satisfaction and thereby improve retention.

In conclusion, visualizing data using Seaborn and Matplotlib is a vital step in identifying patterns and
correlations within a dataset. Histograms, scatter plots, and correlation heatmaps each offer unique insights,
from understanding the distribution of individual features to uncovering complex relationships between
multiple variables. These visual tools not only facilitate a deeper understanding of the factors influencing
employee retention but also guide the development of informed and effective strategies to address these
factors. By leveraging these visualizations, organizations can make data-driven decisions that enhance

employee satisfaction, reduce turnover, and ultimately contribute to a more stable and productive workforce.

10.3. Analysis of Resignation Reasons:

Understanding the distribution of resignation reasons within a dataset is essential for gaining insights into why
employees are leaving an organization. This analysis helps identify the most common factors contributing to
employee turnover, enabling the development of targeted strategies to address these issues and improve
retention. To achieve this, one effective approach is to count the occurrences of each resignation reason in the
dataset.

The first step in this process involves extracting the relevant data from the dataset. Typically, this involves a
column labeled 'resignation_reason' that categorizes the various reasons employees have provided for their
departure. Each entry in this column corresponds to a specific reason, such as ‘career advancement’, ‘work-life
balance', ‘compensation’, 'management issues', ‘relocation’, or 'personal reasons'. By counting the occurrences
of each unique reason, we can generate a frequency distribution that highlights the most prevalent causes of

resignation.
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The method for counting these occurrences is straightforward. Using data manipulation tools like Pandas in
Python, we can apply the “value_counts™ method to the ‘resignation_reason' column. This function tallies the
number of times each unique reason appears in the dataset, resulting in a series of counts. These counts provide
a clear and quantitative view of the primary drivers behind employee turnover.

Once the resignation reasons have been counted, interpreting the results becomes the next critical step. The
frequency distribution reveals which reasons are most common and which are less prevalent. For instance, if
‘career advancement' emerges as the most frequent reason, it suggests that many employees are leaving
because they feel they lack opportunities for growth within the company. This insight can prompt the
organization to review its career development programs, consider offering more training and promotion
opportunities, and perhaps improve internal hiring processes.

On the other hand, if ‘compensation’ is a leading reason for resignation, it indicates that employees might feel
they are not being adequately rewarded for their work. This could lead to a reassessment of the company’s
salary structures and benefits packages to ensure they are competitive with industry standards. Regular salary
reviews, performance-based bonuses, and enhanced benefits could be potential strategies to address this issue.
Moreover, understanding the distribution of resignation reasons can help identify specific areas where
interventions might be most effective. For example, if ‘work-life balance' is a significant reason for leaving,
this might indicate that employees are struggling with excessive workloads or inflexible working conditions.
Addressing this could involve implementing more flexible working hours, offering remote work options, and
encouraging a culture that values work-life balance.

In addition to addressing the most common resignation reasons, it is also important to consider the less frequent
ones. While they might not affect a large portion of the workforce, they could still represent critical issues that
need to be addressed to maintain overall employee satisfaction. For example, if 'management issues' are cited
by a smaller, yet significant, group of employees, it might indicate a need for leadership training programs or

changes in management practices to foster a more supportive and effective leadership culture.
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The process of understanding resignation reasons also involves looking at trends over time. By analyzing
resignation reasons across different time periods, an organization can identify emerging issues or
improvements. For example, if ‘relocation’ becomes a more frequent reason over time, it might suggest
demographic shifts or changes in the industry that require further investigation.

Furthermore, this analysis can be enhanced by segmenting the data based on various demographic or job-
related factors, such as age, department, tenure, and performance levels. This segmentation can uncover
specific trends and patterns within different groups, providing deeper insights into the unique challenges faced
by different segments of the workforce. For instance, younger employees might prioritize career advancement,
while more experienced employees might be more concerned with work-life balance.

In conclusion, understanding the distribution of resignation reasons through counting their occurrences in a
dataset is a vital analytical step for any organization seeking to improve employee retention. This approach
provides a clear and quantifiable view of why employees are leaving, enabling the development of targeted
strategies to address the most pressing issues. By interpreting these reasons in the context of the broader
organizational environment and trends over time, companies can make informed decisions to enhance
employee satisfaction, reduce turnover, and create a more stable and engaged workforce. This analysis not
only addresses immediate concerns but also contributes to long-term strategic planning and organizational

development.
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Chapter 11

11.1 Interpreting Visuals

Gender vs. Job Duration
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The box plot shown compares job duration in years between female and male employees. The median job
duration for both genders is around eight years, indicating that the midpoint of job duration is similar for both
groups. The interquartile range (IQR), representing the middle 50% of the data, is roughly the same for both
females and males, spanning from about four to eleven years. This similarity suggests a comparable spread in
job duration within the central 50% of both groups.

The whiskers of the box plot extend to approximately zero to twenty years for both genders, capturing the
range of job durations excluding outliers. Both genders exhibit a significant number of outliers, represented
by individual dots beyond the upper whiskers. These outliers indicate job durations significantly longer than

the upper bound of the IQR, with some exceeding thirty years.
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The distribution for both genders is right-skewed, as the upper whiskers are longer and there are many high-
value outliers. Overall, the job duration between female and male employees shows a similar distribution

pattern, with both groups having comparable medians, ranges, and the presence of outliers.

Appointment Year vs. Job Duration
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The scatter plot depicts the relationship between the appointment year and job duration in years. There is a
clear downward trend in the data points, indicating that employees appointed in earlier years tend to have
longer job durations compared to those appointed more recently. For instance, individuals appointed in the
late 1980s and early 1990s have job durations reaching up to 35 years, whereas those appointed in the 2010s

have significantly shorter durations, often below 10 years.

This pattern is consistent with the natural progression of employment: those who were hired earlier have had
more time to accumulate years of service. Conversely, more recent hires have not had as much time to build

long tenures.
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The scatter plot also shows a dense clustering of job durations for more recent appointment years. This density
suggests a larger number of recent hires with shorter job durations, reflecting either an increase in hiring in

recent years or higher turnover rates among newer employees.
The distribution of the data points indicates a strong temporal element to job duration, with longer durations

corresponding to earlier appointment years and shorter durations to more recent years. This trend underscores

the importance of considering the time factor when analyzing employee tenure and highlights the evolving
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nature of the workforce over time.
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correlation heatmap provided is a visual representation of the correlation matrix for three variables:
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JOB_DURATION_YEARS, AGE, and APPOINTMENT_YEAR. Correlation is a statistical measure that
expresses the extent to which two variables are linearly related. The values in a correlation matrix range from
-1 to 1. A value of 1 implies a perfect positive correlation, -1 implies a perfect negative correlation, and 0
implies no linear correlation.

In this heatmap, the wvariables on both axes are JOB _DURATION_YEARS, AGE, and
APPOINTMENT _YEAR. The correlation values are displayed within each cell of the matrix and color-coded
to enhance interpretability. Warmer colors (shades of red) represent positive correlations, while cooler colors
(shades of blue) represent negative correlations.

Starting with the diagonal cells, you see a value of 1 for each variable correlating with itself, which is expected
because any variable is perfectly positively correlated with itself.

The cell that intersects JOB_DURATION_YEARS and AGE shows a correlation of 0.52. This indicates a
moderate positive correlation between the duration of the job in years and the age of the individuals. This
suggests that older individuals tend to have longer job durations, which is a logical observation as people
accumulate more years in their job as they age.

The correlation between JOB_DURATION_YEARS and APPOINTMENT_YEAR is -0.76, indicating a
strong negative correlation. This implies that individuals who were appointed more recently tend to have
shorter job durations, which again makes sense because they have had less time to accumulate years in their
current job.

Similarly, AGE and APPOINTMENT _YEAR have a correlation of -0.7. This indicates a strong negative
correlation, suggesting that older individuals tend to have earlier appointment years. This fits with the intuitive
understanding that older employees likely started their positions earlier than younger employees.

In summary, this heatmap effectively summarizes the relationships between job duration, age, and
appointment year. It highlights that age is positively correlated with job duration, while appointment year is

negatively correlated with both age and job duration. These insights can be valuable for understanding
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workforce demographics and planning for human resources strategies. The visualization helps to quickly

identify these patterns and supports data-driven decision-making.

Age vs. Job Duration
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The scatter plot depicting the relationship between age and job duration presents a notable pattern that merits
further analysis and discussion. The data points concentrated in the lower left region indicate a high prevalence
of younger individuals with relatively shorter job tenures. Conversely, the sparser distribution of points
towards the upper right quadrant suggests that instances of older individuals with extended job durations are
less common within the dataset.

A prominent feature of the plot is the apparent positive correlation between age and job duration, manifested
by the upward-sloping shape formed by the distribution of points. This relationship implies that as age
increases, there is a general tendency for job duration to increase as well.

However, it is crucial to acknowledge that this correlation is not perfectly linear, as evidenced by the

considerable variation and scatter around the apparent trend line.
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The observed variation highlights the inherent complexity of the relationship between age and job duration,
suggesting the influence of additional factors or variables beyond age alone. Furthermore, the presence of
outliers, such as relatively young individuals with unexpectedly high job durations or older individuals with
surprisingly short tenures, underscores the need for a more nuanced interpretation of the data.

While the scatter plot provides a valuable visual representation of the relationship between age and job
duration, it is essential to recognize its limitations as a bivariate analysis. A comprehensive understanding of
the factors influencing job duration requires the consideration of additional variables, such as educational
attainment, career field, job satisfaction, and economic conditions, among others.

Consequently, the observed pattern in the scatter plot serves as a starting point for further investigation and
analysis, potentially leading to the development of more sophisticated models and hypotheses. By
incorporating additional relevant variables and employing advanced statistical techniques, researchers can
gain deeper insights into the complex interplay between age, job duration, and other factors, ultimately

contributing to a more nuanced understanding of career trajectories and employment dynamics.
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The histogram presents a compelling visual representation of the temporal distribution of appointments or
occurrences across various years. The data exhibits a distinct pattern characterized by a gradual upward trend,
culminating in a peak around the year 2010, followed by a slight decline in subsequent years while maintaining
a relatively elevated level.

In the early 1990s, the frequency of appointments appears relatively low, as evidenced by the modest bar
height for that year. However, as time progresses, the bars steadily increase in height, indicating a consistent
rise in the number of appointments made. This upward trajectory continues until reaching its apex around
2010, where the histogram displays the tallest bar, suggesting a significant surge in appointments during that

particular year.

Notably, the shape of the histogram bears a striking resemblance to a normal distribution curve or a bell curve,
with a discernible peak centered around 2010 and a tapering off on either side of this peak year. This pattern
implies that the phenomenon under investigation, whether appointments, events, or any other occurrence,
experienced a period of rapid growth, culminating in a peak year characterized by the highest frequency,

followed by a subsequent decline, albeit still maintaining a relatively elevated level compared to earlier years.

While the specific context or domain to which this data pertains is not explicitly provided, the histogram
effectively visualizes the temporal distribution of appointments or occurrences, unveiling the overall trend and
highlighting the year that witnessed the highest frequency. This visual representation serves as a valuable

starting point for further analysis and interpretation within the appropriate contextual framework.

It is worth noting that the observed pattern may be indicative of underlying factors or dynamics that
contributed to the surge in appointments around 2010, as well as the subsequent decline. Potential explanations

and hypotheses can be explored by incorporating additional relevant variables and conducting more in-depth
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analyses to gain a comprehensive understanding of the phenomenon under study.

Age Distribution
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The image displays an age distribution histogram, which presents the frequency or number of individuals at
different age groups. The x-axis represents the age range, while the y-axis shows the corresponding frequency

or count.

The histogram exhibits a distinct pattern, often referred to as a "bell curve™ or a normal distribution. This shape
is characterized by a symmetric, unimodal curve with a single peak in the center, tapering off towards the

edges.

The peak of the distribution is observed around the age of 40, indicating that a significant portion of the
population falls within this age group. The frequency gradually decreases as the age deviates from the central

value, with fewer individuals at younger and older ages.
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The distribution is skewed slightly towards the right, suggesting a longer tail on the higher age side. This
implies that there are more individuals in older age groups compared to the younger age groups, which could

be attributed to factors such as increased life expectancy or an aging population.

It is important to note that the height of the bars represents the relative frequency or number of individuals
within each age group. The taller bars indicate a higher concentration of individuals, while shorter bars

represent a smaller population within that age range.

The age distribution histogram provides valuable insights into the demographic composition of the population
under study. It can be used to analyze trends, make projections, and inform policy decisions related to various

domains, such as healthcare, education, social services, and economic planning.

When presenting this information in a thesis, it would be appropriate to provide a detailed description of the
data source, the population being studied, and any relevant contextual information. Additionally, discussing
the implications and potential applications of the observed age distribution pattern within the specific research

context would enhance the relevance and impact of the analysis.
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Job Duration Years Distribution
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The image presents a histogram displaying the distribution of job duration years across a certain population
or sample. The x-axis represents the job duration in years, while the y-axis shows the corresponding frequency

or count of individuals.

The distribution exhibits a unique shape, characterized by an initial peak followed by a gradual decline with
some fluctuations. This pattern suggests that a significant portion of the population has relatively shorter job

tenures, with the highest frequency observed around the 5-year mark.

As the job duration increases beyond the initial peak, the frequency gradually decreases, indicating that fewer
individuals tend to remain in the same job for extended periods. However, the distribution does not follow a
smooth, exponential decline. Instead, it displays smaller peaks and valleys, suggesting potential variations or

clusters within the data.
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The presence of these fluctuations could be attributed to various factors, such as industry-specific norms,
economic conditions, or personal preferences that influence job mobility and retention rates within different

segments of the population.

It is noteworthy that the distribution has a relatively long tail, extending towards the higher end of the job
duration range. This implies that while the majority of individuals have shorter job tenures, there is still a

considerable number of people who remain in their jobs for longer periods, potentially spanning decades.

The shape and characteristics of this distribution can provide valuable insights into the employment dynamics
and workforce mobility within the studied population or industry. It can inform policy decisions related to

labor regulations, employee retention strategies, and talent management practices.

When presenting this information in a thesis, it would be crucial to provide context by describing the data
source, the population or sample being analyzed, and any relevant demographic or industry-specific factors
that may influence the observed distribution pattern. Additionally, discussing the potential implications and
applications of the findings within the specific research context would enhance the relevance and significance

of the analysis.
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Chapter 12

12.0 Data-Driven Strategies

Based on the insights from the predictive modeling, organizations can develop data-driven strategies to
improve employee retention.

12.1. Tailored Approaches
Machine learning techniques can be used to predict employee attrition and develop customized retention
strategies for different employee segments based on their characteristics such as job duration, age, and
appointment year. This approach allows for more precise and effective interventions tailored to the specific
needs and risks of different employee groups.
The primary strategy involves analyzing employee data to identify key characteristics that correlate with
attrition. By segmenting employees based on these characteristics, organizations can develop targeted
interventions. For example, young employees and long-tenure employees often have different motivations and
challenges, requiring distinct retention strategies.
Key characteristics include job duration, age, and appointment year. Young employees may seek rapid career
advancement and learning opportunities, while long-term employees might value job security and work-life
balance more. The year an employee joined can provide insights into their career stage and organizational

loyalty.
12.1.0 To implement this strategy, organizations can follow these steps:

12.1.1 Data collection and analysis: Collect data on various employee characteristics, including age, job
duration, and appointment year. Use machine learning models to analyze this data and identify patterns that

predict attrition.
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12.1.2. Segmentation: Segment employees based on the identified key characteristics.

12.1.3. Development of interventions: Implement training and development programs for young
employees, mentorship programs for experienced mentors, regular feedback and recognition to ensure young
employees feel valued and engaged.

12.1.4. Job rotation and new challenges: Introduce job rotation schemes to keep long-tenure employees
engaged by providing them with new challenges and opportunities to broaden their skills.

12.1.5. Leadership development: Offer leadership development programs to prepare them for potential
managerial roles.

12.1.6. Recognition programs: Implement recognition programs that celebrate long-term contributions and
achievements.Continuous monitoring and evaluation: Continuously monitor the effectiveness of these
interventions through regular employee feedback and attrition rate analysis. Adjust the strategies based on

feedback and data insights to ensure they remain effective and relevant.

A successful implementation of machine learning techniques in employee retention can lead to improved

employee satisfaction, reduced turnover rates, and a more stable and productive workforce. The key lies in

continuous monitoring and adaptation of these strategies to keep pace with changing employee needs and

organizational dynamics.

12.2. Addressing Resignation Reasons

Addressing common reasons for employee resignation is crucial to combat attrition and improve employee

satisfaction. By identifying these reasons through data analysis and employee feedback, organizations can

develop tailored programs or policies to address these issues.

To identify the top resignation reasons, organizations should use exit interviews, employee surveys, and

attrition data to pinpoint the most common reasons. Employee feedback should be regularly solicited to

understand ongoing concerns and areas for improvement.
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Targeted interventions for each identified reason include career advancement opportunities, inadequate
compensation, poor work-life balance, limited professional development, and organizational culture issues.
These interventions can include career pathing programs, internal mobility, mentorship and coaching
programs, regular compensation reviews, performance-based incentives, transparent pay structures, flexible
work arrangements, employee wellness programs, encouraging time off, limited professional development,
continuous learning opportunities, tuition reimbursement, skill development initiatives, and organizational
culture issues.

A successful case study of implementing targeted interventions in a healthcare organization showed that
addressing these reasons led to a significant reduction in turnover rates. Employees reported higher
engagement levels, better work-life balance, and clearer career growth opportunities, leading to a more stable
and motivated workforce.

In summary, addressing the most common reasons for employee resignation through specific measures is an
effective strategy for improving employee retention. By developing and implementing programs or policies
tailored to these reasons, organizations can enhance employee satisfaction, reduce turnover rates, and build a
more committed and productive workforce. Continuous monitoring and adaptation of these interventions
based on employee feedback and data insights are essential to ensure their ongoing effectiveness and

relevance.

12.3. Proactive Identification
Implementing predictive models to identify and retain employees at risk of resignation is a proactive approach
that helps organizations stay ahead of potential attrition issues. By leveraging machine learning techniques,
companies can analyze various data points to predict which employees are likely to resign and intervene early
to address their concerns. This strategy not only helps in retaining key talent but also enhances overall

organizational stability and productivity.
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The primary strategy involves developing and utilizing predictive models to continuously monitor employee
data and identify those at risk of resignation. By doing so, organizations can implement timely and targeted
interventions to address the specific issues faced by these employees. Data collection and preprocessing
involve collecting comprehensive data on employees, including demographic information, job performance
metrics, engagement scores, feedback from surveys, and attendance records. Feature engineering and model
training involve identifying relevant features for the predictive model, splitting the data into training and test
sets, and training a machine learning model to predict the likelihood of resignation.

Continuous monitoring and updating involve deploying the model to continuously score employees based on
their risk of resignation, setting up a dashboard to visualize risk scores and identify high-risk employees.
Regularly updating the model with new data and retraining it as necessary to maintain accuracy.

Intervening early involves developing personalized interventions based on identified risk factors for high-risk
employees, such as one-on-one meetings with managers, tailored career development opportunities,
adjustments in workload, or other support measures. Employee engagement programs can be implemented to
boost engagement and address common issues such as burnout, lack of recognition, or inadequate
compensation. Feedback mechanisms can be created to create mechanisms for regular feedback where at-risk
employees can voice their concerns and provide suggestions for improvements.

A case study of a financial services firm demonstrating the effectiveness of predictive models in identifying
high-risk employees is provided. The firm identified that employees with declining performance metrics,
reduced participation in team activities, and frequent absences were at higher risk of resignation. The firm
implemented the following interventions: one-on-one meetings, personalized career development plans, and
wellness programs to address work-life balance and reduce burnout.

In conclusion, using predictive models to identify employees at risk of resignation allows organizations to take
proactive and targeted actions to retain talent. By continuously monitoring employee data and updating the

model, companies can stay ahead of potential attrition issues and implement timely interventions. Regularly
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updating the model and tailoring interventions based on insights gained ensures the strategy remains effective

and relevant in addressing evolving employee needs.
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Chapter 13

13.0 Implementation Plan

Implementing a predictive modeling approach in an organization requires careful planning and resource

allocation.

13.1 Training HR Professionals:

The implementation of predictive models in employee retention strategies requires HR professionals to be
equipped with the necessary skills in data analysis, machine learning, and interpreting model results. A
comprehensive training curriculum is essential for this purpose, which includes modules on data analysis,
machine learning, and interpreting model results.

The first step is to assess training needs by conducting a skills assessment using surveys, interviews, and skills
assessments. The training objectives should be clear, such as proficiency in using data analysis tools,
understanding machine learning basics, and the ability to interpret model outputs.

The second step is to develop a comprehensive training curriculum tailored to HR professionals. This includes
modules on data analysis, machine learning, and interpreting model results. The training materials should
include detailed guides, slide decks, hands-on exercises, and resource lists.

The third step is to conduct training sessions effectively to ensure understanding and application of concepts.
These sessions can be conducted through initial workshops, follow-up seminars, mentorship programs, online
resources, and periodic webinars.

The sixth step is to evaluate and update the training program. This involves collecting feedback from
participants through surveys and focus groups to understand the training's impact and areas for improvement.

Performance assessments should be conducted to evaluate participants' understanding and application of the
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concepts. Regularly updating the training materials and curriculum based on feedback and advancements in
the field is also crucial.

Example training modules include Introduction to Data Analysis, Basics of Machine Learning, and
Interpreting Model Results. Module 1 covers the definition and importance of data analysis, key statistical
concepts, data cleaning and preprocessing techniques, data visualization in Excel, and Python usage. Module
2 covers machine learning concepts, types of machine learning, algorithms, and model evaluation. Module 3
covers understanding model outputs, key metrics for model evaluation, and common pitfalls to avoid.

In conclusion, training HR professionals in data analysis, machine learning, and interpreting model results is
crucial for the successful implementation of predictive modeling in employee retention strategies. By
following a structured training plan, organizations can ensure their HR teams are equipped with the necessary
skills to effectively use predictive models, identify at-risk employees, and implement timely interventions.
This approach not only enhances the capabilities of the HR department but also contributes to a more engaged

and stable workforce.

13.2 Allocating Resources:

The implementation of predictive modeling in HR involves a careful allocation of resources to improve
employee retention. This involves gathering comprehensive and high-quality data from various sources, such
as HR Information Systems (HRIS), employee surveys, performance management systems, learning
management systems, and exit interviews.

Data collection tools are essential for this process, including HRIS implementation, survey tools, performance
tracking software, and learning management systems. Data integration is achieved through APIls and
connectors, while data warehousing solutions like Amazon Redshift, Google BigQuery, or Microsoft Azure

SQL Data Warehouse are used to store and manage data.
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Data preprocessing pipelines are developed to ensure data quality and readiness for analysis and modeling.
These include data cleaning, data consistency, error detection, normalization and scaling, categorical
encoding, feature engineering, and automated pipelines like Extract, Transform, Load (ETL) processes.
Continuous data quality monitoring and automated checks within the ETL pipeline are also implemented.
Model maintenance resources are allocated to ensure the predictive model remains accurate and up-to-date.
This includes performance metrics, drift detection, regular updates, and hyperparameter tuning. Regular
retraining schedules and hyperparameter tuning are established to update the model with new data.

Resource allocation includes skilled data scientists and analysts, computational resources, software tools,
documentation, and knowledge sharing. Data scientists and analysts should be available to manage and update
the model, while computational resources should be allocated to support model training and inference.
Software tools should be provided access to necessary data analysis and machine learning tools.
Documentation and knowledge sharing are essential for maintaining detailed documentation of the data
preprocessing steps, model development process, and maintenance procedures. A knowledge base or intranet
portal can be created to share insights, updates, and best practices related to the predictive modeling project.
In conclusion, effective resource allocation is crucial for the successful implementation of predictive modeling
in HR. By ensuring the availability of robust data collection tools, developing efficient data preprocessing
pipelines, and maintaining resources for ongoing model updates, organizations can build a strong foundation

for their predictive analytics efforts.

13.3 Integrating Predictive Insights:

The integration of predictive models into HR decision-making is crucial for enhancing employee retention.
This involves forming a dedicated team consisting of data scientists and analysts, HR professionals, IT support,

and change management experts. The team's roles include developing, monitoring, and updating predictive
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models, translating model insights into actionable HR strategies, maintaining technical infrastructure, and
overseeing the implementation of new processes.

Standard Operating Procedures (SOPs) are developed to guide the incorporation of predictive insights into HR
decision-making. These SOPs include generating insights, creating dashboards, and reporting on employee
attrition risks and recommended actions. Regular reviews are scheduled to discuss and make decisions based
on these insights. Action plans are developed based on these insights, detailing specific interventions for at-
risk employees. Follow-up mechanisms are established to track the implementation and effectiveness of
interventions.

Performance reviews are conducted to address potential issues proactively, while career development and
training programs are tailored to individual employee needs. Retention programs align with the insights
generated by predictive models. Data-driven HR policies are implemented, including flexible work
arrangements, compensation and benefits, and recognition programs. Internal communication strategies are
developed to inform HR staff and management about the use of predictive insights in policy formulation.
Employee feedback is created to ensure the effectiveness of new policies.

Continuous monitoring and improvement are essential steps in integrating predictive analytics into HR
decision-making. Model performance is monitored using Key Performance Indicators (KPIs), regular audits
are conducted to evaluate model performance, and data refresh is done to improve predictive power and
accuracy. Feedback loops are used to analyze the outcomes of interventions, gather feedback from HR
professionals, and solicit feedback from employees affected by interventions. Training and development are
provided to keep HR professionals updated on new tools, techniques, and best practices in predictive analytics.
In summary, integrating predictive insights into HR decision-making requires establishing a dedicated team,
developing standard operating procedures, implementing data-driven policies, and continuously monitoring

and improving the process. By following these steps, organizations can effectively utilize predictive analytics
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to enhance employee retention, leading to a more engaged and stable workforce. This approach not only

improves HR decision-making but also contributes to the overall strategic objectives of the organization.
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Chapter 14

14.0 Conclusion

The culmination of our exploration into employee retention through predictive modeling and strategic
interventions underscores the intricate yet indispensable relationship between data analytics and human
resource management. The insights derived from this project illuminate the multifaceted benefits of utilizing
HR analytics and machine learning techniques to anticipate and mitigate employee attrition, ultimately
fostering a stable and engaged workforce.

Employee retention is undeniably critical to an organization's long-term success and sustainability. High
turnover rates can disrupt operations, erode organizational knowledge, and incur substantial costs associated
with recruiting and training new employees. By contrast, retaining top talent ensures continuity in operations,
preserves valuable expertise, and promotes a cohesive organizational culture. This study underscores the
significance of employee retention as a strategic priority, highlighting how a stable and satisfied workforce
contributes to enhanced productivity, morale, and overall organizational performance.

One of the central pillars of this project is the deployment of HR analytics to predict employee turnover. By
leveraging advanced data analytics and machine learning algorithms, organizations can identify patterns and
trends that signal potential attrition risks. The use of precision, recall, and F1-score metrics provides a robust
framework for evaluating the predictive model's accuracy and reliability. These metrics not only measure the
model's performance but also guide refinements to enhance its predictive power. The ability to accurately
forecast which employees are at risk of leaving allows organizations to proactively address the underlying
issues, thereby reducing turnover rates and fostering a more engaged workforce.

Moreover, this project demonstrates the critical role of continuous monitoring and evaluation. By

systematically tracking key HR metrics such as retention rates, turnover rates, employee satisfaction scores,
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and engagement levels, organizations can assess the effectiveness of their retention strategies over time.
Regular data collection and analysis enable the identification of emerging trends and potential issues,
facilitating timely and targeted interventions. The iterative process of updating the predictive model with new
data and recalibrating it ensures that the model remains relevant and accurate in the face of evolving workforce
dynamics.

Periodic reviews of the predictive model and retention strategies are essential for sustained success. These
reviews provide an opportunity to evaluate the impact of interventions, identify areas for improvement, and
ensure alignment with organizational goals. By comparing pre- and post-intervention data, organizations can
measure the tangible impact of their efforts and make data-driven adjustments to optimize outcomes. The
inclusion of qualitative feedback from employees and managers further enriches the evaluation process,
providing nuanced insights into the practical effectiveness of retention initiatives.

The importance of alignment between retention strategies and organizational goals cannot be overstated. As
organizations evolve, their strategic priorities and objectives may shift, necessitating corresponding
adjustments in HR practices. Regularly revisiting and aligning retention efforts with the broader organizational
vision ensures that HR initiatives support and enhance overall business objectives. This alignment fosters a
cohesive and strategic approach to workforce management, wherein employee retention is not just a standalone
objective but a key driver of organizational success.

Transparency and communication play pivotal roles in the retention process. Sharing the results of predictive
modeling and the outcomes of retention strategies with employees and stakeholders fosters a culture of trust
and collaboration. When employees perceive that their feedback is valued and that the organization is
committed to continuous improvement, their engagement and commitment are likely to increase. Transparent
communication about retention efforts and their impact reinforces the organization's dedication to creating a

supportive and satisfying work environment.
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Furthermore, the findings of this project underscore the significant cost savings associated with effective
employee retention. The expenses linked to recruiting, hiring, and training new employees can be substantial.
By retaining existing employees, organizations can reduce these costs and allocate resources more efficiently.
Long-term employees tend to be more productive and require less supervision, contributing to overall cost
savings and improved operational efficiency.

In conclusion, this project highlights the transformative potential of integrating HR analytics and machine
learning into employee retention strategies. The ability to predict and mitigate employee attrition through data-
driven insights empowers organizations to proactively address retention challenges, fostering a stable and
engaged workforce. Continuous monitoring, periodic reviews, and alignment with organizational goals ensure
that retention efforts are effective and sustainable. Transparent communication and a commitment to
continuous improvement further enhance the impact of retention strategies. By prioritizing employee retention
and leveraging advanced analytics, organizations can create a positive work environment, retain top talent,
and drive long-term success.

The implications of this project extend beyond the immediate benefits of reduced turnover and cost savings.
They signify a strategic shift towards a more holistic and proactive approach to human resource management.
Organizations that embrace predictive analytics and data-driven decision-making are better equipped to
navigate the complexities of workforce dynamics in an increasingly competitive and rapidly changing business
landscape. Ultimately, the insights and strategies derived from this project serve as a blueprint for
organizations seeking to enhance their employee retention efforts and achieve sustained organizational

excellence.

99



Chapter 15
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APPENDICES

APPENDIX I: INFORMED CONSENT
FORM TO BE ATTACHED

APPENDIX I11: OTHER METHODS/KIT
INSERTS/DATASETS TO BE ATTACHED
APPENDIX IV: QUESTIONNAIRES

Evaluation of the Factors Responsible for Employee Attrition Case Study Centenary Bank Itd

| am a Master of Science in Data Science and Analytics Student from Uganda Christian University,
Uganda and working on a Research, based on HR Analytics and Machine Learning. | need you to rate
the factors responsible for employees leaving Centenary Bank Ltd. so that | can consider them
accordingly for developing a Predictive Model for Attrition. Please fill in the Survey form below so that
I can build the predictive model based on your input.

* Indicates required question Branch

Name*

Department (IT/Loans/Banking/Finance/HR................... )

Rate the factors responsible for employee attrition *

1 = Least Important Factor 5 = Most Important Factor

Link to the Questionnaire form

https://docs.google.com/forms/d/e/1FAIpQLSfZn9 WwaEUhY698GB0jHs6e9ciwDNKOWZJ-
4DwBXclbtHu8A/viewform?usp=sf link
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