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Abstract 
The field of data science analysis in artificial intelligence is being deeply interested by many scientists 
around the world, many techniques are proposed to improve accuracy from Naive Bayes model by 
reducing the problem of interdependence between its attributes. The new research of this paper, which is 
presented step by step by the Naive Bayes (NB) method, is the method of applying NB with a new set of 
attributes. It is worthy of consideration that using learning data analytics method is receiving increased  
 attention, because of the importance of learning data analytics, in order to provide predictive learning 
results of learners or offer better solutions to support schools to strengthen educational measures or have 
optimal plans to increase student retention rates studying at the school, as well as help students succeed in 
their studies. Data related to student management and training activities are collected from softwares, 
student affairs and learning management systems are operating in practice such as Edusoft.Net software, 
Moodle and Microsoft Teams, student attendance system by FaceID face recognition… Research, 
evaluate and select a number of new data technologies for the purpose of building student digital profile, 
including document storage functions, specifically intelligent functions such as creating, processing and 
storing documents. 

Keywords: Machine learning; Naïve Bayes model; learning data analytics; algorithm; computational; 
complexity. 

1. Introduction 

In this article, we define learning data analytics by using the Naïve Bayes model (LDAB) with a new algorithm 
becomes a learning data analysis tool and lecturers can use the data in their courses to track and predict students 
with high performance. Finally, we discuss clarifying issues and concerns with the use of learning data analytics 
in higher education. 
     We are solving the problem of classifying data classes and creating datasets by automatic collection, pre-
processing of data from Learning Management Systems such as Microsoft Teams, Moodle, E-learning in Van 
Lang University, Viet Nam for student’s learning data analytics. We are working on a classification problem 
and have generated your set of hypothesis, created features and discussed the importance of variables. You have 
hundreds of thousands of data points and quite a few variables in your training data set. I would have used Naive 
Bayes model, which can be extremely fast relative to other classification algorithms. It works on Bayes theorem 
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of probability to predict the class of unknown data sets. The basics of this algorithm, so that next time when you 
come across large data sets, you can bring this algorithm to action. Learning data analytics and dataset is defined 
as the measurement, collection, analysis, and reporting of data about learners and their contexts, for purposes of 
understanding and optimizing learning and the environments in which it occurs. Learning data analytics offers 
promise for predicting and improving student success and retention [13], [16] in part because it allows faculty, 
institutions, and students to make data-driven decisions about student success and retention. 
     The study covers how it detected the spam and non-spam messages using Naïve Bayes algorithm [3], [4]. 
This algorithm allows to handle large number of features. Naïve Bayes model support for handling large number 
words easily. The data set followed set of processes of machine learning in order to build the model. The data 
set acquired from the kaggle site and performed pre-processing using many methods including bag-of-words. 
Split the data into train and test model, it has built the model and evaluated. Hypothesize, create features and 
discuss the importance of variables from a set of big data. Big data such as hundreds of thousands of data points 
and quite a few variables in the set of training data. We use the Naive Bayes model which can process extremely 
fast compared to other categorical data analysis algorithms. Algorithm works based on Bayes theorem of 
probability to train data and predict classify of unknown set of data. The purpose of this paper is to provide a 
brief overview of learning data analytics and machine learning algorithms for learning data analytics. We will 
also explore its usage and applications, goals and examples. 

2. Naïve Bayes classifier  

Naive Bayes is a classification algorithm for multiclass classification problems. It is called Naive Bayes because 
the calculations of the probabilities for each class are simplified to make their calculations tractable.  
       Naive Bayes classifiers are built on Bayesian classification methods [4]. These rely on Bayes's theorem, 
equation describing the relationship of conditional probabilities of statistical quantities. In Bayesian 
classification, we're interested in finding the probability of a label given some observed features.  
We can write as ,  tells us how to express this in tern of quantities we can compute more directly 

                                                                                                    (1) 

The Naïve Bayes classifier assigns to each instance the class value having the highest conditional probability. 
Given a features vector   and a class variable  , Bayes Theorem states that 

                                                              (2) 

    the conditional probability that even  occurs, given that   has occurred. This is also known as the 
posterior probability. 

 the conditional probability that even  occurs, given that   has occurre 

 the prior probability of class 
 the prior probability of predictor 

The likelihood  can be decomposed as 

                            

(3) 
 
  Multinomial Naive Bayes 

 

                                                                                                                (4)                             

      Parameters:  for each document category v and wordtype w 

                  prior distribution over document categories v 

      Learning: Estimate parameters as frequency ratios 

 

       Predictions: Predict class  

                                                                                                                  (5)           
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3. Process Model 

 
Fig. 1.  A dataset is split into training and testing sets 

4. Steps LDAB Algorithm 

Data related to student management and training activities are collected from softwares, student affairs and 
learning management systems are operating in practice. New data technologies for the purpose of building 
student digital profile, including document storage functions, specifically intelligent functions such as creating, 
processing and storing documents.  
       Collected data has been processed, extracted according to the form. 
Steps to build a basic Naive Bayes Model. Learning an LDAB is quite simple and mainly about esti-mating the 
parameters in the LDAB from the training data. The learning algorithm for LDAB is depicted as follows. Naive 
Bayes classifier in 4 easy steps, we will develop each piece of the algorithm in this section, then we will tie all 
of the elements together into a working implementation applied to a real dataset in the next section. 
       This Naive Bayes classifier is broken down into 4 parts  

Input: A set Data of training examples 

Output: An hidden Naive Bayes for Data, new set of data and evaluate the accuracy. 

Student digital profile, probability results are calculated depending on the level of recommendation or warning 

to students about each student learning results.  

Step 1: Gather the dataset/ Build a dataset frame.  

Collect data by extracting from existing data storage such as MS Teams, FaceID or EduSoft.Net… Manage and 

organize data including deleting and removing unnecessary data. 

Step 2: Create the model LDAB in Python (in this example LDAB). 

Exploiting, processing data, presenting issues that need in-depth analysis and research. 

Step 3: Predict using Test Dataset. 

Analyze, train deeply data of the Naïve Bayes multi-class probability model and predict learning outcomes for 

the next learning period with accurate probability calculation;  

Step 4: Prediction with a New Set of Dataset and evaluate the accuracy. 

Report, transform and store the research results. 
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5. The Complexity of the Algorithm 

The independence assumption, Naive Bayes classifiers can quickly learn to use high dimensional features with 
limited training data compared to more sophisticated methods.  
       Let n is number of training examples, v* is dimensionality of the features and k is number of classes.  
      All it needs to do is computing the frequency of every feature value v* for each class, but space complexity 
of training is O(k.v*.n) since you need to store the data which also takes time. 
      The computational complexity efficiency of Naive Bayes lies in the fact that the runtime complexity of 
Naive Bayes classifier is O(k.v*.n). 

6. Applications of LDAB Algorithm 

6.1. Computational 

   

 TRAINING 

e1:x1    2 1 2 2 2 2 

e2:x2     2 2 2 1 2 2 

e3:x3     2 2 2 2 2 2  d = |V| = 6 

Total      6 5 6 5 6 6  => NY = 34 

=>λY      7/40      6/40      7/40        6/40        7/40       7/40  40 = NY + |V| 

 

 Class Y 

 

e4:x4     0 0 1 0 2 1  => NN = 4 

=>λN     1/10       1/10       2/10       1/10        3/10      2/10  10 = NN + |V|  

Class N 

 

 TEST 

e5:x5 =  [1, 1, 2, 1, 2, 1] 

(Y|e5)   =   x  x  x x x x  ≈ 4.8 x 10-7 

(N|e5)   =  x  x  x x x x  ≈ 1.8 x 10-7 

>  =>  

Test data 

6.2. Probability 

(Y|e5)  =   ≈ 0.7273    

=>   (N|e5)  = 1 - (Y|e5)  ≈ 0.2727 and  

6.3. Using the Naïve Bayes model in Python 

Supervised learning lets us make predictions based on the data that we see and thus apply generalisations 

>>> from sklearn.naive_bayes import MultinomialNB 

>>> import numpy as np  

>>> e1 = [2, 1, 2, 2, 2, 2]      #input – training data   
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>>> e2 = [2, 2, 2, 1, 2, 2]       

>>> e3 = [2, 2, 2, 2, 2, 2] 

>>> e4 = [0, 0, 1, 0, 2, 1] 

>>> training_data = np.array([e1, e2, e3, e4])  

>>> result_data = np.array(['Y', 'Y', 'Y', 'N'])  

>>> e5 = np.array([[1, 1, 2, 1, 2, 1]])     #test data  

>>> ml = MultinomialNB(alpha=1)          #call MultinomialNB 

>>> ml.fit(training_data, result_data)   #process model 

MultinomialNB(alpha=1, class_prior=None, fit_prior=True) 

>>> print('Probability of e5:', ml.predict_proba(e5))  

Probability of e5: [[0.27079929 0.72920071]] 

                                                                              #output - new set of data and evaluate the accuracy 

>>> print('Predicting class of e5:', str(ml.predict(e5)[0])) 

Predicting class of e5: Y  

7. Conclusion 

In this article, we build a model for learning data analytics from applying the Naïve Bayes probability formula 
with the purpose of modeling from real problems that can be applied accurately and effectively. Next, we 
propose to build an algorithm for learning data analytics and data needs to be tested correctly. Finally, a specific 
example is presented in detail to illustrate the LDAB algorithm as well as its complexity calculation. 
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