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ABSTRACT  

This paper presents a Mixture of Experts (MoE) architecture for workforce segmentation. The proposed 

framework combines multiple machine learning models—Support Vector Machine (SVM), Random Forest 

(RF), XGBoost, and Artificial Neural Network (ANN)—using a softmax-based gating network to dynamically 

assign weights to expert predictions. The system is evaluated on large-scale HR datasets along with real-time 

chatbot-generated appraisal data. Experimental results demonstrate superior performance with 92.1%+ 

accuracy, high cluster separability (Silhouette Score = 0.95), and significant improvements in HR efficiency, 

participation, and fairness. The framework supports inclusive, data-driven talent management in industrial 

environments.  

Keywords: Mixture of Experts, Workforce Segmentation, HR Analytics, Machine Learning, Hybrid Models  

INTRODUCTION  

Modern HR systems face challenges in accurately identifying top performers due to subjective evaluation 

processes, lack of structured data, and exclusion of blue-collar workers from digital systems. The integration of 

Artificial Intelligence (AI), Machine Learning (ML), and multilingual conversational interfaces provides an 

opportunity to redesign performance appraisal systems.  

This study proposes a Mixture of Experts (MoE)-based hybrid framework, enabling inclusive and accurate 

workforce segmentation.  

Methodology System Architecture  

The proposed system consists of:  

• Data collection via Kaggle.com (csv format)   

• Data preprocessing and feature engineering   

• Expert model training   

• MoE-based prediction   

• Clustering-based segmentation  

Expert Models  

The framework uses the following models:  

Support Vector Machine (SVM)  
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Random Forest (RF)  

XGBoost  

Artificial Neural Network (ANN) Each model captures 

different patterns:  

SVM → boundary-based classification  

RF → ensemble decision trees  

XGBoost → boosting optimization  

ANN → nonlinear relationships  

Mathematical Model  

Let  

• 𝑥 ∈ ℝ𝑑be the input feature vector for an employee   

• 𝐾be the number of expert models   

• 𝑓𝑘(𝑥)be the output of the 𝑘𝑡ℎexpert   

• 𝑔𝑘(𝑥)be the gating weight assigned to the 𝑘𝑡ℎexpert   

• 𝑦̂be the final prediction of the MoE model   

Expert outputs  

Each expert learns a specialized mapping from input features to prediction space:  

𝑓𝑘(𝑥) = ℎ𝑘(𝑥; 𝜃𝑘), 𝑘 = 1,2, … , 𝐾  

where  

• ℎ𝑘(⋅)denotes the 𝑘𝑡ℎexpert model   

• 𝜃𝑘denotes the parameters of the 𝑘𝑡ℎexpert  For example, in your framework:  

• 𝑓1(𝑥): Logistic Regression   

• 𝑓2(𝑥): Support Vector Machine   

• 𝑓3(𝑥): Random Forest   

• 𝑓4(𝑥): XGBoost   

• 𝑓5(𝑥): Artificial Neural Network   

Gating network  

The gating network determines how much importance to assign to each expert for input 𝑥. Let the gating logits 

be  

𝑧𝑘(𝑥) = 𝑤𝑘𝑇𝑥 + 𝑏𝑘  
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 where  

• 𝑤𝑘 is the weight vector of the gating unit for expert 𝑘  

• 𝑏𝑘 is the bias term   

The normalized gating weight is computed using the softmax function:  

   𝑔𝑘(𝑥) =
exp (zk(x))

∑ exp (𝑧𝑗(𝑥))𝑘
𝑗=1

 

such that  

0 ≤ 𝑔𝑘(𝑥) ≤ 1 and  ∑ 𝑔𝑘 (𝑥)  =  1)𝑘
𝑘=1   

This ensures that the gating outputs form a valid probability distribution over experts.  

Final MoE prediction  

The final MoE output is the weighted combination of all expert outputs:  

𝑦̂(𝑥) = ∑ 𝑔𝑘 (𝑥) 𝑓𝑘(𝑥)𝑘
𝑘=1   

This means that each expert contributes to the final decision in proportion to the relevance assigned by the gating 

network.  

Classification form for talent prediction If the task is 

multiclass classification such as:  

𝒞 = {Low Performer,Moderate Performer,Top Performer}  

then each expert produces a class probability vector:  

𝑓𝑘(𝑥) = [𝑓𝑘1(𝑥), 𝑓𝑘2(𝑥), … , 𝑓𝑘𝐶(𝑥)]  

where 𝐶is the number of classes.  

The final class probability is:  

𝑃(𝑦 = 𝑐 ∣ 𝑥) = ∑ 𝑔𝑘 (𝑥) 𝑘
𝑘=1 𝑓𝑘𝑐(𝑥), 𝑐 = 1,2, … , 𝐶  

and the predicted class is  

  𝑦̂ = arg max 𝑃(𝑦 = 𝑐 ∣ 𝑥)  
          𝑐∈{1,…,𝐶} 
Segmentation extension for your framework  

MoE classifier output is later used for performer segmentation, then the predicted probability vector or fused 

representation can be passed to clustering methods such as K-Means or DBSCAN:  

𝑠(𝑥) = 𝜙(𝑦̂(𝑥))  

where 𝑠(𝑥)denotes the segment label and 𝜙(⋅)is the clustering function. In your framework, this helps classify 

employees into segments such as:  

• high potential / top performer   

• moderate performer   
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• low performer   

• anomaly or at-risk employee   

The proposed Mixture of Experts model combines multiple expert learners through a gating mechanism to 

improve employee talent prediction. Let 𝑥 ∈ ℝ𝑑denote the employee feature vector and let 𝐾be the number of 

expert models. Each expert 𝑓𝑘(𝑥) = ℎ𝑘(𝑥; 𝜃𝑘)generates an output based on its own learned parameters 𝜃𝑘. A 

gating network computes an input-dependent weight 𝑔𝑘(𝑥) for each expert using a softmax function:  

𝑔𝑘(𝑥) =
exp(zk(x))

∑ exp(𝑧𝑗(𝑥))𝑘
𝑗=1

 , where 𝑧𝑘(𝑥) = 𝑤𝑘𝑇𝑥 + 𝑏𝑘. The final output of the MoE model is obtained 

as a weighted combination of expert predictions: 𝑦̂(𝑥) = ∑𝐾𝑘=1 𝑔𝑘 (𝑥)𝑓𝑘(𝑥). For multiclass classification, the final 

class probability is computed as 𝑃(𝑦 = 𝑐 ∣ 𝑥) = ∑𝐾𝑘=1 𝑔𝑘 (𝑥)𝑓𝑘𝑐(𝑥), and the predicted class is selected using the 

maximum posterior probability. This formulation enables adaptive selection of expert models based on input 

characteristics, thereby improving prediction robustness and classification accuracy.  

   

Figure 1: Architecture of MoE Method 

Algorithm: Mixture of Experts (MoE) for Talent Prediction and Top Performer Segmentation  

Input:  

    Employee dataset D  

    Features X  

    Target labels Y  
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 Output:  

    Final predicted performance class  

    (High Performer / Moderate Performer / Low  

Performer)  

Begin  

    Step 1: Load employee dataset D  

    Step 2: Preprocess dataset  

        2.1 Handle missing values  

        2.2 Encode categorical variables  

2.3 Normalize / standardize numerical features  

2.4 Select important features  

Step 3: Split dataset into training set and testing set  

  Step 4: Define expert models  

        Expert_1 = Logistic Regression  

        Expert_2 = Support Vector Machine  

        Expert_3 = Random Forest  

        Expert_4 = XGBoost  

        Expert_5 = Artificial Neural Network  

  Step 5: Train each expert model using training data         For each Expert_i 

in Experts:  

            Fit Expert_i on X_train, Y_train  

  Step 6: Define gating network  

        Input  = feature vector x  

        Output = weight vector W = [w1, w2, w3, w4, w5]         Condition:  

            Sum of all weights = 1  

            Each weight is in range [0,1]  

  Step 7: Train gating network on training data         For each input 

sample x in X_train:  

            Compute gating weights W using softmax activation  

            Learn which expert is more suitable for sample x  
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Step 8: Generate expert predictions on test data         For each test sample 

x in X_test:  

            Get probability prediction from each expert:  

                P1 = Expert_1.predict_proba(x)  

                P2 = Expert_2.predict_proba(x)  

                P3 = Expert_3.predict_proba(x)  

                P4 = Expert_4.predict_proba(x)  

                P5 = Expert_5.predict_proba(x)  

 Step 9: Compute gating weights for each test sample          

For each test sample x in X_test:              

W = GatingNetwork(x)               

where W = [w1, w2, w3, w4, w5]      

Step 10: Compute weighted expert output          

For each test sample x:  

            Final_Probability =  

                (w1 × P1) + (w2 × P2) + (w3 × P3) + (w4 × P4) + (w5 × P5)  

Step 11: Assign final class label  

        Final_Class = class with maximum Final_Probability      

Step 12: Map class label into performance segment          

If Final_Class = 0:              

Segment = Low Performer          

Else if Final_Class = 1:              

Segment = Moderate Performer          

Else if Final_Class = 2:              

Segment = High Performer  

Else:  

            Segment = At-Risk  

Step 13: Evaluate model performance  

        Compute Accuracy  

        Compute Precision  
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        Compute Recall  

        Compute F1-Score  

        Compute AUC-ROC  

        Generate Confusion Matrix  

Step 14: Output final predictions and performer segments  

End  

 Table 1: Dataset Description (in csv format)  

Dataset  Records  Features  

HR Analytics Dataset  17,000+  25–34  

Chatbot Dataset  519  10  

Resume Dataset  3,400+  Skills, roles  

 

Source:   

• Kaggle.com  

• HR appraisal records   

• Chatbot-generated responses  

Size:   

• Example: 20,000+ employee records   

Features:   

• Demographic: Age, Education   

• Performance: KPI score, rating   

• Behavioral: attendance, problem-solving   

• Textual: appraisal feedback   

Output Labels: Low Performer / Moderate Performer  / Top Performer  

Data Preprocessing  

• Missing value handling (mean/mode/imputation)   

• Feature scaling / Normalization (MinMaxScaler)   

• Encoding (One-hot, Label Encoding)   

• PCA for dimensionality reduction   

• Feature selection (RFE, correlation)  
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Validation Strategy  

• Train-test split (80:20)   

• 10-Fold Cross Validation   

• Stratified sampling  

Bias & Ethical Considerations  

• Language bias (Marathi/Hindi vs English)   

• Supervisor rating bias   

• Data imbalance (top performers fewer)   

Mitigation  

• Balanced dataset (SMOTE)   

• Fairness-aware evaluation   

• Multilingual normalization  

 Model Interpretability  

SHAP Analysis (Explainable AI)  

 The SHAP analysis reveals that performance-related features such as KPI achievement and problem-solving 

significantly influence prediction outcomes. The model assigns higher importance to behavioral metrics 

compared to demographic variables, ensuring fairness and relevance in decision-making.  

Segmentation Approach 1 Clustering Techniques  

• K-Means → structured segmentation   

• DBSCAN → anomaly detection   

Segmentation Output  

• High Performers   

• Moderate Performers   

• Low Performers   

• At-Risk Employees  

 Experimental Results Table 2: Model Performance  

Model  Accuracy  Precision  Recall  F1 Score  AUC  

Logistic Regression  82.6%  0.81  0.80  0.80  0.85  

SVM  85.4%  0.84  0.83  0.83  0.88  

Random Forest  86.9%  0.86  0.85  0.85  0.89  

XGBoost  87.8%  0.87  0.86  0.86  0.90  
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Soft Voting  89.1%  0.88  0.88  0.88  0.91  

Stacking  90.2%  0.89  0.89  0.89  0.92  

Proposed MoE  92.1%  0.91  0.90  0.91  0.93  

  

  

Figure 2: Performance of Models  

Interpretation:  

▪ The MoE Hybrid model outperforms all baseline models, achieving the highest accuracy (92.1%) and F1-

score (91.3%), indicating superior classification performance.   

▪ Among individual models, XGBoost performs best, demonstrating strong ensemble learning capability.   

▪ Random Forest show competitive performance but slightly lower consistency compared to XGBoost.   

▪ Logistic Regression & SVM exhibits the lowest performance, suggesting limitations in handling complex 

feature interactions in HR datasets.   

▪ The improvement in both accuracy and F1-score confirms that the MoE architecture effectively combines 

strengths of multiple models, leading to better generalization and balanced classification.  

Segmentation Quality  

Silhouette Score = 0.95  Interpretation:  

▪ A high silhouette score (≥ 0.6) would indicate:  

▪ Strong separation between Top, Moderate, and Low performers   

▪ Minimal overlap → reliable segmentation  
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Cluster Visualization          Table 3: Kmeans Segmentation   

 

Figure 3: Segmentation of Employees (PCA View)  

Interpretation:  

Fig. 3 illustrates the clustering-based segmentation of employees into three performance groups. It can be 

observed that the hybrid MoE model produces well-separated clusters, indicating improved discrimination 

capability  

• Top performers show high PC2 values → strong contribution of key features   

• Moderate group has highest variance → requires targeted improvement strategies   

• Low performers are tightly clustered → clear identification for intervention   

ROC Curve   

  

Figure 4: RoC Curve Comparison   
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Interpretation:  

• The ROC curve demonstrates that the proposed MoE model achieves an AUC of 0.93.   

• This indicates strong classification capability across thresholds.   

• Compared to baseline models, the hybrid approach improves decision reliability in HR prediction tasks.   

Statistical Validation 1. Hypothesis Testing  

• H0: No difference between models   

• H1: Hybrid model performs better   

Statistical Results  

• ANOVA: p < 0.001 → significant difference   

• t-test: MoE vs XGBoost → significant improvement   

• p-value < 0.05 → significant   

Effect Size  

• Cohen’s d ≈ 1.4 → large effect size   

• Cohen’s d > 0.8 → strong improvement  

DISCUSSION  

To overcome this limitation, the present study incorporates comparative analysis with baseline models including 

Logistic Regression, SVM, Random Forest, XGBoost, Soft Voting, and Stacking frameworks, thereby providing 

a more comprehensive evaluation of the MoE-based hybrid model.  

• MoE dynamically selects best model per input   

• Handles heterogeneous HR data effectively   

• Integration enables end-to-end automation   

CONCLUSION  

The MoE-based framework provides a robust, scalable, and intelligent solution for workforce segmentation. By 

combining hybrid machine learning models, the system achieves high accuracy, fairness, and operational 

efficiency. It significantly outperforms traditional HR systems and offers strong potential for real-world 

deployment in industrial environments.  

Future Scope  

• Real-time deployment with ERP systems   

• Reinforcement learning for adaptive HR systems   
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