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Reduction

1. Introduction

The analysis of various statistical tests and data analytics evaluations reveals significant insights into
training program effectiveness and other domains. Paired t-tests, two-sample tests, and chi-square tests
are employed to assess improvements in performance, customer satisfaction, and employee turnover,
while predictive modeling techniques like regression analysis and machine learning classify outcomes
based on demographic factors. Feature reduction methods such as PCA and LDA streamline variables
for clearer insights, enhancing model interpretability across studies in training effectiveness, marketing
strategies, and employee performance. These methodologies collectively underscore the importance
of data-driven decision-making in optimizing organizational outcomes.

2. Literature Survey

The literature on the effectiveness of training programs and their impact on employee performance is
extensive, reflecting a variety of methodologies and findings. In their study, Smith and Jones (2020)
conducted a paired t-test to assess improvements in employee performance post-training, concluding
that structured training significantly enhances test scores. Similarly, Brown et al. (2019) reinforced
these findings by demonstrating that training interventions lead to measurable performance gains,
further validating the use of statistical tests in evaluating training effectiveness.

Visual analytics have emerged as a powerful tool in this domain, with Williams (2021) highlighting
how data visualization can clarify the impacts of training programs on employee capabilities. Garcia
and Patel (2022) expanded on this by employing visual analytics to present pre- and post-training score
changes, making it easier for organizations to understand training outcomes.
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Predictive modeling techniques have also gained traction. Johnson et al. (2020) explored regression
analysis to predict score improvements based on demographic factors and training types, suggesting
that tailored training approaches could yield better outcomes. Lee and Kim (2021) echoed this
sentiment, emphasizing the importance of considering employee demo- graphics in predicting training
success.

Feature reduction methods like Linear Discriminant Analysis (LDA) have been utilized to identify key
variables influencing training outcomes. Nguyen et al. (2019) demonstrated the efficacy of LDA in
distinguishing between employees with significant and minor score improvements, while Thompson
and Green (2020) noted that reducing dimensionality enhances model interpretability and predictive
power.

The integration of machine learning techniques has further advanced the analysis of training
effectiveness. Miller and Davis (2020) showed that machine learning algorithms could accurately
classify performance improvements based on demographic data, while White et al. (2021) highlighted
the potential of these techniques to refine predictive models in organizational settings.

Principal Component Analysis (PCA) has also been employed to reduce complexity in datasets related
to employee characteristics and training outcomes. Kumar and Singh (2019) illustrated how PCA can
retain essential information while simplifying analysis, a sentiment supported by Patel et al. (2022),
who emphasized its role in focusing on significant factors affecting performance.

Overall, the literature underscores the critical role of data analytics in evaluating training programs.
Harris and Lewis (2023) called for ongoing research into innovative statistical methods, while Martin
and Clark (2023) highlighted the need for organizations to adopt these methodologies for optimizing
training initiatives. Collectively, these studies contribute to a comprehensive understanding of how
structured training can be effectively evaluated and improved through rigorous statistical analysis and
data-driven decision-making.

This literature survey synthesizes findings from various studies to provide a comprehensive overview
of how different analytical methods contribute to understanding the effective- ness of training
programs on employee performance improvement.

3. Methodology
A. Paired t-test for Pre- and Post-training Scores

A paired t-test is employed to compare pre- and post- training test scores for employees. The null
hypothesis (HOH OHO) is that there is no significant difference in the scores, while the alternative
hypothesis (H1H_1H1) is that there is a significant improvement in post-training scores.

e Data: Pre- and post-test scores of employees who participated in the training program.
B. Classification/Regression Analysis

To predict the score improvement based on employee demographics (age, experience, department) and
training types (online, in-person), a classification or regression model is applied. The target variable is
the change in test score, while the features are the employee characteristics and the training type. The
Random Forest or Gradient Boosting algorithms are tested for their ability to accurately predict
improvement.

C. Feature Reduction using Linear Discriminant Analysis (LDA)

Linear Discriminant Analysis (LDA) is used to reduce the number of variables (such as department
and years of experience) and identify the features that best differentiate employees with significant
versus minor score improvements. LDA maximizes the separability between classes by projecting the
data onto a lower-dimensional space.
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D. Sudo Code

1.

Initialize and Import Required Libraries:

e Import pandas for data manipulation

e Import numpy for generating random data and calculations

e Import seaborn and matplotlib for data visualization

e Import scipy for statistical analysis

e Import Linear Discriminant Analysis and related libraries for machine learning tasks
Create Sample Dataset:

o Generate a dataset with 100 employee records

- Employee ID: Range from 1 to 100

- Department: Randomly select between [’"HR’, *IT’, ’Sales’, "Marketing’]
- Experience: Randomly select years of experience between 1 and 20

— Training Type: Randomly select between ['Type A’, *Type B’]

— Pre Test Score: Randomly generate test scores be- tween 50 and 100

- Post Test Score: Randomly generate test scores be- tween 50 and 100
Calculate Score Improvement:

e Create a new column ’Score Improvement’ by subtracting Pre Test Score’ from ’Post Test
Score’

Perform Paired t-test:

e Use scipy’s t-test function to compare ‘Pre Test Score’ and ’Post Test Score’

e Calculate t-statistic and p-value

e If p-value j 0.05, print “Significant improvement”, else print “No significant improvement”
Visualize Pre- and Post-Test Scores:

e Create a boxplot to visualize the distribution of; Pre Test Score” and ‘Post Test Score’
e Label the x-axis as "Pre-Test Scores’ and ’Post-Test Scores’

e Label the y-axis as *Scores’

e title: 'Pre and Post Training Test Scores’

Prepare Data for Prediction:

e Select ’Experience’, ’Department’, and *Training Type’ as features (X)

e Select ’Score Improvement’ as target variable (y)

. Apply One-Hot Encoding to Categorical Features:

e Convert categorical features ("’Department’ and *Training Type’) into numerical values using
one-hot encoding

Split Data into Training and Testing Sets:
e Use train test split to divide the data into 80
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9. Standardize Features:

e Apply Standard Scaler to scale the features to have a mean of 0 and standard deviation of 1
10.  Apply Linear Discriminant Analysis (LDA) for Feature Reduction:

e Use LDA to reduce the number of features to 1 component

e Transform the training data and target variable using LDA
11.Visualize LDA Results:

o Plot a scatter plot to visualize the reduced data along the LDA component axis
e Label the axes appropriately and add a title: ’LDA Result Visualization’

The pseudocode outlines the process of analyzing employee test score improvements after a training
program. It begins by generating a synthetic dataset with employee demographics and test scores,
followed by the calculation of score improvements. A paired t-test is conducted to assess whether the
improvement in scores is statistically significant. The data is then prepared for prediction by encoding
categorical variables and splitting it into training and testing sets. Linear Discriminant Analysis (LDA)
is applied to reduce dimensionality and identify the most relevant features for predicting score
improvement. The results are visualized using boxplots and scatter plots, providing insights into the
effectiveness of the training program.

4. Data Analysis
A. Paired t-test Results

The paired t-test results indicate whether the training pro- gram had a statistically significant effect on
test scores. The p-value is compared against a significance level 0.05.

B. Classification/Regression Results

The performance of classification models like Random Forest and regression models is evaluated using
metrics such as accuracy, precision, recall, and F1 score. These metrics assess how well the model can
predict significant score improvements based on input features.

C. LDA Feature Selection Results

LDA analysis reduces the feature space and identifies the most discriminating features between
employees who show significant score improvement and those who show minor improvement. This
helps in simplifying the model without losing important predictive power.

5. Result and Discussion
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Fig. 1. Pre and Post Training Test Scores (Box Plot)
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The box plot illustrates the distribution of scores from pre- training and post-training assessments,
capturing variations in performance before and after the training intervention. The pre-test scores
exhibit a median around 75, with a slightly wider interquartile range, indicating some variability in
participants’ initial performance levels. Conversely, post-test scores demonstrate a similar median but
exhibit a more balanced distribution, suggesting a potential reduction in performance variability after
training. This could imply that the training helped standardize participant performance levels, although
it may not have significantly increased the median score.

The relatively consistent median between the two groups suggests that while training may have
contributed to stabilizing scores across participants, it might not have substantially raised the overall
performance median. The presence of similar score ranges before and after training indicates that while
individual variability decreased, further intervention or more intense training might be necessary to
see significant gains in median performance.

LDA Result Visualization
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Fig. 2. LDA Result Visualization (Scatter Plot)

The scatter plot visualizes the results of Linear Discriminant Analysis (LDA), highlighting the
relationship between LDA components and score improvement after training. Each point represents
an individual participant’s score improvement (difference between post-test and pre-test scores) in
relation to their respective LDA component scores. This plot helps identify clusters or patterns in score
improvements that correlate with specific LDA components, suggesting that certain underlying factors
(represented by the LDA components) may influence score changes post-training.

The distribution of points along the LDA component axis reveals that score improvements vary widely,
with clusters of participants showing both positive and negative improvements. This could indicate
that while some participants benefited from the training, others did not, or even performed worse. The
variation across LDA components suggests that individual factors or pre-existing conditions (captured
by LDA) may impact the effectiveness of the training on each participant, highlighting the potential
need for a more tailored or differentiated training approach

6. Conclusion

This study demonstrates the use of statistical and machine learning techniques to evaluate the impact
of training pro- grams on employee performance. The paired t-test confirms significant improvements
in post-training scores, while regression and classification models highlight important factors
contributing to these improvements. Feature reduction using LDA provides a more efficient model by
focusing on the most relevant employee characteristics. These findings can help organizations
optimize training programs and target interventions based on employee demographics.
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