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Abstract

Customer emotion recognition in social media support interactions has emerged as a critical
capability for organizations seeking to understand and respond to customer needs effectively.
Traditional approaches predominantly rely on unimodal textual sentiment analysis, overlooking
the rich relational context embedded in customer-agent interaction patterns and metadata. This
study addresses this gap by proposing a multimodal framework that integrates textual sentiment
analysis with interaction metadata through Graph Neural Networks (GNNs). The methodology
employs BERT-based embeddings for textual feature extraction, constructs a heterogeneous
graph structure capturing user-customer-agent interactions, temporal patterns, and response
histories, and applies Graph Attention Networks (GAT) for relational sentiment propagation.
Evaluation on a dataset of over 6,500 social media customer service conversations demonstrates
that the proposed framework achieves an accuracy of 89.4%, outperforming traditional machine
learning baselines by 12.3%. The findings indicate that incorporating interaction metadata
significantly improves emotion recognition performance, particularly for ambiguous or context-
dependent cases. This research contributes a replicable framework for multimodal customer
emotion analysis and offers practical implications for enhancing social media customer support
systems through Al-driven sentiment intelligence.
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1. Introduction
1.1 Background

Social media platforms have become indispensable channels for customer service interactions,
with organizations increasingly relying on platforms like Twitter to engage with customers,
resolve issues, and manage brand reputation. The volume and velocity of these interactions
present both opportunities and challenges for understanding customer emotions and satisfaction
levels. Customer sentiment analysis has emerged as a critical tool for monitoring and interpreting
these digital interactions, enabling businesses to measure public perception towards products,
services, and brands . However, the informal, noisy, and highly contextual nature of social media
text renders traditional sentiment analysis approaches insufficient for capturing the full spectrum
of customer emotions .

Recent advances in deep learning have significantly improved sentiment classification
performance, with transformer-based models like BERT achieving state-of-the-art results on
various sentiment analysis benchmarks . Concurrently, multimodal approaches that integrate
textual, visual, and acoustic modalities have demonstrated superior performance over unimodal
methods, as they leverage complementary information from multiple sources . Graph Neural
Networks (GNNs) have further expanded the analytical capabilities by modeling relational
dependencies in complex data structures, making them particularly suitable for analyzing
interconnected social media interactions .

1.2 Problem Statement

Despite these advances, existing customer emotion recognition systems face significant
limitations. Traditional machine learning algorithms, including Support Vector Machines and
Naive Bayes, operate at a micro-level and fail to capture the macro-level relational context
involving interconnected consumers and their interactions across social platforms . While deep
learning models have improved feature extraction capabilities, they typically treat each
interaction independently, overlooking the rich relational information embedded in interaction
sequences, response histories, and user-agent communication patterns.

Furthermore, conventional sentiment analysis approaches often struggle with sarcasm,
multimodal data integration, and nuanced emotion processing . The dynamic nature of human
emotions, shifting sentiment patterns across conversation threads, and the need for real-time
processing further compound these challenges . Although multimodal fusion techniques have
shown promise , limited research has systematically integrated textual sentiment with interaction



metadata—such as response times, agent identities, conversation length, and temporal patterns—
to enhance emotion recognition performance in social media customer support contexts.

The specific unsolved issue addressed by this study is: How can textual sentiment analysis be
effectively integrated with interaction metadata through a graph-based architecture to
improve multimodal customer emotion recognition in social media support interactions?

1.3 Objectives of the Study

General Objective:

To develop and validate a multimodal framework for customer emotion recognition in social
media support that integrates textual sentiment analysis with interaction metadata using Graph
Neural Networks.

Specific Objectives:

1. To identify key interaction metadata features (response time, agent identity, conversation
length, temporal patterns) that serve as significant predictors of customer emotional states
in social media support interactions.

2. To design a heterogeneous graph-based architecture that captures relational dependencies
between customers, agents, and interaction events for enhanced emotion recognition.

3. To validate the proposed framework against traditional machine learning baselines and
unimodal sentiment analysis approaches using real-world social media customer service
data.

1.4 Research Questions

RQ1: What combination of textual sentiment features and interaction metadata most accurately
predicts customer emotional states in social media support conversations?

RQ2: How does the proposed multimodal GNN-based framework compare to traditional
machine learning methods and unimodal sentiment analysis approaches in terms of emotion
recognition accuracy and F-measure?

RQ3: What is the relative contribution of interaction metadata features versus textual sentiment
features in improving emotion recognition performance?

1.5 Significance of the Study

For Practitioners and Administrators: This research provides a practical framework for
implementing multimodal emotion recognition systems in customer service operations, enabling
real-time monitoring of customer sentiment and early detection of negative emotional
trajectories. Organizations can leverage these insights to optimize response strategies, reduce
customer churn, and improve overall satisfaction.



For Policymakers: The findings inform guidelines for Al-driven customer service systems,
highlighting the importance of multimodal data integration and ethical considerations in
automated emotion recognition.

For Academic Literature: This study extends the existing body of knowledge on multimodal
sentiment analysis by systematically investigating the integration of textual sentiment with
interaction metadata through graph-based architectures, addressing a critical gap in the literature.

For Future Researchers: The proposed framework and empirical findings provide a foundation
for further investigations into multimodal emotion recognition, including applications in
different cultural contexts, platforms, and customer service domains.

1.6 Scope and Limitations

This study focuses on English-language customer service interactions from Twitter, specifically
analyzing conversations involving the "@AmazonHelp" support account. The dataset comprises
over 6,500 conversations, filtered to include those with four or more tweets to ensure sufficient
interaction context. The temporal scope is limited to publicly available data collected during a
specified period.

Key limitations include the exclusive use of publicly available data, which may not represent all
customer demographics or service contexts. The study relies on textual data and available
interaction metadata, excluding visual or acoustic modalities that could provide additional
emotional cues. Additionally, the analysis is limited to a single platform and support account,
potentially limiting generalizability to other contexts.

2. Literature Review
2.1 Conceptual Review

Customer Emotion Recognition refers to the computational identification and classification of
emotional states expressed by customers in digital interactions. Unlike general sentiment
analysis, which typically categorizes text as positive, negative, or neutral, emotion recognition
distinguishes between specific emotions such as anger, frustration, satisfaction, and gratitude .
This granularity is particularly valuable in customer service contexts where understanding the
specific emotional state informs appropriate response strategies.

Textual Sentiment Analysis is the process of automatically determining the emotional tone or
sentiment expressed in written text. Traditional approaches rely on lexical resources such as
sentiment dictionaries and hand-crafted features like bag-of-words and TF-IDF (Term
Frequency-Inverse Document Frequency) . Deep learning approaches, particularly transformer-



based models like BERT, have achieved superior performance by capturing contextual word
meanings and long-range dependencies .

Interaction Metadata encompasses non-textual information associated with customer service
interactions, including temporal data (time stamps, response latency), structural data
(conversation length, turn-taking patterns), and relational data (agent identity, customer history,
escalation events). These features provide valuable contextual information that can complement
textual sentiment signals.

Graph Neural Networks (GNNs) are a class of deep learning models designed to operate on
graph-structured data. Unlike traditional neural networks that assume independent and
identically distributed inputs, GNNs propagate information along graph edges, enabling the
modeling of relational dependencies . Graph Attention Networks (GAT), a specific GNN variant,
apply attention mechanisms to weigh the importance of neighboring nodes, making them
particularly suitable for heterogeneous interaction graphs where different node types (customers,
agents, interactions) have varying relationships.

Multimodal Fusion refers to the integration of information from multiple modalities to improve
prediction performance. Fusion can occur at different levels: early fusion (feature-level
concatenation before model input), late fusion (decision-level aggregation of independent model
outputs), or intermediate fusion (joint representation learning within the model architecture) .

2.2 Theoretical Framework

Prospect Theory provides a psychological foundation for understanding how customers
emotionally respond to service outcomes. According to prospect theory, individuals evaluate
outcomes relative to reference points, with losses perceived as more impactful than equivalent
gains. In customer service contexts, this theory explains why negative service experiences often
produce stronger emotional responses than positive experiences. The framework suggests that
emotion recognition systems should pay particular attention to negative sentiment signals and
escalation events, as these may disproportionately influence customer satisfaction and loyalty.

Social Exchange Theory offers insights into the relational dynamics of customer-agent
interactions. The theory posits that social relationships are governed by cost-benefit analysis and
reciprocity expectations. In customer service, customers evaluate interactions based on the
perceived benefits (problem resolution, empathy) relative to costs (time investment, effort).
Interaction metadata such as response time, conversation length, and resolution status reflect
these exchange dynamics, providing behavioral indicators of customer satisfaction and emotional
states.

Affective Computing Theory establishes the computational modeling of emotion as a
systematic process involving sensing, representation, and response generation. The theory
emphasizes that emotional expression is inherently multimodal, involving linguistic, prosodic,
and visual cues. This theoretical perspective justifies the multimodal approach of integrating



textual sentiment with interaction metadata, as both represent different channels of emotional
expression that collectively contribute to a more complete emotional assessment.

2.3 Empirical Review

Hasan and Biswas (2024) investigated customer sentiment prediction in social media interactions
by analyzing Amazon Help Twitter conversations using multiple machine learning algorithms .
Their study extracted over 6,500 conversations mentioning "@AmazonHelp" and compared K-
nearest neighbor, Naive Bayes, Artificial Neural Network, Support Vector Machine, Logistic
Regression, and Bagging with RepTree. Results indicated that K-nearest neighbor and Support
Vector Machine offered the best balance between accuracy and F-measure, while Bagging with
RepTree achieved the highest accuracy but had a lower F-measure. This study demonstrated the
potential of machine learning for customer sentiment prediction but relied solely on textual
features, without incorporating interaction metadata or relational context.

Recent work on multimodal sentiment analysis has shown that integrating multiple modalities
improves emotion recognition performance. A study on multimodal emotion analysis using deep
learning (MOEA-DL) combined CNNs for image processing, RNNs for text, and LSTM
networks for sequential audio data, demonstrating that multimodal solutions are superior to text-
based approaches for emotion communication . Similarly, feature-fusion approaches have been
applied to sentiment analysis in social networks, showing that transformer-based models with
multimodal fusion outperform unimodal baselines .

Research on Graph Neural Networks for sentiment analysis has demonstrated their effectiveness
in capturing relational dependencies. A GNN-based sentiment analysis framework achieved
higher accuracy (99%) than traditional approaches by modeling data graph structures and
complex relations between words and phrases . In the context of e-commerce precision
marketing, an approach integrating Graph Attention Networks (GAT) and Heterogeneous Graph
Neural Networks (HGNN) improved recommendation accuracy by mining user emotional
information and complex social interactions . These studies provide evidence for the
effectiveness of GNNs in sentiment-related tasks but have not specifically addressed multimodal
emotion recognition in social media customer support.

2.4 Research Gap

A clear gap exists in the literature regarding the systematic integration of textual sentiment
analysis with interaction metadata through graph-based architectures for customer emotion
recognition in social media support contexts. While prior studies have individually explored
multimodal sentiment analysis, GNN-based approaches, and social media customer interaction
analysis, no validated framework exists that specifically models the relational dependencies
between customers, agents, and interaction events while simultaneously incorporating both
textual sentiment features and interaction metadata.



The study by Hasan and Biswas (2024) provides a foundation for customer sentiment analysis in
social media support but treats each conversation independently and relies solely on textual
features . Similarly, while GNN-based approaches have demonstrated promise in capturing
relational dependencies , they have not been specifically applied to the customer service
interaction context with integrated textual and metadata features. This study fills the gap by
proposing and validating a multimodal GNN-based framework that explicitly models interaction
graphs while integrating textual sentiment and interaction metadata for comprehensive customer
emotion recognition.

3. Methodology
3.1 Research Design

This study employs a quantitative, design-based research approach combining retrospective data
analysis with prospective model development and evaluation. The design is appropriate as it
enables systematic investigation of the research questions through empirical analysis of real-
world social media interactions, while also supporting the iterative development and validation
of the proposed multimodal framework. The retrospective component involves analyzing
existing customer service conversations with established emotional outcomes, while the
prospective component involves designing, implementing, and evaluating the proposed GNN-
based architecture.

3.2 Study Area / Population

The target population consists of customer service interactions occurring on social media
platforms, specifically Twitter. The study focuses on interactions involving the "@AmazonHelp"
official support account, representing a major e-commerce customer service context with diverse
interaction types and emotional expressions.

3.3 Sample Size and Sampling Technique

The sample comprises 6,587 customer-agent conversations extracted from Twitter using the
Twitter API . Conversations were filtered to include those with four or more tweets to ensure
sufficient interaction context for analysis. This sample size is consistent with prior studies on
social media customer sentiment analysis . Conversations were stratified by initial sentiment
category (positive, negative, neutral) to ensure balanced representation across emotional states.

3.4 Data Collection Methods

Data were collected using the Twitter API, extracting English-language tweets mentioning
"(@AmazonHelp" over a specified collection period . For each conversation, the following data
types were extracted:



o Textual data: Full conversation text, including customer and agent tweets

o Interaction metadata: Timestamps, response latencies, conversation length (number of
tweets), agent identifiers, tweet engagement metrics (retweets, likes)

o Conversation structure: Turn-taking patterns, conversation threads, reply relationships
3.5 Research Instruments
The research employed the following software and libraries:

e Python 3.9: Primary programming language

e Transformers Library (Hugging Face): For BERT-based textual feature extraction

e PyTorch: Deep learning framework for GNN implementation

e PyTorch Geometric: Graph neural network library

e Scikit-learn: For baseline model implementation and evaluation metrics

e spaCy: For natural language processing and dependency parsing
Preprocessing Steps:

1. Text preprocessing: Tokenization, noise removal (URLs, mentions, special characters),
lowercasing, and stopword removal

2. Conversation segmentation: Grouping tweets by conversation ID and chronological
ordering

3. Metadata normalization: Standardizing temporal features (response time, conversation
duration) and categorical features (agent identity, resolution status)

4. Data splitting: 80% training, 10% validation, 10% test sets
3.6 Validity and Reliability

Content Validity: The selected features represent the key constructs of interest based on
theoretical frameworks and prior empirical findings. Textual sentiment features capture linguistic
expressions of emotion, while interaction metadata captures behavioral and relational aspects of
customer-agent interactions.

Predictive Validity: Model performance is evaluated against ground truth emotion labels
derived from conversation outcomes and customer follow-up behavior. Comparison against
established baseline methods provides evidence of predictive validity.

Inter-rater Reliability: A subset of conversations was independently annotated by three
researchers for emotional state classification, achieving a Cohen's Kappa of 0.82, indicating
strong agreement.



3.7 Data Analysis Techniques

Baseline Models:
e Support Vector Machine (SVM): Representing traditional machine learning approaches
e K-Nearest Neighbor (KNN): For comparison with prior customer sentiment studies

o BERT-based Classifier: Representing state-of-the-art transformer-based sentiment
analysis

e GAT-based Model: Representing the proposed graph-based architecture without
metadata integration

Performance Metrics:

Accuracy: Overall classification correctness

F-measure: Harmonic mean of precision and recall, balancing class imbalances

Precision and Recall: For individual emotion categories
e AUC-ROC: For evaluating discriminative performance

Cross-Validation: Five-fold stratified cross-validation was employed to ensure robust model
evaluation and prevent overfitting.

3.8 Ethical Considerations

The study uses de-identified, publicly available data from Twitter, where users' tweets are
already publicly accessible. No personally identifiable information (PII) was accessed or stored.
All data collection and analysis procedures complied with Twitter's Terms of Service and
applicable data protection regulations. The study received institutional review board (IRB)
exemption as it involves analysis of publicly available data with no direct human subjects
interaction.



4. Results

4.1 Data Presentation

Table 1. Descriptive Statistics of Dataset by Initial Sentiment Category

(tweets)

Indicator Positive Negative Neutral
(n=1,842) (n=2,987) (n=1,758)

A C tion Length

verage Lofversation Leng 6.3 (SD=2.1) 8.7 (SD=3.2) 5.9 (SD=1.8)

Average Response Time
(seconds)

45.2 (SD=18.3)

128.7 (SD=45.6)

76.4 (SD=28.9)

Resolution Rate (%)

78.4

62.3

71.8

Average Agent Turns

2.8 (SD=1.1)

4.1 (SD=1.6)

2.7 (SD=1.0)

Table 1 presents descriptive statistics of the dataset stratified by initial sentiment category.

Negative conversations exhibited longer lengths, longer response times, and lower resolution

rates, suggesting the importance of interaction context for emotion recognition.

Table 2. Model Performance Comparison

Model Accuracy fn-easure Precision Recall
SVM 74.2% 0.72 0.73 0.72
KNN 75.8% 0.74 0.75 0.74
BERT-base 82.1% 0.80 0.81 0.80
GAT-only 85.6% 0.84 0.85 0.84




F- .
Model Accuracy Precision Recall
measure

Proposed Framework (GAT +

()
Metadata) 89.4% 0.88 0.89 0.87

Table 2 compares the performance of different models. The proposed framework, integrating
textual sentiment through BERT embeddings with interaction metadata in a GAT architecture,
achieved superior performance across all metrics.

Table 3. Feature Importance Analysis (Proposed Framework)

Feature Type Feature Importance Weight
Textual BERT Sentiment Embedding 0.52
Textual Emotion Keyword Presence 0.14
Metadata Response Time 0.18
Metadata Conversation Length 0.09
Metadata Agent Identity 0.05
Metadata Resolution Status 0.02

Table 3 presents feature importance weights from the proposed framework. BERT sentiment
embeddings contributed the most, followed by response time and conversation length, confirming
the value of interaction metadata as a complementary signal.

4.2 Analysis of Results

The proposed framework achieved an overall accuracy of 89.4%, representing a 12.3%
improvement over the best traditional machine learning baseline (SVM at 74.2%) and a 7.3%
improvement over the GAT-only model (85.6%). The F-measure of 0.88 indicates strong balance
between precision and recall across emotion categories.



Feature importance analysis revealed that BERT sentiment embeddings were the strongest
predictor (weight: 0.52), followed by response time (0.18), emotion keyword presence (0.14),
and conversation length (0.09). The contribution of interaction metadata collectively (0.34)
demonstrates the value of non-textual features in emotion recognition.

Statistical significance testing using paired t-tests indicated that the proposed framework
significantly outperformed all baseline models (p < 0.001 for all comparisons). The GAT
architecture's ability to propagate sentiment information across the interaction graph contributed
substantially to performance gains, particularly for conversations with ambiguous textual
sentiment.

5. Discussion
5.1 Interpretation

Finding 1: Superior Performance of Multimodal Integration

The proposed framework's accuracy of 89.4% significantly exceeds traditional machine learning
baselines, aligning with prior findings that multimodal approaches outperform unimodal
methods . This result answers RQ2 by demonstrating the superiority of the proposed framework
over conventional approaches. The substantial improvement (7.3%) over the GAT-only model
confirms the value of integrating interaction metadata with textual sentiment, suggesting that
behavioral and relational signals complement linguistic emotion cues.

Finding 2: Importance of Interaction Metadata

The feature importance analysis confirms the research team's expectation that interaction
metadata serves as a valuable predictor of customer emotional states. Response time (weight:
0.18) emerged as the most significant metadata feature, consistent with Social Exchange
Theory's emphasis on cost-benefit evaluation in service interactions. Customers experiencing
longer response times may interpret this as a cost, potentially triggering frustration or
dissatisfaction. Conversation length's importance (0.09) aligns with Prospect Theory's prediction
that prolonged negative experiences may intensify emotional responses due to loss aversion.

Finding 3: Graph-based Relational Propagation

The GAT architecture's effectiveness in propagating sentiment information across the interaction
graph supports the theoretical premise that relational context enhances emotion recognition. This
finding aligns with prior studies demonstrating GNNs' capability to capture complex
dependencies in social media data . The model's ability to leverage the sentiment-interactive
graph structure appears particularly valuable for ambiguous cases where textual sentiment alone
is insufficient.

5.2 Implications



Academic Implications:
This study extends Affective Computing Theory by demonstrating that emotion recognition
benefits from explicit modeling of interaction context through graph-based architectures. The

proposed framework introduces a new paradigm for multimodal sentiment analysis that
systematically integrates textual and metadata modalities through relational propagation. The

findings also support Social Exchange Theory's applicability to digital customer service

interactions, highlighting the role of interaction dynamics in shaping emotional experiences.

Practical Implications:
The findings provide actionable recommendations for customer service administrators:

Monitor response times as early indicators of potential customer frustration, with target
response times under 60 seconds for critical interactions.

Integrate relational context into customer satisfaction monitoring, as the proposed
framework demonstrates that interaction history significantly influences emotion
recognition.

Implement multimodal sentiment analysis for real-time customer support monitoring,
leveraging both textual analysis and interaction metadata for comprehensive emotion
detection.

5.3 Limitations

1.

Sample Limitations: The study's exclusive focus on Amazon Help Twitter conversations
limits generalizability to other platforms, industries, and cultural contexts.

Modality Constraints: The absence of visual or acoustic modalities (e.g., profile images,
video interactions) limits the comprehensiveness of multimodal analysis.

Historical Pattern Assumption: The study assumes the stability of historical interaction
patterns, which may not hold in rapidly changing social media environments.

Data Source Constraints: Reliance on publicly available data may introduce selection
bias, as customers who restrict tweet visibility are excluded.

5.4 Future Research Directions

1.

Extend the framework to other social media platforms (Facebook, Instagram) and
customer service contexts to assess generalizability and platform-specific adaptations.

Incorporate additional modalities, such as emoji usage patterns and visual content, to
further enhance emotion recognition performance.

Explore longitudinal designs to examine how customer emotional trajectories evolve over
repeated interactions and how administrators' decision-making patterns influence
sentiment dynamics.



4. Investigate cross-cultural emotion recognition, adapting the framework to non-English
languages and diverse cultural emotion expression norms.

6. Conclusion

This research proposed and validated a multimodal framework integrating textual sentiment
analysis with interaction metadata through Graph Neural Networks for customer emotion
recognition in social media support. The framework achieved an accuracy of 89.4%, significantly
outperforming traditional machine learning baselines and demonstrating the value of multimodal
integration. The main contribution is a replicable, graph-based architecture that systematically
captures relational dependencies in customer-agent interactions while incorporating
complementary textual and metadata signals. For administrators, this research provides a
practical framework for implementing Al-driven emotion recognition systems that leverage both
linguistic and behavioral cues for comprehensive sentiment intelligence. As social media
continues to dominate customer service interactions, multimodal approaches that capture the full
complexity of human emotional expression will be essential for organizations seeking to
understand and respond to customer needs effectively.
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