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PAPER

Enhancing Retention Strategies through Deep 
Learning-Based Dropout Prediction

ABSTRACT
Employees are an organization’s most significant resource. Employee dropout may be costly 
for firms owing to the costs of recruiting, training, and lost productivity. By forecasting drop-
out, firms may take preventative actions such as developing retention programs, provid-
ing targeted assistance to at-risk employees, and addressing possible workplace concerns. 
The unpredictable dropout can assist in reducing dropout rates and saving money. Existing 
approaches to predicting employee dropout use machine learning (ML) techniques for 
employee dropout prediction, which do not present the correlation of various employee 
attributes that may have caused the dropout. Moreover, the imbalanced dataset affects 
the accuracy of prediction results. In this paper, Synthetic Minority Oversampling Technique 
(SMOTE) is applied to the dataset to solve the issue of imbalanced data. Following that, a deep 
learning technique, gated recurrent unit (GRU), is utilized to predict staff dropout effectively. 
It also aided in determining most of the relevant factors of employee results. For this purpose, 
the IBM employee dataset is utilized for training and assessing GRU using 10-fold test-train 
splitting. The ultimate objective is to effectively detect dropouts to assist any organization 
in improving various retention strategies. According to the results, the suggested technique 
achieves 95% accuracy, more significant than existing state-of-the-art approaches.

KEYWORDS
employee dropout, deep learning, synthetic minority oversampling technique (SMOTE), gated 
recurrent unit (GRU), prediction

1	 INTRODUCTION

Employee dropout denotes the voluntary retreat of employees of a firm or a 
company. It is evaluated by various indicators such as return on equity, profitability, 
sales growth, and customer service quality to assess its impact on organizational suc-
cess. Research has shown that high staff dropout rates hurt organizational efficiency, 
making it a significant concern [1, 2], Managing staff turnover is crucial for busi-
nesses as it leads to financial losses, a decline in the organization’s knowledge base, 
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and decreased employee engagement [3–5]. Dropout also has an impact on produc-
tivity and meeting organizational goals on time. It encompasses employee resigna-
tions, deaths, and retirements [6] and is an essential aspect of workforce planning to 
ensure the availability of suitable employees when needed.

Organizations and their management continuously seek ways to evaluate and 
improve human resource (HR) management operations. Traditional approaches like 
surveys and experimental studies have limitations, including reliance on self-reports, 
resource-intensive requirements, and the lack of real-time evaluations [7]. Deep 
learning, particularly predictive analytics, offers the potential to predict employee 
turnover by identifying patterns and forecasting future events [3, 8]. Deep learn-
ing employs artificial intelligence (AI) techniques to extract valuable information 
from data at various levels of representation and abstraction [9, 10]. By leverag-
ing predictive analytics, companies can gain insights into real-time behaviors based 
on online data, enabling them to forecast and address employee dropout [11, 12]. 
Employee Dropout Prediction models assist HR professionals in estimating employee 
departures, allowing them to focus on retaining valuable resources.

The focus of this study work is on using and investigating a gated recurrent unit 
(GRU) for predicting employee dropout. The GRU model effectively utilizes relevant 
parameters to accelerate prediction [13, 14]. It leverages current neural networks 
and is a gating mechanism similar to long short-term memory (LSTM) models but 
with rare parameters [15–20]. The GRU model considers various input variables, 
including wage structure, work-life balance, job satisfaction, and relationships with 
supervisors, as indicators of potential dropout. By providing warnings of dropouts, 
this prediction framework aids management in making informed decisions and 
taking appropriate actions.

This study also analyzed HR data using deep learning and predictive analytic 
techniques. The data was obtained from an online repository and underwent clean-
ing, preparation, and preprocessing using various data exploration techniques. 
A data-balancing technique was applied to overcome the class imbalance in the 
class of a dataset. The GRU prediction model was applied to the preprocessed data, 
and its performance was enhanced through 10-fold cross-validation. The results 
demonstrated that the deep learning model performed exceptionally well on the HR 
dataset, surpassing previous prediction algorithms with an accuracy of 95%.

A)	 Research contributions

The contributions of the study can be summarized as follow:

•	 Conducting a comprehensive literature review to identify existing deep learning 
and machine learning (ML) techniques for employee dropout prediction, along 
with the analysis of relevant datasets.

•	 Using a deep learning-based GRU algorithm as a solution to problem.
•	 Performing experiments that compared the proposed model with state-of-the-art 

approaches using a 10-fold test-train split. The results showcased the superior 
performance of the GRU-based predictive analysis model, achieving an impres-
sive accuracy of 95%.

Paper structured as follows: Section 2 presents an outline of the related studies. 
Section 3 describes the research methods employed. Section 4 explains the results 
and discussions, and finally, Section 5 concludes the study and future work.
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2	 RELATED WORK

This section reconnoiters the literature relevant to the proposed study investi-
gation. The related literature is based on an examination of prior approaches and 
research findings for forecasting employee dropout. The most recently applied 
state-of-the-art techniques were chosen for the literature review.

Shawni [21] investigated the neural network cross-validation method for pre-
dicting employee turnover. To estimate employee dropout on a single platform, they 
proposed using a neural network based on feed-forward using a 10-fold validation 
strategy. The Purpose of their study was to look into the feasibility of employing 
relevant criteria and the possibility of being affected by the dropout process. Their 
proposed method was evaluated and compared to existing classifiers. The exper-
imental analysis found that the proposed method significantly outperforms the 
existing classifier regarding performance measures.

In their work, [22] presented the ML method for determining employee turn-
over. Their work evaluated the performance of different supervised ML algo-
rithms on several HR datasets. In the context of statistical analysis, this work 
established and applied several data mining techniques, such as data expanding, 
parameter surfing, and validation. Feature significance ranking and classifier 
visualization were used to improve the interpretability of the employee dropout 
prediction model.

Jinquan discussed graph neural networks of heterogeneous nature for employee 
turnover forecasts [23]. During their study, they developed a data-driven deep 
neural network to model proof of worker turnover from an internal and an external 
perspective. They combined BiLSTM and survival analysis to predict employee turn-
over from inside and outside viewpoints and exploited the attention mechanism. 
Finally, they ran extensive tests to assess the effectiveness of their approach using 
large-scale real-world personnel data.

In another state of the art, Salah argued for using deep neural networks to antic-
ipate employee turnover [24]. They evaluated the employee’s dataset to see what 
elements attract the individual to leave the company. There was also information 
about the relationships between various qualities. Their study found that the most 
compelling aspects affecting employee decisions were extra hours, work level, and 
monthly salary. Using the dataset provided by IBM Analytics was problematic due to 
its inconsistency. The dataset’s prediction accuracy was 94%.

Pekel [25] created a convolutional neural network (CNN) model for predicting 
employee dropout. Employee dropout was expected in their study of retail sales 
personnel using deep learning algorithms. Initially, they used ML approaches to 
predict employee dropout. The CNN was also used to increase the accuracy ratio. 
The projected models were fruitfully executed for a dataset of 1186 salespeople at 
a retail organization based on the original and real data sets. According to the find-
ings, the proposed ECDT framework is an accurate predictor of employee turnover. 
By roughly 11%, the ECDT-GRID model surpassed Decision Trees, which generated 
effective results from basic classification algorithms.

In another paper, [26] discussed using deep learning data to provision employee 
analytics for employee retention prediction. First, they offered a deep data-driven 
methodology dependent on a hybrid technique to build a model for employee 
dropout in order to discover essential employee characteristics impacting their 
dropout. Their dropout prediction technique was based on intelligent learning 
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models and was tested on simulated big and average-sized HR datasets, as well 
as a genuine small-sized dataset with 450 answers. When compared to earlier 
methods, their methodology obtained remarkable accuracy for the three datasets. 
Finally, while prizes and compensation were often considered important factors in 
retention, their data showed a factor, ‘business travel,’ was the primary motivation 
for workers.

Fahad [27] presented a forecasting mechanism for the dropout of employees 
using an ensemble using ML approaches. They developed an automated strategy 
for predicting employee dropout that used numerous predictive analytical method-
ologies. To select the best model, the systems were combined with various pipeline 
topologies. Furthermore, an auto-tuning technique was employed to find the finest 
arrangement of multiple parameters for generating the champion models. Finally, 
they provided an ensemble strategy for choosing the most efficient model by con-
sidering a variety of evaluation metrics. The consequences of the proposed model 
demonstrated that no prototype could be deemed optimal or ideal for a business 
environment up to this moment.

The research used ML approaches such as SVM, Naive Bayes, and random for-
est (RF) classifiers to predict employee dropout [28]. These methods were utilized 
to forecast which employees would depart the company over the next two years, 
using a few categorization models. As a result, in order to examine the trend, they 
divided their inquiry into two cases. In the first scenario, they analyzed all Focused 
Variable classes, but in the second, they removed those individuals who still raised 
concerns about leaving an organization soon. Compared to the other models, the RF 
classifier was the most efficient model in the study, with the highest accuracy and 
recall value.

An improved RF algorithm was used for predicting employee turnover in 
research [29]. They utilized their suggested weighted quadratic random forest 
(WQRF) method on employee dropout data having high-dimensional with 
imbalanced features. At first, the RF method was employed to prioritize features and 
minimize dimensions. Second, the selected characteristics were combined with RF, 
and the F-score for every decision tree (DT) was computed as a weights to develop 
the employee turnover likelihood framework. The primary determinants impacting 
employee turnover were discovered in an experiment utilizing an employee dataset 
of communications business: monthly income, years at the company, gender, dis-
tance from home, overtime, age, and percentage of wage rise. Monthly salary and 
overtime were the two most critical criteria among them.

Fallucchi [30] used ML to predict employee dropout. Following training, the model 
was tested on a dataset of IBM Analytics, having 35 attributes and around 1500 
samples. The results were presented in traditional metrics, with the Gaussian Nave 
Bayes classifier producing the superlative results for the supplied dataset. It had 
the maximum recall rate because it looks at a classifier’s ability to detect all positive 
occurrences and achieves an overall false negative rate of 4.5%.

Golande [22] demonstrated an ML technique for explaining and forecasting 
employee turnover in their work. The primary reason for conducting their study 
was developing a model that can predict whether an employee would quit or not. 
The primary objective was to experiment with the validity of employee assessment 
and satisfaction scores in the company, which can contribute to reducing employees’ 
dropout. In their study, they have applied various ML algorithms in an HR data set. 
From their findings, RF is concluded to be better than the other ML classifiers.

https://online-journals.org/index.php/iTDAF
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Table 1. A summary of several articles on dropout prediction based on their methodologies and findings

Study Methods Dataset  
Size

Performance  
Measures Variables Limitations

[32] NB, DT, RF 16,649 Accuracy (97.5%) 12 Unbalanced and biased data were 
disregarded.
The inference of relationships 
between employee attributes was 
not investigated.

[33] ML 
models

D1 = 1470,
D2 = 14,999

Accuracy (96%) 35 Both datasets lack an obvious 
distinction between classes.
Extensive preparation.

[30] NB 1500 Accuracy (82%) 35 Extensive pretreatment
Unbalanced data is disregarded.

[24] DNN 1500 Accuracy (85%) 35 The significance of factors influencing 
employee turnover is unrelated.
The harmonizing of datasets is 
inefficient.

[34] GBM 577 Accuracy (89%) 17 Experimental evaluations are limited 
to particular real-world datasets.

[35] DNN 720 Accuracy (89%) 20 The features of local employees are 
not discussed.

[36] ADASYN,  
SVM, RF,  
KNN

1575t F1 score (50%) 25 A prediction model with diminished 
precision and accuracy.
Manual under sampling was 
performed on the dataset.

[27] MLP 1500 Accuracy (93%) 35 Prediction model implying 
lower values

In another research, [31] presented an employee dropout prediction frame-
work with an ML technique. Their study suggested a three-stage dropout predic-
tion paradigm (pre-processing, processing, and post-processing). The dataset had 
various features. During the pre-processing step, dimension reduction was advised 
to employ the “max-out” feature selection strategy. That method was tested using 
the IBM HR dataset. Finally, the model’s parameters were validated by training it 
on many bootstrap datasets. The model’s confidence rating and stability were then 
determined by calculating the average and standard deviation parameters. Table 1 
lists some of the other fundamental techniques for forecasting employee dropout.

A summary of several articles on dropout prediction based on their methodolo-
gies and findings, the literature review shows that most of the methods for predict-
ing employee dropout are based on ML approaches. They are pretty remarkable in 
accuracy and predict employee dropout efficiently; they fail to capture the long-term 
dependency, handle variable-length sequences, and efficient training, which is done 
using the recurrent nature of GRU. It uses imputation to auto-handle missing data 
to improve the accuracy of the proposed model. Therefore, there exists a need to 
provide a deep learning GRU-based model that efficiently overcomes the said limita-
tions. The displayed model will provide an employee dropout predicted result.

Which leadership of companies easily identifies an employee leaving and takes 
necessary actions to stop them.

https://online-journals.org/index.php/iTDAF
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Fig. 1. GRU-model for employee dropout rate

3	 PROPOSED METHODOLOGY

This study proposed an Synthetic Minority Oversampling Technique (SMOTE)-
based hybrid deep learning GRU-based model to predict employee dropout in an 
organization. The critical steps of the proposed model have been depicted in Figure 1, 
as it is apparent that the vital stages of the proposed model comprise three layers: 
the input layer, the system layer, and the prediction layer. The input layer is primar-
ily responsible for data collection, filtration, and preprocessing, which also handles 
the imbalanced nature of the data through the SMOTE [37, 38]. Whereas the system 
layer’s work uses the GRU algorithm for analyzing and classifying test and training 
datasets, providing results to the prediction layer. The detailed description of each 
layer is explained in the below subsections.
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3.1	 Input layer

This is the first and most crucial layer of the proposed model. This layer is respon-
sible for data collection, data filtration, and data preprocessing. Data preprocessing 
also has a sub-phase that is cleansing and transformation, where the collected data 
is pre-processed and balanced for better results.

Dataset collection. The IBM HR Analytics employee performance and dropout data 
(https://www.kaggle.com/datasets/pavansubhasht/ibm-hr-analytics-dropout-dataset), 
which was published in Kaggle’s Competitions, was used in this study. Figure 2 shows 
a snapshot of the initial details of the dataset. Figure 3 depicts the distribution of drop-
out factors in positive and negative scenarios. The IBM HR dataset has 1470 records 
and 35 factors, one of which is dependent (employee turnover) and the rest of which 
are independent. Personal qualities factors, job-related variables, and career-related 
variables are the three primary groups of independent variables. Because of the data-
set’s complexity, a feature reduction technique is necessary. This procedure is based 
on the filtration approach [39, 40], and the candidate feature list is given in Figure 3. 
The currently presented research uses the open IBM HR Analytics dataset, which 
already serves for many employee churn-related studies as a benchmark. Although 
this choice allows for a fair comparison with previously published results, relying on a 
single dataset may restrict the generalizability of findings. Organizational culture, HR 
policies, and workforce dynamics differ across industries and company sizes. Future 
research efforts, therefore, need to further this work by validating the proposed frame-
work on multi-source enterprise datasets from diverse industrial domains.

Data balancing. The potential features, which had been cut down to 26 features, 
were used to examine the data for pre-processing. Preprocessing is often used in 
studies that try to predict employee turnover because datasets often have missing 
records, different noise levels, and significant scale changes per feature [41, 42]. 
Other data preparation methods were used to get the most valuable results.

Fig. 2. Dataset after filtration

Exploratory data analysis was employed to determine how the data was put 
together and its features. The measured numbers for “Standard Time,” “Over 18,” 
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and “Employee Count” were all the same. “Employee Number,” an employee ID 
number, was taken out of the model variables. One-hot encoding and label encoding 
were used to code categorical values.

Fig. 3. Dataset after filtration

There were more employees who left compared to those who remained, so 
the SMOTE was employed to create new cases. SMOTE is a method used to cre-
ate new instances by modifying existing data and employing a synthetic minority 
oversampling technique. The method of SMOTE identifies the nearby neighbor of 
the up-sampled data and then calculates the distance between them. Subsequently, 
the distance is added by a random number is k, which is added to the initial sam-
ple for creating additional synthetic examples. Algorithm 1 presents the SMOTE, 
where the features created synthetically are well-proportioned and can be applied 
in the system layer.

Algorithm 1: Working of SMOTE

Variable Majority Factors F+, Minority Factor F-, threshold ĥ, ratio 

R, Euclidean distance ∂, 

Generated Samples 𝕊

Input: Total number of majority factors F+ and minority Factors F-

Start
1. Set threshold ĥ th-> max (degrees (class imbalance))
2. For every minority factor f, calculate Euclidean distance ∂
3. 

R

i

k
k 0

i
� � �, 1

4. 
  
R R R

f i i
� /�

5. � � F
F
�

�

6. 𝕊 = (F+ - F-) * β
Output:
No of 𝕊
End
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3.2	 System layer

In particular, given the turnover profile elements of the employee E, the GRU 
circle is utilized to get these properties first. Next, evaluate the contributions of 
numerous turnover elements to the ultimate conclusion. When learning long-term 
dependencies, GRU networks outperform typical recurrent neural networks (RNNs) 
by overcoming the challenges of gradient vanishing and explosion. The GRU net-
work is used in the system layer, and its enhanced prediction variant remedies this 
deficiency. Finally, this work applies an improved loss function to produce reliable 
dropout predictions for the unbalanced problem of the turnover dataset.

The purpose of our suggested model in this study is to forecast employee turn-
over. The model forecasts the label r for the ith personnel sample based on employee 
attributes and information related to the profile Ei. Ei’s profile data includes num-
ber_project, average_monthly_hours, salary, increment, age, gender, evaluation, 
manager, satisfaction_level, time_spend_company, and so on. The classification label 
r denotes the projected outcome, such as turnover or non-turnover. This paper treats 
the turnover problem as a binary classification case with general loss, r ∈{0, 1}, Let 
r = 1 if the ith men will quit the job. Otherwise, r = 0. As the objective of this study is to 
estimate the turnover category T (ri, Ei), the following formal definition of personnel 
turnover prediction is provided in this study as shown in Equation 1:

	 r
T i E

her
�

� ��
�
�

��

1 1 0 5

0

, ( ) .

,

r i

ot wise

ˆ � | � �
	 (1)

The properties of the input turnover rely on them, so a GRU neural network is 
used to train sample profile feature representations. As a type of recurrent neu-
ral network, GRU is efficient at modeling information about patterns. GRU can also 
determine how different parts of an individual’s profile affect each other and stop 
gradients from spiking and dropping off. At the first layer, input coding is conducted. 
The GRU model used numerical or textual inputs to code the HR data that has already 
been analyzed and balanced. It usually involves changing categorical variables into 
one-hot encoded matrices using normalization or scaling numerical variables. Next, 
Sequence Processing starts.

GRU can handle the collapsed HR data in order, taking into account how differ-
ent data points depend on each other in time. The GRU cell gets each input in order, 
and the model keeps a secret internal state to store the information from the pre-
vious inputs. Afterward, Hidden State Update gets activated. The GRU model’s that 
hide state is updated every time step by adding current input to the earlier hidden 
state. The filtering system of GRU decides the amount of information from the prior 
hidden state that must be kept while determining how much new information will 
be added. After the hidden state update, Information Propagation is activated. The 
new hidden state is sent to the next time step. This lets the GRU spread information 
and track long-term relationships across the sequential data. The way of spread-
ing information helps the GRU model figure out trends and connections in the HR 
data. Once the HR data has been processed, the GRU model generates outputs based 
on what it has learned. For instance, based on the input, as the goal is to predict 
employee turnover, the GRU gives a binary classification that shows how likely an 
employee will leave or stay. Finally, the output layer is where the HR data is paired 
with goal labels (such as “dropout labels”) that describe whether an employee is 
going to stay or leave. The GRU model learns to use optimization methods like back-
propagation and gradient descent to change its internal parameters so that the gap 
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between its predicted outputs and the actual labels is as small as possible. The work-
ing of the system layer is explained in Figure 4.

As an initial vector sequence, this study signifies all of the turnover characteris-
tics in each sample.

	 E o
i
n turnover turnover

n
turn vere e e

�
� � �1 1 2

, , , 	

n refers the number of profiles. Further, Eq. 2 to 5 are used in GRU.

Fig. 4. GRU steps in the system layer

	 rt = s (Wr xt + Ur ht-1 + br)	 (2)

	 zt = s (Wz xt + Uz ht-1 + bz)	 (3)

	 h~t = tanh(W xt + U(rt ʘ ht-1) + bh)	 (4)

	 ht = zt ʘ ht-1 + (1 - zt) ʘ h~t	 (5)

Where σ is the sigmoid function, an element-wise product is denoted as ʘ, rt is 
used to control the mixture of new input with the current memory, z_t holds previous 
memories that are mixed with the current state, and h˜t is the candidate state of h_t.

After obtaining the profile features of the input samples, attention is focused on 
calculating the weight coefficient, which evaluates the comparative significance of 
various attributes and characteristics of the data set. For example, for any given 
employee instance of the turnover sample, this study has N sets of output from 
N GRU cells; for the illustrative example, attention is computed via Eqs. (6)–(8). The 
vector ci is obtained by weighted sum. The calculation can be written as

	
C
i ij

j

N

j
� �

�
�

1


	 (6)

Where ci represented as the formation of the sequence as the weighted sum of 
hidden representation, αij indicates the normalized importance. Each Ej can have 
weight coefficient ∝ij which is calculated

	 � �

��
ij ij

Eij

k

N
E ik

soft ax E
e

� m
e

( )
�

1
�

	 (7)
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Eij denote the result about degree of dependent between Ei and Ej.

	 Eij = F score (Ei, Ej) = uT tanh(W1Ei + W2Ej)	 (8)

F score is a function to retrieve the score in terms of E_i and E_j, where u, W_1, 
and W_1 are learned attention parameters. E_ij obtained from function F score is 
normalized by softmax by Equation (7). The output of attention is a weighted sum 
that is routed through the prediction layer.

3.3	 Prediction layer

This is the final layer that gives the end classification by adapting the proposed 
model. In this layer, it is only decided whether an employee will stay or leave an orga-
nization. The final classification labels for leave and stay are 0 and 1, respectively.

4	 EXPERIMENTAL RESULTS AND EVALUATION

In order to validate the outcome of the proposed model, an evaluation was 
involved in two different aspects. First, the accuracy, MSE, and AUC of the proposed 
GRU-based approach were studied, and results were inferred. Afterward, the pro-
posed GRU was compared with baseline methods to compare performance mea-
sures. The architecture of the model is a single-layer GRU network and a fully 
connected dense layer used for binary classification. The hidden units in the GRU 
layer are 64, and the dropout rate to curb overfitting from the model is 0.2. The acti-
vation function used is ReLU in the hidden layers, and the output layer is activated 
by the sigmoid function.

The loss function used in training the model is binary cross-entropy. Training 
went for 100 epochs using a learning rate of 0.001 and an Adam optimizer using 
a batch size of 32. Early stopping was used based on the validation loss to avoid 
overfitting. We conducted all the experiments using 10-folds cross-validation so that 
the results produced are robust and reproducible. This section explains the perfor-
mance measures and experimental results and compares the solution with baseline 
methods to validate the proposed solution.

4.1	 Performance measures

To ensure comprehensive coverage and unbiased evaluation of the dataset, 
various assessment measures were employed in this study. These measures serve 
as a basis for justifying the performance of any model. The performance evaluation 
measures used are as follows in Equations 9–12:

	 Precision P
Num rof correctlyPredicted Leaving Emplo

�( ) �
� � � � �

=
be yyee

Numberof all Predicted Leaving Employee� � � � �
	 (9)

	 Recall R
Numberof retrieved Leaving Employee

Numb rof
�( ) �

� � � �

� �
=

e LLeaving Employee�
	 (10)

https://online-journals.org/index.php/iTDAF


	 46	 IETI Transactions on Data Analysis and Forecasting (iTDAF)	 iTDAF | Vol. 4 No. 1 (2026)

Hussain et al.

Accuracy: This statistic measures the proportion of right predictions to the overall 
number of instances evaluated. Calculated using Equation 11

	 Accurcay
No of correct predictions

Total No of pr icti
� �

.� � �

� .� �
=

ed oons
	 (11)

Mathew correlation coefficient (MCC): Typically, the MCC is employed in cases of 
unbalanced datasets. As with the loss and accuracy patterns, the MCC also dimin-
ishes for the test set (see Equation 12); a value of +1 indicates flawless prediction.

	 MCC ��
� � �

� � � �

( ) ( )

( )( )( )(� )

T TN FP FN

TP FP TP FN TN FP TN FN

P 	 (12)

This metric is predominantly intended for evaluating binary classification 
problems. MCC is a singular number derived from the confusion matrix’s parame-
ter values.

4.2	 Experimental results

Assessing the prediction model with merely train-test sets is not always suffi-
cient. To achieve a more realistic measurement, cross-validation with 10-folds is 
performed. The proposed GRU-based model, employing 10-fold cross validations, 
achieved the highest performances among all specified ensemble classifiers. Figure 5 
demonstrates the overall performance of the proposed GRU model across 10 folds 
of iteration, while Figure 6 presents the results of MSE over the same 10 folds. The 
results indicate that as the number of folds increased, the training and testing MSE 
decreased, demonstrating improved performance. Concurrently, accuracy increased 
across the folds.

Fig. 5. Training and testing accuracy in each iteration of cross-validation
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Fig. 6. Training and testing MSE in iteration of cross validation

The ROC curve is a visual display of a binary classifier’s performance. It demon-
strates the True Positive Rate versus the False Positive Rate for various classification 
limits. The curve depicts the balance between the classifier’s capacity to accurately 
identify positive examples (True Positive Rate) and its likelihood to mistake negative 
cases for positive ones (False Positive Rate). The AUC is a summary metric derived 
from the ROC curve. It quantifies the classifier performance by measuring the area 
under the curve. The AUC ranges from 0 to 1, with a higher value indicating better 
classifier performance. An AUC of 0.5 suggests a classifier that performs no better 
than random guessing, while an AUC of 1 indicates a perfect classifier with perfect 
discrimination between positive and negative instances. Figure 7 shows the ROC of 
the selected model.

Fig. 7. AUC and ROC of the proposed framework
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The MCC for the test set also achieved a value of 0.93, indicating that the proposed 
framework has a strong capacity for prediction. In the first scenario, the model’s 
efficacy when classifying employees was severely diminished. This is because imbal-
anced values existed in the initial dataset. Later, after processing, these instances 
were rebalanced, and the framework was able to classify the departing class employ-
ees and the remaining class employees very accurately. Figure 8 presents the MCC 
of the selected dataset with the imbalance dataset. Whereas Figure 9 demonstrates 
MCC with a balanced dataset.

Fig. 8. MCC with imbalance dataset

Besides accuracy, the proposed framework was evaluated on precision, recall, 
F1-score, ROC-AUC, and MCC to ensure reliable assessment under imbalanced data 
conditions. The GRU-based model outperformed with high precision and recall 
values, reflecting its strong capability of correctly identifying the employee dropout 
cases while minimizing false alarms. The ROC-AUC score further confirms the dis-
criminative power of the model, while the value of MCC as 0.93 reflects robust 
prediction performance across both the classes. Confusion matrix analysis demon-
strates a great reduction in false negatives after SMOTE-based balancing, which is 
very critical for proactive employee retention strategies.

4.3	 Performance comparison with baseline methods

The initial data set is utilized in a different study, which offers a problem 
because of the significant disparity in sample counts between targets 0 and 1. The 
suggested approach is to compare the existing state-of-the-art methods in Table 2. 
The results showed that the proposed model outperformed all competing systems 
regarding accuracy, owing to deep learning’s classification strength and early bal-
ancing stages.
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Fig. 9. MCC with balanced dataset

Table 2. Compare the proposed model with state-of-the-art contribution

Contribution Accuracy (%)

ECDT [25] 82

DNN [24] 89.1

Proposed GRU 95

The GRU algorithm outperformed existing ML and deep neural network-based 
techniques in the prediction challenge. Furthermore, 10-fold cross-validation was 
used to get realistic performance using the balanced dataset. The performance mea-
sures of the proposed work are better than these methods using the same dataset. 
Once the dataset had been balanced, as described in previous sections, the proposed 
GRU-based technique outperformed all other state-of-the-art approaches in predic-
tion accuracy. The adoption of the SMOTE approach before deep learning resulted 
in improved accuracy. The GRU-based deep learning strategy aided in selecting only 
the most compelling features. We compared the cross-validation approach with DNN 
[24] and ECDT [25]. As seen in Figure 10, the accuracy of our model is significantly 
higher than that of existing approaches.

5	 DISCUSSION

This study emphasizes adding significant contribution and meaning to the 
research that has already been done, which uses the DL-based GRU method in system 
prediction. One thing that makes the proposed model stronger is that during the 
evaluation, we also tried to find the relationship between different factors that can 
impact the employee’s decision to drop out. This is important because it can be used 
to measure precision and accuracy. Also, past studies do not emphasize identifying 
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any link between the different reasons that cause employees to quit or change jobs. 
We constructed a heatmap to further analyze the correlation among multiple factors 
of the employee IBM HR dataset. The primary purpose of a heatmap is to provide a 
visual summary of the data, highlighting patterns, trends, or relationships between 
variables. Heat maps can be particularly useful, as the HR dataset had multivari-
ate data. Heatmaps can quickly identify areas of interest, spot outliers, and make 
comparisons across different variables or categories, as shown in Figure 11.

Fig. 10. Comparison of the proposed model with baseline methods

Fig. 11. Relationships of multiple employee factors affecting each other for turnout
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The relationships of various factors of employee turnout are explained below. 
The heatmap can demonstrate correction between pairs of variables. A positive 
correlation indicates that if one element is increasing, it leads to an increase in 
another factor. For example, the employee’s satisfaction level is increased with the 
number of projects, as it ensures that the employee is happy about his job. Similarly, 
role and job involvement are also directly proportional.

On the other hand, the number of projects does not impact distance from home, 
monthly hours, and job involvement. This relation is evident due to contracting 
shades of the heatmap. The key drivers of an employee include variables like salary, 
job involvement, role, and evaluation, as indicated in the figure. At the same time, 
gender appears to be an outlier that is not affecting the decision of employee turn-
out. We also observed some trade-offs between factors, like a negative correlation 
between the quantity of projects and monthly hours on average, indicating that 
employees with more ventures tend to work fewer hours per project.

The attention mechanism embedded within the GRU model enables identification 
of influential employee attributes contributing to turnover prediction. Experimental 
analysis indicates that monthly income, job involvement, work-life balance, 
overtime, and performance evaluation scores are among the most critical predictors. 
Correlation analysis further reveals interdependencies among these factors, offer-
ing actionable insights for HR managers. Unlike traditional black-box models, the 
proposed framework enhances interpretability by quantifying feature relevance, 
thereby supporting evidence-based retention strategies.

From this discussion, it is observed that multiple factors affect the decision of 
employee turnout in an organization, which plays an essential role in forming the car-
rier. Due to imbalanced datasets, traditional employee turnout prediction techniques 
may suffer from low relevance and precision. Furthermore, due to the complexity 
of many factors, determining the reason for employee turnover is exceptionally cha-
otic and time-consuming. Based on the balanced dataset and GRU-based prediction 
model, this study provides an effective predicting mechanism for employee drop-
out that identifies a particular employee from the dataset of an organization. The 
very most important thing of study is higher accuracy achieved due to GRU. This 
approach enables organizations to work on employee retention policies and offer 
better careers. Along with the prediction, the proposed model provides organizations 
with different factors that depend on each other with direct and indirect relations. 
Last but not least, the proposed model has certain limitations, including scalability.

Although the proposed SMOTE–GRU framework demonstrated strong predictive 
performance, several avenues for future research remain. Firstly, the model is to be val-
idated with real-world human resources datasets collected from organizations across 
industries and organizational scales to enhance generalizability. Secondly, future 
studies might investigate the use of state-of-the-art hyperparameter optimization tech-
niques, such as Bayesian optimization or evolutionary algorithms, to further fine-tune 
GRU. Thirdly, scalability issues can be explored by using distributed training frame-
works and testing the model on large-scale enterprise HR systems. Finally, the integra-
tion of sentiment analysis from employee feedback, emails, or performance reviews 
may yield richer contextual insight and further improve dropout prediction accuracy.

6	 CONCLUSION

In today’s highly competitive business environment, employees influence a com-
pany’s profitability. The higher the employee turnover rate, the greater the recruit-
ment and training expenses, and the lower the customer satisfaction and level 
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of service. By anticipating employee behavior, employee attrition analysis seeks to 
reduce employee turnover. Classification and prediction algorithms like GRU offer 
significant opportunities for predicting employee turnover. This work proposed 
a GRU-based model for turnover prediction in this employee HR dataset compris-
ing 1470 records against 35 factors. Precisely, we first balanced the IBM employee 
dataset using SMOTE, then used GRU to learn significant turnover variables, and 
last employed an attractive method of the model for profit information. Finally, we 
ran trials using turnover data to validate our model’s effectiveness and accuracy. 
The numerical results indicate that the proposed GRU-based model was a practical 
approach for identifying employee dropout with an accuracy of 0.95. Furthermore, 
different related and interrelated factors are also studied to help the organization 
plan its retention approach. In the future, we intend to apply sentimental analysis to 
discover turnover elements to forecast employee turnover behavior.
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