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 Electronic mail classification in educational institutes becomes the 

fundamental task to manage information efficiently. Due to the globalization 

and the technological advancement, volume of email users increasing 

consistently, which in turn increases the volume of digital data 

exponentially. This necessitates the developing automated email 

classification systems for the better and organized work. This paper develops 

a novel graph-based similarity (GBS) approach based on semantic similarity 

to address these challenges. The method initially selects the most relevant 

features based on feature weights, later it builds a graph by using Jaccard co-

efficient method for each category with features as nodes and correlation 

between the nodes as edges. Later, these graphs are used as templates for 

each category and classifies each new incoming email into the specific class 

based on the similarity among the graph templates and a new email. The 

GBS method was compared with the well-known benchmarked email 

classifiers and the findings demonstrated that the GBS method outperformed 

with 98.91% accuracy after fine-tuning of graph parameters and the 

classifier hyper parameters. Additionally, receiver operating characteristic 

(ROC) curve analysis was conducted, achieving a highest area under curve 

(AUC) score 0.989, demonstrating robust classification proficiency across 

all categories. 
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1. INTRODUCTION 

In the current digital age, email remains a basic communication medium at both personal and 

professional levels. The usage of emails for communication purpose is still growing exponentially in spite of 

the swift technological development because it offers exclusive composite of proficiency, protected, and 

trustworthiness. After the pandemic, email communication increased exponentially in the academic field, 

because the learning was shifted to online mode. According to the Radicati groups of email statistics report, 

4.549 billion users using email globally as of 2025; by the end of 2027, that number is predicted to reach 

4.849 billion [1]. 

A classic academician gets almost 60-70 emails per day, which leads to a flood of emails if he goes 

on vacation of 10-15 days. In addition, he needs to devote a substantial part of his working hours to process 

https://creativecommons.org/licenses/by-sa/4.0/
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emails, which reduces the quality and productivity of the employee as well the organization. Accordingly, 

email management is an essential task that both individuals and organizations must deal with. In general, the 

primary tool for email management is categorizing emails into specified categories based on user 

requirements. For instance, in an academic institution/university, one can classify an incoming email into 

academics, research, placements, examinations, and others for easy access. 

To categorize emails into predetermined groups, different categories of learning methods are 

available, including supervised learning, content-based learning, unsupervised learning, and semi-supervised 

learning [2], [3]. This work used the concept of supervised learning for email classification, because it is a 

robust choice for academic email classification as it offers vibrant performance metrics and interpretability. 

Support vector machines (SVM) [4], genetic algorithms (GA) [5], artificial neural networks (ANN) [6], [7], 

decision trees (DT) [8], naïve Bayes (NB) [9], random forest (RF) [10], convolution neural networks (CNN) 

[11]–[13], and k-nearest neighbor (KNN) [14], are some of the methods that apply the supervised learning 

principle. Some of these classifiers showed prominent performance on email, but still faced challenges due to 

the nature of email data. We know that, the data in real- time email is unstructured, noisy, and high 

dimensional, and it makes it difficult to understand the structure of the data by a classifier. Then, researchers 

developed different classifiers based on semantic nature [15], [16] and tree/graph-based nature [7], [17]–[19] 

to solve these problems and also performed well on the public datasets. However, these classifiers failed to 

focus on the structure and relationship between the emails when using real-time datasets. Hence, this work 

focused on developing a graph-based email classifier since tree-based and graph-based classifiers have drawn 

a lot of attention recently because of their non-linear nature, which allows them to adapt to virtually any 

classification task.  

This research proposed a unique graph-based email classifier for effective email classification. 

Following are the key contributions of this work: i) a novel graph-based similarity (GBS) approach is 

proposed for a multi-class email classification system, where each email is represented as a graph built from 

top-k term frequency-inverse document frequency (TF-IDF) features as nodes. Edges between the features 

are computed using the Jaccard coefficient which allows the model to capture the semantic relationship 

between the nodes unlike the conventional methods; ii) a template-based classification approach is presented, 

where each category is associated with its class representative graph. Categorization of new unseen incoming 

email is performed by comparing its graph with the class specific template graphs; and iii) the proposed GBS 

approach is extensively evaluated on a real-time academic email dataset and it was compared with 

conventional classifiers such as multinomial naïve Bayes (MNB), linear support vector classifier (LSVC), 

long short-term memory (LSTM), and semantic based forensic analysis and classification of email data 

(seFACED). The model undergoes fine-tuning across different TF-IDF threshold values. The receiver 

operating characteristic (ROC) curve analysis also conducted to validate the discriminative capability of the 

method, and the findings demonstrates superior performance predominantly with imbalanced classes. 

The remainder of this paper is structured as follows: section 2 gives the various works carried out on 

different email classification techniques used for email classification. Section 3 discusses the proposed 

methodology, which describes building graphs, finding the node similarity between graphs, and grouping 

emails into predefined categories. Section 4 discusses the results obtained after rigorous experiments on  

real-time and benchmark datasets. Finally, section 5 concluded the work.  

 

 

2. RELATED WORK 

The relevant work was summarized into three categories: supervised methods, tree-based methods, 

and sematic-based methods. These methods classify emails into predefined categories. Some of them are 

detailed as follows. 

Angelova and Weikum [20] developed a novel method for text classification that utilized a graph in 

which text is hyperlinked. This method used neighbor-learning to ascertain the link between data items.  

The accuracy and robustness of the classifiers were enhanced by this technique. Furthermore, neighbor 

trimming and edge weighting based on similarity were employed to lessen the noise in the neighborhood; 

class label-based similarity was utilized to further alter the weight. The challenging task of multi-class 

automated hate speech categorization for text [21] was solved in this study with significantly improved 

outcomes when significant challenges were first identified. Ten distinct binary-categorized datasets with 

various kinds of hate speech were created. 

Adnan et al. [22] addressed various challenges in spam email classification using ensemble learning 

techniques. Their method employed different classifiers including DT, LR, KNN, AdaBoost, and Gaussian 

NB as base classifiers. Their evaluation demonstrated that AdaBoost was the strongest individual classifier 

and also it showed that the proposed stacking method accomplished higher performance. 

Hassanat [23] proposed a unique way for accelerating big data categorization. Two approaches 

were used, and the instances were sorted according to how closely they resembled two local locations.  
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The first strategy chooses local points based on how much they resemble the extreme global points, 

whereas the second technique selects local sites at random. The outcomes of numerous trials performed on 

multiple large datasets reveal respectable accuracy rates compared to cutting-edge techniques and the 

KNN classifier. 

A DT method [24] based on the Rao-Stirling index was proposed. When quantifying data impurity, 

the Rao-Stirling index takes class distances into account and gives higher weight to reference pairs in classes 

that are farther apart. The outcomes demonstrated that the recommended method is more accurate, suggesting 

that accounting for class distances could improve DT accuracy. 

Sonowal [25] used binary search feature selection (BSFS) with a rating system based on the Pearson 

correlation coefficient to categorize phishing emails. The proposed strategy makes advantage of four 

categories of features from the hyperlinks, email body, and content. Generally, the four dimensions 

mentioned earlier were used to choose 41 attributes. Thus, the BSFS method outperformed the sequential 

forward feature selection (SFFS) method (95.63%) and the without feature selection (WFS) method (95.56%) 

with a score of 97.41%. This study showed that while the SFFS takes the most time to find the optimal 

feature set, the WFS does so the quickest. But compared to other approaches, the WFS's accuracy is rather 

low. The main finding of the experiment was that the BFSF took the smallest amount of time to evaluate the 

best feature set more accurately, even after eliminating a few features from the feature corpus. 

A novel method for resolving the proximity searching issue was presented [26]. The methodology 

relied on employing a directed graph known as the k-nearest neighbor graph (k-NNG) to index the 

database. This graph establishes a connection between every entry and its nearest neighbors. For range and 

nearest neighbor queries, the method offered two finding algorithms that used the metric and navigational 

properties of the k-NNG network. In addition, the authors demonstrated the competitiveness of the 

approach strategy versus existing ones. For instance, utilizing only 0.25% of active electronically scanned 

array (AESAs) required space, the nearest neighbor search methods used in this paper completed 30% 

more distance evaluations in the metric document space. Conversely, the pivot-based method was 

ineffective in the same field. 

Shimomura and Kaster [27] presented two significant improvements to graph related algorithms for 

similarity findings. In the first, the primary graph categories that are currently used for similarity checks were 

reviewed, and the best illustrative graphs in an environment that is shared by precise and closest search 

strategies were experimentally evaluated. The later one was a novel connected-partition technique to 

proximity graph construction and similarity search responses called HGraph. 

Malkov et al. [28] proposed a new method for resolving the metric space KNN search problem. 

An accessible world network with vertices for the components to be stored, edges for the connections 

between those elements, and a form of the greedy method for finding served as the foundation for the 

search structure. The initial Delaunay graph approximation linkages were simply maintained to construct 

the navigable tiny environment. The approach, which was presented in terms of arbitrary metric spaces, 

was both general and simple. The probabilistic KNN queries accuracy can be modified without rewriting 

the structure.  

Numerous classifiers for machine learning have been developed, and some of them have 

demonstrated notable performance on a variety of datasets, according to a thorough review of the literature. 

Additionally, classifiers based on trees and graphs have gained popularity in recent years, and only a few 

tree-based and graph-based classifiers showed good performance on high-dimensionality email data. 

However, a large number of graph-based and tree-based classifiers have been developed but failed to 

understand the lexical and contextual relationship between features. Hence, this paper suggests a graph-based 

classifier based on semantic similarity for an effective email classification system using TF-IDF and the 

Jaccard coefficient. 

 

 

3. METHODOLOGY 

The proposed methodology employs a unique GBS method for email classification system. The 

method comprises five main phases: data acquisition, pre-processing the raw email data, finding and 

selecting relevant features, building a graph, and grouping email data according to the similarity between two 

graphs. The framework of the proposed email classification method based on GBS is illustrated in Figure 1. 

 

3.1.  Data acquisition 

The REVA email dataset contains 3,400 email samples with 4 different categories such as: 

examination, research, academics, and placements. These categories are considered in this study [29].  

The email samples in the dataset have been distributed unevenly and it is illustrated in the Figure 2. 
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Figure 1. The proposed architecture for email classification using GBS 

 

 

 
 

Figure 2. Distribution of email samples 

 

 

3.2.  Data preparation 

To transform the raw email data into the format needed for additional processes like feature 

selection and classification, data pre-processing is necessary. Several data pre-processing methods are used 

on unprocessed email data, such as tokenization, lowercase conversion, email signature removal, stop-word 

removal, and punctuation removal [30], [31]. After pre-processing, there has been a clear decline in the 

volume of email data. This will improve the processing efficiency of the suggested email classification 

system. The detailed explanation of data preparation is provided as follows, accompanied by an example. 

Four email samples (D1, D2, D3, and D4) that fall under the dataset's research category were taken into 

consideration to demonstrate the suggested method's working technique.  

– D1: hearty congratulations to authors, published a research article in Scopus indexed journal. 

– D2: dear all, I'm pleased to announce that a research article I wrote has been published in a journal with 

an impact factor of 1.8 that is indexed by SCI. 

– D3: dear all, I am pleased to inform that the research paper co-authored by me and my RU Research 

Scholar Mr. Imran Khan is accepted in the International Journal of Electronics and 

Telecommunications, a Web of Science indexed journal.  

– D4: dear all, it is our great pleasure to share that one of our articles titled "A comprehensive research on 

its topologies, modelling, control and its applications" is accepted in one of the top-rated international 

peer reviewed Journal of "IET Power Electronics". 

The reduced dataset after pre-processing techniques applied on email documents D1, D2, D3 and D4 

are as follows: 

– D1’: {congrats, author, publish, research. article, Scopus, index, journal}. 

– D2’: {happy, announce, research, article, write, publish, journal, impact, factor, index, sci}. 

– D3’: {research, happy, article, scholar, author, publish, web, accept, science, journal, index,}. 

– D4’: {great, happy, article, research, accept, international, review, journal. IET, Power, Electronics, 

paper, write, scholar, author}. 

Four email documents had a combined length of 145 words prior to the use of pre-processing 

techniques; then length of these four documents becomes 47 words after preprocessing phase, which is 
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almost 69% reduction in the size of the original data. This helps the learning techniques work more 

efficiently. Further, from the reduced data, n unique words are considered occurs oftenly among the different 

email documents for the feature selection phase. 

 

3.3.  Feature engineering 

This section describes the identification of weights for each feature/term and selecting them for 

further process. Initially, a binary model is created for n oftenly occurred words in the reduced dataset using 

bag of words (BoW) method. After that, a weight representing each word's relevance was determined using 

TF-IDF [32]. The BoW representation for the n unique words (i.e., n =10 for this study) of the reduced 

dataset is shown in Table 1. 

 

 

Table 1. Binary BoW representation for the selected terms 
Doc/Word Research Article Journal Publish Happy Author Index Scholar Write Accept 

D1 1 1 1 1 0 1 1 0 0 0 

D2 1 1 1 1 1 0 1 0 1 0 

D3 1 1 1 1 1 1 1 1 0 1 

D4 1 1 1 0 1 1 0 1 1 1 

 

 

The BoW model, on the other hand, just indicates the presence of words; it makes no allowances for 

the implication of individual terms inside an email content. For instance, in the fourth document, the word 

"scholar" has greater significance than other nouns. However, when words exist in the email, they receive the 

value '1' in this model; otherwise, they receive the value '0'. This means that a bag of words model with  

TF-IDF score was used in place of "0s" and "1s" used in the original model. For a given word, TF-IDF 

multiplies TF and IDF to find the score for that word in the document. Consequently, the score for every 

word in the document computes as shown in (1) to (3). 

 

𝑇𝐹𝐼𝐷𝐹 (𝑤𝑜𝑟𝑑, 𝑑𝑜𝑐) = 𝑇𝐹 (𝑤𝑜𝑟𝑑, 𝑑𝑜𝑐) × 𝐼𝐷𝐹 (𝑤𝑜𝑟𝑑) (1) 

 

Thus, two matrices must be calculated for this method: first one (TF) counts the terms or words that occur in 

each document, and the other (IDF) determines the relevance of each word that occurs in each document. 

Both of them are calculated using (2) and (3). 

 

𝑇𝐹(𝑤𝑜𝑟𝑑, 𝑑𝑜𝑐) =
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑖𝑚𝑒𝑠 𝑤𝑜𝑟𝑑 𝑜𝑐𝑐𝑢𝑟 𝑖𝑛 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡

 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑤𝑜𝑟𝑑𝑠 𝑖𝑛 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡
 (2) 

 

𝐼𝐷𝐹(𝑤𝑜𝑟𝑑) = 𝑙𝑜𝑔 (
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡𝑠

1+𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡𝑠 𝑤𝑖𝑡ℎ 𝑤𝑜𝑟𝑑
) (3) 

 

To determine the meaning of each term, the TF dictionary for the "n" most often recurring words 

with their TF values was first produced. Afterwards, the same set of terms with their corresponding IDF 

values were included in the IDF lexicon. Ultimately, as Table 2 illustrates, the TF-IDF score is produced. 

Terms that have scores close to '0' imply less relevance, whereas those with high TF-IDF values indicate 

greater relevance. A feature set was generated using the top 10 words having the highest TF-IDF scores, and 

a graph was then created using this feature set. In the following step, a graph was created with these 

properties, and it was then utilized to categorize incoming emails in the future into the appropriate groups. 

 

 

Table 2. Term frequency-inverse document frequency model 
Doc/Word Research Article Journal Publish Happy Author Index Scholar Write Accept 

D1
´ 0.989 0.042 0.989 0 0.987 0.034 0.581 0 0.081 0.085 

D2
´ 0.989 0 0.989 0 0.0895 0.027 0.624 0 0.852 0.847 

D3
´ 0.989 0 0.989 0.048 0.981 0.033 0.158 0.542 0.075 0.079 

D4
´ 0.989 0 0.989 0.059 0.879 0 0.254 0.124 0.759 0.568 

 

 

3.4.  Graph building using Jaccard similarity 

During this step, an email-document graph was constructed using the features with high TF-IDF 

scores for email classification. Here is how the graph is defined (4) to (6): 
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𝐺 = (𝑁, 𝐸) (4) 

 

𝑁 = {𝑛1, 𝑛2, 𝑛3, … , 𝑛𝑛} (5) 

 

𝐸 = {𝑒1, 𝑒2, 𝑒3, … , 𝑒𝑛} (6) 

 

Where, G is a graph with set of nodes (N) and edges (E). Between TF-IDF scores of two emails M and N, the 

Jaccard similarity [33] is calculated as (7). 

 

Sj(𝑀, 𝑁) =
|𝑀 ∩ 𝑁|

|𝑀 ⋃ 𝑁|
=

|𝑀 ∩ 𝑁|

|𝑀|+|𝑁|−|𝑀 ∩ 𝑁|
 (7) 

 

We define an edge between the vertices ni and nj if the Jaccard similarity exceeds τ as in (8). 

 

𝑑(𝑖, 𝑗) =  {
𝑆𝑗  (𝐷𝑖, 𝐷𝑗), 𝑖𝑓 𝑆𝑗(𝐷𝑖,  𝐷𝑗) >  𝜏

0,                      𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
} (8) 

 

Thus, the edge di, j represents the Jaccard similarity between two email documents di, and dj. 

After the research category graph was constructed as shown in Figure 3, the remaining categories 

graphs (academics, exams, and placements) were also constructed using the same procedure. Later, these graphs 

were preserved as templates. They are used during the categorization of incoming mail that has not read yet. 
 

 

 
 

Figure 3. Graph with weighted edges 
 

 

3.5.  Graph based classification 

In this phase, emails were classified into one of the predefined categories based on the similarity 

between graphs. The dataset has four categories: academics, examination, research, and placements. First, the 

input graph for the new unseen email was constructed using the methods described in sub-sections B, C, and 

D of section 3. Later, this graph is fed into the trained model to predict the category. Then, to predict the 

respective category, the method computes the graph similarity score between the input graph and the graph 

templates of various classes as (9). 

 

𝑆 = {𝐶1, 𝐶2, 𝐶3, … , 𝐶𝑛1} (9) 

 

Where Cn represents the number of classes (In this study academics, research, examination, and placements). 

For a new email document Dnew, represent it as TF-IDF vector Xnew and connect it to the graph G 

based on its Jaccard similarity to the existing nodes. A new email will be classified into one of the predefined 

categories using the existing labeled nodes in the graph. A simple KNN is used for classification. For the new 

email document, the classification task works as follows: 

i) Compute the Jaccard similarity between Xnew and the TF-IDF vectors of the existing emails. 

ii) Find the k-closest neighbors based on Jaccard similarity. 

iii) Assign the class Ynew to the fresh email document based on a majority vote from the classes of the 

nearest neighbors as (10). 

 

𝑌𝑛𝑒𝑤 = arg max 𝐶𝑘 ∑ 1(𝑌𝑖 − 𝐶𝑘)𝑘
𝑖=1  (10) 
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Where Yi denotes the class label of the ith nearest neighbor, Ck is kth class and 𝕀 (Yi = Ck) represents the 

indicator function that returns 1 when Yi = Ck and 0 otherwise.  

Subsequently, the complete algorithm for classification of emails based on graph similarity 

approach is discussed in Algorithm 1. The Algorithm 1 explains the proposed graph-based email 

classification using TF-IDF and Jaccard co-efficient. In step 1, various algorithms are applied to clean the 

raw data and makes data to suitable for further machine learning operations, later relevant top k features are 

selected using TF-IDF score. Then, a graph was built using these features as vertices and the relationship 

between these features as edges, Jaccard co-efficient is used to find the similarity score between the vertices 

(threshold value considered in this study is 0.75). In step 2, a graph will be constructed for unseen email. 

Later, step 3 computes the similarity score between and unseen email graph and a graph of existing emails. 

Finally, in the step 5 the unseen email assigned with the class label with highest score obtained in the step 4. 

 

Algorithm 1. Graph-based email classification using TF-IDF and Jaccard co-efficient 
Input: email dataset 𝐷 = {𝑑1, 𝑑2, … , 𝑑𝑛}, unseen email du, feature number k, and threshold of 
Jaccard  

co-efficient ϴ  

Output: predicted class label for unseen email 

Steps: 

1. for each email document di ϵ D: 

- Preprocess di → get terms 𝑇 = {𝑓1 , 𝑓2 , … , 𝑓𝑛} 

- Compute TF-IDF(t, di) À t ϵ T 

- Select the top features → Vi 

- Initialize the set of edges Ei  ɸ 

- for every pair of edges (u, v) ϵ Vi * Vi,  u ≠ v: 

- compute the Jaccard similarity: 

- J(u, v)  C (u) ∩ C(v) / C(u) Ù C(v) 

- If J (u, v) >= ϴ: 

- Ei  Ei Ù {(u, v), weight = J (u, v)} 

- Build graph 𝐺𝑖 = (𝑉𝑖 ,  𝐸𝑖) 
2. Repeat the step1 to construct the graph for unseen email du 

- Gu  (Vu, Eu) 

3. Compute graph similarity score between Gu and every Gi using modified Jaccard co-

efficient 

- 𝑆𝑖𝑚 (𝐺𝑢, 𝐺𝑖) = (𝐸𝑢Ո𝐸𝑖)/(𝐸𝑢Ս𝐸𝑖) 
4. Select the graph with highest similarity score 

5. Assign the class label of dj to du  

return the class label for unseen email du 

 

3.6.  Model fine tuning and hyper parameter optimization 

To enhance the performance of the GBS model, structured fine-tuning was performed on various 

parameters involved in the processing pipeline. The parameters considered for optimization include the 

volume of topmost features per email, ranging from 5 to 20. Additionally, the threshold value of Jaccard 

similarity for computing edge values was tested at 0.2, 0.3, 0.4, and 0.5. 

 

 

4. RESULTS AND DISCUSSION 

The proposed GBS method’s performance was assessed using the academic email dataset. 

Additionally, the GBS method's performance was contrasted with that of other traditional email classification 

techniques. Including seFACED [34], LSTM [35], LSVC, RF, and MNB. 

 

4.1.  Performance analysis 

The performance of various evaluation measures like accuracy [36], precision [37], recall [38], and 

F1-score [39] measures were tested on the different email classifiers and the proposed classifier as (11) to (14).  

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 (11) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
 (12) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (13) 

 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2(
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑟𝑒𝑐𝑎𝑙𝑙
) (14) 
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Where TP, FP, TN and FN specify true-positives, false-positives, true-negatives, and false-negatives 

correspondingly. The performance of different evaluation measures on different types of email classification 

is illustrated in Table 3. The average recall, F1-score, precision, and accuracy of the proposed GBS approach 

are 0.96, 0.97, 0.97, and 0.98 respectively. 

 

 

Table 3. Performance of proposed model 
Class Accuracy Precision Recall F1-score 

Academic 0.989 0.978 0.958 0.973 

Examination 0.989 0.985 0.964 0.976 

Placements 0.974 0.967 0.955 0.978 

Research 0.992 0.969 0.962 0.982 

 

 

To evaluate the performance of GBS email classification method, a confusion matrix was 

constructed. Figure 4 gives the detailed insight of the proposed method’s ability to correctly identify and 

differentiate between various classes. The matrix shows that the proposed method achieves better 

classification accuracy for each category, particularly for placement and research categories with minimal 

misclassifications. From the matrix it was observed that, the total correct predictions were 3,363 out of  

3,400 email samples. The proposed GBS approach achieved with highest accuracy of 98.91% with low 

misclassification rate of 1.09%. Maximum misclassification occurred between the academics and 

examination category due to the mutual terms between these two classes.  

 

 

 
 

Figure 4. Confusion matrix of the proposed method 

 

 

4.2.  Comparative analysis 

Figure 5 shows the performance analysis of proposed method. The performance of the GBS and 

conventional classifiers across a range of performance metrics is displayed in the Figure 5(a). NB obtained 

94.1% accuracy, 95.8% precision, 96.1% recall, and 96.9% F1-score, as per the experimental findings. 

Consequently, with 97.8% accuracy, 96.2% precision, 97.0% recall, and 96.4% F1-score, LSVC 

outperformed the others. Furthermore, the RF technique produced good results, with a 96.3% F1-score, 

97.1% recall, 97.0% precision, and 97.7% accuracy. With 98.2% accuracy, 97.8% precision, 98.8% recall, 

and 98.7% F1-score, the proposed GBS outperforms other classifiers. 

Figure 5(b) recorded the assessment of GBS and other various email classifiers (NB, LSVC, RF, 

LSTM, and seFACED) on the academic email dataset. From the experimentation, it was perceived that, the 

proposed GBS scored 78.2% accuracy, whereas LSTM and seFACED scored 79.3% and 85.1% respectively 

when the method was tested on 500 email samples. Also, the results illustrate that, the GBS produced 92.1% 

accuracy, compared to LSTM and seFACED produced 89.02% and 91.6%. Furthermore, the results 

demonstrated that the recommended GBS performed more effectively than other classifiers with 95.2% and 

98.91% accuracy when 3,000 and 4,000 email samples were considered. These results designate that the 

proposed approach’s performance improves as the dataset size increase. 
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(a) (b) 

 

Figure 5. Performance analysis of proposed method of (a) comparative analysis of GBS with traditional 

classifiers (b) accuracy comparison of GBS with conventional methods 
 

 

The ROC curve was generated for all the four categories. With the area under curve (AUC) used to 

quantify the classification performance. The true positive rate (TPR) and false positive rate (FPR) were 

computed as (15) and (16). 
 

𝑇𝑃𝑅 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (15) 

 

𝐹𝑃𝑅 =
𝐹𝑃

𝐹𝑃+𝑇𝑁
 (16) 

 

Figure 6 illustrates the ROC curve of the proposed GBS classifier for all four categories, 

highlighting the classifier’s ability to separate emails into their correct categories. The AUC values were 

0.978 for academics, 0.981 for research, 0.989 for examination, and 0.982 for placements. These results were 

demonstrated that the classifier performs exceptionally well across all categories with the examination 

category exhibiting the highest classification accuracy. This validates the effectiveness of the graph-based 

classifier in handling multi-class email classification using the Jaccard similarity. Table 4 gives the 

comparison of proposed GBS method with the existing methods (i.e., semantic graph neural network 

(SGNN), stacking ensemble, seFACED, and MalFSCIL). The overall performance of the GBS method is 

98.91% accuracy, which is 1.04, 0.09, 3.91, and 2.92% better than the existing methods. From this 

comparative analysis, we can conclude that the proposed GBS method outperformed other methods by 

achieving highest accuracy. 
 

 

 
 

Figure 6. ROC curve for the proposed GBS email classifier 
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Table 4. A comparison of the proposed method with current methods 
Author Year Methods Accuracy (%) 

Pan et al. [18] 2022 SGNN 97.872 

Adnan et al. [22] 2024 Stacking Ensemble 98.80 

Hina et al. [34] 2021 seFACED 95 

Chai et al. [40] 2025 MalFSCIL 90.58 

Proposed  GBS 98.91 

 

 

4.3.  Impact of fine tuning 

To evaluate the impact of fine-tuning on the proposed model (Figure 7), different sets of 

experiments were conducted over TF-IDF feature sizes and threshold limits of Jaccard co-efficient.  

Figures 7(a) and 7(b) demonstrates the impact of fine-tuning approaches among accuracy and F1-score 

respectively. According to the findings, the proposed model outperformed consistently across all combinations 

after fine-tune the model. The proposed model enhanced its accuracy from 94.41% to 96.30% for the 

combination (k =5, theta =0.2) and obtained its highest 99.23% for the configuration (k =10, theta =0.3). 

Correspondingly, the F1-score enhanced among all combinations and achieved highest 0.992 for the similar 

combination. These findings validate that the proposed classifier boosts its performance after fine-tuning the 

top ranked features and the Jaccard’s threshold value in graph construction. 

 

 

 
(a) 

 

 
(b) 

 

Figure 7. Impact of fine tuning on GBS method of (a) accuracy of the GBS before and after fine tuning and 

(b) F1-value of the GBS before and after fine tuning 

 

 

5. CONCLUSION 

In this study, an innovative graph-based semantic email classification method was developed using 

TF-IDF and the Jaccard coefficient. Initially, the method used different data preprocessing methods to clean 

the raw data; later, TF-IDF was used to extract the most important and relevant features from the updated 

dataset. Next, a graph was constructed for a class using the Jaccard coefficient, where the features were used 
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as nodes and the correlation between the nodes as edges. Then, graphs were built for other categories as well, 

and these graphs were used as templates during classification. Later, the approach finds the degree of 

similarity between both graphs by analyzing their similarities. Finally, the method classifies unseen email 

into the prescribed category based on the similarity between those graphs. The experimental demonstration 

showed that the GBS classifier performs better than the traditional classifiers with 98.91% accuracy before 

fine tuning the model, and achieved highest with 99.23% accuracy after fine tuning. These findings 

confirmed that fine-tuning of TF-IDF feature counts and edge thresholds significantly enhanced classification 

performance. While the findings are promising, future researchers can explore the incorporation of graph 

neural networks to help the model to learn richer feature interactions while constructing graphs. 

Consequently, it is planned to extend the work to support multi-modal data, and dynamic graph construction. 
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