Sham Harina K et al / Int. J. of Intel Adv Res in Eng Compts. Vol-13(2) 2025 [10-21]

ISSN: 2348-2079

International Journal of Intellectual
Advancements and Research in Engineering

Computations (IJIAREC)

IJIAREC [Vol.13 | Issue 2 | Apr - Jun -2025
www.ijiarec.com
DOI : https://doi.org/10.61096/ijiarec.v13.iss2.2025.10-21

Review

Employees Training Effectiveness Analyzer

Sham Harina K., Sneha Rose, B.sc, MCA

Data Science And Business Analysis, Rathinam College Of Arts And Science, Coimbatore - 641021 (India)

" Author for Correspondence: Sham Harina K
Email: shamharina@gmail.com

L)

Check for

Abstract

Published on: 09 Apr
2025

Published by:
DrSriram Publications

2025| All rights
reserved.

Creative Commons
Attribution 4.0
International License.

Employee training plays a crucial role in workforce development, yet
measuring its effectiveness remains a challenge for many organizations. The
Employee Training Effectiveness Analyzer is a data-driven tool designed to evaluate
and optimize corporate training programs by analyzing key performance metrics,
employee engagement, and skill development before and after training sessions. This
system leverages machine learning models, data visualization techniques, and
sentiment analysis to provide comprehensive insights into training outcomes. The
tool collects and processes employee performance data, feedback, and participation
records to assess the impact of training programs. It includes interactive dashboards
built using Streamlit, with backend data processing handled in Python utilizing
libraries such as Pandas, NumPy, Plotly, and Seaborn for analytics and visualization.
The system integrates regression models and clustering techniques to predict training
effectiveness and categorize employees based on performance improvements.
Additionally, it employs Natural Language Processing (NLP) to analyze qualitative
feedback, offering sentiment-based insights into employee experiences. The database,
managed using SQLite or MySQL, ensures structured storage and retrieval of training
data. Key features include training program evaluation, skill development tracking,
engagement analysis, performance trend intelligent
recommendations to refine training strategies. Target users include HR teams,
training coordinators, managers, and employees, enabling them to make informed
decisions about learning programs. By providing actionable insights, this tool helps
organizations enhance training ROI, improve employee development, and tailor
training programs to better align with business objectives.
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INTRODUCTION

Employee training is a fundamental component of organizational growth, directly impacting workforce
productivity, skill enhancement, and overall business success. However, one of the biggest challenges faced by
HR teams and training coordinators is assessing whether these training programs are truly effective. Traditional
evaluation methods often rely on subjective feedback or basic performance comparisons, which may not provide
a comprehensive view of training outcomes. The Employee Training Effectiveness Analyzer addresses this
challenge by offering a data-driven approach to measuring and analyzing the impact of corporate training
programs. By leveraging quantitative performance metrics, qualitative feedback analysis, and machine learning
techniques, this tool enables organizations to make informed decisions about training improvements. It provides
insights into pre- and post-training performance, engagement levels, and skill development, helping
organizations refine their learning strategies for maximum impact.

This system integrates various technologies to offer an interactive and insightful analysis of training
effectiveness. Built with Streamlit for the frontend and Python-based analytical tools for backend processing, it
supports seamless data input, visualization, and predictive analytics. Key functionalities include training
performance evaluation, feedback sentiment analysis using NLP, engagement tracking, and performance trend
monitoring through dynamic dashboards. The system uses SQLite or MySQL databases for structured data
management and applies regression models and clustering algorithms to predict training effectiveness and
categorize employees based on their learning progress. By providing real-time insights and actionable
recommendations, the Employee Training Effectiveness Analyzer empowers HR professionals, managers, and
employees to make data-backed decisions, enhancing the return on investment (ROI) of corporate training
initiatives.

1.1  Objective of the project
The Employee Training Effectiveness Analyzer is designed to assess and optimize corporate training programs
through data-driven insights. The key objectives of this project include:
e Evaluate Training Effectiveness — Measure and compare employee performance before and after training
to determine its impact.
e Analyze Employee Feedback — Use Natural Language Processing (NLP) to assess qualitative feedback
and identify areas of improvement.
e Track Skill Development — Monitor employees’ skill progression over time to ensure training aligns with
organizational goals.
e Measure Engagement Levels — Analyze participation rates, course completion rates, and time spent on
training to identify engagement patterns.
e Provide Data Visualization — Develop interactive dashboards with charts and graphs to present training
effectiveness metrics clearly.
e Generate Actionable Recommendations — Suggest improvements for training modules based on analytics
to enhance learning outcomes.
e Predict Training Outcomes — Use machine learning models such as regression and clustering to forecast
employee performance and categorize learners.
e Improve Training ROI — Help organizations assess the return on investment by identifying high-impact
training programs.
e Enhance Decision-Making for HR Teams — Provide HR and training coordinators with data-backed
insights to refine and tailor training strategies.
e Facilitate Continuous Learning — Support organizations in building a culture of continuous improvement
by identifying evolving training needs.

1.2 Scope of the Project
The Employee Training Effectiveness Analyzer is designed to provide a comprehensive evaluation of corporate
training programs by leveraging data analytics, machine learning, and visualization techniques. The project
scope includes various aspects that define its functionality, impact, and usability across organizations.
e Training Program Evaluation — The system compares employee performance metrics before and after
training to assess the effectiveness of learning programs.
e Employee Feedback Analysis — It utilizes Natural Language Processing (NLP) to process qualitative
feedback and analyze sentiment, identifying areas where training can be improved.
e Skill Development Tracking — Employees' progress over time is monitored to ensure training objectives
align with competency development.
e Engagement Monitoring — Participation rates, course completion, and time spent on training sessions are
tracked to measure employee engagement.
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e Data Visualization Dashboard — An interactive Ul built using Streamlit, provides real-time insights
through graphs, charts, and trend reports to help stakeholders make data-driven decisions.

e Automated Recommendations — The system suggests training improvements based on employee
performance trends and feedback analysis.

e Predictive Analytics — Machine learning algorithms (regression models, clustering) help predict training
outcomes and categorize employees based on learning patterns.

e Performance Trend Analysis — Long-term trends in individual and team performance are visualized,
enabling organizations to assess training impact over time.

e Frontend Development — Implemented using Streamlit, allowing users to interact with training data and
visualizations.

e Backend Processing — Built using Python with Pandas, NumPy, and Seaborn for data management and
analysis.

e Machine Learning Models — Regression and clustering algorithms are applied to evaluate training
effectiveness and predict employee performance.

e Database Management — The system supports SQLite or MySQL for structured storage of employee

training records, performance metrics, and feedback data.

Visualization Tools — Plotly and Seaborn are used to create dynamic graphs and performance trend charts.

HR Teams — Evaluate training effectiveness and identify areas of improvement.

Training Coordinators — Customize training programs based on employee needs and feedback.

Managers — Monitor team skill development, identify gaps, and support employee growth.

Employees — Receive personalized insights into learning progress and skills.

Supporting Decision-Making — HR teams and management can make informed decisions based on real-

time analytics and predictive models.
e Continuous Improvement — Organizations can iteratively improve training modules based on performance

data, employee feedback, and trend analysis.
This project is a powerful tool for HR professionals, training managers, and business leaders who seek to
enhance training efficiency and improve employee performance using data-driven insights.

1.3  Existing System

The current methods used by organizations to evaluate employee training programs are often manual,
time-consuming, and lack data-driven insights. Most companies rely on post-training surveys, quizzes, or direct
supervisor assessments to determine training effectiveness. While these methods provide some qualitative
feedback, they fail to capture long-term skill retention, engagement levels, and real-world application of learned
concepts. Additionally, performance improvements are usually measured through spreadsheet-based tracking or
static reports, which require significant manual effort to compile and analyze. This lack of automation leads to
delayed insights, inefficiencies, and potential errors, making it difficult for HR teams to make quick and
informed decisions regarding training program improvements.

Furthermore, existing systems do not effectively utilize advanced analytics, predictive modeling, or
Natural Language Processing (NLP) to analyze feedback and performance trends. Engagement tracking is often
limited to basic attendance records, without in-depth analysis of completion rates, time spent on training, or
employee motivation levels. The absence of interactive dashboards, machine learning models, and automated
recommendations means that training programs are often revised based on intuition rather than concrete data.
This results in suboptimal training strategies, ineffective skill development, and lower overall ROI for corporate
training programs. Without a comprehensive evaluation system, organizations struggle to align training
initiatives with business goals and employee needs, leading to wasted resources and missed opportunities for
workforce development.

Literature Survey

A literature survey provides an overview of previous research and methodologies related to a specific
domain. In this case, the literature focuses on training evaluation models, machine learning applications, NLP for
feedback analysis, employee engagement strategies, and data visualization. These studies form the foundation for
the Employee Training Effectiveness Analyzer, enabling the development of a data-driven, Al-powered system
to measure training impact. Here are eight literature survey references related to Employee Training
Effectiveness Analysis:

2.1 Kirkpatrick’s Four-Level Training Evaluation Model
Donald Kirkpatrick introduced a four-level model to evaluate the effectiveness of training programs. The four
levels are:

e Reaction — Measures how participants feel about the training.
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e Learning — Assesses whether knowledge and skills were acquired.

e Behavior — Evaluates if employees apply what they learned in the workplace.

e Results — Determines the overall impact of training on business outcomes.

e Relevance to the Project:
The Employee Training Effectiveness Analyzer incorporates quantitative and qualitative performance evaluation.
It tracks learning and behavior changes using performance metrics and skill improvement analysis. The system
integrates data visualization to present results clearly to HR and managers.

2.2 Phillips’ ROI Model
e Jack Phillips extended Kirkpatrick’s model by introducing a fifth level: Return on Investment (ROI). This
model focuses on financial benefits and the cost-effectiveness of training programs. It measures:
e Cost vs. performance improvement to determine if training investments yield measurable benefits.
e Productivity gains and their financial impact on the company.
e Relevance to the Project:
e The proposed system tracks pre- and post-training performance data to calculate training ROI.
o [t allows organizations to identify high-impact training programs and optimize resources accordingly.

2.3 The Learning Transfer Model
Holton proposed a model focusing on how well employees apply newly acquired skills In their job roles. The key
factors include:
e Motivation to learn — Employees’ willingness to participate in training.
e  Work environment — Whether the workplace encourages skill application.
e Training design — Effectiveness of training content and delivery.
e Relevance to the Project:
The system analyzes employee engagement metrics.
Sentiment analysis (NLP) helps measure motivation levels through feedback.

2.4 Big Data and Learning Analytics in Training
e This research discusses how big data and learning analytics improve workforce training.
e The importance of tracking large-scale employee training data.
e The use of predictive analytics to assess training impact.
e Personalized training programs based on data-driven insights.
e Relevance to the Project:
e The system leverages machine learning (regression, clustering) to predict training effectiveness.
e [t processes large datasets using Python (Pandas, NumPy) for better decision-making.

2.5 Machine Learning in Employee Performance Prediction
This research focuses on Natural Language Processing (NLP) techniques for analyzing textual feedback
and categorizing sentiment as positive, neutral, or negative.
Relevance to the Project:
The system incorporates NLP-based feedback analysis to gauge employee satisfaction.
It helps HR teams identify weaknesses in training programs based on textual reviews.
The sentiment analysis model enhances the qualitative evaluation of training programs.
e This study explores how machine learning algorithms can predict employee performance trends by
analyzing historical data, behavior patterns, and training outcomes.
e The Employee Training Effectiveness Analyzer applies regression models to predict training success.

METHODOLOGY

3.1 System Requirements

The Employee Training Effectiveness Analyzer requires a well-structured system environment to ensure
smooth operation, efficient data processing, and accurate analysis. The system should run on a 64-bit operating
system, preferably Ubuntu 20.04+ (Linux) or Windows 10/11 with at least 8GB RAM for optimal performance.
A multi-core processor (Intel i5/i7 or AMD Ryzen 5/7) is recommended for handling computational tasks,
including data processing and machine learning operations. The backend is built using Python 3.8+, requiring
libraries such as Pandas, NumPy, Scikit-learn, TextBlob, and Plotly for data analysis, visualization, and
sentiment analysis. A relational database management system (SQLite/MySQL) is needed to store training data,
feedback, and engagement metrics. The frontend relies on Streamlit, which requires a web browser (Google
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Chrome or Firefox recommended) for interactive dashboard access. If deployed on the cloud, services such as
AWS EC2, Google Cloud Compute Engine, or Heroku can host the application, with containerization supported
via Docker. A stable internet connection is essential for cloud-based deployments, API integration, and real-time
data updates. These system requirements ensure efficient data handling, smooth visualization rendering, and
accurate training effectiveness analysis.

3.2 Data Collection Methods

A. Pre-Training Phase

. Survey & Assessment
Conduct pre-training skills assessments to measure baseline competencies.
Collect data on employees' expectations and prior knowledge.

. Demographic & Background Information
Gather participants' work experience, job roles, and previous training exposure.

B. Training Phase

. Real-Time Monitoring
Track engagement levels through attendance, interaction logs, and learning analytics.
Use Learning Management Systems (LMS) for real-time data collection.

. Trainer/Instructor Evaluation
Collect feedback from trainers about participants' engagement and progress.

C. Post-Training Phase

. Immediate Post-Training Survey
Measure participants' satisfaction, perceived effectiveness, and learning outcomes.
Use the Kirkpatrick Model (Level 1: Reaction) for immediate feedback.

. Skill Assessment Tests
Conduct post-training skill assessments to measure improvement.
Compare results with pre-training assessments to quantify learning impact.

. On-the-Job Performance Tracking
Use Key Performance Indicators (KPIs) to assess real-world application of skills.
Collect supervisor feedback on behavioral changes and skill application.

. Long-Term Evaluation (3-6 Months Post-Training)
Conduct follow-up surveys to assess knowledge retention and career growth.
Analyze promotion rates, salary increases, and job performance improvements.

3.3 Data Analysis Techniques
. Statistical Analysis
Use paired t-tests to compare pre- and post-training assessment scores.
Apply correlation and regression analysis to measure training impact on job performance.

. Qualitative Analysis
Perform thematic analysis of participant feedback and open-ended survey responses.
. Return on Investment (ROI) Calculation

Use Phillips ROI Model to evaluate financial benefits versus training costs.

3.4  Flow of Events

The Employee Training Effectiveness Analyzer follows a structured flow to evaluate and enhance
corporate training programs. The process begins with data collection, where HR teams or training coordinators
upload employee training data, including IDs, test scores, feedback, and engagement metrics such as attendance
and completion rates. The system gathers pre-training performance metrics to establish a baseline, ensuring that
initial skill levels and key performance indicators (KPIs) are recorded for comparison. Employee participation
details, such as time spent on training and interaction levels, are also logged for analysis. Once the data is
collected, the analysis phase begins. The system processes pre- and post-training performance data to assess skill
development and knowledge retention. It also performs feedback sentiment analysis using Natural Language
Processing (NLP) techniques to extract insights from qualitative responses. After analysis, the system presents
findings through an interactive visualization dashboard. The dashboard showcases various metrics, including
before-and-after training comparisons, sentiment scores from employee feedback, engagement statistics, and
performance trends over time. This data-driven approach ensures that training programs continuously evolve to
meet employee needs and organizational goals.
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Data Collection /

Data Processing & Analysis

I

Visualization & Insights

I

Recommendations

I

Reporting & Continuous Improvement

Fig 1: Flow chart

Finally, the reporting and continuous improvement phase ensures that HR teams and managers receive
detailed reports on training effectiveness. These reports guide decision-making, helping organizations optimize
their training The cycle then repeats, with refined training programs implemented and re-evaluated over time to
achieve ongoing improvement in employee development.The model, trained on a dataset of images, is capable of
processing real-time video streams. If the model detects an impending accident with a probability exceeding a
predetermined threshold, an alert is triggered.

Experimental Setup
4.1 Model the Data
The experimental setup for modeling the data involves several key steps, including data preprocessing,
feature selection, visualization, and preparation for modeling. Since Streamlit is being used for visualization, all
graphical representations are dynamically displayed on the dashboard using Matplotlib, Seaborn, and Plotly.
4.2 Load the Dataset
The first step is to load the dataset and inspect its structure. The dataset should be in CSV format with well-
defined columns such as:
Employee ID
Training Hours
Pre Training Score
Post_Training Score
Training Feedback
4.3 Data Visualization

Visualization 1: Performance Trends Over Time
The "Trend Analysis" page in your code uses the following visualizations:
1. The Histogram Shows the distribution of training hours and performance change across employees.
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# Page: Trend Ar.alys:.sl

elif page == "T

Analysis":
st.header ("Trend Analysis")

# Histogram for Training Hours

figl = px.histogram(df, x='Training Hours',6 nbins=20, title="Distribution of Training Hours")
st.plotly chart(figl, use_container width=True)

# Histogram for Performance Change
fig2 = px.histogram(df, x='Performance Cr
st.plotly chart(fig2, use_container width=

e', nbins=20, title="Distril
£)

on of Performance Change")
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The Box Plot Displays how training feedback scores relate to performance change, showing variations

and outliers.

# Box Plot for Feedback vs Performance Change

fig3 = px.box(df, x='Training Feedback', y='Performance_Change',
title="Feedback vs Performance Ch

st.plotly chart(fig3, use_container_ width=True

Feedback vs Performance Change
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The Line Chart Shows trends in average performance change as training hours increase.

# Line Chart for Average Performance Change over Training Hours

avg_change = df.groupby('Training Hours') ['Performance Change'].mean().reset_index()

fig4 = px.line(avg_change, x='Training Hours', y='Performance Change',
title="Average Performance Change over Training Hours")

st.plotly chart(fig4, use_container width=True)

Average Performance Change over Training Hours

ge

=)

Performance_Chan

10 20 30 40 50 60 70 80 90

Training_Hours

Visualization 2: Training Feedback Distribution

1

The Scatter Plot Displays the difference between actual and predicted values in linear regression.
# Page: Predictive Modeling
elif page == "Predictive Modeling":

st.header ("Predictive Modeling: Regression")

# Feature Selection and Train-Test Split

X = df[['Training_Hours', 'Pre_Training Score', 'Training Feedback']]

y = df['Post_Training Score']

X train, X test, y train, y test = train test_split(X, y, test_size=0.2, random state=42)

# Linear Regression

lin reg = LinearRegression()
lin_reg.fit(X_train, y_train)

y_pred_lr = lin reg.predict(X_test)

1lr mse = mean squared error(y test, y pred lr)
lr r2 = r2_score(y_test, y pred_ lr)

# Residual Plot for Linear Regression
residuals = y_test - y pred lr
figS = px.scatter(x=y_pred_lr, y=residuals, title="Residual Plot (Linear Regression)",
labels={'x': 'Predicted', 'y': 'Residuals'})
figS.add_shape (type='line', x0=y pred lr.min(), y0=0, x1=y pred lr.max(), yl=0,
line=dict (color='Red',))
st.plotly chart(fig5, use_container width=True
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Residual Plot (Linear Regression)
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Predicted
2 The Bar Chart Shows the most influential features in predicting post-training scores.
# Page: Predictive Modeling
elif page == "Predict
st.header ("Predi
Feature Selection and Train-Test Split
= df[['Trainin s', 'Pre Training Score', 'Training Feedback']]

#
X
y = df['Post_Traini
X_train, X_test, y_ craln, y_test = train test_split(X, y, test_size=0.2, random state=42)

# Linear Regression

lin reg = LinearRegression()

lin reg.fit (X train, y train)

y_pred_lr = lin reg.predict(X_test)

lr mse = mean_squared error(y_test, y pred lr)
1r_r2 = r2_score(y_test, y pred 1lr)

# Residual Plot for Linear Regression
residuals = y test - y pred 1r
fig5 = px.scatter (x=y_pred lr, y=residuals, title="Residual Plot (Linear Regression)",
labels={'x': 'Predicted', 'y': 'Residuals'})
figS.add_shape (type='line', x0=y pred lr.min(), y0=0, xl=y pred lr.max(), yl=0,
line=dict (colox="'Red',))
st.plotly chart(fig5, use_container width=True)
Feature Importance (Random Forest)
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Visualization 3: Training Hours vs Performance Change

The Scatter Plot Uses different colors to represent different clusters, helping visualize how employees are
grouped based on their training effectiveness.

 Page: Clusterin
1if page == "C

IS based on

tlcle'" Clus
st.plotly chart(fig7, use_container_ width=True)

Clusters based on Training Hours and Performance Change
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RESULTS AND DISCUSSIONS

5.1 Graph of Validation Loss vs Accuracy

The graph of validation loss vs accuracy is a common way to visualize the performance of the machine
learning models during training. Validation loss measures how well the model predicts the correct output on a
separate validation dataset, while validation accuracy measures how often the model's predictions match the
actual output on the validation set. The formula for Validation Accuracy: The formula for Validation Loss:
where:
e vy is the actual output on the validation dataset,
e ¥ is the predicted output on the validation dataset, and
e iis the index of the output vector.

5.2 Visualize the Results

Output of the Proposed System

Figure shows the insights generated by the Employees Training Effectiveness Analyzer, presenting key
performance indicators related to training effectiveness. Below each graph, the actual vs predicted values are
shown, enabling HR professionals to make data-driven decisions.This visualization includes:

e Performance Change Trends

¢ Employee Segmentation Clusters

e Pre vs Post-Training Score Distributions

e Training Feedback Sentiment Analysis

By leveraging these insights, organizations can improve training program efficiency and enhance employee
skill development.
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6. Deployment Process

6.1 Overview of the process

The Employee Training Effectiveness Analyzer follows a structured process to assess and improve corporate
training programs. Below is an outline of the key steps involved:The system's two-phase approach effectively
addresses the challenges associated with road accidents:

1. Data Collection

Gather employee training data, including:

Pre-training performance metrics (test scores, KPIs, etc.)

Training participation records

Post-training performance metrics

Employee feedback (qualitative and quantitative)

Accept data uploads in various formats (CSV, Excel, database entries).

2. Data Processing & Analysis

Clean and format data using Python libraries like Pandas and NumPy.

Handle missing values, normalize performance scores, and standardize feedback input
Compare pre- and post-training performance using statistical techniques.

Use regression models or clustering to detect trends in training effectiveness.

Detect sentiments (positive, neutral, or negative) to gauge training impact

6.2 Advantages

The Employee Training Effectiveness Analyzer offers several key advantages:

Data-Driven Decision Making: The system provides HR teams and managers with quantifiable insights into
training effectiveness, eliminating guesswork and improving decision-making.

Performance Measurement: By comparing pre- and post-training metrics, organizations can accurately assess the
impact of training programs on employee skills and productivity.

Improved Training Quality: The recommendation engine identifies strong and weak training modules, allowing
organizations to refine and enhance their training content.

Employee Engagement Analysis: Tracking participation rates, time spent, and completion rates helps
organizations understand how engaged employees are with training programs and make improvements
accordingly.

Sentiment & Feedback Analysis: Using Natural Language Processing (NLP), the system extracts meaningful
insights from employee feedback, helping HR teams understand employee satisfaction and training
effectiveness.

Predictive Analytics for Future Training: With machine learning models, the tool can predict future training
needs, helping HR teams design proactive learning programs.

CONCLUSION

The Employee Training Effectiveness Analyzer is a powerful data-driven solution designed to evaluate
and enhance corporate training programs. By leveraging performance metrics, employee feedback, and
engagement tracking, the system provides deep insights into training effectiveness. It enables organizations to
compare pre- and post-training performance, assess skill development, and identify gaps in learning. Using
machine learning techniques like regression models and clustering, the tool predicts training outcomes and
groups employees based on their progress. The interactive Streamlit-based dashboard ensures real-time
visualization of key insights, helping HR teams, training coordinators, and managers make data-backed
decisions.

With robust data analytics capabilities, the system transforms raw training data into meaningful insights,
enabling continuous improvement in learning initiatives. Natural Language Processing (NLP) techniques analyze
employee feedback to gauge sentiment and satisfaction levels, providing actionable recommendations for
refining training content. The deployment of this system on cloud platforms like AWS or Heroku ensures
accessibility, scalability, and seamless integration with enterprise systems. By implementing this analyzer,
organizations can maximize training ROI, foster employee growth, and build a more skilled and engaged
workforce.

List of Abbreviations
HR Human Resources
KPI  Key Performance Indicator
LMS Learning Management System
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EDA Exploratory Data Analysis

Ul
ML

User Interface
Machine Learning

DFD Data Flow Diagram
SQL  Structured Query Language

API  Application Programming Interface
Al Artificial Intelligence
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