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Abstract: 

 

Purpose: The aim of the research is to evaluate the effectiveness of classification models of 

agreement-related emails with imbalanced classes, which allows for a more comprehensive 

assessment of their performance under severely imbalanced data and a better 

understanding of their behaviour in practical applications.  

Design/Methodology/Approach: The following machine learning classification methods 

have been used: Complement Naive Bayes, Logistic Regression, Random Forest, and 

Support Vector Machine.  

Findings: This research evaluated the effectiveness of classification models for agreement-

related emails with imbalanced classes. Random Forest and Support Vector Machine 

achieve high values for both Accuracy and balanced Accuracy, demonstrating their strong 

classification performance.  

Practical Implications: Random Forest and Support Vector Machine can be implemented 

in intelligent information systems for a mail dispatcher. Correspondence can be 

automatically routed to the person responsible for handling the inquiry. This speeds up the 

process and minimises the risk of an inquiry being overlooked or left unanswered.  

Originality/Value: Despite a large body of research on email classification, there is still a 

lack of studies focused on specific applications, such as agreement document classification. 

In particular, it is rare to simultaneously examine different models and compare their 

performance using multiple metrics within a single real-world problem. 
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1. Introduction 

 

Intelligent information systems for a mail dispatcher are increasingly becoming the 

subject of scientific research and practical applications. Such a system identifies the 

need reported in an email and forwards it to the appropriate person in the 

company/office. Correspondence is automatically routed to the person responsible 

for handling the inquiry.  

 

This speeds up the process and minimises the risk of an inquiry being overlooked or 

left unanswered. The customer or inquirer does not have to search for the 

appropriate department to address their inquiry. All they need to do is send the 

inquiry to a general address. The system also pre-prepares response forms, helping 

ensure high-quality service to customers/petitioners. The form includes instructions 

describing the procedure for the employee to fill in the information.  

 

As a result, the completed document meets quality standards and minimises the risk 

of an incorrect decision. These systems are therefore designed to simplify, expedite, 

and improve the efficiency of handling matters related to serving the stakeholders of 

private companies or public institutions. This ultimately leads to an improvement in 

the services provided.  

 

However, one of the main research problems in developing intelligent 

correspondence dispatching systems is email classification. Despite a large body of 

research, there is still a lack of studies focused on specific applications, such as 

agreement document classification. In particular, it is rare to simultaneously examine 

different models and compare their performance using multiple metrics within a 

single real-world problem.  

 

This work addresses this gap by conducting a comparative analysis of selected 

classification models using several evaluation metrics. Therefore, the aim of the 

research is to evaluate the effectiveness of classification models of agreement-

related emails with imbalanced classes. This enables a more comprehensive 

assessment of their performance under severely imbalanced data and a better 

understanding of their behaviour in practical applications. 
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The remainder of this paper is structured as follows. The next section presents 

related research in the considered field. Next, the research methodology is presented. 

The main sections of the paper present the results and discussion. The article ends 

with conclusions. 

 

2. Related Research 

 

The problem of classifying imbalanced data is one of the most important challenges 

in machine learning. In many practical applications, such as document classification 

or medical data analysis, some classes occur much more frequently than others. This 

imbalance complicates both model training and its reliable evaluation.  

 

This issue is widely covered in the literature (Japkowicz and Stephen, 2002; He and 

Garcia, 2009; Branco et al., 2016; Fernández et al., 2018; Owusu-Adjei et al., 2023; 

de la Cruz Huayanay et al., 2024). 

 

In such cases, a simple metric like Accuracy can be misleading, as a model can 

achieve high scores by focusing primarily on the dominant class. Therefore, other 

metrics, such as Precision, Recall, F1-score, or Balanced Accuracy, are used to 

reflect better how the model performs across all classes (He and Garcia, 2009).  

 

Research also shows that Precision-Recall metrics are more useful than ROC metrics 

for highly imbalanced data (Saito and Rehmsmeier, 2015). Particularly for the legal 

documents and contracts analysed in this paper, where certain document types 

dominate, selecting appropriate metrics is crucial for correct model evaluation. 

 

To improve model performance, various approaches are used to address data 

imbalance. These include increasing the number of minority-class examples 

(oversampling), decreasing the number of majority-class examples (undersampling), 

and approaches that account for different error costs. One popular method is 

SMOTE, which creates artificial examples for rare classes (Chawla et al., 2002).  

 

However, research indicates that the effectiveness of these methods depends on the 

type of data (Batista et al., 2004). Particularly in legal document collections (as 

discussed in this paper), where minority classes may be severely underrepresented, 

choosing an appropriate data-balancing strategy can significantly impact results. 

 

In text classification tasks, such as analysing contract documents, models such as 

Support Vector Machines, Random Forests, and Logistic Regression achieve good 

results. However, their performance can be compromised by uneven class 

distribution (Sebastiani, 2002; Kowsari et al., 2019).  

 

At the same time, for legal documents and contracts, which are characterised by 

highly repetitive structures and specialised language, models can achieve 

particularly high performance. It is also important to use appropriate validation 
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methods, such as stratified cross-validation, which preserve class proportions and 

obtain more reliable results (Kohavi, 1995). 

 

Despite a large body of research, there is still a lack of studies focused on specific 

applications, such as contract document classification. In particular, it is rare to 

simultaneously examine different models and compare their performance using 

multiple metrics within a single real-world problem.  

 

This work addresses this gap by conducting a comparative analysis of selected 

classification models using several evaluation metrics. This enables a more 

comprehensive assessment of their performance under severely imbalanced data and 

a better understanding of their behaviour in practical applications. 

 

3. Research Methodology 

 

3.1 Dataset Characteristics  

 

The data used in the study contained contract content that is characterised by high 

predictability and repeatability, which allows models trained on such data to 

recognise and classify various contract elements effectively. The data showed 

significant variation in the number of samples across classes, which can affect the 

model's training balance. The number of files in each class is presented in Table 1.  

 

The "Supply Agreement" class contains the vast majority of samples, with 42,604, 

indicating that it is the most common contract type in the dataset. The "Escrow 

Agreement" class comprises 1,549 samples, indicating a large number of these 

contracts, but significantly fewer than for supply agreements.  

 

The "Lease Agreement" and "Service Agreement" classes contain 2,350 and 2,151 

samples, respectively, which are typical for these contract types. The "Other 

Contract Type" class has 192 samples, indicating a moderate sample size. "Medical 

Services Agreement" has only 96 samples, making it one of the least represented 

classes. "Lending Agreement" has only 22 samples, which is by far the smallest 

class in the set. 

  

Table 1. Number of files in each class in the dataset. 
No. Type of Agreement Number of files 

1. Supply Agreement 42,604 

2. Escrow Agreement 1,549 

3. Lease Agreement 2,350 

4. Service Agreement 2,151 

5. Other Agreement Type 192 

6. Medical Services Agreement 96 

7. Lending Agreement 22 

Source: Authors’ calculations. 
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Models:  

The study included the use of the following models: 

• Complement Naive Bayes (CNB) – a variant of the multinomial Naive 

Bayes classifier designed to mitigate the poor performance of standard 

Naive Bayes under imbalanced class distributions. Instead of modelling the 

probability that an example belongs to a given class, CNB models the 

probability that an example does not belong to a given class, but belongs to 

its complement, which stabilises the decision boundary weights and reduces 

the bias toward majority classes (Rennie et al., 2003; Anagaw and Chang, 

2019; Seref and Bostanci, 2019). 

• Logistic Regression – a basic statistical method and machine learning 

algorithm used to predict the probability of a specific event occurring. 

Unlike linear regression, which predicts continuous values, logistic 

regression is used for classification tasks, most often binary, where the result 

takes one of two values: 0 or 1. The result is interpreted as the probability of 

belonging to a given class. It is widely used due to its interpretability, low 

computational cost, and strong theoretical foundation in generalised linear 

models (Agresti, 2013; Iwagami et al., 2024; Miyazaki et al., 2024; Hu et 

al., 2025).  

• Random Forest – an ensemble learning method that constructs a set of 

decision trees and aggregates their predictions via majority voting (for 

classification purposes). Each tree is trained on a new data sample of the 

same size as the original set, created by repeated sampling with replacement, 

and uses a random subset of features at each split. This reduces overfitting 

and improves generalisation compared to a single tree. Random Forests are 

robust to noise, handle nonlinear relationships, and provide estimates of 

feature importance, making them a popular choice in machine learning 

research (Savargiv et al., 2021; Salman et al., 2024; Sun et al., 2024). 

• Support Vector Machine (SVM) – a margin‑based classifier that seeks a 

separating hyperplane maximising the distance between the nearest training 

points of different classes, known as support vectors. SVMs are theoretically 

grounded in statistical learning theory and structural risk minimisation, and 

they often achieve competitive performance in high‑dimensional spaces 

such as text and image classification (Burges, 1998; Cervantes et al., 2020; 

Brunetti, 2023; Nordin et al., 2023). 

  

Metrics:  

To evaluate the effectiveness of the model, the following metrics were used: 

 

1. Precision: a measure of the quality of a classification model, defining how 

accurately the model classifies positive samples. It is the ratio of the number 

of correctly classified positive samples to the total number of samples the 

model classified as positive. 
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   (1) 

 

2. Recall: a metric that measures how well a model detects positive cases. It is 

the ratio of the number of correctly classified positive samples to the total 

number of actually positive samples. 

 

   (2) 

 

3. F1-score: the harmonic mean of precision and recall, a measure that balances 

these two metrics. It is particularly useful in cases where the data is 

unbalanced, as it accounts for both false positives and false negatives. 

 

   (3) 

 

4. Accuracy: a general measure of a classification model's performance, 

measuring the percentage of all samples that are correctly classified. It is the 

ratio of the number of correct classifications to the total number of samples. 

 

    (4) 

 

5. Balanced Accuracy: a metric that accounts for class imbalance in the data by 

calculating the average recall for each class. It is particularly useful when 

dealing with data in which one class is significantly more represented than 

others. 

                                     (5) 

 

To obtain reliable and repeatable results, we used the Repeated Stratified Cross-

Validation method, which ensures that class proportions are preserved in both the 

training and test sets.  

 

This procedure allows for more accurate model evaluation in the context of unevenly 

distributed data, where dominant classes can easily bias performance metrics such as 

Accuracy.  

 

In particular, we included Balanced Accuracy, which considers performance on each 

class individually, a crucial metric in such cases. Analysis of the results enabled us 

to assess each model's ability to handle both dominant and minority classes, a crucial 

factor in practical applications. 
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3.2 Research Results and Discussion 

 

Four machine learning models were used for contract classification: Complement 

Naive Bayes, Logistic Regression, Random Forest, and Support Vector Machine. 

Their Accuracy and Balanced Accuracy were compared. The resulting metrics are 

presented in Figure 1. The Complement Naive Bayes model achieved high Accuracy 

(93,99:), but its Balanced Accuracy (72,82%) was significantly lower, indicating 

class balancing issues.  

 

The Logistic Regression model achieved very high scores on both metrics (98,29% 

and 93,60%, respectively), making it more versatile. Random Forest and Support 

Vector Machine achieved similar values for both Accuracy (98,32% and 98,97%, 

respectively) and Balanced Accuracy (95,48% and 98,53%, respectively), 

demonstrating their high performance in contract classification. 

 

Figure 1. Accuracy vs Balanced Accuracy Across Models 

Source: Authors' own work. 

 

The results of each model for each class were also analysed. The Complementary 

Naive Bayes model achieved an Accuracy of 93.99% and a Balanced Accuracy of 

77.82%, indicating good overall performance (Figure 2).  

 

The best recognised class was "Supply Agreement" (F1-score: 96.64%), while the 

worst recognised class was "Deposit Agreement" (F1-score: 8.24%). Less 

represented classes, such as "Lending Agreement" (F1-score: 88.77%) and "Medical 

Services Agreement" (F1-score: 99.46%), performed well. 

 

The Logistic Regression model achieved 98.29% Accuracy and 93.60% Balanced 

Accuracy, indicating very good performance (Figure 3). The best results were 

obtained for the "Loan Agreement" (F1-score: 100%) and "Delivery Agreement" 
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(F1-score: 99.05%) classes. The "Deposit Agreement" class was also well 

recognised (F1-score: 92.75%). The results for other classes, such as "Lease 

Agreement" (F1-score: 90.87%) and "Other Contract Type" (F1-score: 92.35%), 

were also high. 

 

Figure 2. Metrics by Category for Complementary Naive Bayes model. 

 
Source: Authors' own work. 

 

Figure 3. Metrics by Category for Logistics Regression model. 

 
Source: Authors' own work. 

 

The Random Forest model achieved an Accuracy of 98.32% and a Balanced 

Accuracy of 95.48%, which indicates very good performance (Figure 4). Classes 
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such as "Delivery Agreement" (F1-score: 99.06%) and "Lending Agreement" (F1-

score: 98.57%) were recognised almost perfectly.  

 

The class "Other Contract Type" also achieved a very high score (F1-score: 

98.27%). The lowest results, but still high, were obtained for "Deposit Agreement" 

(F1-score: 89.59%). 

 

Figure 4. Metrics by Category for Random Forrest model. 

 
Source: Authors' own work. 

 

The Support Vector Machine model achieved an Accuracy of 98.97% and a 

Balanced Accuracy of 98.53%, demonstrating its high performance (Figure 5). The 

"Medical Services Agreement" and "Loan Agreement" classes were classified 

perfectly (F1-score: 100%).  

 

"Supply Agreement" also achieved an excellent result (F1-score: 99.43%), indicating 

excellent model performance for the most frequently encountered data.  

 

Slightly lower, but still high, results were achieved for "Lease Agreement" (F1-

score: 93.88%) and "Deposit Agreement" (F1-score: 96.45%). The weighted average 

results confirm very good classification quality across all classes. 

 

The data analysed in this study contained contract content characterised by high 

predictability and repeatability. Many of these documents had established structures, 

linguistic patterns, and repeated clauses, making them easy to analyse and process.  

 

Thanks to this repeatability, models trained on such data could effectively recognise 

and classify various contract elements. 
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Thanks to these data characteristics, we achieved very high classification results. 

The repeatability and predictability of contract content enabled the models to learn 

effectively and correctly assign new documents to appropriate classes.  

 

Techniques such as appropriate class weighting and the use of algorithms that handle 

unbalanced data enabled optimised results despite the uneven distribution of samples 

within individual classes. 

 

Figure 5. Metrics by Category for Support Vector Machine model. 

 
Source: Authors' own work. 

 

4. Conclusions 

 

This research evaluated the effectiveness of classification models for agreement-

related emails with imbalanced classes. Random Forest and Support Vector Machine 

achieved high values for both Accuracy and Balanced Accuracy, demonstrating 

strong classification performance.  

 

These models can be implemented in intelligent information systems for a mail 

dispatcher. The main limitation of the research is that it did not account for LLMs in 

the classification evaluation. Therefore, future research should include LLMs. Also, 

the data set should be expanded to include other types of agreements, such as 

contracts for different services and contracts for specific work.  
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