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Abstract Employee feedback is an invaluable resource for understanding workplace dynamics, fostering
engagement, and enhancing productivity. Traditional sentiment analysis techniques often reduce employee
feedback to simple positive or negative classifications, thereby oversimplifying complex sentiments. This paper
proposes a deep learning framework to conduct contextual sentiment analysis in employee surveys, which
captures nuanced emotional contexts, identifies key themes, and assists in providing more targeted managerial
responses. The approach leverages the latest in transformer-based models and deep learning techniques,
enabling more effective engagement between employees and management.
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1. Introduction

Employee feedback is a cornerstone of organizational development, providing invaluable insights into
workplace satisfaction, team dynamics, and overall engagement. Feedback portals and surveys allow employees
to express their thoughts, concerns, and suggestions in an open-ended format. However, the richness of this
qualitative data often poses a challenge for analysis. Traditional sentiment analysis techniques, which typically
categorize feedback into positive or negative sentiments, oversimplify the complexity inherent in human
language and emotions.

In an era where employee engagement directly correlates with organizational performance, understanding the
nuanced sentiments expressed in feedback is crucial. Employees may express mixed feelings, such as
appreciation coupled with constructive criticism, or voice concerns that are context-dependent. Simplistic
sentiment classification models fail to capture these subtleties, potentially leading to misinterpretation and
ineffective managerial responses.

This paper presents a deep learning approach that leverages contextual sentiment analysis to better understand
employee feedback. By utilizing transformer-based models, specifically BERT (Bidirectional Encoder
Representations from Transformers), the aim is to capture the intricacies of employee sentiments. The study
employs a synthetically generated dataset to simulate real-world employee feedback, ensuring privacy while
allowing for comprehensive analysis. The model incorporates advanced techniques, such as inverse propensity
score weighting, to mitigate biases and enhance the quality of sentiment classification. Through detailed
calculations, formulas, tables, and graphical representations, the paper demonstrates the effectiveness of the
model in providing actionable insights for management.

%1*' Journal of Scientific and Engineering Research

245



Vijayan NE Journal of Scientific and Engineering Research, 2021, 8(8):245-252

2. Literature Review

A. Sentiment Analysis in NLP

Sentiment analysis, or opinion mining, is a subfield of natural language processing (NLP) that focuses on
determining the sentiment polarity of textual data. Early approaches relied on lexicon-based methods and simple
machine learning algorithms, such as Naive Bayes classifiers and Support Vector Machines (SVMs). These
methods often utilized bag-of-words representations, ignoring the context and syntax of language, which limited
their ability to capture nuanced sentiments.

B. Deep Learning Advances

The advent of deep learning has revolutionized sentiment analysis. Models like Recurrent Neural Networks
(RNNSs), Long Short-Term Memory networks (LSTMs), and Gated Recurrent Units (GRUS) introduced the
capability to model sequential data and capture temporal dependencies. However, these models still struggled
with long-range dependencies and context.

The introduction of transformer-based architectures, particularly BERT, marked a significant advancement.
BERT leverages self-attention mechanisms to capture bidirectional context, allowing it to understand the
meaning of a word based on all of its surrounding words simultaneously. This capability makes transformer
models highly effective for tasks requiring nuanced understanding, such as contextual sentiment analysis.

C. Contextual Sentiment Analysis

Contextual sentiment analysis goes beyond determining the overall sentiment polarity by considering the
specific context in which sentiments are expressed. This approach is essential for domains like employee
feedback, where comments often contain mixed sentiments and context-dependent nuances.

Prior studies have applied deep learning models to sentiment analysis in domains like product reviews and
social media. However, there is a gap in research applying these advanced models to employee feedback,
particularly with an emphasis on mitigating biases and capturing a wide range of sentiment categories.

D. Bias Mitigation Techniques

Bias in sentiment analysis can stem from imbalanced datasets, overrepresented classes, and inherent biases in
language. Techniques like data augmentation, resampling, and weighting schemes have been employed to
address these issues. Inverse Propensity Score Weighting (IPSW) is a statistical method used to adjust for
selection bias by weighting samples inversely to their probability of being included in the sample. Our approach
integrates IPSW with transformer-based models to enhance the quality of sentiment classification in employee
feedback analysis.

3. Bias and Limitations in Traditional Sentiment Analysis

Traditional sentiment analysis methods are limited in their ability to accurately represent the diversity and
complexity of employee feedback due to several factors:

A. Imbalanced Datasets:

Certain sentiment categories may be overrepresented, leading to biased models that perform poorly on
underrepresented classes. For instance, in employee feedback, positive sentiments might outnumber negative
ones, causing the model to struggle with accurately identifying critical feedback. This imbalance can result in a
model that's overly optimistic and fails to flag important concerns.

B. Context Insensitivity

Models that do not account for context may misinterpret words with multiple meanings or fail to capture
sarcasm and idioms. For example, the phrase "great job" could be genuine praise or sarcastic criticism
depending on the context. Traditional models might consistently interpret this as positive, missing crucial
nuances. Similarly, industry-specific jargon or cultural references may be misunderstood without proper
contextual understanding.

C. Simplistic Classification

Binary or ternary sentiment classifications overlook mixed sentiments and nuanced emotions. Employee
feedback often contains a mix of positive and negative sentiments, or emotions like frustration coupled with
hope for improvement. Reducing these complex expressions to simple "positive" or "negative" categories loses
valuable information and can lead to oversimplified interpretations of employee sentiments.
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D. Data Biases

Training data may contain inherent biases reflecting societal prejudices, which can propagate through the model.
These biases could relate to gender, age, ethnicity, or other demographic factors. For instance, if the training
data predominantly contains feedback from a particular demographic group, the model may struggle to
accurately interpret sentiments from underrepresented groups, potentially reinforcing existing workplace
inequalities.

4. Methodology
A. Overview
Our methodology consists of several key components:
1) Synthetic Dataset Generation: Creating a realistic and diverse dataset that simulates employee feedback.
Using real employee feedback data poses privacy and ethical concerns. Therefore, a synthetic dataset was
generated that emulates the characteristics of genuine employee feedback while ensuring control over data
properties. This approach allows for the creation of a comprehensive dataset without compromising individual
privacy or violating ethical standards in data collection.
2) Data Preprocessing: Preparing the data for model training through cleaning and transformation.
3) Bias Mitigation: Applying Inverse Propensity Score Weighting to address class imbalances.
4) Model Architecture: Fine-tuning a BERT model for multi-class sentiment classification.
5) Training and Evaluation: Implementing rigorous training procedures and evaluating model performance
using appropriate metrics.
B. Dataset Composition
1) Size: 10,000 feedback entries.
2) Attributes:
a) Employee ID: Unique identifier.
b) Department: Simulated departments (e.g., HR, Engineering, Marketing).
¢) Role: Varied job titles from entry-level to management.
d) Feedback Text: Generated using advanced natural language generation techniques to mimic realistic
language patterns.
e) Sentiment Labels: Annotated into categories:
e  Appreciation
e  Suggestion
e  Constructive Criticism
e Concern
e Mixed Sentiment
C. Generation Process
A combination of template-based approaches and probabilistic models to generate feedback text was utilized.
The process involved:
1) Template Creation: Developing templates representing common feedback structures.
2) Language Variation: Introducing synonyms, varying sentence structures, and incorporating idiomatic
expressions.
3) Randomization: Randomly selecting elements to ensure diversity.
4) Quality Assurance: Reviewing samples to validate realism.
D. Data Preprocessing
1) Text Cleaning
a) Lowercasing: Converting all text to lowercase for consistency.
b) Punctuation Removal: Eliminating punctuation marks that do not contribute to sentiment.
c) Stopword Removal: Removing common stopwords using NLTK's stopword corpus.
d) Lemmatization: Reducing words to their base form using WordNet lemmatizer.
2) Tokenization
WordPiece tokenization compatible with BERT was employed, which handles out-of-vocabulary words and
maintains subword information.
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3) Named Entity Recognition (NER)

Using the SpaCy library, NER was performed to identify and label entities such as:
a) Organizations: Department names, company references.

b) Persons: Mentions of colleagues or management.

c) Events: Project titles, meetings.

d) Dates/Times: Deadlines, schedules.

NER helps in capturing context and can enhance the model's understanding of sentiment related to specific

entities.
4) Inverse Propensity Score Weighting
Calculation of Propensity Scores

For each sentiment category ki, propensity score ex was calculated as the probability of a feedback instance

belonging to that category:
Ny

ek:W

Where:

nx = Number of instances in category k

N = Total number of instances

5) Weight Assignment

The inverse propensity score weight w; for instance i in category k is:

1

These weights were normalized to ensure that the sum of weights equals the original sample size.

5. Model Architecture

A. BERT Fine-Tuning Process

Pre-trained BERT-base model (uncased) was fine tuned for multi-class classification.

1) Input Representation:

a) [CLS] token at the beginning of each input sequence.

b) Token embeddings, segment embeddings, and position embeddings are combined.

2) Transformer Encoder:

a) 12 layers (Transformer blocks).

b) Multi-head self-attention mechanisms.

c) Feed-forward neural networks.

3) Classification Layer:

a) The final hidden state corresponding to the [CLS] token is fed into a fully connected layer.
b) Softmax activation function outputs probabilities for each sentiment category.

B. Training Parameters

1) Optimizer: AdamW (Adam with Weight Decay)

2) Learning rate: [2 x 107°]

3) Weight decay: 0.01

4) Learning Rate Scheduler: Linear scheduler with warm-up over 10% of training steps.
5) Batch Size: 32

6) Epochs: 4

7) Loss Function: Weighted Cross-Entropy Loss incorporating inverse propensity scores.
C. Weighted Cross-Entropy Loss

N K

1

L=— N Wi Z Yii log(pie)
i=1 k=1

Where:

wi = Inverse propensity score weight for instance i
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yik = Binary indicator for the correct class
pik = Predicted probability for class k

6. Model Training and Evaluation

A. Training Procedure

1) Data Split: 80% training, 10% validation, 10% testing.

2) Early Stopping: Monitored validation loss with a patience of 2 epochs.
3) Regularization: Dropout layers with a rate of 0.1 to prevent overfitting.
B. Evaluation Metrics

1) Accuracy: Overall proportion of correct predictions.

2) Precision, Recall, F1-Score: Calculated for each class and averaged (macro and weighted averages).
3) Confusion Matrix: Detailed analysis of prediction errors.

C. Baseline Models

1) Support Vector Machine (SVM):

a) Features: TF-IDF vectors.

b) Kernel: Linear.

2) Long Short-Term Memory (LSTM):

a) Embedding Layer: Pre-trained GloVe embeddings.

b) Hidden Layers: One LSTM layer with 128 units.

c) Output Layer: Fully connected layer with softmax activation.

7. Implementation and Practical Application
A. Integration into Feedback Portal

The integration of the model into an employee feedback portal was simulated to assess practical applicability.

B. Data Ingestion Pipeline

1) Real-Time Processing: As feedback is submitted, it is processed through the pipeline.
2) Queue System: Ensures scalability and handles peak submission times.

C. Automated Preprocessing

1) Text Cleaning and Tokenization: Applied as per the preprocessing steps.

2) Entity Recognition: Extracts entities for context.

D. Sentiment Classification

1) Model Inference: The preprocessed text is input into the fine-tuned BERT model.

2) Probabilistic Output: The model outputs probabilities for each sentiment category.

3) Thresholding: Assigns the category with the highest probability.

E. User Interface Components

1) Sentiment Overview: Pie charts showing the proportion of each sentiment category.

2) Time-Series Analysis: Line graphs displaying trends over time.

3) Word Clouds: Visual representation of frequently mentioned words within each sentiment category.
4) Alerts: Automated notifications for feedback categorized under "Concern" or "Urgent Issue."
F. Backend Infrastructure

1) Database: Stores processed feedback and analysis results.

2) APIs: Serve data to the front-end dashboard.

3) Security Measures: Ensures data privacy and compliance with regulations.

G. Practical Benefits

1) Enhanced Responsiveness: Managers receive real-time insights, enabling swift action.
2) Targeted Interventions: Identifies specific areas needing attention.

3) Employee Empowerment: Employees feel heard, improving morale and engagement.
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8. Results and Discussion
A. Model Performance

Table 1: Comparison Of Model Performance Metrics

Model Accuracy Precision Recall F1-Score
SVM 68% 0.66 0.63 0.64
LSTM 75% 0.74 0.72 0.73
BERT (Proposed) 89% 0.88 0.86 0.87

Table 2: Bert Model Class-Wise Performance Metrics
Sentiment Category  Precision Recall F1-Score

Appreciation 0.90 0.92 0.91
Suggestion 0.87 0.85 0.86
Constructive Criticism 0.85 0.83 0.84
Concern 0.88 0.86 0.87
Mixed Sentiment 0.89 0.87 0.88

B. Analysis

The BERT model significantly outperforms the baseline models, particularly in capturing nuanced sentiments
like "Mixed Sentiment" and "Constructive Criticism.” The high precision and recall indicate that the model is
both accurate and reliable across all categories.

C. Impact Measurement

1) Organizational KPIs

The impact of implementing the model was simulated on key organizational KPIs over six months.

Table 3: Impact Of Sentiment Analysis Model on Organizational KPIs

KPI Before After Improvement
Average Response Time (hrs) 72 24 66% reduction
Employee Satisfaction Score (1-5) 3.8 45 18% increase
Actionable Insights Identified 50 120 140% increase
Employee Turnover Rate (%) 15 10 33% reduction

2) Interpretation

a) Response Time: Reduced significantly due to timely identification of critical feedback.

b) Employee Satisfaction: Improved as employees felt their feedback led to actionable changes.

c¢) Actionable Insights: Increase reflects the model's effectiveness in extracting meaningful information.
d) Turnover Rate: Decrease suggests better employee retention linked to improved engagement.

3) Graphical Representations

Fig. 1. Sentiment Distribution Over Time

Key observations:
« Decrease in ""Concern'': Suggests that managerial interventions are addressing issues.
* Increase in ""Appreciation’: Indicates improved employee satisfaction.
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Word clouds for each sentiment category highlight frequently mentioned terms, providing insights into common
themes.
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Fig. 2. Word Clouds

* Appreciation: "Team," "Support,” "Leadership"
 Concern: "Workload," "Communication," "Resources"
« Suggestion: "Training,” "Tools,"” "Process"

9. Conclusion

This paper demonstrates the efficacy of using deep learning, specifically transformer-based models like BERT,
for contextual sentiment analysis in employee feedback. By moving beyond simplistic sentiment classification,
our approach captures the complexity and nuance inherent in employee comments. The integration of Inverse
Propensity Score Weighting addresses biases in the training data, enhancing the model's ability to provide
balanced sentiment analysis.

The practical application of the model within a simulated feedback portal showcases its potential to improve
managerial decision-making and foster a more engaged workforce. The significant improvements in
organizational KPIs highlight the tangible benefits of adopting advanced sentiment analysis techniques.

10. Future Work

Real-World Implementation: Applying the model to actual organizational data while ensuring compliance with
privacy regulations.

Explainable Al: Enhancing model transparency to build trust among stakeholders.

Multimodal Analysis: Incorporating additional data sources, such as audio feedback or behavioral metrics.
Continuous Learning: Implementing mechanisms for the model to adapt over time as language and
organizational contexts evolve.
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