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Abstract. As the attrition rate increases, it is difficult for Human Resource professionals to 

predict the influencing factors. Taking necessary actions at the right time to retain employee 

will reduces employee recruitment costs become difficult for Human Resource Personnel 

Therefore there is a need for efficient decision making system for Human Resource 

Management. In this study, to predict Employee Attrition, one of the advanced Deep learning 

techniques called Feature Tokenizer Transformer (FT-Transformer) architecture model was 

implemented which works efficiently for tabular type of datasets. The dataset used in this study 

was the IBM HR Analytics Employee Attrition obtained from Kaggle Repository. Performance 

of the model was evaluated using standard metrics of accuracy, precision, recall, F1-score, and 

Area Under the ROC curve (AUC) and along with confusion matrix. An Explainable Artificial 

Intelligence (XAI) method called SHAP (SHapley Additive exPlanations) was applied to the 

FT-Transformer predictions to know the strong attributes that influences an employee to leave 

an organization. The Proposed model achieved an accuracy of 87.07% and an AUC of 0.763 

with highest SHAP value 0.041003 for the attribute age. 

Keywords: Employee Attrition Prediction, Deep Learning, FT-Transformer, Explainable 

Artificial Intelligence (XAI), SHAP, IBM HR Analytics Employee Attrition, HR Professional, 

Decision-Support systems. 

1. Introduction 

Attrition is the gradual reduction of employees in an organization due to resignations 

and retirements. Causes for employee attrition include poor work environment, work-

life balance, job satisfaction and compensation that impact the performance of an 

organization. HR professional monitors to understand the causes for leaving an 

organization and manages attrition in order to reduce job recruitment and training cost 

and to increase productivity [1]. As modern organizations increasingly depend on 

data-driven decision-making, the ability to accurately predict employee attrition has 

become an important objective in human resource (HR) analytics. Early identification 

of employees at risk of leaving organization enables to implement retention strategies 

and optimize workforce planning [8]. Traditionally, statistical and rule based methods 

were used for employee attrition analysis but it lacks to predict the complex and 

nonlinear relationships between the attributes. With the growing availability of public 

datasets and emerging Machine Learning (ML) techniques [2] such as Decision 

Support Trees, Logistic Regression, Support Vector Machines, and XGBoost have 
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been widely implemented to improve predictive performance. Though these 

techniques increases performance but lacks in handling class imbalances and high 

dimensional feature interactions [9]. Recent advancements in deep learning [3] have 

the capability to learn more complex patterns such as text, image and audio but limits 

its applications in processing tabular dataset. Due to its black-box nature, it lacks its 

adoption in sensitive domains such as human resource management, where 

transparency, fairness, and trust are essential [10].Transformer-based architectures 

have recently gained attention for their ability to model complex feature interactions 

and long-range dependencies. Although transformers were developed for Natural 

Language Processing, recent applications have proved their effectiveness on tabular 

data [11]. The Feature Tokenizer Transformer (FT-Transformer) is a specialized 

transformer architecture designed for processing tabular datasets such as IBM HR 

analytics, where each feature is treated as a token and processed through self-attention 

mechanisms [12]. Though the model proves its efficiency but fails in interpreting its 

results. In this study, FT-Transformer model was implemented to predict attrition 

using IBM HR Analytics Employee Attrition dataset and an Explainable Artificial 

intelligence (XAI) [4] method SHAP was implemented to interpret the results to 

increase decision making capability of HR professionals to understand what strong 

attributes influence employee attrition. . Model performance was assessed using 

metrics such as accuracy, precision, recall, F1-score, and area under the ROC curve 

(AUC), along graphical representations such as confusion matrices, ROC curves, and 

precision–recall curves.This is paper is divided into 5 sections where section 1 

describes about employee attrition and its prediction models. In section 2, Dataset 

collections and its description are given. Methodology used in this study is given in 

section 3. Experiments and results are discussed in section 4. Finally conclusions are 

given section 5. 

2. Dataset 

The dataset used in this study was IBM HR Analytics Employee Attrition collected 

from the Kaggle repository [5]. The dataset contains 1,470 employee records with 35 

attributes. These attributes include demographic, education, work-life balance and 

professional details. Among these 35 attributes, 4 attributes having constants were 

removed, and finally, 30 attributes were taken as input and an attribute Attrition as a 

target attribute.  The updated dataset attributes along with their descriptions and data 

types were presented in Table 1. 

Table 1: IBM HR Analytics Employee Attrition Dataset Attributes, Description and 

its Data Types 

S.No Attribute Name Description Data Type

1 Age Employee age (years) Numerical 
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2 BusinessTravel Business travel frequency Categorical 

3 DailyRate Rate of Daily wages Numerical 

4 Department Employee Department Categorical 

5 DistanceFromHome Distance from home to workplace 

(km) 

Numerical 

6 Education Level of education (1–5) Ordinal 

7 EducationField Education Domain Categorical 

8 EnvironmentSatisfaction Work environment satisfaction 

(1–4) 

Ordinal 

9 Gender Employee Gender(Male/Female) Categorical 

10 HourlyRate Rate of Hourly wages  Numerical 

11 JobInvolvement Type of job (1–4) Ordinal 

12 JobLevel Job level of the employee Ordinal 

13 JobRole  Role/designation of the employee Categorical 

14 JobSatisfaction Job satisfaction  (1–4) Ordinal 

15 MaritalStatus Employee Marital status  Categorical 

16 MonthlyIncome Monthly income of employee Numerical 

17 MonthlyRate Monthly pay of employee Numerical 

18 NumCompaniesWorked 

previously 

Number of companies worked Numerical 

19 OverTime Status of employee overtime 

working 

Binary 

(Yes/No) 

20 PercentSalaryHike Hike percentage salary Numerical 

21 PerformanceRating Performance rating (1–4) Ordinal 

22 RelationshipSatisfaction Satisfaction with work 

relationships (1–4) 

Ordinal 

23 StockOptionLevel Level of Stock Option Ordinal 

24 TotalWorkingYears Total professional 

experience(years) 

Numerical 

25 TrainingTimesLastYear Trainings attended in last year Numerical 

26 WorkLifeBalance Work-life balance rating (1–4) Ordinal 

27 YearsAtCompany No. of Years worked in the 

current company 

Numerical 

28 YearsInCurrentRole No. of Years in current job role Numerical 

29 YearsSinceLastPromotion No. of Years since last promotion Numerical 

30 YearsWithCurrManager No. of Years with current manager Numerical 

31 Attrition Whether the employee left the 

organization 

Binary 

(Yes/No) 
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3. Methodology 

3.1 Data Pre-processing 

The collected IBM HR Analytics Employee Attrition dataset has no missing values 

therefore no imputation is required. All the categorical attributes were encoded with 

label encoding, ordinal attributes were encoded using ranking relationships and 

Continuous numerical attributes were normalized using z-score standardization to 

ensure uniform feature scales. The target attribute attrition was encoded using binary 

label encoding. Due to the imbalance class data cost-sensitive learning was employed 

through class weight rather than resampling technique and finally dataset was divided 

into training and testing subsets using a stratified train–test split to maintain the 

original class distribution across both subsets. 

3.2 FT-Transformer Model Architecture 

The below Fig 1 FT-Transformer (Feature Tokenizer Transformer) is a transformer-

based deep learning architecture [6] designed to process tabular data. In general 

tabular data contains attributes and records where there exists relationship between 

these attributes. The FT-Transformer architecture learns these relationships and 

performs classification efficiently. FT-Transformer architecture contains the 

components of input embeddings, multiple transformer encoder self-attention and 

multi-head attention layers, Feedforward Neural Network and a decoder or output 

layer. Initially the all categorical and numerical attributes are embedded with vector 

representation. Then the multi-head and Self-attention encoder layer finds the 

relationship between the attributes. The Feedforward Network calculates the ouput of 

each attribute transformation. Finally the decoder or output layer contains the 

aggregated transformed features[7]. A simple transformer architecture and its work 

flow is  

Fig 1: Architecture of the Explainable FT-Transformer Model for Employee Attrition 

Prediction 1 
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The FT-Transformer model was trained using a supervised learning approach. Binary 

cross-entropy loss was employed as the objective function Fig. 1. Optimization was 

performed using the Adam optimizer, and early stopping was applied to prevent 

overfitting. Hyperparameters such as embedding dimension, number of attention 

heads, and learning rate were selected empirically based on validation performance. 

3.3 Explainable AI (XAI) Framework 

To enhance model interpretability, Explainable Artificial Intelligence techniques were 

applied to the proposed framework. SHAP (SHapley Additive exPlanations) was used 

to provide explanations of the FT-Transformer predictions and were useful in 

identifying the most influential attributes contributing to attrition prediction. 

3.4 Evaluation of Performance Metrics 

The standard performance metrics including accuracy, precision, recall, F1-score, and 

area under the ROC curve (AUC), and graphical representations of ROC curve, 

precision–recall curve and confusion matrix were evaluated to predict the proposed 

model’s performance. 

These metrics provide a comprehensive assessment of predictive performance, 

particularly in the presence of class imbalance. In addition, visual evaluation 

techniques such as the confusion matrix, ROC curve, and precision–recall curve were 

used to examine classification behavior under class imbalance. 

4. Experiments and Results 

For employee attrition prediction, proposed FT-Transformer model was implemented 

using PyTorch framework. The dataset used for training and testing are divided based 

on the stratified train–test split. There was a class imbalance in the collected dataset as 

shown in Fig 2. To address the problem, a cost-sensitive learning strategy was 

implemented during model training and AdamW optimizer was used for faster 

convergence Fig. 2.  
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Fig 2: Class Distribution IBM HR Analytics Employee Attrition dataset 

The performance metrics of the proposed FT-Transformer model on the employee 

attrition prediction task was summarized in Table 2.  

Table 2: Performance Metrics of the Proposed FT-Transformer Model on IBM HR Attrition 

dataset 

Metric Value 

Accuracy 87.07% 

Precision 61.54% 

Recall 51.06% 

F1-score 55.81% 

AUC 0.763 

The model achieved attrition prediction accuracy of indicating strong predictive 

performance on the imbalanced dataset and an 87.07%, AUC of 0.763, which 

confirms its ability to distinguish between employees who are likely to leave and 

those who are not across different decision thresholds. Additional evaluation plots of 

ROC curve shown in Fig 3 which demonstrates that the model consistently performs 

above the random baseline and Precision-recall curve shown in Fig 4 provides the 

model’s effectiveness on the minority attrition class.  
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Figure 3: ROC curve 

 

Figure 4: precision–recall curve of 

A total of 294 records were tested using the proposed model and its results were 

represented in the form of Confusion Matrix shown in Fig 5. Among 294 cases, 

model correctly classified 24 attrition records and 232 No-attrition records while 15 

No Attrition and 23 Attrition records were misclassified. Although some attrition 

cases were misclassified as non-attrition, this behavior is expected in highly 

imbalanced datasets. 
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Fig 5: Confusion Matrix of IBM HR Employee Attrition Prediction using FT-Transformer 

Interpretation of model’s accuracy using XAI was represented in Table 3. From the 

table it shows that Age, OverTime, YearsAtCompany, Department, and 

YearsInCurrentRole are among the most influential attributes affecting attrition 

predictions. Most 10 attributes that influences employee attrition are listed in the 

table. This makes the model particularly suitable for deployment in real-world HR 

decision-support systems where transparency, reliability, and trust are essential.  

Table 3: Explainable AI Analysis Results of FT-Transformer Model 

 On IBM HR Attrition dataset 

Rank Attribute  Importance Score 

1 Age 0.041003 

2 OverTime 0.039021 

3 YearsAtCompany 0.034111 

4 Department 0.029977 

5 YearsInCurrentRole 0.023947 

6 TrainingTimesLastYear 0.019382 

7 Education 0.017831 

8 StockOptionLevel 0.017831 

9 JobInvolvement 0.017745 

10 RelationshipSatisfaction 0.016367 

5. Conclusion 

In this study, Explainable FT-Transformer architecture was implemented for 

employee attrition using IBM HR Analytics attrition dataset. Experimental results 

showed that the proposed model achieved an accuracy of 87.07% and an AUC of 
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0.763. Interpretation of results using XAI method showed that the Age, OverTime, 

YearsAtCompany, Department, and YearsInCurrentRole were among the most 

influential attributes affecting attrition predictions which are useful in decision 

making of HR professional to retain employees.  

6. Future Work 

Advanced imbalance handling techniques are needed to improve the performance of 

the model where the dataset has more imbalanced data. This has to be taken as a 

future work. 
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