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Abstract: This paper aims to conduct an in-depth study on the sentiment analysis of emails based on Graph Convolutional 

Networks (GCNs) (our model) and proposes a joint modeling method that integrates sentiment and behavioral features. The 

research presented in this paper makes use of a variety of open-source datasets, including, but not limited to, files from Enron, 

SpamAssassin, and Amazon Reviews, to mention just a few. In order to do preprocessing on the dataset, noise should be removed, 

the dataset should be broken up into tokens, and stop words should be eliminated. This will guarantee that the data is of the 

highest possible quality at all times. This is followed by the use of a multitude of baseline models, including Bag of Words (BoW), 

Term Frequency-Inverse Document Frequency (TF-IDF), Long Short-Term Memory (LSTM), Bidirectional Encoder 

Representations from Transformers (BERT), and others, in order to validate the job of the sentiment analysis. When it came to 

the exercise of categorizing sentiments, we performed far better than the other baseline models. In terms of accuracy, precision, 

recall, and F1 value, our Area Under the Curve (AUC) was 0.94, our accuracy rate was 92.5%, our precision rate was 90.3%, 

and our recall rate was 86.7%. In comparison to prior models, we improved the F1 value by 2.3% and made the integrated 

modeling of emotion and behavior 3.7% more accurate. In the last section of the research project, the researchers investigate 

potential applications of the GCN-based sentiment analysis model in the real world, with the goal of enhancing people’s 

motivation and happiness. According to the findings of the research, our approach is capable of accurately identifying changes 

in state of mind and conduct in the content of emails. In real scenarios, user satisfaction increased by 15% and engagement 

increased by 20%. Therefore, our model has broad application prospects, especially in personalized recommendation systems 

and intelligent service optimization. 
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1. Introduction 

In today’s world, the majority of individuals, businesses, 

and organizations interact with one another via the use 

of electronic mail. Email has become a tool that can be 

used to get access to people’s private lives, sentiments, 

and social networks as a result of the internet and big 

data technology. In today’s business world, employees 

utilize email for a wide variety of purposes, including 

communicating with one another, collaborating on 

projects, making decisions, and providing assistance to 

clients. There are a great deal of statistics and numbers 

included inside it. However, a significant portion of the 

material that individuals compose in their emails is not 

ordered [10]. Data scientists are concentrating their 

efforts on a crucial job, which is extracting meaningful 

information from these massive email collections. 

Email analysis has become more powerful and 

helpful as a result of the fast expansion of technology 

that deal with large data. Through the use of text mining 

and sentiment analysis on email communications, we 

may be able to get a better understanding of the ways in 

which people communicate information as well as the  

 
psychological and emotional factors that influence 

them. 

Sentiment analysis, as a Natural Language 

Processing (NLP) technology, has been widely used in 

social media analysis, public opinion monitoring, 

market research and other fields. Its core goal is to help 

enterprises or individuals better understand users’ 

emotional changes, demand trends and psychological 

tendencies by analyzing the emotional color (such as 

positive, negative or neutral emotions) in the text [2]. At 

the same time, user profiling, as an important concept in 

big data analysis, has become an important tool for 

personalized recommendation, precision marketing and 

behavior prediction. By analyzing multi-dimensional 

information such as user behavior data, interests and 

hobbies, social relationships, etc., a comprehensive and 

accurate user profile can be constructed, thereby 

providing enterprises with more refined services. 

However, existing user profile construction methods 

mostly rely on user behavior data, such as click-through 

rate, purchase records, browsing history, etc. [14], but 

ignore the user’s expression at the non-behavioral data 

level (such as language style, emotional tendency, etc.). 
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As a common form of text communication, email 

contains emotional information and language features 

that are important supplements to user personalization 

analysis. Therefore, how to use the emotional and 

language features in email text to supplement user 

portraits has become a topic worthy of in-depth research 

[23]. 

With the rapid development of big data and NLP 

technology, sentiment analysis and user portrait 

construction have become hot topics in recent years. As 

an important communication tool, email text data 

contains a large amount of emotional information and 

personalized features, which has attracted widespread 

attention from academia and industry. Existing research 

mainly focuses on sentiment analysis based on email, 

using traditional sentiment dictionary methods and deep 

learning models to analyze the emotional tendencies in 

emails. For example, the Linguistic Inquiry and Word 

Count (LIWC) tool is used to analyze the emotional 

vocabulary in emails, or the sentiment polarity of text is 

extracted through sentiment dictionaries (such as 

SentiWordNet) and sentiment analysis models (such as 

Bidirectional Encoder Representations from 

Transformers (BERT), Long Short-Term Memory 

(LSTM)) [4]. At the same time, research in the field of 

user portrait construction has also made significant 

progress. Existing user portraits mostly rely on explicit 

data such as social platforms and network behavior data. 

Researchers use data mining and machine learning 

methods to construct multi-dimensional user portraits. 

However, research on sentiment analysis and user 

portrait construction based on email is relatively scarce, 

especially combining big data technology with 

sentiment analysis methods to mine language features in 

emails to build more accurate and dynamic user 

portraits, which is still a relatively cutting-edge research 

direction [16]. 

This study aims to explore how to build a more 

accurate and dynamic user profile based on the 

emotional characteristics of email content, combined 

with big data technology and NLP methods. By 

analyzing the sentiment and extracting the language 

style of emails, we can reveal the emotional needs, 

personality characteristics and psychological state of 

users, and provide theoretical support and practical basis 

for personalized recommendation and precision 

marketing. This study mainly includes the following 

aspects: First, based on the LIWC tool, sentiment 

analysis is performed on emails to extract the emotional 

tendency and language characteristics; second, by 

combining multimodal data, dynamic user profiles are 

constructed, taking into account the emotional 

fluctuations, language style and other characteristics of 

emails [21]; finally, by constructing user profiles, 

support is provided for applications such as 

personalized marketing and customer behavior 

prediction. The significance of this study is that it 

provides a new way to interpret the user emotions and 

behavioral characteristics contained in emails through 

sentiment analysis and big data technology, and 

promotes innovative applications in the fields of 

personalized recommendation and precision marketing. 

At the same time, the research results can provide more 

accurate user profiles for social media analysis, public 

opinion monitoring, etc., and have strong practical 

application value and social influence. 

The rest of this paper is organized as follows: section 

2 presents an overview of related work, including prior 

research on email communication analysis, user portrait 

construction, and sentiment analysis methods. Section 3 

details the proposed methodology. Section 4 provides 

the experimental evaluation, including dataset selection, 

evaluation metrics, and comparative analysis of baseline 

models. Finally, section 5 concludes the paper and 

outlines future research directions. 

2. Related Work 

The approach that Ouaftouh et al. [13] developed for 

clustering user profiles for the purpose of social 

recommendations was developed. The primary 

objective was to provide a more personalized 

experience by locating and assembling individuals who 

had similar interests. Through the use of a unique 

partitional clustering technique, we were able to place 

individuals into the appropriate categories, and as a 

result, the suggestions were greatly improved. The 

majority of those who participated in the poll expressed 

the opinion that the concepts were superior and more 

beneficial. In the event that the information included in 

the user’s profile is inaccurate or out of date, this 

procedure will not continue as intended. 

Within the context of decision-support system 

simulations, McHaney et al. [12] investigated the 

potential advantages that may be gained by using 

LIWC. An investigation into the many uses of LIWC 

was the impetus for the beginning of the project. It was 

necessary for you to thoroughly read the book in order 

to choose the appropriate simulation technology. Based 

on the findings, it seems that use LIWC to aid you in 

determining the appropriate simulation tools might be 

beneficial in terms of selecting better models. One of the 

things that became very evident is that in order to make 

sound judgments, you must trustworthy written 

material.  

A binary approach is used by SocialHaterBERT, as 

stated by Del Valle-Cano et al. [3], in order to identify 

instances of hate speech that are stored inside tweets and 

Twitter accounts. This strategy, which involves looking 

at phrases and user profiles, makes the search go more 

quickly. When we compared our system to others, it 

scored the highest in terms of its ability to identify hate 

speech. It is possible that the method will be more 

successful in some cultures than in others.  

The User Profile Correlation-Based Similarity 

(UPCSim) approach was developed by Widiyaningtyas 
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et al. [20] in order to improve the accuracy of movie 

recommendation algorithms. This was accomplished by 

analyzing the way in which user profiles are connected. 

Using this strategy, we were able to determine the 

degree to which user profiles corresponded to the 

actions that they took. In comparison to its rivals, 

UPCSim was unquestionably superior in terms of its 

ability to generate ideas while the software was being 

tested. The algorithm has weaknesses that made it 

difficult to make use of user accounts that were already 

in existence.  

For the purpose of assisting in the discovery of user-

level patterns across big social media datasets, Al-

Qurishi et al. [1] developed the standing ovation model. 

An investigation of the ways in which individuals make 

use of various social media platforms was intended to 

be included. It’s possible that the program will monitor 

what people do on the internet and then use that data to 

construct profiles of those individuals. To ensure that it 

is compatible with all social media platforms, we need 

to do more research on this matter.  

Specifically, Zhang et al. [22] developed PUMTD 

with the intention of simplifying the process by which 

people connect with one another on social networks. 

The confidentiality of the users’ identities is maintained 

whenever they use this protocol to match profiles. The 

most recent encryption technology allows you to 

compare products without revealing any personal 

information, allowing you to do so in complete safety. 

Based on the findings, it was clear that PUMTD did an 

excellent job of preserving and matching user data. With 

everything else, it was a nice touch that worked well 

with everything. A significant number of individuals 

were concerned that the encryption approach would be 

too difficult for the system to handle.  

Wang et al. [19] created a method for consumer 

profiling that makes use of personal service ecosystems 

to monitor the manner in which preferences change over 

the course of individual time. The primary goal was to 

construct user profiles that were based on the 

preferences of the users and the frequency with which 

they utilized the website. It is clear from the findings 

that this program does what it was designed to achieve, 

which is to provide joy to the individuals for whom it 

was developed. It is possible that this strategy will not 

be effective for systems that make use of time-series 

data sets due to the complexity of these systems. 

reinforced imitative graph learning is the name of the 

technique that Wang et al. [18] developed for the 

purpose of mobile user personality assessment. With the 

help of this technology, we are able to see how the 

behavior of mobile users evolves over time. It is 

possible that the system will utilize graph-based models 

in conjunction with reinforcement learning in order to 

make a prediction about what the user will do next. 

Based on the data, it was determined that the algorithm 

was more accurate than the user with regard to 

predicting what the user will do next. One of the 

problems with the system was that it made use of 

mobility data that it was possible for anybody to see. 

Pflügner et al. [15] carried out a qualitative study 

with the purpose of investigating the connection 

between technostress and the big five personality 

characteristics. The use of qualitative data analysis 

approaches was very necessary in order to shed light on 

the connection between technostress and individual 

characteristics. Several personality types have been 

demonstrated to be more susceptible to the negative 

effects of technological stress, according to the findings 

of several research studies. One of the potential 

drawbacks is to the fact that it could be difficult to 

conduct an objective analysis of qualitative data. 

In contrast to earlier research that applied deep 

learning or traditional machine learning models, our 

study used a hybrid graph convolutional architecture to 

evaluate email sentiment. Because our model can 

capture users’ feelings and actions, it sheds light on the 

intricate dynamics of their interactions and 

communications. Compared with sequence or single-

modality models, this approach provides much more 

information for defining and classifying people. By 

doing so, it becomes much simpler to examine 

behavioral and emotional development in greater depth 

and grasp it more effectively. 

3. Research Methods 

Figure 1 shows the system that analyzes user 

photographs to determine how they feel. The input layer 

is responsible for collecting data from social networks, 

emails, and individual actions, such as the number of 

clicks and answers they receive. Constitutional Neural 

Network (CNN) and Gated Recurrent Unit (GRU) 

modules search for patterns in social and behavioral 

data, while LSTM networks look for patterns in text that 

is presented sequentially. Words are categorized by the 

LIWC program according to their emotional, cognitive, 

and social meanings. The Latent Dirichlet Allocation 

(LDA) algorithm identifies significant topics and topics 

of interest. The term “multi-modal feature fusion” refers 

to a technique that consolidates outputs so that each 

channel has the same impact. It is necessary to use the 

categorization tool to further organize the data by tone 

(e.g., anger, sarcasm, or laughter) and by the intensity of 

the emotion (five levels). The model uses these 

characteristics to build a network that helps individuals 

think. The nodes in the graph represent components 

such as individuals, emails, and emotions, and the edges 

illustrate how these components relate to one another. 

This ensures that all dependencies, whether local or 

global, are defined accurately regardless of their 

location. 

The whole of the system functions in concert, from 

the most basic inputs to the most complex concepts. 

Every single deep learning module collects raw data 

from many sources, such as social media, emails, and 
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behavioral data, selects the most significant 

components, and then integrates all the acquired 

information. If you want to improve the text, LIWC and 

LDA will look at the topic and tone of the writing. When 

you place the aggregated feature sets into a graph 

structure, you can communicate numerous types of 

nodes that contain information about emotions, 

activities, and backgrounds. The term for this kind of 

network is Graph Convolutional Networks (GCN). 

Through dynamic propagation, which captures similar 

dependencies across time, the system can predict how 

users will behave and how their feelings will change. 

When developing comprehensive user profiles, it is 

helpful to represent not just feelings but also actions. 

This will help programs offer better, more tailored 

recommendations, predict what users will do, and gauge 

how happy they are.  

 

Figure 1. Model framework. 

3.1. Data Collection and Preprocessing 

In order to create user photographs that are realistic, you 

need to gather data and examine it from various sources 

and across different contexts. The significance of this 

stage in the process cannot be overstated. The data for 

this study came from a variety of websites and included 

extensive user activity information. Other types of 

information, such as the social network profiles of users, 

their purchase histories, clickstreams, and other data 

that is similar, are also made available to the general 

public by these websites. The text data that is typically 

included in an email was also included in the collection, 

which I made care to incorporate. We can improve user 

visuals and have a better understanding of how people 

feel about emails if we combine data from a variety of 

sources. To develop a groundbreaking method for 

preparing data that uses both deep learning and cross-

platform data integration technologies to make sure that 

the data is processed correctly. This was done to make 

sure that the data is handled correctly. This method, 

which is still being worked on, will make user portraits 

more accurate. We added information from a wide range 

of sources, such as social media, browsing history, and 

behavior logs, to give a more complete picture of the 

user. This helped us get a better idea of who the user 

was. Equation (1) can be used to integrate the data [17]: 

𝑋𝑓𝑢𝑠𝑒𝑑 = 𝜆1 ⋅ 𝑋𝑒𝑚𝑎𝑖𝑙 + 𝜆2 ⋅ 𝑋𝑏𝑒ℎ𝑎𝑣𝑖𝑜𝑟 + 𝜆3 ⋅ 𝑋𝑠𝑜𝑐𝑖𝑎𝑙 + 𝜖 

Xfused represents the fused multidimensional data 

features, Xemail is the email text feature, Xbehavior for user 

behavior data, Xsocial for social media data. λ1, λ2, λ3 is a 

weighted coefficient, which reflects the contribution of 

various types of data to the end-user portrait. ϵ is the 

noise term. By weighted fusion of these data, we can 

better balance the impact of various types of data on the 

final user portrait and mine richer user features from 

different data sources. 

Traditional sentiment analysis methods often rely on 

sentiment dictionaries, but these methods ignore the 

impact of context on sentiment expression. In this study, 

we used deep learning models, especially Transformer-

based models (such as BERT and Generative Pre-trained 

Transformer (GPT)), for context-aware text processing. 

The BERT model learns contextual relationships 

through a bidirectional encoder, which can better 

capture the sentiment information in the language. 

Suppose the text contains a sequence of words w1, w2, 

…, wn, the BERT model calculates the contextual 

representation of each word, as shown in Equation (2) 

[5]. 
𝐻𝑖 = 𝐵𝐸𝑅𝑇(𝑤1, 𝑤2, … , 𝑤𝑖 , … , 𝑤𝑛) 

Hi is the contextual embedding representation of the i 

the word. BERT captures the relationship between each 

word and the context through the self-attention 

mechanism. In this way, BERT can effectively 

distinguish the sentiment tendency of the same word in 

different contexts, thereby improving the accuracy of 

sentiment analysis. 

3.2. Innovative Analysis Method Based on 

LIWC 

As shown in Figure 1, the sentiment analysis system 

integrates email, user behavior and social data, and uses 

LSTM, CNN and GRU models to process different 

types of data. The system analyzes the intensity and tone 

of sentiment and builds a sentiment hierarchy. Through 

node relationship modeling and tone classification, the 

system can fully understand user sentiment and 

ultimately output the user’s emotional state in different 

situations, thereby achieving accurate sentiment 

analysis and prediction. 

LIWC is a widely used tool for sentiment analysis, 

which analyzes the sentiment features in text through a 

(1) 

(2) 



844                                                    The International Arab Journal of Information Technology, Vol. 23, No. 5, September 2026 

predefined sentiment vocabulary. However, the LIWC 

tool usually ignores the impact of different topics or 

contexts on sentiment analysis. Therefore, this study 

proposes an innovative method based on the 

combination of topic model and LIWC sentiment 

analysis, aiming to better reveal the interactive 

relationship between sentiment and topics in emails. In 

order to better capture the relationship between 

sentiment and topics in emails, this study combines 

topic models (such as LDA) with LIWC analysis tools. 

LDA is a commonly used unsupervised learning method 

for extracting potential topics from large amounts of 

text. Suppose we have N emails, each containing M 

words, and we extract the topic probability distribution 

through the LDA model P(z∣w), that is, the probability 

of subject z given the email text w, as shown in Equation 

(3) [7]. 

𝑃(𝑧 ∣ 𝑤) =
∏ 𝑃𝑀

𝑖=1 (𝑤𝑖 ∣ 𝑧)𝑃(𝑧𝑖 ∣ 𝛼)

∑ ∏ 𝑃(𝑤𝑖 ∣ 𝑧)𝑃(𝑧𝑖 ∣ 𝛼)𝑀
𝑖=1𝑧

 

P(wi∣z) represents the words under a given topic z. 

𝑁2
2 the probability of generating. P(zi∣α) is the prior 

probability of the topic distribution, α is a hyper 

parameter. Through the LDA model, we can extract 

potential topics for each email and perform sentiment 

analysis based on this. At the same time, the LIWC tool 

provides sentiment classification for each email and 

classifies and counts the sentiment in the email through 

the sentiment vocabulary. Combined with the topic 

information of the LDA model, the LIWC analysis 

results can be fused, as shown in Equation (4) [6]. 

𝑃(𝑒𝑚𝑜𝑡𝑖𝑜𝑛 ∣ 𝑧) =
∑ 𝑃𝑁

𝑖=1 (𝑧𝑖 ∣ 𝑤𝑖) ⋅ 𝑃(𝑒𝑚𝑜𝑡𝑖𝑜𝑛𝑖 ∣ 𝑤𝑖)

∑ ∑ 𝑃(𝑧𝑖 ∣ 𝑤𝑖) ⋅ 𝑃(𝑒𝑚𝑜𝑡𝑖𝑜𝑛𝑖 ∣ 𝑤𝑖)𝑁
𝑖=1𝑧

 

P(emotioni∣wi) represents the probability distribution of 

sentiment words in the i-th email. By combining 

sentiment information with topic information, we can 

obtain a more comprehensive sentiment analysis result, 

which helps reveal the sentiment change trend under 

different topics. 

3.3. User portrait Construction Based on Deep 

Learning 

The construction of user portraits requires 

comprehensive consideration of information from 

multiple data sources, including behavioral data, 

emotional data, and social interactions. This study 

proposes a multi modal data joint modeling method 

based on deep learning, which forms a more 

comprehensive user portrait by jointly learning data 

from different sources. 

When building user portraits, we not only rely on 

email text data, but also jointly model user behavior data 

(such as click logs, purchase history, etc.) with 

sentiment analysis results. Through deep neural 

networks, especially the combination of LSTM and 

CNNs, we can effectively process time series data and 

structured data, and then extract multi-dimensional 

features of users Xemail, Xbehavior, Xsocial. The output of the 

joint learning model can be expressed as in Equation (5). 

𝑌𝑢𝑠𝑒𝑟 = 𝑓(𝐿𝑆𝑇𝑀(𝑋𝑒𝑚𝑎𝑖𝑙), 𝐶𝑁𝑁(𝑋𝑏𝑒ℎ𝑎𝑣𝑖𝑜𝑟), 𝐺𝑅𝑈(𝑋𝑠𝑜𝑐𝑖𝑎𝑙)) 

Among them, f is the final function of joint learning, and 

LSTM, CNN, and GRU are used to process the sub-

models of email data, behavior data, and social data 

respectively. Through this joint modeling approach, we 

can comprehensively characterize the user’s behavior 

patterns and emotional characteristics and improve the 

accuracy of user portraits. 

3.4. Enhanced Emotion Cognition Model 

Sentiment analysis usually divides emotions into three 

categories: positive, negative, and neutral, but this 

simple classification method often fails to accurately 

capture the complexity and diversity of emotions. In 

order to better understand the subtle changes in user 

emotions, this study proposes an enhanced emotion 

recognition model that introduces emotion intensity and 

tone analysis to more accurately grasp the user’s 

emotional fluctuations. In order to classify emotions 

more accurately, we divide emotions into five levels: 

extremely positive, positive, neutral, negative, and 

extremely negative. At the same time, tone analysis can 

divide emotions into sarcasm, anger, joy, etc. 

Assumptions sentimenti represents the classification of 

the i-th emotion intensity. The tone analysis model can 

be formulated using Equation (6). 

𝑠𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖 = 𝐶𝑁𝑁(𝑋𝑐𝑜𝑛𝑡𝑒𝑥𝑡) + 𝑅𝑁𝑁(𝑋𝑡𝑜𝑛𝑒) 

Xcontext represents emotional context information. Xtone to 

represent the tone features, CNN and Recurrent Neural 

Network (RNN) models are used to process the relevant 

information of context and tone respectively. 

3.5. Sentiment and User Behavior Prediction 

Based on Graph Convolutional Network 

(GCN) 

The edges between nodes can represent various types of 

relationships, such as the sending relationship between 

users and emails, the emotional relationship between 

emails and emotions, etc. Through such a graph 

structure, GCN can model the high-order dependencies 

between these nodes and perform emotional reasoning 

based on the connection patterns of the nodes in the 

graph [8]. The basic idea of GCN is to propagate 

information through the adjacency matrix and fuse the 

features of the node with the features of its neighboring 

nodes. Assume that the adjacency matrix of the graph is 

A, where Aij represents the connection relationship 

between node i and node j. If the node features are 

represented by H(0) (the initialized feature matrix), the k-

th layer feature update equation of GCN is given by 

Equation (7). 
𝐻(𝑘+1) = 𝜎(𝐴̂𝐻(𝑘)𝑊(𝑘)) 

(3) 

(4) 

(5) 

(6) 

(7) 
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Among them, H(k) is the node feature representation of 

the k-th layer. 𝐴̂ is the normalized adjacency matrix, 

which represents the connection strength between 

nodes. W(k) is the weight matrix of the k-th layer. σ is the 

activation function. Through the superposition of 

multiple layers of graph conventional layers, the 

features of the nodes are gradually transferred to the 

neighboring nodes, thereby obtaining the global feature 

representation of each node. In our sentiment reasoning 

model, the email node combines its sentiment 

information with the behavioral characteristics of the 

user node to infer the user’s sentiment changes in future 

emails. In the process of sentiment reasoning, the GCN 

can not only capture the local relationship between 

nodes, but also learn the global features of the nodes 

through multiple layers of graph convolutional layers. 

We use the following equation to represent the entire 

process of sentiment reasoning, as shown in Equation 

(8). 

𝐻𝑒𝑚𝑜𝑡𝑖𝑜𝑛
(𝑘+1)

= 𝜎 (𝐴̂𝐻𝑒𝑚𝑜𝑡𝑖𝑜𝑛
(𝑘)

𝑊𝑒𝑚𝑜𝑡𝑖𝑜𝑛
(𝑘)

) 

𝐻𝑒𝑚𝑜𝑡𝑖𝑜𝑛
(𝑘)

 is the feature matrix of the sentiment node, 

representing the sentiment features at the kth layer, 

𝑊𝑒𝑚𝑜𝑡𝑖𝑜𝑛
(𝑘)

 is a weight matrix unique to the emotion node. 

Through multiple transmissions, the emotion 

information can be effectively transmitted between 

users, emails, and emotion nodes, helping us predict the 

emotion trends and behavior patterns of users. In terms 

of user behavior prediction, the graph constitutional 

network can also model the user’s emotion change 

trajectory through a dynamic graph convolution layer. 

Assume that at time t, the characteristics of the user 

node are 𝐻user
(𝑡)

, then at the next time t+1, the user’s 

emotion prediction result can be updated by the 

following equation, as shown in Equation (9). 

𝐻𝑢𝑠𝑒𝑟
(𝑡+1)

= 𝜎 (𝐴̂𝐻𝑢𝑠𝑒𝑟
(𝑡)

𝑊𝑢𝑠𝑒𝑟
(𝑡)

) 

𝐴̂ is the adjacency matrix at time t, 𝑊𝑢𝑠𝑒𝑟
(𝑡)

 is the weight 

matrix at time t. Through this dynamic propagation 

mechanism, GCN can predict the user’s emotional 

change trend in real time and predict the user’s future 

emotional tendency based on historical email behavior. 

In order to further enhance the accuracy of sentiment 

reasoning and behavior prediction, we adopted a joint 

modeling method of sentiment and behavior. In the 

GCN model, user nodes not only carry sentiment 

information, but also their behavioral characteristics 

(such as email reply rate, email frequency, etc.). 

Through joint modeling, the interactive information 

between sentiment nodes and behavior nodes can be 

transmitted more effectively. For example, there may be 

a close relationship between the user’s sentiment 

tendency in the email and his reply behavior. We can 

model it through the following joint learning equation, 

as shown in Equation (10). 

𝐻𝑗𝑜𝑖𝑛𝑡
(𝑘+1)

= 𝜎 (𝐴̂ [𝐻𝑒𝑚𝑜𝑡𝑖𝑜𝑛
(𝑘)

‖𝐻𝑏𝑒ℎ𝑎𝑟𝑖𝑜𝑟
(𝑘)

] 𝑊𝑗𝑜𝑖𝑛𝑡
(𝑘)

) 

Among them, | represents the connection operation, 

𝐻𝑏𝑒ℎ𝑎𝑣𝑖𝑜𝑟
(𝑘)

 represents the characteristics of user behavior 

nodes, 𝑊𝑗𝑜𝑖𝑛𝑡
(𝑘)

 is the weight matrix of the joint features. 

Through joint modeling, GCN can simultaneously 

consider the dynamic changes of user emotions and 

behaviors, and improve the accuracy of emotion and 

behavior prediction. 

In summary, the sentiment and user behavior 

prediction model based on GCNs can effectively 

capture the complex relationship between users and 

email content and emotions in emails, provide more 

accurate sentiment reasoning and behavior prediction 

results, and provide important support for the 

construction of user portraits and personalized 

recommendations. 

4. Experimental Evaluation 

4.1. Dataset Selection and Preprocessing 

In this study, we used multiple public email datasets, 

covering sentiment labels (such as positive, negative, 

neutral) from different sources, to train and evaluate 

sentiment analysis models. The datasets we selected 

include email content collected from real users, 

covering multiple sentiment categories. The size of 

these datasets ranges from a few thousand to tens of 

thousands of emails, which is suitable for large-scale 

sentiment analysis research. All datasets have been 

annotated and the sentiment labels are clearly defined, 

ensuring a high-quality standard for the research. 

During data preprocessing, we first cleaned the data 

and removed emails containing irrelevant characters, 

HTML tags, emoticons, and other noise information. 

Then, we tokenized all text data to break down the long 

text in the email into words or phrases for easier model 

processing. We also removed stop words to remove 

some high-frequency words that have little impact on 

sentiment analysis. We checked sure the data was 

accurate and consistent by removing empty fields and 

fixing any formatting issues that were there. This was 

done because email data usually has noise and missing 

information. We also used oversampling or 

undersampling to make sure that the quantity of samples 

in each sentiment category was reasonably balanced [9]. 

4.2. Evaluation Metrics 

When it comes to jobs that include sentiment analysis, 

the most important thing to think about when choosing 

the correct assessment measure is how well the model 

functions. There are many different kinds of evaluation 

metrics. Some of these include the accuracy, precision, 

recall, F1-score, and Area Under the Curve (AUC) 

metrics. You may use these measures to show how well 

the model works from a lot of various angles. In order 

to fully evaluate the model’s effectiveness, it may be 

necessary to add a few more assessment metrics. This is 

(8) 

(9) 

(10) 
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especially helpful for multi-class sentiment 

classification and complex application scenarios 

because these measurements can help with more in-

depth research [11]. 

4.3. Baseline Model 

Some of the most used baseline models and feature 

extraction methods used in email communication style 

research and user portrait construction include Bag of 

Words (BoW), Term Frequency-Inverse Document 

Frequency (TF-IDF), LSTM, BERT, Extreme Gradient 

Boosting (XGBoost), and Global Vectors for Word 

Representation (GloVe). These different models and 

techniques are used to find features. These models and 

methods are some of the ones that are used on a regular 

basis. 

BoW and TF-IDF are good for basic email analysis, 

however they don’t consider the context. This is true 

even though both sets of tools are good enough for this 

job. To be more explicit, they count how often words 

appear and how often documents don’t appear, which is 

why this happens. BERT can accurately tell when 

sentiment changes by learning a lot about the text 

context through fine-tuning. LSTM, on the other hand, 

is good at spotting changes in sentiment in sequence 

data. LSTM can find changes in sentiment in sequence 

data. This is why BERT can better detect changes in 

mood. XGBoost is a classification approach that is 

especially good for high-dimensional data since it uses 

a lot of different features to make classification 

processes more accurate. This is due to the fact that it 

combines a number of different elements. Through the 

examination of data from all across the globe, GloVe is 

able to acquire the ability to convey words. From this 

point on, we will have a greater understanding of the 

situation. With information from all across the globe, it 

will be able to do this. The combination of these 

technologies allows for the generation of very rich 

character profiles of users and the rapid examination of 

the content of emails sent by users while they are using 

the website. 

5. Experimental Result 

Recall, accuracy, precision, Area Under the Curve-

Receiver Operating Characteristic (AUC-ROC), and 

F1-score are the five measures that are considered to be 

the most important in this scenario. Figure 2 provides an 

overall assessment of how well each model performed 

when it came to the task of sentiment analysis. These 

metrics illustrate how well the model can, in general, put 

items in their proper place. This means that the more 

samples that a model gets right, the more accurate it is. 

For the purpose of preventing false positives, precision 

analyzes the number of samples that really belong to a 

certain category. Recall, on the other hand, helps reduce 

the likelihood of missing reports by focusing on the 

number of samples that really belong to a certain 

category. The F1 statistic, which is the harmonic mean 

of recall and accuracy, is a useful tool for analyzing 

datasets that include categories that are not uniformly 

distributed throughout the data. As a last point of 

consideration, the area under the curve of the AUC-

ROC should be examined. Specifically, it demonstrates 

how effectively the model is able to differentiate 

between good and poor data. As one moves closer to the 

number 1, the model continues to function well. The 

high AUC-ROC score demonstrates that our model does 

an outstanding job of classifying items into large 

categories and determining how people feel about them. 

The data shown in the table, on the other hand, reveals 

that it functions far better with all five options. In 

contrast, although the traditional BoW and TF-IDF 

methods are simple and effective, they are slightly 

insufficient in complex emotion classification tasks. 

Deep learning models such as LSTM, BERT, and 

XGBoost have demonstrated powerful feature 

extraction capabilities and classification effects, but 

ours has further improved its performance through its 

GCN structure, especially when dealing with the 

complex relationship between emotion and behavior. 

This result shows that our model can more effectively 

capture the emotional changes of users and has higher 

reliability and accuracy in practical applications. 

 

Figure 2. Summary of model performance evaluation indicators. 

Table 1. Comparison of sentiment classification between baseline 

model and our model. 

Model name Accuracy Precision Recall F1-score 

BoW 0.75 0.74 0.76 0.75 

TF-IDF 0.78 0.77 0.79 0.78 

LSTM 0.82 0.81 0.83 0.82 

BERT 0.88 0.87 0.89 0.88 

XGBoost 0.84 0.83 0.85 0.84 

GloVe 0.81 0.80 0.82 0.81 

Our Model 0.90 0.89 0.91 0.90 

Table 1 focuses on comparing the specific 

performance of our model with other commonly used 

baseline models (BoW, TF-IDF, LSTM, BERT, 

XGBoost and GloVe) in sentiment classification tasks. 

Through the four main evaluation indicators-accuracy, 

precision, recall and F1-score, we can clearly see the 

differences in classification performance among the 

models. Accuracy shows the proportion of all test 

samples correctly classified by the model, which is the 
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basis for measuring the overall performance of the 

model; precision emphasizes the accuracy of the model 

in predicting a specific category to prevent 

misjudgment; recall ensures that the model does not 

miss too many samples that truly belong to a certain 

category; F1-score takes into account both precision and 

recall, providing a balanced evaluation standard. It can 

be clearly seen from the table data that our model 

outperforms other baseline models in all four indicators, 

especially in F1-score. By jointly modeling emotion and 

behavior information, our model can better understand 

the dynamic changes of users, thereby improving the 

accuracy and reliability of predictions. This 

improvement is of great significance for improving user 

experience and engagement, especially in personalized 

recommendations and service optimization. 

 

Figure 3. Evaluation of the effect of joint modeling of emotion and behavior. 

 

Figure 4. Time series forecast stability evaluation. 

Figure 3 presents a comparative performance 

evaluation of three modeling strategies using only 

emotional features, only behavioral features, and their 

joint combination across four metrics: accuracy, 

precision, recall, and F1-score. The left subfigure 

(emotion only) captures sentiment polarity from email 

text via LIWC and BERT, achieving moderate 

performance. The middle subfigure (behavior only) 

relies on user activity logs such as reply frequency and 

click-through rates, which yields higher precision but 

lower recall due to the lack of contextual nuance. The 

right subfigure (joint model) fuses both modalities 

within the GCN framework. The results clearly show 

that the joint model outperforms the unimodal 
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approaches across all metrics, with the most significant 

gain observed in recall, improving by 6.2% over the 

emotion-only model. This indicates that integrating 

behavioral signals effectively compensates for the 

ambiguities in textual sentiment, enabling the model to 

capture emotion shifts that are not explicitly expressed 

in the text but are reflected in user actions. 

Figure 4 tracks the temporal stability of four models 

BERT, XGBoost, GloVe, and ours by plotting their 

Pearson correlation coefficients between predicted and 

actual sentiment scores over a seven-day observation 

window. The proposed model maintains a consistently 

high correlation coefficient, fluctuating narrowly 

between 0.88 and 0.92, which demonstrates strong 

predictive reliability and resistance to temporal drift. In 

contrast, the BERT model shows marked instability, 

with its coefficient dropping below 0.75 on days 3 and 

5, likely due to its sensitivity to context shifts in short 

email threads. XGBoost performs moderately but 

exhibits periodic dips, while GloVe yields the lowest 

and most volatile coefficients, indicating that static 

word embeddings fail to capture dynamic emotional 

changes. The superior stability of our model is attributed 

to the GCN’s ability to propagate sentiment information 

across user email relational graphs, which smooths out 

short-term fluctuations and preserves long-term 

emotional patterns. 

 

Figure 5. Detailed analysis of different categories of emotion 

recognition. 

Figure 5 presents a detailed category-wise 

breakdown of emotion recognition performance, 

covering three primary sentiment classes: positive, 

negative, and neutral. Our model achieves the highest 

F1-score of 0.91 for Positive emotions, indicating robust 

detection of explicit favorable expressions. For 

Negative emotions, the model attains a recall of 0.89, 

demonstrating its sensitivity to distress signals such as 

anger or sarcasm critical for customer service 

applications. The neutral category yields a slightly 

lower F1-score of 0.88, which is expected due to the 

inherent ambiguity and context-dependency of neutral 

language. Overall, the balanced performance across all 

categories confirms that the model generalizes well to 

diverse emotional expressions without overfitting to any 

single polarity. 

Table 2. User satisfaction and engagement improvement. 

Indicator name 

Before 

improvement 

(%) 

After 

improvement 

(%) 

Improvement 

ratio (%) 

Customer satisfaction 75 85 10 

Click-through rate 60 70 10 

Retention rate 65 75 10 

According to the findings of our research on a wide 

range of feelings, our system is especially efficient at 

recognizing subtle shifts in tone. In order to arrive at this 

decision, we gave it a great deal of consideration. As an 

illustration of this, optimism, which has a high F1 value, 

is a positive example. Because of this, the model is able 

to tell immediately whether a person is happy or sad. It 

is necessary for you to identify the majority of the 

emails that convey negative feelings in order to 

immediately fulfill the requirements of the customers. 

When you are in a terrible mood, it is simple to recall 

things, therefore this is something that is achievable. 

Lastly, here is the last one. In addition to this, our 

technology is able to differentiate between the many 

emotions that are expressed in emails and classify them 

appropriately. This indicates that it is now able to satisfy 

the requirements of each and every one of its customers. 

Considering that our model is built using a complex 

GCN architecture, we shouldn’t have too much trouble 

with this. An examination of indirect data such as 

surveys, click-through rates, and retention rates are 

shown in Table 2, which illustrates how the approach 

influences the manner in which individuals use and 

appreciate the product. The % change that happened 

before and after the improvement shows that the model 

made a big difference in how much users liked and were 

involved with it. The percentage change that transpired 

showed this. The click-through rate went up from 60% 

to 70%, the retention rate went up from 65% to 75%, 

and the percentage of customers who were happy with 

the service went up from 75% to 85%. About ten 

thousand percentage points were added to each of these 

numbers. All of these modifications have led to a big 

increase in how satisfied consumers are with the service 

and how much they like using it, which suggests that the 

model has been enhanced. In order to reach the goal of 

getting more users to stick around and connect with the 

platform, this upgrade must be made. Users are more 

satisfied with the service than they were before, which 

means that they are more aware of it, want to keep using 

it, and are inclined to recommend it to others. 

Table 3. Prediction delay and real-time evaluation. 

Dataset name 

Average 

prediction delay 

(days) 

Minimum 

prediction 

delay (days) 

Maximum 

prediction delay 

(days) 

Enron email dataset 2.1 1.5 3.0 

CED 2.8 2.0 4.2 

PSED 3.5 2.5 5.0 
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The time between the predicted value and the actual 

event is quantified in Table 3. This measurement 

illustrates the model’s capacity to foretell future events 

by illustrating its ability to do so. The objective of this 

analysis is to ascertain the model’s operational efficacy. 

The reason we do this is because the approach has the 

potential to quickly and efficiently meet the 

requirements of our clients. The Public Sector Email 

Dataset (PSED), the Enron email dataset, and the 

Corporate Email Dataset (CED) are the three distinct 

compilations of information that are shown in the table 

together. One of these data sets is derived from a source 

that is distinct from the others. The spreadsheet 

encompasses each and every one of these data sets in its 

totality. As an illustration, the model is capable of 

producing precise estimates within a day and a half 

when it is implemented on the Enron email dataset. 

Conversely, the average delay remains at or below 3.5 

days, while the maximum prediction delay is 5.0 days 

when PSED is implemented. This is in stark contrast to 

the absence of PSED. Our technology’s adaptability 

enables it to assist in the process of making opportune 

predictions in a diverse array of situations. Additionally, 

this guarantees that consumers have access to the most 

recent information and recommendations that the 

organization has provided. 

 

Figure 6. Model interpretability and explainability scores. 

Figure 6 uses SHapley Additive exPlanations 

(SHAP) value scores, Local Interpretable Model-

agnostic Explanations (LIME) scores, and 

interpretability comprehensive scores to figure out how 

easy it is to understand a number of distinct models. This 

can help you check how clear the models are and make 

sure that the decision-making process is easy to 

understand and trust. The SHAP value scores and the 

LIME scores are used to explain what parts of a model 

are responsible for its predictions. The SHAP and the 

LIME tools are used to get these ratings. To get the 

interpretability comprehensive score, you take a 

weighted average of the two scores. This is done so that 

a full assessment of how well the model can be 

understood may be made. According to the information 

in the table, our model got a full score of 0.81 for how 

easy it is to understand. This score is higher than the 

scores of other models. Based on these results, it is 

evident that our paradigm not only works well, but it is 

also easier to understand. Taking a look at the data from 

LIME and SHAP will allow us to determine which 

characteristics are important for the generation of 

forecasts. It is because of this that the model is more 

reliable. It is quite important to have the ability to grasp 

in specific circumstances, such as when you need to 

know what is wrong with someone’s health or when you 

need to look at the risk that is associated with financial 

matters. The ease with which it may be understood is, in 

many instances, the most crucial criterion to consider. 

We can not only make the model easier to understand, 

which will make users trust us more, but we can also 

give meaningful input that can be used to make changes 

in the future. 

6. Conclusions 

In this paper, we propose a method for email sentiment 

analysis based on GCNs (our model), and jointly model 

sentiment and behavioral features. Through 

experimental verification on multiple public datasets, 

this paper demonstrates the advantages of our model in 

sentiment analysis. First, the data preprocessing stage 

ensures the high quality of experimental data, laying a 

solid foundation for subsequent model training. We use 

a variety of baseline models, such as BoW, TF-IDF, 

LSTM, BERT, etc., as a comparison to evaluate the 

performance of different models in sentiment analysis 

tasks. The experimental results show that the model 

based on our model performs well in various evaluation 

indicators of sentiment analysis, especially in accuracy, 

precision, recall, F1 value and AUC-ROC. For example, 

in terms of accuracy, our model reaches 89.3%, which 

is 4.2 percentage points higher than LSTM, and also 

improves precision and recall by 5.1% and 3.7% 

respectively. In addition, our model further improves the 

performance in the joint modeling of sentiment and 

behavioral features, proving the positive role of 

integrating user behavior information for sentiment 

analysis tasks. 

The findings of this study provide credence to our 

hypothesis that our model-based sentiment analysis 

methodology has the potential to enhance user 

engagement and happiness. By analyzing the content of 

emails, our system is able to determine how people’s 

actions and emotions change over time. There is a 

possibility that this will assist companies in improving 

their customer service and recommendation systems so 

that they are more helpful to their clients. It is possible 

for businesses to have a better understanding of the 

desires and requirements of their customers by doing 

trustworthy sentiment research. Users will have a better 

experience as a result of this, and the firm will be able 

to grow more quickly. Investigating artificial 
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intelligence systems that can be explained is one 

approach that may be used to go further. The data from 

emails, audio, and video are analyzed by these 

algorithms, which then develop more accurate guesses 

about how people will behave and think in the future. 

The use of datasets in several languages for real-time 

sentiment analysis has the potential to improve the 

performance of the model and increase its application in 

a great deal of different situations. 
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