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Abstract 

Probabilistic approaches constitute an essential component of Machine Learning, particularly in scenarios 

involving uncertainty and data-driven inference. Bayes’ Theorem provides a principled framework for incorporat-

ing prior knowledge and updating beliefs as new data become available. This paper investigates the Naive Bayes 

algorithm from both theoretical and practical perspectives, emphasizing its mathematical foundation and applica-

bility to real-world classification problems. Different variants of Naive Bayes, including Gaussian, Multinomial, 

Bernoulli, and Complement models, are analyzed with respect to their suitability for various data representations. 

The study focuses primarily on text classification tasks, where Naive Bayes is combined with TF–IDF-based fea-

ture extraction. Experimental evaluation is performed using the IMDB Movie Reviews dataset, and the results are 

compared with Logistic Regression and Support Vector Machine classifiers. The findings indicate that Naive 

Bayes delivers competitive performance with significantly lower computational cost, making it well suited for 

large-scale and real-time text processing applications. Despite its simplifying assumptions, the algorithm remains 

an effective and interpretable baseline for Machine Learning classification tasks. 
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Introduction. 

Machine Learning (ML) is one of the scientific 

fields that forms the core foundation of modern artifi-

cial intelligence systems. Over recent decades, the de-

velopment of ML in both theoretical and practical do-

mains has radically transformed the way humans work 

with data. Today, the application of Machine Learning 

models is rapidly expanding across numerous fields, in-

cluding healthcare, education, finance, cybersecurity, 

natural language processing, robotics, and many others. 

The effective operation of these models largely de-

pends on methodologies based on statistics and proba-

bility theory. Statistical analysis, modeling of uncer-

tainty, and data-driven decision-making constitute the 

theoretical backbone of Machine Learning. The pri-

mary goal of Machine Learning is to extract patterns 

from data, learn from them, and provide accurate pre-

dictions about future events. This learning process in-

volves not only the application of simple rules but also 

the correct calculation of probabilities and the discov-

ery of hidden relationships within data. For this reason, 

statistical methods are regarded as an integral part of 

ML. In the analysis of large-scale data accumulated 

over time, probability distributions, statistical hypothe-

ses, random variables, and Bayesian approaches play a 

crucial role. In reality, data are almost always observed 

under uncertainty. For example, in medical diagnostics, 

even if symptoms of a disease are observed in a patient, 

a definitive diagnosis can only be provided through 

probabilistic approaches. Probability-based models en-

able ML systems to understand the uncertain nature of 

data and to make mathematically justified decisions 

based on that data. Through these models, systems 

evaluate the likelihood that newly incoming data be-

long to particular categories by relying on previous ob-

servations and probability values. 

Bayes’ theorem is based on the calculation of con-

ditional probabilities and enables the updating of prior 

knowledge as new information becomes available. In 

many modern ML methods especially probabilistic 

models, generative models, and tasks such as classifi-

cation and segmentation—approaches based on Bayes’ 

theorem are widely used. Bayesian-based methods al-

low models to be updated in accordance with constantly 

changing data environments in real-world scenarios. 

The Naive Bayes method is a simple yet extremely 

powerful classification algorithm based on Bayes’ the-

orem. Although the assumption of complete independ-

ence among features is rarely satisfied in real life, this 

model often demonstrates very high performance in 

practice. Particularly in areas such as text classification, 

spam filtering, sentiment analysis, and medical diag-

nostics, the speed and efficiency of Naive Bayes have 

led to its widespread adoption. Today, the Naive Bayes 

model remains relevant in many real-world problems, 

including text classification, medical diagnostics, cy-

bersecurity, social media analytics, and financial fore-

casting. The aim of this research is to comprehensively 

present the mathematical foundations of Naive Bayes 
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theory, explain its application principles in Machine 

Learning, comparatively analyze its performance in 

real-world problems, investigate its advantages and 

limitations, and, based on experimental results, deter-

mine the scenarios in which Naive Bayes is most effec-

tive. 

Literature Review 

The development of probability-based models in 

the field of Machine Learning and the formation of their 

theoretical foundations particularly the application of 

the Bayesian approach have emerged as the result of 

many years of research. The importance of the Bayes-

ian approach in Machine Learning is especially related 

to theoretical interpretability, model evaluation, and the 

ability to make decisions under conditions of uncer-

tainty. Kevin Murphy, in his book “Machine Learning: 

A Probabilistic Perspective”, states that nearly all ML 

models can be explained through a Bayesian interpre-

tation, which enhances the transparency of their predic-

tion and decision-making mechanisms [7[. The paper 

investigates machine learning models for predicting 

early student dropout, trained using student data on per-

sonal characteristics and academic performance [6]. 

The novelty lies in applying explainable AI (XAI) 

methods to interpret these models. In author provides a 

systematic literature review (SLR) on how Artificial In-

telligence (AI) and Machine Learning (ML) technolo-

gies are being applied to enhance software project man-

agement processes [1]. It consolidates research findings 

from existing literature to highlight major trends, op-

portunities, challenges, and research gaps in the inte-

gration of AI/ML within project management in soft-

ware engineering. Research article [3] elucidates the 

key role of Mathematics that plays in development of 

artificial intelligence (AI) [3]. This research paper's 

contribution is to pointing out the mathematical rules 

that must be at their peak in order to construct an ideal 

artificial intelligence model [3]. The paper proposes a 

novel Explainable Artificial Intelligence (XAI) frame-

work combining UNet-based semantic segmentation 

with Bayesian machine learning to classify brain tu-

mors (BTs) using MRI images [4]. This integrated ap-

proach aims to support automated, interpretable, and 

accurate diagnosis from medical scans. In article dis-

cussed how Artificial Intelligence (AI) and Machine 

Learning (ML) are reshaping materials research and 

outlines a visionary roadmap for India’s role in this 

transformation, emphasizing strategic directions for fu-

ture research and innovation in the materials domain 

[9]. It highlights the growing importance of data-driven 

science in accelerating discovery, optimizing pro-

cesses, and enabling new materials development para-

digms. Paper [10] reviews and systematically analyzes 

the educational applications of deep learning in the fol-

lowing six aspects: learning effect prediction, educa-

tional game, learning recommendation, automatic scor-

ing, assisted teaching and medical education [10]. In re-

search author focused on addressing the problem of 

class imbalance in Naive Bayes classification, which is 

a common issue in real-world datasets where one class 

(or a few classes) significantly outnumbers others [5]. 

Class imbalance can degrade classifier performance, 

particularly for minority classes that are often most im-

portant in applications like fraud detection, medical di-

agnosis, and rare-event prediction. The study investi-

gates how various factors influence risk assessment 

(RA) outcomes in scientific research projects (SRPs) 

by applying the Naive Bayesian algorithm, with an en-

hanced version called Tree-Augmented Naive Bayes 

(TANB) to better model dependencies among features 

[2]. The book is a comprehensive guide to machine 

learning using Python, aimed at students, researchers, 

and practitioners [8]. It focuses on building practical 

ML systems using widely adopted Python libraries 

such as NumPy, pandas, scikit-learn, TensorFlow, and 

Keras. 

Mathematical Statement of the Problem. 

The application of probability based models in 

Machine Learning requires a strong mathematical foun-

dation. The effectiveness and practical efficiency of 

models such as Naive Bayes largely depend on the cor-

rect calculation of probabilities, a clear understanding 

of Bayes’ theorem, and the assumption of feature inde-

pendence. In this section, the concept of probability, 

Bayes’ theorem, and the Naive independence assump-

tion are discussed. The concept of probability forms the 

basis of statistical analysis and Machine Learning. 

Probability provides a mathematical framework for 

measuring the likelihood of events occurring. This con-

cept is applied in both classical and frequentist ap-

proaches. In classical probability, it is assumed that all 

possible outcomes have equal likelihood. This ap-

proach is based on ideal conditions and is used to de-

termine theoretical probabilities. In contrast, fre-

quentist probability is based on the relative frequency 

of observed outcomes. 

Bayes’ theorem enables the updating of prior 

probabilities based on new data. The theorem is ex-

pressed as follows: 

𝑃(𝐴 | 𝐵) =  
𝑃(𝐵 | 𝐴)∙𝑃(𝐴)

𝑃(𝐵)
 (1) 

The concept of Bayesian inference enables a 

model to learn dynamically as new data become avail-

able. The fundamental assumption of the Naive Bayes 

method is that features are conditionally independent of 

one another. Although this assumption is rarely fully 

satisfied in real-world scenarios, it often yields very 

strong performance in practical applications. 

Simplified probability model: 

𝑃(𝑋1, 𝑋2, … , 𝑋𝑛  | 𝐶) =  ∏ 𝑃(𝑋𝑖  | 𝐶)𝑛
𝑖=1  (2) 

This assumption allows the conditional probabil-

ity of each feature to be calculated independently, sig-

nificantly increasing the computational efficiency of 

the model. The primary objective of Naive Bayes clas-

sification models is to determine, based on probability 

theory, which class a given observation (feature vector 

𝑥 = (𝑥1, 𝑥2, … , 𝑥𝑛)) belongs to. The probabilities are 

computed for all possible classes, and the class with the 

highest probability is selected. 

Optimal class selection (Decision Rule): 

𝑦̂ = 𝑎𝑟𝑔 max
𝐶𝑘

𝑃(𝐶𝐾) ∏ 𝑃(𝑥𝑖  |𝐶𝑘)𝑛
𝑖=1  (3) 

where P(CK) − the prior probability of class Ck, 

P(xi |Ck) -the likelihood, i.e., the probability of feature 

xigiven class Ck, ∏   the product of feature probabilities 

based on the conditional independence assumption. 
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Using this approach, it is determined which class 

both occurs more frequently a priori and better matches 

the observed features of the given instance. Naive 

Bayes models are formulated in different variants de-

pending on the type of data being used. 

Gaussian Naive Bayes (for normally distrib-

uted features) 

This model assumes that each feature follows a 

normal (Gaussian) distribution within each class. It is 

commonly applied in medical diagnostics, biometric 

measurements, the Iris dataset (flower measurements), 

sensor data, and technical measurement applications. 

The probability density function of the distribution is 

given by: 

𝑃(𝑥𝑖  |𝐶𝑘) =  
1

√2𝜋𝜎𝑘
2

𝑒
(−

(𝑥𝑖−𝜇𝑘)
2

2𝜎𝑘
2 )

  (4) 

Multinomial Naive Bayes (count-based – par-

ticularly for text data) 

This model is especially used in text classification 

tasks, as it is based on word counts (frequencies). 

𝑃(𝑥𝑖  | 𝐶𝑘) =  
(𝑥𝑖)!

𝑥𝑖1! ...𝑥𝑖𝑛!
∏ 𝜃

𝑘𝑗

𝑥𝑖𝑗
𝑗  (5) 

where 𝑥𝑖𝑗  - the number of times a word appears in 

a given document; 𝜃𝑘𝑗 - the relative frequency (propor-

tion) of the word within a class. It is applied in spam 

detection, sentiment analysis, and news categorization. 

Bernoulli Naive Bayes (for binary features) 

In this model, each feature is represented as a bi-

nary value, taking either 0 or 1. 

𝑃(𝑥𝑖  | 𝐶𝑘) =  𝜃𝑘
𝑥𝑖(1 −  𝜃𝑘)1− 𝑥𝑖 (6) 

It is applied for determining whether a word ap-

pears in a text or not, for binary features, and in simple 

NLP models. 

Complement Naive Bayes 

In text classification tasks with class-imbalanced 

datasets, Complement Naive Bayes often yields better 

results than the Multinomial variant. It is particularly 

recommended for datasets containing rare classes. 

The training of a Naive Bayes model consists of 

three main stages. 

a. Calculation of the prior probability : the prior 

is simply the proportion of each class 

b. Calculation of likelihood probabilities: this 

step varies depending on the type of Naive Bayes model 

used:f or Gaussian Naive Bayes, the mean and variance 

(μk
, σk

2)are estimated for each feature within each 

class; for Multinomial Naive Bayes, word counts (fre-

quencies) are computed; for Bernoulli Naive Bayes, the 

frequencies of binary values (0/1) are determined. 

c. Laplace Smoothing: to prevent unseen words 

in the text from being assigned zero probability: 

𝑃(𝑥𝑖  | 𝐶𝑘) =  
𝑛𝑖,𝑘+ 𝛼

𝑁𝑘+ 𝛼𝑉
   (7) 

where 

𝑛𝑖,𝑘 = 𝑛(𝑥𝑖 , 𝐶𝑘), 𝑁𝑘 =  ∑ 𝑛𝑗,𝑘.

𝑗

 

𝑉 - the size of the vocabulary, 𝛼 — the smoothing 

parameter (for Laplace smoothing, 𝛼 = 1), 𝑛𝑖,𝑘 — the 

number of occurrences of feature 𝑥𝑖in class 𝐶𝑘, 𝑁𝑘 −
the total number of observations in class 𝐶𝑘. This 

approach makes Naive Bayes more stable and robust. 

d. Testing phase (Inference Stage): during test-

ing, the model computes the probability for a given ob-

servation. 

e. Probability computation 

𝑃(𝐶𝑘) ∏ 𝑃(𝑥𝑖  | 𝐶𝑘)

𝑖

 

f. Class selection: The class with the highest prob-

ability is selected. 

g. Computations in log-space: Since the product 

of very small probabilities may approach zero, the log-

arithm of the probabilities is taken: 

log 𝑃(𝐶𝑘) +  ∑ log 𝑃(𝑥𝑖  | 𝐶𝑘)

𝑖

 

This approach resolves the underflow problem, 

improves computational stability, and plays a signifi-

cant role in handling high-dimensional text data. 

Naive Bayes in Text Classification and Infor-

mation Retrieval Systems 

Text classification is one of the most widely used 

application areas of the Naive Bayes algorithm. Since 

the model is based on the independence assumption, it 

treats each word or attribute in textual data as independ-

ent of others. This assumption simplifies the process 

and significantly accelerates computation.The Bag-of-

Words (BoW) model is one of the most classical ap-

proaches for structuring text data. In this method: text 

is tokenized into individual words, word frequencies 

are calculated, each document is represented in a vec-

torized form. When Naive Bayes is combined with the 

BoW model, probability distributions are constructed 

based on word frequencies, and posterior probabilities 

are computed for each class. 

TF–IDF (Term Frequency–Inverse Document 

Frequency) feature extraction allows rare but informa-

tive words to be represented with higher weights in the 

model. The combination of TF–IDF with Naive Bayes 

demonstrates strong performance particularly in news 

article categorization, classification of academic papers 

by research fields, topic analysis of social media posts. 

Spam and Malicious Content Detection One of 

the most successful classical applications of Naive 

Bayes is spam filtering systems. This model relies on 

the higher occurrence of certain words (e.g., free, win, 

limited offer, prize) in spam emails, is sufficiently fast 

for real-time filtering in large-scale email streams, pro-

vides high accuracy with minimal computational re-

quirements. For these reasons, this algorithm has been 

widely used for many years in systems such as Gmail, 

Yahoo Mail, and Outlook. 

Sentiment Analysis Sentiment analysis is an im-

portant area of Machine Learning aimed at identifying 

emotional polarity in texts positive, negative, or neu-

tral. Naive Bayes performs particularly well in this do-

main because word distributions differ across emo-

tional categories, and probabilistic approaches yield 

high-quality classification even for short and noisy 

texts. It is applied in customer review analysis (Ama-

zon, TripAdvisor, AliExpress), public opinion meas-

urement on social media platforms (Twitter/X senti-

ment analysis), brand reputation monitoring, political 

analysis (e.g., identifying public opinion trends during 

election periods). 
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Applications of Naive Bayes in Medicine and 

Bioinformatics Probability-based decision-making 

methods have been used in medicine since the mid-20th 

century. Naive Bayes is especially effective in medical 

modeling due to the following characteristics:stable re-

sults even with small sample sizes, the independence 

assumption aligns well with many diagnostic systems, 

provides interpretable outcomes for physicians through 

posterior probabilities. Naive Bayes is applied in: dis-

ease probability estimation (e.g., calculating the likeli-

hood of diagnoses such as diabetes, heart disease, or 

early-stage cancer based on symptoms), genetic marker 

analysis (in bioinformatics, gene expression data are 

high-dimensional, and Naive Bayes excels due to its 

simplicity and speed), classification of laboratory test 

results (determining disease probabilities based on 

blood test parameters). The interpretability of Naive 

Bayes is a major advantage for medical experts, as the 

reasoning behind the model’s decisions can be clearly 

explained. 

Practical Experiments and Results 

4.1. Dataset Selection (IMDB Movie Reviews) 

In this experiment, the IMDB Movie Reviews da-

taset was used. The dataset contains positive (1) and 

negative (0) reviews (table 1). 

Dataset characteristics: 

Training set: 25,000 samples 

Test set: 25,000 samples 

The texts consist of real movie reviews 

Words are indexed numerically 

Table 1.  

Data Acquisition and Preprocessing Using the IMDB Dataset 

 

Note: The decode function converts numerical in-

dices into words, enabling the data to be processed in 

text format. 

Data Processing 

Text preprocessing and vectorization: TfidfVec-

torizer was used, english stopwords were removed, bi-

grams (two-word combinations) were taken into ac-

count 

Table 2. 

 Preprocessing and Feature Engineering of Review Texts 

 
Source: Prepared by the author using the IMDB Movie Reviews Dataset and the TF-IDF vectorization technique 

implemented in Scikit-Learn. 
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Construction of Naive Bayes Models The Multinomial NB and Bernoulli NB models 

were implemented: 

Table 3. 

 Sentiment Classification Using Multinomial and Bernoulli Naive Bayes 

 
Source: prepared by the author using the IMDB Movie Reviews Dataset and implemented with Python program-

ming language and the Scikit-Learn machine learning library. 

Accuracy scores:  

Table 4.  

Classification Accuracy of Naive Bayes Models on the IMDB Dataset 

 

Source: Prepared by the author using the IMDB Movie Reviews Dataset and implemented with Python program-

ming language and the Scikit-Learn machine learning library. 

Evaluation of Results 

Metrics: Accuracy, Precision, Recall, F1-score 

Table 5. 

 Performance Evaluation of Naive Bayes Models Using Accuracy, Precision, Recall, and F1-Score 

 
Source: Prepared by the author based on the IMDB Movie Reviews Dataset. Performance metrics (Accuracy, 

Precision, Recall, and F1-Score) were calculated using the Classification Report function provided by the Scikit-

Learn library in Python. 
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Figure 1. Confusion Matrix of the Multinomial Naive Bayes Classifier 

Source: Prepared by the author using the IMDB Movie Reviews Dataset and implemented with Python program-

ming language, TensorFlow/Keras, Scikit-Learn, Matplotlib, and Seaborn libraries. 

 

The confusion matrix demonstrates that the Multi-

nomial Naive Bayes classifier achieved strong perfor-

mance on the IMDB Movie Reviews Dataset (Figure 

1). The model correctly classified 10,886 negative re-

views and 10,443 positive reviews. However, 1,614 

negative reviews were incorrectly classified as positive, 

while 2,057 positive reviews were misclassified as neg-

ative. The relatively high number of correctly classified 

instances compared to misclassifications indicates that 

the model is effective in distinguishing between posi-

tive and negative sentiments. Overall, the confusion 

matrix confirms the reliability of the Multinomial Na-

ive Bayes classifier for sentiment analysis tasks. 

 
 

Figure 2. Confusion Matrix of the Bernoulli Naive Bayes Classifier 

Source: Prepared by the author using the IMDB Movie Reviews Dataset and implemented with Python program-

ming language, Tensor Flow/Keras, Scikit-Learn, Matplotlib, and Seaborn libraries. 

 

The confusion matrix of the Bernoulli Naive 

Bayes classifier also shows a high level of classification 

accuracy (Figure 2). The model correctly identified 

10,901 negative reviews and 10,439 positive reviews. 

Misclassification occurred in 1,599 negative reviews 

predicted as positive and 2,061 positive reviews pre-

dicted as negative. Compared with the Multinomial Na-

ive Bayes classifier, the Bernoulli model achieved 

slightly better recognition of negative reviews while 

maintaining a similar performance on positive reviews. 

The results indicate that the Bernoulli Naive Bayes 

classifier is also a suitable approach for text-based sen-

timent classification. 

Comparison with Other Models. Comparison 

with Logistic Regression and LinearSVC (SVM) 

models 

  



44 Norwegian Journal of development of the International Science No 183/2026 

 

Table 6.  

Performance Assessment of Logistic Regression and Support Vector Machine Models on the IMDB Da-

taset 

 
Source: Dataset: IMDB Movie Review Dataset (Maas et al., 2011), loaded via tensorflow.keras.datasets.imdb. 

Presentation of Results in Tabular Form 

Table 7. 

 Performance Comparison of Machine Learning Models Based on Accuracy 

Model Accuracy 

MultinomialNB 0.85316 

BernoulliNB 0.8536 

Logistic Regression 0.883 

SVM 0.87072 

Source: Prepared by the author based on the IMDB Movie Reviews Dataset , loaded via tensorflow.keras.da-

tasets.imdb. Accuracy values were computed using the Scikit-Learn library in Python. 

 

Interpretation 

The results presented in Table 7 show a compara-

tive evaluation of four machine learning models ap-

plied to the IMDB Movie Reviews sentiment classifi-

cation task. The Logistic Regression model achieved 

the highest accuracy (0.88300), indicating its superior 

ability to generalize patterns in text data compared to 

the other models. 

The Support Vector Machine (SVM) also demon-

strated strong performance with an accuracy of 

0.87072, making it the second-best performing model 

in this experiment. Both Naive Bayes variants, Multi-

nomialNB (0.85316) and BernoulliNB (0.85360), 

showed slightly lower but still competitive results, re-

flecting their effectiveness as baseline probabilistic 

classifiers for text classification tasks. 

Overall, the findings suggest that discriminative 

models (Logistic Regression and SVM) outperform 

generative models (Naive Bayes) in sentiment classifi-

cation on the IMDB dataset, particularly in terms of ac-

curacy. 

Naive Bayes models provide fast and efficient re-

sults, making them particularly suitable for the classifi-

cation of large-scale text datasets. Due to their simple 

probability-based approach, they require relatively low 

computational resources and are highly effective in 

real-time applications. More complex linear models, 

such as Logistic Regression and Support Vector Ma-

chines (SVM), may outperform Naive Bayes in terms 

of accuracy in certain scenarios. However, these mod-

els typically demand greater computational resources 

and involve longer training times compared to Naive 

Bayes. Different variants of the Naive Bayes algorithm 

should be selected based on the characteristics of the 

dataset. Multinomial Naive Bayes is well suited for 

count-based or TF–IDF features, while Bernoulli Naive 

Bayes performs more stably on binary features and may 

achieve marginally better performance in such cases. 

For simple and time-efficient applications, Naive 

Bayes represents an ideal choice. Nevertheless, in situ-

ations where higher accuracy is required, it is recom-

mended to conduct comparative evaluations with mod-

els such as Logistic Regression or SVM. 

Conclusion. 

This work provided a detailed examination of the 

Naive Bayes classifier from a probabilistic and compu-

tational perspective. By formally analyzing its reliance 

on conditional independence assumptions and Bayes-

ian inference principles, the study clarified how likeli-

hood estimation, prior modeling, and posterior maximi-

zation contribute to efficient decision-making in high-

dimensional feature spaces. The use of log-probability 

computations and Laplace smoothing further ensured 

numerical stability and robustness during inference. 

Experimental results obtained from the IMDB Movie 

Reviews dataset demonstrated that Multinomial and 

Bernoulli Naive Bayes models achieve competitive 

classification performance when combined with TF–
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IDF-based feature representations. While Logistic Re-

gression and Support Vector Machines exhibited mar-

ginally higher accuracy, they required substantially 

greater computational resources and longer training 

times. In contrast, Naive Bayes maintained linear com-

putational complexity with respect to the number of 

features and samples, highlighting its scalability ad-

vantages. From a practical standpoint, the findings con-

firm that Naive Bayes is well suited for large-scale text 

classification tasks where efficiency, interpretability, 

and rapid model deployment are critical. Future re-

search directions may include relaxing the independ-

ence assumption through structured Bayesian models 

or integrating Naive Bayes with ensemble-based ap-

proaches to improve predictive performance without 

significantly increasing computational overhead. 
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