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Abstract—Employee performance is a critical determinant 

of organizational success, with companies striving to align 

individual goals with corporate vision and objectives. Enterprise 

Resource Planning (ERP) systems play a vital role in managing 

various aspects of Human Capital Management (HCM), where 

accurate forecasting of employee performance evaluations is 

essential for talent retention, efficient resource allocation, and 

overall productivity. Using Gradient Boosting and Random 

Forest classifiers, this study proposes a predictive modelling 

system that accurately classifies employee performance levels.  

Accuracy, precision, recall, F1-score, and ROC-AUC were some 

of the metrics used to assess the models' performance after 

training and testing on the Employee Performance dataset. The 

results show that Gradient Boosting had an accuracy of 98.94 

per cent, slightly exceeding the accuracy of 97.87 per cent 

recorded by Random Forest, SVM, MLP, and Decision Tree 

models were surprisingly behind. ROC curve and confusion 

matrix analyses further validate the models’ strong 

discriminative capabilities and minimal misclassification rates. 

The findings demonstrate the robustness and scalability of 

ensemble-based approaches for reliable employee performance 

prediction in ERP environments. 

Keywords—Employee Performance Assessment, Enterprise 

Resource Planning, Machine Learning, Predictive Modelling, 

Deep Learning. 

I. INTRODUCTION 

Enterprise Resource Planning (ERP) systems have been 
around since the 1960s, and its main purpose has always been 
to simplify organizational workflows, increase operational 
efficiency, and unify company processes [1][2]. These early 
ERP systems were predominantly data-driven, focusing on 
quantitative metrics to facilitate informed decision-making. 
Human resource management (HRM) and performance 
reviews are two areas where the focus has recently moved 
from quantitative to qualitative analysis [3][4]. 

Employee performance assessment is a critical business 
function that directly impacts organizational development, 
talent management, compensation planning, and career 
progression [5][6]. Traditionally, such evaluations have relied 
heavily on subjective managerial assessments, introducing 
potential biases that may affect employee morale, retention, 
and fairness [7][8]. Many organizations still lack a systematic 
and standardized approach to employee performance 
assessment, leading to inconsistent and often ineffective 
evaluation outcomes. Attributes such as skills, dedication, 
attitudes, and knowledge are key indicators of an employee’s 
value as an organizational asset [9][10]. 

The integration of ERP systems with human resource 
analytics has generated large volumes of employee-related 
data. However, many organizations face challenges in 
transforming these datasets into actionable insights for 
business-oriented decision-making [11][12]. In particular, 
promotion and reward decisions remain complex and often 
subjective, with risks of rewarding underperformers due to 
misleading or incomplete information [13][14]. Promotion 
decisions can be influenced by multiple factors, including 
tenure, performance trends, and qualitative achievements and 

determining their relative importance without bias remains a 
challenge [15][16]. 

Recent advancements in machine learning (ML) have 
introduced powerful predictive analytics capabilities within 
ERP ecosystems [17][18]. By embedding ML algorithms into 
ERP-based HR analytics frameworks, organizations can 
automate performance assessments, identify high-potential 
employees, predict staff turnover, and optimize promotion 
decisions [19][20]. ML techniques can account for physical, 
social, behavioral and economic factors affecting 
performance, thereby enabling unbiased, data-driven 
evaluations. Moreover, the application of AI, ML, and DL in 
ERP systems is transforming traditional HR processes into 
intelligent, adaptive, and proactive decision-making 
environments [21]. These technologies empower businesses 
to respond swiftly to changing market conditions by 
continuously collecting, analyzing, and leveraging employee 
performance data to drive sustainable competitive advantage. 

A. Motivation and Contribution 

Employee performance evaluation plays a pivotal role in 
shaping organizational success, influencing promotion 
decisions, talent retention, and workforce morale. However, 
traditional evaluation methods, predominantly driven by 
subjective managerial judgment, are prone to bias, 
inconsistency, and inefficiency, resulting in flawed 
assessments and diminished employee motivation. Although 
ERP systems have streamlined and centralized employee-
related data collection, organizations still face challenges in 
translating this data into actionable insights for human 
resource optimization. The lack of a systematic, data-driven, 
and objective evaluation framework hampers competitive 
advantage and limits the ability to identify and nurture high-
potential talent. The integration of AI, ML, and DL into ERP 
systems offers a potential answer by facilitating real-time 
performance assessments that are accurate, unbiased, and 
data-driven. This technological synergy has the potential to 
enhance decision-making efficiency, ensure equitable 
recognition, and improve overall organizational productivity, 
thereby fostering a more motivated and high-performing 
workforce. The area of Employee Performance is greatly 
advanced by this study: 

 Utilized the Employee Performance Dataset 
Containing 18 Features And 858 Records, Covering 
Both Active And Resigned Employees With Detailed 
Company Attributes. 

 Achieved Data Consistency, Handled Missing Values, 
Removed Outliers, And Applied Standard Scaler 
Normalization To Standardize Feature Ranges. This 
Allowed For Faster Model Convergence And Efficient 
Learning. 

 Mixed-Use Feature Mining Exploring Principal 
Component Analysis for Factor Identification, 
Enhancing Model Efficiency, and Minimizing 
Overfitting. 

 Balanced The Data To Fix The Class Imbalance Using 
SMOTE And Made Predictions Without Biasing One 
Group Over The Other. 
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 Applied ANN and gradient boosting models to the task 
of ERP performance prediction training with high 
accuracy. 

 Checked F1-scores, Accuracy, Precision, and Recall 
Among Other Performance Metrics To Assess The 
Model's Overall Effectiveness. 

II. LITERATURE REVIEW  

A number of important research studies about Employee 
Performance Prediction in ERP systems have been researched 
and analyzed in order to lead and reinforce the creation of this 
work. 

Ahmed et al. (2023) Investigate the organizational setting 
of employee performance forecasting using the k-Nearest 
Neighbors criterion as the main strength-gauging tool. The 
main target is to maximize the success of the organization 
anticipating the fluctuations in individual performance 
indicators. Relevant factors that may be used during prediction 
include the evaluation of the performance of the employee, the 
monthly average working hours, and the spells with the 
company. A large evaluation is done by comparative analyses 
against other methods of analysis, which include KNN 
algorithm and DT and LR. The dataset is carefully split into 
70% and 30% for the training and testing, which results in a 
respectable level of 97.32%. The results of this study have 
important implications for how to manage organizations 
because it would act as a proactive factor in boosting and 
maintaining the performance of the employees thus promoting 
overall organizational success [22]. 

Rauf, Wei and Mohsen (2023) comprehensively examine 
data pertaining to activities, leading to a lag in the 
identification of harmful intent. A hybrid insider threat 
detection framework is presented in this research to address 
this. They improve the accuracy of predictions by adding a 
statistical criterion based on information acquisition metrics to 
the top of ML-based classification. They test the framework's 
efficacy against preexisting approaches on the same real-
world threat test dataset (CERT r4.2). Preliminary testing 
shows that the suggested framework outperforms state-of-the-
art approaches, achieving a 98.94% success rate in identifying 
insider threats. Plus, the framework does a good job of dealing 
with problems like data imbalance and bias that may develop 
in the actual world [23]. 

Arqawi et al. (2022) The main goal of the study was to 
create ML and DL-based prediction models for employee 
turnover by identifying the most important variables. Kaggle 
Depository was the source of the dataset utilized in this 
investigation. With input from 1,470 workers, IBM analytics 
compiled a dataset with 35 attributes. They pre-processed the 
dataset, balanced it, and split it into three sets (train, valid, and 
test) to get the most accurate forecast of employee attrition. 
Multiple experiments confirmed the study's usefulness. Using 
f1-score, recall, precision, and accuracy metrics, the top ML 
model for forecasting employee attrition outperformed the DL 
model by a wide margin [24]. 

Premalatha and Sujatha (2021) give an advanced, 
trustworthy, and praiseworthy machine learning classification 
model that can be used to predict and assess academic 
performance data related to job candidates to meet the  

 

 

standards set by the industry. This study took into account 
both supervised and unsupervised machine learning 
classifiers. Naive Bayes, MLP, Simple Logistic, Adaboost, 
Bagging and Ensemble Model are chosen for analysis. The 
proposed model outperforms other reported methods with an 
accuracy of 98.4253% [25]. 

Nurhopipah, Ceasar and Priadana (2021) increased the 
sample size by using SMOTE, a data augmentation method 
founded on the fundamental premise of synthetic minority 
oversampling.  The SMOTE approach used the k-NN-Linear 
Interpolation technique to oversample and supplement the 
data. This approach can do more than just fix imbalanced 
datasets; it can also provide enough data that really counts. 
While using this augmentation strategy, the issue of 
overfitting can be resolved, leading to much improved 
accuracy. The experiment concluded that the Multilayer 
Perceptron (MLP) algorithm achieved the highest validation 
accuracy (0.985), thereby becoming the top-performing 
model. People looking for jobs were sorted using the most 
effective classification model. Findings indicated that 
recommendations in personality [26]. 

Sunarti et al. (2021) developed an app for companies to 
use in evaluating students who work in the online economy. 
Some businesses value the company's student assessment 
criteria nearly as highly as their employees' performance 
reviews. There are fourteen main and ten subsidiary 
parameters used by the organization; each has its own unique 
weighted value and is based on the student's performance in 
school. Using an ML-powered mobile app, this study trains on 
each criterion with a variable weight, attaining the maximum 
feasible rating weight. This solves the problem of evaluation 
parameter difference between schools and enterprises. 
Overall, the study's tests showed an accuracy rate of 83.8% 
[27]. 

Despite considerable advancements in applying ML and 
DL techniques for employee performance prediction and 
related human capital management tasks, existing approaches 
often focus on isolated models without fully exploiting the 
combined strengths of advanced ensemble learning methods. 
The complexity and non-linearity of performance data are 
often overlooked in research that focus on conventional 
algorithms or single-model assessments. Furthermore, there is 
a lack of scalable and generalizable frameworks specifically 
optimized for ERP environments, where performance 
assessment requires both high accuracy and robust 
adaptability. A predictive modelling framework utilizing 
Gradient Boosting and Random Forest classifiers is suggested 
in this paper to fill these deficiencies. The architecture 
incorporates boosting for iterative error minimization and 
bagging for variance reduction. The suggested hybrid 
ensemble approach improves the enterprise system's decision-
making capacities while providing an objective, data-based, 
and sound data answer to the problem of employee 
performance evaluation. 

Table I includes an overview of the recent papers on the 
topic of Employee Performance Assessment that are 
innovating models, datasets, main conclusions, and the issues 
that arose during the process.  
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TABLE I.  COMPARATIVE ANALYSIS OF RECENT STUDIES ON PREDICTIVE MODELLING OF EMPLOYEE PERFORMANCE PREDICTION USING MACHINE 

LEARNING  

Author Proposed Work Dataset Key Findings Challenges/Future work 

Ahmed et al. 

(2023) 

Employee performance prediction 

using KNN with comparison to DT 

and LR for organizational success 

optimization. 

Employee 

Performance 

Dataset (unspecified 

source) 

Using a 70/30 train-test split, the accuracy 

was 97.32%. Important features such as 

tenure, monthly work hours, and 

performance score were discovered. 

Improve feature diversity; 

explore ensemble models for 

further accuracy gains. 

Rauf, Wei & 

Mohsen 

(2023) 

Hybrid insider threat detection 

framework using ML classification 

with statistical criteria via 

information gain metrics. 

CERT r4.2 Dataset Achieved 98.94% accuracy, 

outperforming existing insider threat 

detection methods; addressed bias and 

class imbalance. 

Apply in broader real-life 

organizational contexts; test 

scalability with larger 

datasets. 

Arqawi et al. 

(2022) 

Using ML and DL to forecast staff 

turnover and isolate critical 

determinants of turnover. 

IBM Analytics 

Employee Attrition 

Dataset (Kaggle) 

Deep learning model: Accuracy 94.52%, 

F1-score 94.52%; Best ML model: 

Accuracy 92.55%, F1-score 92.52%. 

Integrate explainable AI for 

human resources decision-

making; further optimise deep 

learning model. 

Premalatha 

& Sujatha 

(2021) 

Job applicant prediction and 

assessment using supervised and 

unsupervised ML models. 

Academic 

Performance 

Dataset 

The proposed ensemble ML model 

achieved 98.4253% accuracy, 

outperforming other methods. 

Expand dataset diversity; 

validate across different 

industries. 

Nurhopipah, 

Ceasar & 

Priadana 

(2021) 

Applied SMOTE with k-NN-Linear 

Interpolation for oversampling to 

improve the classification of 

employee candidates. 

Employee 

Candidate Dataset 

MultiLayer Perceptron achieved 

validation accuracy of 98.5%; reduced 

overfitting and improved dataset 

representativeness. 

Apply hybrid oversampling 

methods; test on real 

recruitment datasets. 

Sunarti et al. 

(2021) 

Mobile-based application for 

student performance assessment in 

industrial practice, similar to 

employee appraisals. 

Student Industrial 

Practice Assessment 

Dataset 

Achieved average accuracy of 83.8% 

using ML for weighted parameter 

training. 

Standardize assessment 

parameters; adapt system for 

employee evaluation. 

III. RESEARCH METHODOLOGY 

 

Fig. 1. Proposed Flowchart for Employee Performance Assessment  

The suggested method starts with collecting and exploring 
the Employee Performance data set. Next, pre-processed data 
needs to be managed, which means that missing data needs to 
be filled in, outliers need to be removed, data needs to be 
cleaned up and encoded for categorical variables, and features 
need to be made consistent. After that, they use Principal 
Component Analysis (PCA) to pick its characteristics, and the 
SMOTE to fix the class imbalance. Next divide the data into 
two sets: testing and training. The pre-processed and balanced 
data set was used to train ANN and GB based models, which 
could then be evaluated for their predictive performance on 
the test set. Use popular assessment and measurement tools 
such as F1-score, accuracy, precision, recall, and ROC curves 
to find out if the models are effective at predicting and 
classifying employee performance.  The final result is 
depicted in Figure 1. 

This section provides an in-depth analysis of the suggested 
flow diagram for ERP-based predictive modelling of 
employee performance. 

A. Data Collection 

The Kaggle Employee Performance Dataset is utilized in 
this research.  This dataset includes every single employee, 
both current and former, together with their firm information. 
Eight hundred fifty-seven observations make up its 18 fields. 
The following are examples of data visualizations that were 
utilized to analyze Employee Performance Assessment, 
feature correlations, etc.: bar plots and heatmaps:  

 
Fig. 2. Correlation Matrix. 

A correlation heatmap displaying the pairwise correlation 
coefficients between different features in the Employee 
Performance Dataset is shown in Figure 2. To the right of each 
matrix cell is the correlation value that exists between the two 
variables.  Variables might take on values between -1 and 1, 
with deeper blue suggesting stronger negative correlations and 
darker hues indicating weaker relationships.  To show that 
there is a perfect correlation between each characteristic and 
itself, the diagonal is completely dark red and has a value of 
1.0. This visualization helps identify relationships between 
variables, potential multicollinearity issues, and insights for 
feature selection in the data preprocessing stage. 

Pre-process the 
Data  

Remove 

missing values 
Remove 

outliers 

Normalization 
Feature selection 

with PCA  

Training  Testing  

Data 

Balancing with 

SMOTE 

Results  

Employee 

Performance 

Dataset 

Data Splitting  

Implement an ANN and 

Gradient boosting model 
Model evaluation 

accuracy, precision, 

recall and f1 score  

Noise 

reduction 
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Fig. 3. Relationship Between Performance Rating and Employee 

Attributes (Hourly Rate, Experience, Distance From Home, and Age). 

Figure. 3 illustrates the relationship between employee 
performance ratings and various factors, including hourly rate, 
years of experience, distance from home, and age. As shown 
in (a), employees across different performance ratings exhibit 
varying hourly rates, with notable clustering patterns observed 
for ratings 3 and 4. In (b) demonstrates that employees with 
higher performance ratings generally possess a broader range 
of experience in years with the company. In (c), the distance 
from home does not display a strong correlation with 
performance rating, although employees with ratings 3 and 4 
appear more evenly distributed across different distances. In 
(d) shows that age distribution varies across ratings, with mid-
aged employees being more prevalent in higher performance 
categories. 

B. Data Pre-Processing  

The Employee Performance Dataset was compiled, 
cleaned, and merged in order to extract the required 
characteristics during the data preparation phase. Dataset 
problems like outliers, noise, and missing values are dealt with 
in this step. Preprocessing also included data transformation 
and normalization. The steps of pre-processing are as follows: 

 Remove missing value: Locating dataset features 
devoid of values, such as empty rows representing 
critical employee characteristics like happiness or 
performance on the task [28]. 

 Remove Outliers: Locating attributes with unusually 
high or low values, such as years of service or number 
of hours worked. 

 Noise Reduction: Using smoothing or filtering or 
other noise reduction techniques to lessen the effect 
of noise and improve the precision of the analysis that 
follows. 

C. Data Cleaning and Encoding 

Data scientists and machine learning professionals often 
face the distinct difficulties that come with dealing with 
categorical data as opposed to numerical data.  There is a need 
for preprocessing when dealing with categorical variables, as 
the majority of machine learning models only accept 
numerical inputs.  Making the transition from categorical to 
numerical variables is crucial for the model to make use of and 
derive insights from categorical data.  Among the many 
encoding techniques available, one-hot encoding is among the 
most widely used for this purpose.  Because it compares each 
category level to a predetermined reference level, one-hot 
encoding works well in situations where the categories do not 
naturally follow a certain order.  Consequently, this is also the 
method relied upon in this investigation for dealing with the 
category values. 

D. Data Normalization using StandardScaler 

The dataset was transformed using the StandardScaler() 
method to ensure that the resulting distribution had a mean of 
zero and a standard deviation of one, taking into consideration 
the varying scales of each descriptor.  Equation (1) shows that 
this transformation is accomplished by taking the standard 
deviation and subtracting it from each observation's mean. 
The result is then divided by the standard deviation: 

 𝑧 =
𝑥−𝜇

𝜎
 

In this case, z is the changed value of the feature, x is the 
original value of each descriptor, μ is the mean of the feature, 
and σ is its standard deviation all within the dataset. 

E. Feature Selection using PCA  

The feature selection process is essential in building 
machine learning models. It comprises narrowing down a 
wider set of features to a subset of useful qualities, such as 
variables and predictors.  By zeroing down on the most telling 
features, it hopes to boost model performance, cut down on 
overfitting, and make it easier to understand. PCA can be used 
for feature selection by leveraging the principal components 
(PCs) derived from the data. It's not a direct feature selector, 
but rather a dimensionality reduction technique that can be 
used to identify and select a subset of the original features. 

F. Data Resampling with SMOTE 

Resampling a dataset is done so that all of the data points 
within it is statistically equal. Synthetic Minority 
Oversampling Technique, or SOMTE, was used to resample 
the dataset. Make the model more comprehensible by 
rearranging the datasets. A greater model accuracy score is the 
result of better training and using an equal number of target 
distributions [29]. Figure 4 displays the results of data 
resampling both before and after data balancing. 

 
Fig. 4. The dataset resampling using the SMOTE technique 

G. Data Splitting 

The dataset splitting was done so that model could be used 
in more situations.  The ratio used for the splitting was 85:15. 
proposed model training purpose used 85% of the dataset, 
while model testing assessments used the remaining 15%. 

H.  Classification with Machine and Deep Learning Models 

This stage involved applying the two models, gradient 
boosting and ANN, which are further explained below: 

1) Artificial Neural Networks (ANN) 
Anatomical models of the brain's neural networks were the 

basis for the ANN. Just like the human brain, a neural network 
consists of many neurons. All throughout the body, linked 
neurons transmit impulses from the brain to different regions 
[30]. There are perhaps 100 billion neurons left in the human 
brain. Electrochemical signals in the body change with the 
environment, but ANN signals can be either actual or binary 
(problem dependent). Transformed linear unit (ReLU), tanh, 
and other activation functions generate the signals. As input, 
these signals are transmitted to an additional neuron. "Edges" 
describe the connections between neurones. 

The neurons in an ANN are often grouped into layers. All 
of the layers between the first and last ones are hidden layers, 
except the ones in the middle are input and output layers. One 
benefit of artificial neural networks (ANN) is their ability to 
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adapt to new inputs without any prior knowledge of 
distributions or functions. Universal functional approximators 
are formed by ANN. In addition, it uses forward propagation, 
backward propagation, and parameter updates to complete the 
categorization process. 

Using the MLP (Multilayer Perceptron) classifier from the 
scikit-learn module, the ANN model for employee 
performance categorization was created using the dataset. The 
ReLu activation function prevents vanishing gradients, which 
can happen when using the sigmoid or tanh functions, by 
limiting negative outputs to zero. Therefore, it is a good choice 
for hidden layers. An alternate to gradient descent, the mini-
batch gradient descent algorithm was used to split the training 
data into smaller batches. A mini-batch at a time would 
thereafter apply gradient descent. Because of this, able to 
construct neural network with increased speed and efficiency. 
At startup, the ANN algorithm is configured with a variety of 
parameters, including X_train size, batch_size, and 
learning_rate, which are set to 10, 10, and 0.01, respectively. 
The number of instances is determined by batch_size() and is 
used as an input to the forward propagation of the ANN 
algorithm. In forward propagation, activation functions like 
𝑓𝑒𝑙𝑓 () and 𝑦𝑖𝑏𝑚𝑜𝑖𝑑 () are used to anticipate the output for 
training cases in each batch. After that, in order to get the best 
possible forecast, backward propagation is used.  Maximizing 
the performance rating and minimizing the error of expected 
output are achieved at each repetition. 

2) Gradient Boosting Model 
As a machine learning approach, gradient boosting creates 

a prediction model by combining many weak prediction 
models, most often decision trees. An underperforming 
feature in predicting result Y may be made into a powerful 
learner using the boosting principle [31]. After finding the 
regression trees with weak learners, boosting prioritize the 
errors among the weak learners' predicted fitted values and the 
actual values, giving equal weight to every observation. This 
model uses gradient boosting, which uses the error rate to 
calculate the gradient of the error function. It then uses the 
gradient to decide how to adjust the model's parameters such 
that the error decreases with each iteration. As directed by data 
scientists, this procedure performed m times.  

The gradient boosting approach makes the assumption that 
Y is a real number. With this approach, the weighted sum of 
functions by weak learners (hi(x)) is attempted to be 

approximated (𝐹̂(𝑥)) It is given in the Equation (2): 

 𝐹̂(𝑥)−∝ +∑ 𝜃𝑡
𝑀
𝑡=1 ℎ𝑡(𝑥) (2) 

I. Evaluation Metrics 

The suggested design's usefulness was checked using 
different performance metrics by contrasting the expected 
results of the trained models with the real values. One can 
determine the overall TP, FP, TN, and FN counts by 
comparing the two datasets. The following are the 
performance metrics and how they are defined: recall, 
precision, accuracy, and F1-score: 

 True Positive (TP): A positive class, such as a well-
performing employee, can be accurately predicted by 
this outcome indicator. 

 True Negative (TN): An outcome metric with the 
goal of accurately predicting the negative class—that 
is, an underperforming employee—is this one. 

 False Positive (FP): This final statistic shows how 
the model was wrong; specifically, how the classifier 
model misidentified the positive class, which consists 
of high-performing employees. 

 False Negative (FN): The classifier model's 
inaccurate prediction of the negative class (poor 
performance) is demonstrated by this metric, which 
measures the model's accuracy. 

1) Accuracy 
The accuracy of the trained model's predictions, as a 

percentage of the total number of instances in the dataset 
(Input samples), is given by Equation (3)- 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
TP+TN

TP+Fp+TN+FN
 (3) 

2) Precision 
The accuracy with which a model anticipates positive 

events in comparison to all positive events is called its 
precision. Accuracy shows. In Equation (4), shows how well 
the classifier predicts the positive classes- 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
TP

TP+FP
 (4) 

3) Recall 
This statistic, which represents the proportion of positive 

events that were really predicted out of all the cases that were 
expected to be positive and can express it mathematically as 
Equation (5)- 

 𝑅𝑒𝑐𝑎𝑙𝑙 =
TP

𝑇𝑃+𝐹𝑁
 (5) 

4) F1 score 
It is the seamless union of accuracy and recall. In other 

words, it helps to balance precision and recall. Its range is [0, 
1]. Mathematically, it is given as Equation (6)-  

 𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 (6) 

IV. RESULTS AND DISCUSSION  

The experimental setup and the suggested model's training 
and testing performances are described in this section. For this 
model to work, need a processor that meets the requirements 
set out by Intel (R) Xeon (R): Equipped with 13 GB of RAM, 
a CPU speed of 2249.998 MHz, and a cache size of 512KB. 
This computer has an AMD EPYC 7B12 central processing 
unit. The accepted models provide a high level of predictive 
power across all performance scales, according to the 
experimental analysis conducted on the Employee 
Performance dataset. The XGboost model outperformed the 
others in Table II. The terms of accuracy, precision, recall, and 
F1-reported score, all of which indicate that the model's 
estimation of employee performance was very accurate and 
error-free. Likewise, high values of the metrics were achieved 
using the Random Forest model as well, which depicts the 
strength and sufficient performance of the model in tasks of 
prediction. These findings also mention that both models have 
promising potential in delivering viable performance 
measurement, but XGBoost is slightly more advanced in 
general prediction performance. 

TABLE II.  EXPERIMENT RESULTS OF PROPOSED MODELS FOR EMPLOYEE 

PERFORMANCE PREDICTION  ON EMPLOYEE PERFORMANCE DATASET 

Performance 

Matrix 

Gradient Boost Random Forest 

Accuracy 98.94 97.87 

Precision 99.99 99.99 

Recall 99.99 99.99 

F1-score 99.34 98.66 

 
Fig. 5. Accuracy Curves for the XGBoost Model 
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Figure 5 displays the confusion matrix of the XGBoost 
model, which provides detailed information regarding the 
classification performance. According to the matrix, the 
model was able to capture 15 cases of true negativity as well 
as 62 cases of true positivity. On the other hand, it had one 
false negative, an example of a class 1 was reported as 0, and 
zero false positives, where an example of a class 0 was 
reported as 1. This means that the positive class precision is 
very high and the overall predictive power of model is very 
high as only one negative prediction of positive case was 
wrong. 

 
Fig. 6. ROC Graph Oo Xgboost Model  

Figure 6 shows the XGBoost classification model's ROC 
curve, which highlights the model's ability to distinguish 
between the positive and negative categories. To the right of 
the x-axis is TPR, and to the left is FPR. The dashed grey 
diagonal line shows a random classifier with similar TPR and 
FPR, while the solid green curve is very close to the top-left 
corner and shows good classification performance. An area 
under the curve (AUC) of 0.987 indicates that the XGBoost 
model does a great job at differentiating across classes. 

 
Fig. 7. Confusion Matrix of Random Forest Model 

The confusion matrix, which displays the RF model's 
classification process, is displayed in Figure 7. The model 
correctly identified 18 instances as true negatives (class 0) and 
74 as true positives (class 1), as shown in the grid. Two 
occurrences of class "1" were incorrectly forecasted as "0," 
whereas zero occurrences of class "0" were incorrectly 
classified as "1." This demonstrates the model's high level of 
accuracy and its effectiveness in detecting positive cases. The 
model's main mistake is failing to find a few positive cases. 

 
Fig. 8. ROC Curve Graph of Random Forest Model  

The Random Forest classification model is shown in 
Figure 8 via the ROC curve.  Here show how the TPR and 
FPR are inversely related in the graph. Classification 
competence is depicted by the solid orange line close to the 
top left corner of the image, whereas a randomly selected 
classifier with identical TPR and FPR is shown by the dashed 
grey diagonal line. The Random Forest model effectively 
distinguishes between positive and negative classes, as 
evidenced by its Area Under the Curve (AUC) of 0.978.  An 
AUC of 1 means the predictor is perfect, while an AUC of 0.5 
means the guess is random. 

A. Comparative Analysis 

Table III presents the accuracy comparison of various 
predictive models applied for employee performance 
assessment in ERP systems. The ensemble-based approaches' 
superior performance was highlighted by Gradient Boost's 
best accuracy of 98.94% and Random Forest's tight second-
place finish with 97.87%. XGBoost was able to achieve 
accuracy of 92.60% compared to the 86.90% that SVM had, 
86.71% that MLP scored and 79.60% that DT scored. These 
findings suggest that in this context boosting and bagging 
methods tend to produce better predictive accuracy than 
conventional machine learning algorithms. 

TABLE III.  ACCURACY COMPARISON OF DIFFERENT PREDICTIVE MODELS 

OF EMPLOYEE PERFORMANCE ASSESSMENT IN ERP SYSTEM  

Models Accuracy 

MLP[24] 86.71 

XGBoost[32] 92.6 

SVM[33] 86.90 

DT[34] 79.6 

Gradient Boost 98.94 

Random Forest 97.87 

Regarding the evaluation of ERP system performance, the 
proposed GB and RF models performed better. The two 
models effective use ensemble-learning methods, i.e., they 
ensemble or exhaustively build up on a number of weak 
learners to have sufficient predictive accuracy and strong 
generalization. GB can better predict overcoming some errors 
at each iteration, allowing complex and non-linear 
relationships in the data to be discovered well, and RF has the 
feature of random selection of features and bagging that can 
increase stability and alleviate overfitting. All these 
techniques provide a stable and expanded way of proper and 
effective performance measurement on the ERP 
environments. 

B. Justification and Novelty 

Employee performance measures are important to the 
contemporary business in terms of strategic decision-making, 
resource optimization, and sustaining talent among others. 
The classic approaches to evaluation include those based on 
personal opinion or fixed performance rates which can be 
biased and lower the predictability value. This study takes this 
restriction into account by predicting ERP systems' 
performance objectively and with a high degree of accuracy 
utilizing the state-of-the-art ensemble learning techniques of 
GB and RF. The interesting feature of the study is that such 
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ensemble models are compared to the traditional machine 
learning techniques showing that generally there is an 
improvement in the predictive accuracy, robustness and 
generalization. Combining the spearhead of boosting and 
bagging algorithms, the framework can be said to grasp the 
perplex laws of employee data, has a low misclassification 
level, and performs at scale-up in the real-world enterprise 
situations. The given contribution comes as a data-driven, 
automated, and flexible solution to the assessment of 
performance, which allows an organization to make evidence-
based decisions related to human capital management. 

V. CONCLUSION AND FUTURE STUDY 

Human resource management would be incomplete 
without performance evaluations, but the mechanisms in place 
are often subjective and inefficient, leading to skewed results 
and general discontent among workers. This paper proposed a 
predictive modelling approach to evaluating employee 
performance within the ERP system to be implemented 
through the GB and RF classifiers. Experimental findings 
indicated that the predictive accuracy of the models was also 
high with Gradient Boosting exhibiting an accuracy of 
98.94% and Random Forest, 97.87% which were better than 
the traditional ML models or variations of SVM, MLP, and 
DT. The analysis of ROC-AUC and confusion matrices 
testified to the high discriminative power of the models and 
the low rates of misclassification, which would be effective in 
ensuring reliable evaluation of the performance. 

Further studies will aim toward generalizing the presented 
paradigm further with encapsulation of deep learning 
architecture techniques, as LSTM and mixed CNN-RNN 
networks, to represent more intricate patterns of temporal and 
sequential data in employee performances. Also, explainable 
AI (XAI) methods can be included to increase interpretability 
and federated learning models can possibly allow secure and 
privacy-preserving performance evaluation over multiple 
organizations. In-time data integration with IoT-powered 
monitoring systems in the workplace is a potential trend of 
enhancing responsiveness and decision support within 
dynamic company settings as well. 
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