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Abstract: As the dependence of organizations on data-driven decision-making for talent 
management is ever increasing, there is an increasing demand for developing accurate and 
interpretable employee performance classification models. Traditional methods will 
normally fail to deliver enough accuracy when a model's interpretability is guaranteed or 
vice versa; therefore, they may require highly manual tuning that would hamper scalability 
and generalizability. Therefore, to overcome the drawbacks of these methods, the paper 
herein proposes a hybrid scheme based on techniques offered by Random Forest, Gradient 
Boosting Machine, and AutoML in classifying and ranking employee performance effectively. 
In their selection, Random Forest is used because it can address complex structured data 
while producing clear feature importance insights. It incorporated GBMs to improve further 
accuracy in classification by iteratively correct model errors and resulted in more refined 
rankings. Finally, the usage of AutoKeras and H2O AutoML is to automatically test various 
algorithms and hyperparameters to select the best performing model that can emerge. This 
results in both high interpretability as well as superior predictive accuracy. In addition, 
layered analysis of the fused model is used for improvement in several ways at performance 
classification. Random Forests provide an initial kind of classification that comes with feature 
importance analysis, which helps the manager understand what drives key employee 
performance. GBMs improve ranking accuracy by removing residual errors, whereas AutoML 
optimizes the model configuration by using automated hyperparameter tuning and model 
selection. In this work, the achieved accuracy was 94-95%, which was above the threshold of 
the manually tuned models and provided actionable insights into the performance of the 
employees. The proposed model not only improves the classification but also improves the 
interpretability of the model, allowing organizations to make strategic decisions in talent 
management by leveraging data for recommendation. This integration of approaches fills this 
gap between model accuracy and pragmatic usability. 

Keywords: Employee Performance, Random Forests, Gradient Boosting Machines, AutoML, 
Feature Importance, Levels 

 

1. Introduction 

In the digital transformation era, there is a need for good assessment and prediction of employee 
performance to maintain competitive advantages in organizations. Performance assessments 
based on objective data-driven insights enable the organization to identify high-potential talent, 
make the best decisions concerning resource allocation, and develop the right interventions to 
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help employees develop themselves. To date, the traditional methods of evaluating performance 
rely on subjective inputs such as review by a manager and peer feedback, which could be biased 
and inconsistent. Current approaches to machine learning applied to employee performance 
classification and ranking are either constrained to accuracy, to interpretability, or to the 
extensive manual tuning required for the optimization of a model. These constraints thus do 
highlight the necessity for a more comprehensive, automated, and understandable approach to 
the process of performance classification in corporate scenarios. Good machine learning 
techniques that Random Forests and Gradient Boosting Machines (GBMs) offer plenty of scope 
to improve the precision and transparency of performance assessments. Random Forests are 
ensemble-based architectures that are better suited for getting into complex and structured 
datasets, and provide classifications that are robust enough, offering feature importance analysis 
that makes the model's decision-making process more interpretable. In contrast, GBMs can learn 
improvement iterations over performance predictions for residual errors from previous models. 
Along with these methods, there is promising groundwork to provide reliable performance 
classification models. However, configuring these algorithms manually to achieve optimal 
results is rather tricky, especially for big data sets possibly containing samples of both 
categorical and numerical information. 
To address this, the recent solution achieved for AutoML systems has been in automating model 
selection, hyperparameter tuning, and evaluation. Meta-learning techniques form the basis for 
such systems: AutoKeras and H2O AutoML implement a systematic search for what may be the 
best configurations that can be produced, thereby minimizing reliance on expert intervention 
and opening the possibility of making advanced machine learning models available within 
organizations without specialized expertise. AutoML, combining interpretability through 
Random Forest with the prediction strength of GBMs, provides a route towards developing 
optimized high-performance models of employee evaluation. The paper introduces an 
integrated model combining a new combination of Random Forests, GBMs, and AutoML methods 
that will classify and rank the performance of the employees in a highly accurate yet 
interpretable manner. The fusion approach enables organizations to discover significant 
characteristics that influence employee performance, as well as the better accuracy and 
efficiency to automatically determine an optimum model. The model presented here does fill 
crucial gaps in the currently extant literature by offering a holistic approach that balances the 
aspects of accuracy, interpretability, and automation. Experimental results show that the 
proposed integrated model outperforms other models with classification accuracies ranging 
from 85-95% for many different configurations. 

Motivation & Contributions 

Much motivation for this work stems from the ever-growing demand for data-driven methods 
of evaluating employee performances by organizations in objective and systematic approaches. 
Much of the prevailing processes lack the essential robustness required to handle the 
sophisticated employee data sets that entail both performance metrics and behavioral indicators 
coupled with demographic data. Beyond that, many existing models are incapable of 
interpretation-an important attribute required by decision-makers to understand the 
underlying factors for making classifications of employee performance. Simultaneously, 
optimization of these models is needed for organizations, which usually demands sizeable 
manual intervention, a process time-consuming and inefficient for different scenario cases. This 
work comes to discuss the mentioned issues through the proposal of an integrated model which 
combines the great features introduced in Random Forests, Gradient Boosting Machines, and 
AutoML systems to bring forth a more accurate, interpretable, and automated solution. In this 
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research work, an emphasis is mainly given to its development of a fused model with high 
employee classification performance capabilities while maintaining transparency in its decision-
making process. The Random Forests is exploited for feature importance analysis, giving 
actionable insight on what attributes of employees impact their work performance the most. 
GBMs improve upon this with an iterative process to correct the errors of the previous one while 
fine-tuning the ranking of employees. In this project, I have used AutoML, which optimizes model 
configuration and hyperparameters such that the final output from the model turns out to be 
robust and highly accurate. This automation is directed towards various techniques through 
which the manual workload regarding model selection and tuning is reduced to ensure that the 
final solution is scalable and generalizable across different datasets & samples. The integration 
of the approaches allows for a more effective employee performance evaluation tool with far-
reaching implications in talent management, workforce planning, and organizational 
development process. 

2. Review of Existing Models for Employee Performance Analysis 

A qualitative literature review reflects an overwhelming amount of research on different 
technological advancements with the specific goal of improving employee performance 
assessment, management, and prediction, and most of these develop further using techniques 
based on machine learning or artificial intelligence. Blockchain Assisted Authentication System 
for Performance Assessment Vignesh and Mohana Prasad [1] proposed a blockchain-assisted 
authentication system specifically for performance assessments, reflecting exactly how 
important it is for mechanisms of evaluations in organizations to not only be secure but also 
transparent. Agrawal et al. [2] presents a flexible variant of the agile-based framework which 
offers a flexibility approach toward the decisions of employee promotion underlines the concept 
of adaptive systems in managing employees. Combining all these studies will provide an 
understanding of how technological frameworks emerge to be the core management of 
workforce performances. Chaudhary et al. [3] and Veglio et al. [4] discuss the use of machine 
learning in churning predictions: in the retail and multinational corporation sectors, 
respectively. The two articles employ techniques of supervised learning to explain turnover, 
which is a significant determinant of employee performance and retention. In a related fashion, 
Wang et al. [5] continue with a discussion on how AI assists employee responsibility by 
employing several applications that boost ethical behavior and decision-making. These 
contributions especially highlight the role that ML can play in not only assessing but also 
supporting employee performance with predictive analytics. Wang and Liu [6], through the 
study on analysis of employee diligence, have provided an interesting approach with the portrait 
portrayal for behavioral pattern identification associating workplace behavior with 
performance outcomes in unique ways. 

Method Authors Main Findings 
Blockchain-assisted 
AHMFA Authentication 

Vignesh, R., & 
Mohana Prasad, K. 
[1] 

Introduced a blockchain-based authentication 
system to enhance transparency and security 
in employee performance assessment systems. 

Agile-based Promotion 
Framework 

Agrawal, P., Goyal, 
S., & Jandwani, A. 
[2] 

Developed an agile framework for employee 
promotion decisions, providing a flexible and 
adaptable process for evaluating promotions. 

Machine Learning for 
Employee Churn 

Chaudhary, M., 
Afaq, A., & Singh, G. 
[3] 

Utilized machine learning models to predict 
employee churn in the retail sector, providing 
insights into factors contributing to turnover. 



UtilitasMathematica 

ISSN 0315-3681 Volume 122, 2025 
 

571 

Supervised Learning 
for Turnover 

Veglio, V., 
Romanello, R., & 
Pedersen, T. [4] 

Applied supervised machine learning to 
predict employee turnover in multinational 
corporations, showing a significant reduction 
in turnover rates. 

AI for Employee 
Responsibility 

Wang, J., Xing, Z., & 
Zhang, R. [5] 

Explored the role of AI in enhancing employee 
responsibility, particularly in improving 
decision-making and ethical behavior in 
organizations. 

Employee Behavioral 
Pattern Mining 

Wang, C., & Liu, Y. 
[6] 

Proposed a model for analyzing employee 
diligence and behavior patterns using portrait 
portrayal, aiding in the identification of high-
performing employees. 

Machine Learning for 
Absenteeism 

Alzu’bi, D., El-Heis, 
M., & Alsoud, A.R. 
[8] 

Developed a machine learning-based 
classification model to reduce nurse 
absenteeism in hospitals, demonstrating 
improved attendance through predictive 
analytics. 

Social Media for Green 
Innovation 

Cao, X., Khan, N.A., 
& Ali, A. [9] 

Showed that leveraging social media 
capabilities can foster employee innovation, 
particularly in green practices, by enhancing 
digital fluency. 

Classification 
Algorithms for Risk 
Prevention 

Garg, S., Murugan, 
P., & Manimaran, 
A. [10] 

Analyzed various classification algorithms for 
competency training, showing improved 
workplace safety and risk prevention through 
tailored employee training. 

Table 1. Comparative Analysis of Existing Methods 

Alzu'bi et al. [7, 8] adopt a highly technical approach, using machine learning and neural 
networks to classify absenteeism in nurses in terms of seeing how this would have implications 
over the total performance of workers in sectors such as healthcare that are crucial to society. 
Cao et al. [9] look into digital fluency and social media to facilitate green innovation. The aspect 
of digital fluency is an important determinant of how the technological competency of workers 
impacts their innovative behavior. Its applicability in classifying algorithms for ensuring 
improved safety and training on avoidance of risk in a workplace has been presented by Garg et 
al. [10], which clearly depicts how ML could enhance competency in a workforce. Similarly, a 
classification approach has been presented by Derbel and Boujelbene [11] in the evaluation of 
performance of Tunisian public transport operators, which presents an industry-specific 
application of a performance metric. Gupta et al. [12] use ML to predict job satisfaction, one of 
the key indicators of general employee performance which also points to a necessity for 
sustainable training practices. In fact, Mandal et al. [13] also reiterated the importance of 
employees' well-being while in another study conducted during the COVID-19 pandemic, they 
applied ML for health and safety applications. Another dimension of performance is innovative 
work behavior that Wang and Niu [14] examine using transformer-based social media insights 
in filling the bridge between digital engagement and innovation. Yadav and Kapoor [15] provide 
insight into AI in recruitment by referencing the point of beginning for employee performance 
that concerns appropriate selection of potential candidates, while Cohen et al. [16] discuss the 
legal implications of AI in determining independent contractor versus employee status, which 
directly effects performance evaluations and employment outcomes. Mustafa et al. [17] argued 
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how leader-member exchanges influence innovative work behavior, making use of employee 
engagement and self-efficacy as a mediator to offer an interpersonal dynamic to performance. 
Maley [18] conceptualized employee capabilities in the context of postpandemic recovery 
efforts, clearly seeking to emphasize the sort of adaptability required to sustain performance 
during crises. Fernández-Isabel et al. [19] discuss to what extent coaching architectures can be 
used for sentiment classification; with such applications, understanding employee satisfaction 
and performance is relevantly approached through NLP. Ast et al. [20] compare exhaustive 
methods for the deployment of employees in production systems to further enhance resource 
allocation optimization in high-performance settings. According to Rezazadeh et al., [21] factors 
affecting the employee-organization relationship are reviewed, and entrepreneurship is a major 
factor influencing the performance outcome. 
Park et al. [22] applies ML techniques in the prediction of turnover intention on the part of the 
employees; hence, more emphasis is laid on early detection and retention strategies to prevent 
decline in performance. On the same note, Yan et al. [23] propose a novel approach in human 
resource performance-evaluation method by a membrane computing model that integrates 
computational techniques in HR practices. This paper by Pei et al. [24] applies CNNs to employee 
incentive and constraint modeling. This is an example that shows that deeper learning has a valid 
function in the analysis of organizational behavior. Tanasescu et al. [25] put together an all-
inclusive treatment of data analytics for predicting and optimizing employee performance, 
associated with the fast-growing trend of data-driven decision-making in HR management. In 
the pre-experimental phase of this paper, all prior works [1]–[25] were reviewed as this focused 
on their contribution towards employee performance assessment, churn prediction, and 
management optimization. Pushing their research towards churn and retaining an employee [1, 
2, 3], especially in a segment like retail or multinational corporations, closely matches the 
requirement for the need of integrated solutions for employee performance management. These 
studies thus informed the original design elements of the proposed model's Random Forests 
with Feature Importance Analysis and Gradient Boosting Machines components. The work by 
Wang et al. in [5] on AI's role in employee responsibility enhancement as well as Wang and Liu's 
work in [6] on behavioral patterns contributed more generally to the specification of the input 
parameters of the model, especially on employee diligence and behavioral indications. The study 
by Zhou et al. [7] on servant leadership and family life provided contextual insights into the other 
impact of leadership styles on employee performances, though this was beyond the technical 
scope of the present study. For instance, Alzu'bi et al. [8], on the topic of absenteeism 
classification with neural networks, and Garg et al. [10], based on risk prevention using 
classification algorithms, have been involved in the development process that improved the 
accuracy of AutoML techniques in this paper through optimizing choice of model and associated 
hyperparameters. Reviewing Gupta et al. [12], Mandal et al. [13], and Derbel and Boujelbene [11] 
in the post-experimental stage emphasized the industry-specific application of performance 
classification models, thereby asserting the applicability of the proposed model across various 
industries. With regards to a further depth in operational efficiency, Fernández-Isabel et al. [19] 
built work on coaching architectures, and Ast et al. [20] combined performance-based employee 
deployment. Rezazadeh et al. [21] and Pei et al. [24, 25] had several aspects in relation with the 
relationship between entrepreneurship-innovation, as well as employee constraints that can be 
embraced in subsequent iterations of the model. Building on the extensive research 
contributions in its foundational work, this study takes its leave in developing higher 
classification accuracy at 95.3%, along with better interpretability, demonstrating how the 
integrated use of Random Forests, GBMs, and AutoML techniques can improve classification 
quality in many organizational settings. 
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3. Proposed design of an Iterative Method for Enhanced Object Detection and 
Recognition Using Attention Mechanisms and Multimodal Fusion Networks 

In this section we proposed the design of an iterative method for enhanced object detection and 
recognition with attention mechanisms and multimodal fusion networks. The proposed model 
can counter issues of low efficiency & high complexity as observed in the current methods. 
Initially, as shown in figure 1, the design of the integrated model for the classification of 
employee performance includes three techniques: Random Forests, Gradient Boosting Machines 
or GBMs, and AutoML, each of which brings forth different strengths in terms of interpretability, 
accuracy, and optimization. This chapter expands on the technical formulation of these 
techniques and reasons for their inclusion within, with particular emphasis on the mathematical 
underpinnings and complementary roles they play in the fused approach process. Random 
Forests make use of ensemble learning as it builds upon the construction of a multitudinous 
number of decision trees-one trained on each possible random subset of the dataset samples. 
The average of the outputs of these trees serves to compute the prediction of the model, thus 
reducing the variance and thereby increasing its robustness to overfitting. Mathematically, let 
T1,T2,…,Tn be the individual trees in the forest, where Ti(x) be the prediction of the 'i'-th tree 
for a feature vector 'x' sets. The final prediction y' is computed via equation 1, 

𝑦’ =
1

𝑛
∑𝑇𝑖(𝑥)

𝑛

𝑖=1

…(1) 

The importance of a feature fj in a Random Forest is measured by the decrease in the Gini 
impurity by splits on that feature.  
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Figure 1. Model Architecture of the Proposed Analysis Process 

The Gini impurity Ig for a node can be expressed via equation 2, 
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𝐼𝑔 = 1 −∑𝑝𝑘2…(2)

𝐾

𝑘=1

 

Where, pk is the proportion of samples in class 'k' at the nodes. For a feature fj, the importance 
Ij is then computed as the total decrease in Gini impurity across all trees and nodes where fj is 
used for splitting via equation 3 , 

𝐼𝑗 = ∑ ∑ 𝛥𝐼𝑔(𝑛)(𝑓𝑗)

𝑛∈𝑛𝑜𝑑𝑒𝑠𝑇𝑖

…(3) 

This approach provides a clear interpretability that explains which factors are most important 
to the task of deducing performance, such as role in the job and past performance, so Random 
Forests are greatly useful for application scenarios where humans require the decision-makers 
to understand the given set of behaviors exhibited by the model. Though Random Forests are 
known to be highly interpretable, GBMs are selected for having a better accuracy on the 
validation set from how the predictions are iteratively improved. GBMs build models 
sequentially where each new model improves on the residual errors of the previous ones in the 
process. Let the initial model be f0(x), set as the mean of the target variable sets. In each 
subsequent iteration 'M', a new model fm(x) is constructed to minimize the residuals rm, defined 
via equation 4, 

𝑟𝑚 = 𝑦 − 𝑓(𝑚 − 1)(𝑥)… (4) 

Where, ‘y’ is the true target value for this process. The new model is then added to the ensemble, 
weighted by a learning rate η, leading to the update via equation 5, 

𝑓𝑚(𝑥) = 𝑓(𝑚 − 1)(𝑥) + 𝜂 ⋅ ℎ𝑚(𝑥)… (5) 

Where, hm(x) is the model trained on the residuals. The learning process minimizes a loss 
function ‘L’, which, for classification tasks, could be the log loss, represented via equation 6, 

𝐿(𝑓(𝑥), 𝑦) = −∑(yi ∗ log(𝑓(𝑥𝑖)) + (1 − 𝑦𝑖) log(1 − 𝑓(𝑥𝑖)))

𝑁

𝑖=1

…(6) 

The gradient of this loss function ∇L drives the optimization in GBMs, and the final prediction is 
given via equation 7, 

𝑦’ = ∑ 𝜂 ⋅ ℎ𝑚(𝑥)
𝑀

𝑚=1
…(7) 

The step-wise nature of GBMs means that in each round, it is concentrating on correcting the 
mistakes produced in the previous models so that the rankings for employees get finer with 
every iteration. This aligns well with the feature importance analysis by Random Forests but 
provides higher accuracy in classification, especially when data is noisy or complex for the 
process. Next, based on figure 2, H2O AutoML, are integrated into the workflow, which 
automatically choose the model, adjusts hyperparameters, and performs feature engineering: It 
tests a variety of models and configurations with minimum human intervention in the actual 
process but, effectively searches over quite broad space of possible solutions. 
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Figure 2. Overall Flow of the Proposed Analysis Process 
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Mathematically, the AutoML process can be cast as the optimization problem of finding a 
performance metric 'M' perhaps accuracy, F1 score to be minimized over model configurations 
C via equation 8, 

𝐶 ∗= 𝑎𝑟𝑔𝑚𝑖𝑛𝐶𝑀(𝑓(𝑥; 𝐶), 𝑦)… (8) 

To search the hyperparameter space effectively during the process, AutoML frameworks use 
Bayesian optimization and its variants. Bayesian optimization is a process that involves 
constructing a surrogate model s(C) of the performance metric, and then the next configuration 
is selected as to maximize the expected improvement EI via equation 9 , 

𝐸𝐼(𝐶) = 𝐸 [𝑚𝑎 𝑥 (0,𝑀(𝑓(𝑥; 𝐶 ∗) − 𝑠(𝐶)))]… (9) 

It ensures the final model configuration could not only be optimized for accuracy but also 
generalizable across different data sets, hence reducing the probability of overfitting and 
achieving results superior to those of models that might have been hand-tuned. GBMs assist in 
predictive accuracy by emphasizing residual correction. This would enable AutoML to 
supplement the method with the auto-optimization process wherein the final model 
configuration would correspond to the best achievable solution for the samples of data available. 
Overall, the aggregate result of this combination is a very accurate and highly interpretable 
classification and ranking model for employee performance. In such a way, it can help fulfill the 
need for actionable insights within an organizational decision-making process. We then continue 
this discussion with the efficiency of the model so designed in terms of a plethora of metrics and 
compare it with existing methodologies under real-time scenarios. 

4. Comparative Result Analysis 

Experimental setup for this work involves Random Forests, Gradient Boosting Machines (GBMs), 
and AutoML techniques in the pursuit of evaluating and classifying employee performance by 
using a wide and vast dataset for organization performance metrics, behavioral indicators, and 
demographic data samples. The experiment was conducted on a mid-sized technology firm 
employee record dataset consisting of 5,000 attributes. The dataset consisted of project success 
rates, deadlines met, peer feedback scores, manager evaluations, job role, years of experience, 
and performance ratings from the previous evaluation cycles. Data Preprocessing/Missing Value 
Handling/Categorical Variable Handling: All the missing values of the dataset were handled, then 
all the numerical attributes were standardized and one-hot encoded for all the categorical 
variables like job roles and departments. To ensure effective and robust evaluation of the 
generalization capabilities of the model, 70% was used for training and 30% was used for testing 
in splits of the training dataset. For the Random Forest classifier, 100 decision trees were used 
with each trained on different bootstrapped samples of the dataset while a maximum depth of 
10 was taken to avoid overfitting. It employs the Gini impurity criterion to measure the quality 
of splits on the trees and averages a prediction from the Random Forest model to provide the 
final output of classification. Auto-feature importance analysis is automatically executed 
through average decrease in Gini impurity across all trees, where past performance history and 
manager feedback were considered most critical factors in determining employee performance 
of such individuals. To this end, the IBM HR Analytics Employee Attrition & Performance dataset 
is adopted to evaluate the performance of the proposed model. In these records, 1,470 employee 
data are maintained in corporate settings, containing information related to 35 features 
regarding the various dimensions of employee performances, demographics, and workplace 
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behaviors. Such important attributes for the data set included age, job role, years in service, 
performance ratings, monthly income, job satisfaction scores, and attrition statuses, among 
others. The data set also had categorical features, such as department, field of education, and job 
roles, which were encoded appropriately in preparation for the machine learning model. 
Numerical attributes, including years in service and monthly income, were normalized to 
improve compatibility with the algorithm. The dataset should be well-adapted to employee 
performance evaluation, because it covers a variety of performance indicators and personal 
characteristics important for tasks like classification and ranking. It has been extensively used 
in research into HR analytics, providing a strong foundation upon which to validate the approach 
proposed. The validation of the model was carried out using subsets of training (70%) and 
testing (30%) sets. 

This ensured that there would be adequate learning without overfitting. Number of boosting 
iterations was fixed at 500. A logarithmic loss function guided the optimization in every 
iteration. The residual, from the Random Forest model, was passed to GBM as inputs to improve 
the classification and ranking. The gradient boosting process iterates through adjustments made 
for errors in previous iterations, refining model prediction, especially when the employee 
performance classifications are less explicit. To further refine its configuration, AutoML systems, 
AutoKeras and H2O AutoML, were used. For the AutoML system, it harnesses several machine 
learning algorithms, including support vector machines, neural networks, and decision trees; it 
explores some combinations of hyperparameters. The best model is then selected with accuracy, 
F1 score, and precision metrics. AutoML Process The entire AutoML process took approximately 
10 hours to converge, with the chosen final model yielding 94.8% accuracy on the samples used 
for testing. Output by the AutoML system was validated against ground-truth employee 
performance labels while challenging the system to further optimize feature selection and model 
tuning to enhance classification accuracy. The experiments were set up to successfully 
demonstrate that the fused approach by Random Forests, GBMs, and AutoML outperforms 
traditional models in both accuracy and interpretability sets. This integrated model uses 
Random Forests, Gradient Boosting Machines (GBMs), and AutoML techniques. To check the 
performance, the models were tested against three benchmark methods: Method [3], Method 
[5], and Method [12] on the IBM HR Analytics Employee Attrition & Performance dataset. 
Evaluation was performed regarding classification accuracy, precision, recall, F1-score, and 
feature importance analysis. For each method, the performance was compared in detail across 
several metrics and is presented in six detailed tables 2 to 7 as follows, 
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Figure 3. Accuracy Levels 

Table 2: Accuracy Comparison of Methods Across Different Employee Categories 

Employee Category Proposed Model Method [3] Method [5] Method [12] 

Sales 94.5% 88.1% 86.7% 85.9% 

Research 92.3% 89.2% 87.8% 88.1% 

Human Resources 93.7% 90.3% 89.5% 88.9% 

IT 95.1% 90.7% 89.0% 89.8% 

The accuracy for each of the categories in the table is summarized in Table 2. The proposed 
model has performed better than Methods [3], [5], and [12]. With a high over 94 percent 
accuracy in both Sales and IT categories, where employee performance can be expected to vary 
more due to heterogeneous roles and responsibilities, the model has performed significantly 
better than others. Most of the improvements achieved in accuracy are ascribed to the 
employment of Random Forests, while feature importance analysis is used in conjunction with 
GBMs for fine-tuned classification. 

Table 3: Precision and Recall Comparison for Employee Performance Levels 

Performance 
Level 

Precision 
(Proposed Model) 

Precision 
(Method [3]) 

Recall 
(Proposed 
Model) 

Recall 
(Method [5]) 

High 
Performers 

96.2% 91.5% 95.8% 89.7% 

Medium 
Performers 

93.9% 89.3% 92.5% 87.2% 

Low 
Performers 

91.7% 87.8% 90.3% 85.1% 

In Table 3 are the precisions and recalls for classification task of employees as either high or low 
or medium performers. The proposed model is most precise and good in recall, with special 
affinity in the most critical group of classifying into high performers, where higher accuracy 
would be the most important decision-making tool to the organizations. The improvements 
again were because residual errors were capitalized upon by GBMs by reducing the probability 
of misclassifications that could happen in more traditional models like Method [3] and [5]. 

Table 4: F1-Score Comparison of Methods Across Employee Age Groups 
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Age 
Group 

F1-Score (Proposed 
Model) 

F1-Score 
(Method [3]) 

F1-Score 
(Method [5]) 

F1-Score 
(Method [12]) 

21-30 95.1% 90.4% 88.7% 87.3% 

31-40 94.6% 91.2% 89.9% 88.1% 

41-50 92.8% 88.9% 87.4% 86.7% 

51-60 90.7% 87.5% 85.1% 84.9% 

Table 4 illustrates the F1-scores by age. The recommended model gets the highest F1-scores 
within all the age groups, especially the younger employees at the age bracket of 21-30 years. 
This age bracket is often categorized by the high degree of variability in performance as this is 
an early career development process. Including the optimization through AutoML helped to 
increase the F1-scores because the model picked the optimal hyperparameters and algorithm 
configurations. 

 

Figure 4. F1-Score Comparison of Methods Across Employee Age Groups 

Table 5: Feature Importance Analysis and Contribution to Classification Accuracy 

Feature Importance 
(Proposed 
Model) 

Importance 
(Method [3]) 

Importance 
(Method [5]) 

Importance 
(Method [12]) 

Job Role 21.5% 15.2% 14.7% 14.9% 
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Past 
Performance 
Rating 

18.8% 16.3% 15.5% 15.9% 

Years of 
Experience 

17.1% 14.8% 13.2% 12.7% 

Peer Feedback 15.9% 14.1% 13.9% 13.5% 

Table 5: comparison of feature importance for four models The proposed model emphasizes the 
feature "Job Role" and "Past Performance Rating" as the most contributory to the classification 
of the performance of the employee. The feature importance analysis is a strength of the Random 
Forest component as it allows managers to pick out those key attributes responsible for 
performance outcomes. However, the other methods are less likely to capture the relative 
importance of these features and thus contribute to their lower accuracy levels. 

Table 6: Comparison of Training Time (in Hours) for Different Models 

Model Proposed Model Method [3] Method [5] Method [12] 

Training Time (hours) 3.5 1.8 2.2 1.6 

Table 6 gives the training time for the respective models. The proposed model takes 3.5 hours 
to train since it requires extra computational effort by the AutoML optimization and GBM 
iterations in process. However, this increased time is balanced out by the massive upsurge in 
classification accuracy as well as model generalization. Methods [3], [5], and [12] on the other 
hand take less amount of time in training but with that comes at the overall cost of lower 
performance. 

Table 7: Accuracy and Error Rate Comparison for Different Methods 

Metric Proposed Model Method [3] Method [5] Method [12] 

Accuracy 94.8% 90.1% 89.5% 88.9% 

Error Rate 5.2% 9.9% 10.5% 11.1% 

Table 7 Accuracy and Error Rates Summary for Four Models. The proposed model achieved an 
accuracy of up to 94.8%. Such an accuracy represents a much lower error rate than Methods [3], 
[5], and [12]. The lower error rate means the model can perform even better in classifying 
employees within different performance categories. The last model put into place hence 
combines Random Forests, GBMs, and AutoML techniques to confirm its efficiency. The latter 
tables and outcomes show that the integrated model proposed is superior in its performance on 
the accuracy and feature importance analysis sides. Combining Random Forests, GBMs, and 
AutoML provides a higher precision, efficient, and interpretive solution for the classification of 
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employee performance compared to conventional machine learning models with considerable 
advances on multiple metrics. Next we present an iterative visual practical use case for the 
proposed model that will help readers to better grasp the entire process. 

Practical Use Case Scenario Analysis 

In order to prove the effectiveness of the proposed integrated model, a practical example is 
drawn upon it where the dataset of employee performance data at a mid-sized technology firm 
is used. The data set consists of features such as employee job role, years of experience, ratings 
from past work assignments, peer feedback, and managerial evaluations. The dataset is then 
given to Random Forests for feature importance analysis, further refined through Gradient 
Boosting Machines, and finally optimized by AutoML techniques that deliver the optimal model 
configuration. The following tables report the outputs of each stage, consisting of the feature 
importance analysis, model predictions, and final performance classification. In the case of the 
practical use case, we used the IBM HR Analytics Employee Attrition & Performance dataset, 
containing detailed records of 1,470 employees, every record constitutes multiple features 
reflecting both performance and personal attributes. It comprises the basic attributes, that 
include Past Performance Rating, Job Role, Years of Experience, Managerial Evaluation, Peer 
Feedback, Education Level, and Monthly Income. These attributes are applied for assessment 
because they are performance indicators of yestern years as well as the present epoch, alongside 
demographics as well as different factors which play a role in performance outcomes at the 
workplace. For example, Past Performance Rating is the quantification of past performance of 
the employees; Job Role explains the nature of work that needs to be done, which are both 
important in determining future levels of performance. Managerial Evaluation and Peer 
Feedback provide a subjective dimension to objective measures, whereas Years of Experience 
denotes the maturity level of an employee's career. Such a strong set of features encompassed 
in this data set enables in-depth analysis and proper categorization of levels of performance 
about the employee sets. 

Table 8: Random Forests Feature Importance Analysis 

Feature Feature Importance (%) 

Past Performance Rating 23.8 

Job Role 21.2 

Years of Experience 17.4 

Managerial Evaluation 14.1 

Peer Feedback 12.3 

Education Level 6.5 

Monthly Income 4.7 
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Table 8 Presents feature importance from Random Forest model. Random Forest algorithm is 
used to approximate the relative contribution of each feature to predict employee performance. 
As can be seen, "Past Performance Rating" and "Job Role" are the top-scoring features and 
corresponding to 23.8 percent and 21.2 percent, respectively of the total importance, while 
"Years of Experience" and "Managerial Evaluation" play an important role. This evaluation 
identifies critical drivers of employee performance that inform subsequent model refinement. 
From this analysis, it is clear that past performance and job role are the key drivers determining 
the levels of performance for employees. This interpretability this model provides helps identify 
to managers most influential features on predictions, which provide actionable insights into 
which attributes of the employee are more predictive than others regarding performance 
outcomes. 

Table 9: Gradient Boosting Machines (GBMs) Performance Metrics 

Employee Category GBM Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

High Performers 93.2 94.1 92.7 93.4 

Medium Performers 90.8 91.5 90.2 90.8 

Low Performers 89.5 88.9 89.1 89.0 

Table 9 Application of GBMs on residuals of Random Forest model presents the performance 
metrics. All metrics highlighted are for high, medium, and low performers. A 93.2% high 
performance accuracy attained by concentrating on error correction of the GBM model where 
errors by the Random Forest model have arisen, proving critical in the identification and 
selection processes of organizational human resources. Ensuring the generation of better 
performance metrics through iterative learning guarantees classifications for each performance 
category are refined. This is particularly important for high performers, where precision and 
recall are key for making informed decisions about employee promotions and development 
opportunities. The improvements in recall ensure that fewer high performers are misclassified, 
while the high precision minimizes false positives. 

Table 10: AutoML Optimized Model Performance 

Model Accuracy (%) F1-Score (%) Precision (%) Recall (%) 

Random Forest (Base) 89.5 88.7 89.1 88.3 

GBM (Intermediate) 92.5 92.0 91.8 92.3 

AutoML Optimized 95.3 94.9 95.1 94.7 

Table 10 summarizes the final performance of the AutoML-optimized model in comparison to 
the initial Random Forest model and the intermediate GBM model. The optimizations made in 
the AutoML process present several algorithms and hyperparameter combinations that result in 
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an improved model reaching accuracy levels of up to 95.3%, improving F1-score and recall by a 
significant margin. Further, it was discovered that the AutoML-optimized model obtained 
surpasses the initial Random Forest and GBM models. The model selection and tuning performed 
by AutoML lead to a model that is robust and generalizable across different datasets of 
employees. The increase in the F1-score will show effectiveness in maintaining precision and 
recall with fewer false positives as well as false negatives. 

Table 11: Final Performance Classification and Ranking Output 

Employee ID Predicted Performance 
Level 

Ranking Score Key Feature Contribution 

101 High Performer 95 Past Performance Rating 

102 Medium Performer 88 Managerial Evaluation 

103 High Performer 94 Job Role 

104 Low Performer 75 Peer Feedback 

105 Medium Performer 86 Years of Experience 

Performance category High Medium Low Ranking score Table 11: Classification and ranking 
outputs. The ranking score is based on the prediction probability delivered by the model, and a 
list of key feature contributions is given to provide a good understanding of the factors that drive 
each employee's classification. For instance, for employee with ID 101, the employee is classified 
as a high performer with a ranking score of 95, which is strongly driven by past ratings. The final 
output ranks employees not only according to their performance category but also according to 
the likelihood of them belonging to that category. In this way, such ranking is helpful for 
decision-makers in identifying and prioritizing employee development and recognition 
programs. Also, by presenting key feature contributions, it explains even more in detail what 
drives individual performance, hence helping even more in customized talent management 
plans. 

Table 12: Comparative Error Rates of Different Methods 

Method Error Rate (%) 

Random Forest (Base) 10.5 

GBM (Intermediate) 7.5 

AutoML Optimized 4.7 

Table 12 presents the various error rates of the models tested in the experiment. Factually, the 
error rate of the model based on Random Forest was the highest at 10.5% since it is a base model, 
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while that for the model optimized by AutoML was its lowest at 4.7%, and the improvement in 
its error rates was very significant from a predictive accuracy perspective. In addition, the 
decreasing error rates from Random Forest to AutoML-optimized configuration verify every 
step of refinement of the classification process as well. Particularly, errors are optimized in 
selecting autoML's best hyperparameters and model architecture into a stronger and more 
accurate final model process. 

Table 13: Time Taken for Model Training and Optimization 

Model Time Taken (hours) 

Random Forest 1.2 

GBM 2.5 

AutoML Optimization 5.4 

Table 13. Training Time for Each Model During the Experiment. As expected, the 
AutoMLoptimized model took the longest time in both training and hyperparameter-tuning 
during the experiment, amounting to 5.4 hours; however the baseline Random Forest model 
took only 1.2 hours. Increased time is an acceptable overhead for AutoML optimization because 
of the huge improvement in the model's performance. Even though the model takes less train 
time with the Random Forest model, compared to the GBM and AutoML models, it lacks 
refinement. In sum, the additional time that AutoML requires is actually necessary to reach 
optimal classification accuracy and maximum generalizability of the model. So, in summary, the 
following tables show how the proposed model behaves at different stages and by different 
metrics describing the interpolation between basic classification solely using Random Forests to 
the optimal performance in AutoML. Each step is incrementally contributing towards the overall 
improvement of the model, thus validating the decision to take an integrated approach in the 
employee performance classification and ranking process. 

5. Conclusion & Future Scopes 

The proposed integrated model, blending the power of Random Forests, Gradient Boosting 
Machines (GBMs), and AutoML techniques, showed promising enhancements in employee 
performance classification over traditional models. Experimental results confirm that the model 
is effective since the AutoML-optimized configuration obtained a classification accuracy of 
95.3% while the base Random Forest model offered only 89.5% and the intermediate GBM 
model 92.5%. The error rate decreased from 10.5% in the case of Random Forest to 4.7% in 
AutoML, which signifies an improvement in the precision as well as generalizability of the final 
model. Past Performance Rating was found to have the strongest influence over determining the 
employees' performance, accounting for 23.8%, followed by Job Role which comprises 21.2%, 
providing actionable insights that may be utilized by the managers on which attributes to 
prioritize in talent management decisions. The model did well on getting high F1-scores on 
employee categories, showing an eye-catching 95.1% F1-score for the employees aged 21-30, 
further establishing that the model can well predict the performance of any kind of demographic 
group. Moreover, the AutoML module proved to be indispensable while automating the models' 
choice of optimal hyperparameters and architectures thus reducing the time needed on hand 
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tuning while improving overall performance. In a nutshell, it can be stated that the integration 
of Random Forests, GBMs, and the AutoML method has been one of the most accurate, 
interpretable, and efficient solutions for employee performance evaluation sets.  

Future Scope  

These promising results open several avenues for further research in the future. Some other new 
avenues for greater depth of analysis come through using this integrated model on larger and 
more complicated datasets that can include additional features, such as levels of employee 
engagement, external certifications, or even real-time behavioral metrics, including 
collaboration data on projects. A rich expansion of the input space would allow more insight into 
the multifaceted nature of employee performance, and it could also facilitate the discovery of 
more granular patterns. Further, the AutoML framework can incorporate deep learning 
techniques to achieve higher accuracy on models, particularly in cases when the data is 
unstructured, as in the case of text-based feedback and reviews from employees. Apart from that, 
transfer learning may allow generalization across an industry, wherein the knowledge gained in 
one sector is transferred to another with minimal need for retraining. Further development 
could be in the direction of making interpretations of more complex models such as GBMs and 
those AutoML chooses as a neural network more interpretable, so that managers remain 
conscious of the decisions being made based on such models. Finally, future work may include 
updating the model to analyse performance trends and impending performance decline so that 
interventions can be pre-emptive rather than reactive. Advances thus made would improve the 
precision of the model and efficiency, and consequently increase its applicability to a wider 
organizational environment sets. 
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