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Abstract

To address the challenges faced by existing big data-oriented computing frame-
works in scalable machine learning research, this paper proposes a distributed
Naive Bayes text classification method based on the MapReduce and Apache
Spark frameworks. The proposed method explores the Naive Bayes Classifier
(NBC) by investigating the adaptability of the MapReduce and Apache Spark
frameworks, and studies existing big data-oriented computing frameworks. First,
based on the Naive Bayes text classification model, the training sample dataset
is divided into m classes. Furthermore, in the training phase, the output of the
previous MapReduce is used as input to the subsequent MapReduce, employing
four MapReduce jobs to derive the model. This design process fully leverages
the parallel advantages of MapReduce. Finally, during classifier testing, the
class label corresponding to the maximum value is selected. Experiments con-
ducted on the Newgroups dataset achieved classification results exceeding 99%
on all five categories of news data groups, outperforming comparison algorithms
and demonstrating the accuracy of the proposed method.
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puting frameworks in scalable machine learning research, this paper proposes a
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distributed naive Bayesian text classification method based on the MapReduce
and Apache Spark frameworks. The proposed method explores the naive Bayes
classifier (NBC) by investigating the adaptability of MapReduce and Apache
Spark frameworks, and examines existing big data computing frameworks. First,
the training sample dataset is divided into m classes based on the naive Bayes
text classification model. Further, during the training phase, the output of the
previous MapReduce job serves as input to the subsequent MapReduce job, em-
ploying four MapReduce jobs to derive the model. This design fully exploits the
parallel advantages of MapReduce. Finally, during classifier testing, the class
label corresponding to the maximum value is selected. Experiments on the New-
groups dataset achieved classification results exceeding 99% across all five news
data categories, outperforming comparison algorithms and demonstrating the
accuracy of the proposed method.

Keywords: text classification; MapReduce; Spark framework; distributed;
naive Bayes classifier; machine learning

0 Introduction

Scalability has long been a critical research area in data mining and machine
learning [1-4]. To tackle larger and more complex problems, algorithms con-
tinue to be refined for scale expansion. With ongoing hardware development
and technological improvements, researchers face increasingly diverse challenges
from emerging domains. In recent years, the rise of the internet economy and
shifts in payment methods have created new development opportunities for tradi-
tional commerce, generating demand for storing massive amounts of data. This
new data phenomenon, commonly termed “big data,” opens a new window for
machine learning [5-7]. Addressing these novel problems requires innovative so-
lutions, leading to the emergence of various new computing frameworks suitable
for highly distributed, data-oriented environments. Among existing proposals,
MapReduce has gained tremendous recognition as a standard for processing
massive datasets [8]. Since its inception, MapReduce has been actively devel-
oped for machine learning solutions, with specific techniques gaining popularity
for framework adaptation. Reference [9] proposed an efficient and scalable kNN
query model composed of multiple distributed phases. Apache Hadoop was es-
tablished as the standard open-source implementation of MapReduce; however,
Apache Spark has successfully introduced improved data abstractions, a faster
execution environment based on main memory, and a user-friendly program-
ming interface. Reference [10] presented a tree-augmented naive Bayes classifi-
cation method based on the Hadoop framework, which partitions the training
dataset into different blocks, distributes them across available compute nodes,
and achieves high classification accuracy. However, this method suffers from
high computational cost and difficulty in horizontal scaling.

This paper proposes a distributed naive Bayes text classification method based
on the MapReduce and Apache Spark frameworks. The proposed method fo-
cuses on the learning phase of these models, for which we introduce a gen-
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eral framework. This framework describes the complete family of naive Bayes
classifiers (NBC) under the MapReduce paradigm and discusses the optimal
characteristics and main limitations of these models from both theoretical and
practical perspectives, aiming to identify future research directions with spe-
cially designed algorithms to address these issues. Experiments on the New-
groups dataset achieved results exceeding 99% and outperformed comparison
algorithms, demonstrating the accuracy of the proposed method.

1 MapReduce and Apache Spark Framework
1.1 MapReduce Framework

The MapReduce programming paradigm, designed by Google in 2003, is a big
data processing tool for horizontal scaling [11-13]. Considered the most pow-
erful search engine on the internet, it quickly became one of the most effective
techniques for general-purpose data parallelization. Figure 1 [Figure 1: see
original paper] illustrates the MapReduce data flow. MapReduce’ s primary po-
tential lies in its computational abstraction, where entire processing is divided
into smaller task types—Map and Reduce—distributed and processed uniformly
across the cluster. Practitioners need only provide these two functions, avoiding
the need to adapt processing to the underlying cluster architecture or data na-
ture. The framework provides a highly scalable, fault-tolerant environment for
parallel data processing. The MapReduce process follows a two-step procedure
where the cluster architecture is organized in a master/slave scheme: a master
node configures jobs and distributes computational tasks and input data across
a set of worker nodes that perform the processing. First, input data is split into
smaller partitions or blocks, which are distributed among worker nodes as input
for a given number of Map tasks.

The MapReduce paradigm is based on two separate user-defined primitives:
Map and Reduce. The Map function reads raw data in the form of key-value
pairs and transforms them into a set of intermediate key-value pairs, possibly
of different types. Both key and value types must be user-defined. MapReduce
then merges all values associated with the same intermediate key into lists (shuf-
fle phase). Finally, the Reduce function takes the grouped output from mapping
and aggregates it into a smaller set of pairs. This process can be schematized as
shown in Figure 1 [Figure 1: see original paper]. This transparent and scalable
platform automatically handles data in distributed clusters, relieving users of
technical details such as data partitioning, fault tolerance, or job communica-
tion.

1.2 Apache Spark Framework

Apache Hadoop is the most popular open-source implementation of MapReduce
for large-scale processing and storage on commercial clusters [14-16]. Due to
its performance, open-source nature, installation facilities, and distributed file
system (Hadoop Distributed File System, HDFS), this framework has become
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ubiquitous across many domains. Despite Hadoop and MapReduce’ s popular-
ity, they demonstrate unsuitability in many cases, such as online or iterative
computations. The inability to reuse data through memory primitives makes
Hadoop infeasible for many machine learning algorithms.

Apache Spark represents a novel solution for large-scale data processing, consid-
ered capable of addressing Hadoop’ s shortcomings. Introduced as part of the
Hadoop ecosystem, Spark is designed to cooperate with Hadoop, particularly by
utilizing its distributed file system. The framework proposes a set of in-memory
primitives beyond standard MapReduce, aiming to process data more rapidly
in distributed environments—up to 100x faster than Hadoop.

Spark is based on Resilient Distributed Datasets (RDD) [17], a special type of
data structure for transparent parallel computation. These parallel structures
enable persistence and reuse of results, caching them in memory. Additionally,
partitioning can be managed to optimize data placement, and numerous trans-
parent primitives can be used to manipulate data. All these features allow users
to easily design new data processing pipelines.

The scalable machine learning library (MLIib) is built on Spark, thanks to its
implicit suitability for iterative processes. The current version of MLIib (v1.6.0)
contains numerous standard learning algorithms and statistical tools covering
many important areas in the knowledge discovery process, such as classifica-
tion, regression, clustering, optimization, or data preprocessing. MLIib is a key
component of the MLbase platform, providing a high-level API that makes it
easier for users to connect multiple machine learning algorithms. However, this
platform does not include greedy learning algorithms such as kINN.

More specifically, beyond the horizontal strategy followed by most MapReduce-
adaptive algorithms in machine learning, this paper also defines a fundamental
parallel computational verticalization method. This vertical strategy can be fur-
ther extended through intelligent procedures to balance data replication across
different vertical Map tasks, thereby optimizing algorithm scalability for high-
dimensional domains. According to the state-of-the-art Apache Spark comput-
ing framework, a specific implementation of this framework has been proposed.
The software has undergone extensive benchmarking on diverse problem sets,
with numerous performance metrics discussed. Beyond this benchmarking, sev-
eral configurations of the computational architecture have been tested to provide
a comprehensive overview of the scalability properties of our proposal. Figure
2 [Figure 2: see original paper] illustrates data transformations and operations
in RDD during Spark execution.

2 Bayesian Network Classifiers

2.1 Notation

Given a vector of discrete predictive random variables X = {X,,..., X} and a
class variable C', we aim to derive a model from a training set D containing m
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labeled examples, where C' has domain Q. = {¢;,...,¢}. Table 1 summarizes
the different symbols used in this study.

2.2 Bayesian Network Classifiers

Among other popular supervised classification models, Bayesian network-based
classification models have gained increasing popularity in recent years. From a
probabilistic perspective, given an example x, the Bayesian classifier selects the
value ¢* that maximizes the posterior probability (MAP):

¢* = argmax P(c | x) = argmax P(c)P(x | ¢)
ceQg ceQe

A Bayesian network (BN) is a probabilistic graphical model that enables effi-
cient representation and manipulation of probability distributions. It is defined
by two components: a graphical structure G = (V, E) represented by a directed
acyclic graph, where V' is a set of nodes representing variables in A, and F is
a set of edges encoding dependencies between nodes; and a set of numerical
parameters © encoding quantitative information about variables and dependen-
cies encoded in the graph. Specifically, for each variable X, and its parent set
pa(X;), a conditional probability distribution table (CPT) P(X,; | pa(X;)) is
stored. This representation encoded by BN can be used to recover the joint
probability distribution due to the Markov rule:

Due to its solid mathematical foundation and predictive modeling capability,
the Bayesian network formalism is widely used in many artificial intelligence
tasks. However, general BN models have proven uncompetitive for supervised
classification problems. For this reason, specific models have been proposed
where the BN structure is adapted to handle this particular situation, typically
treating the class variable as a node with a more important dependency role.
Such models are commonly called Bayesian network classifiers (BNC) and are
considered state-of-the-art methods in many domains.

Perhaps the most common BNC model is the popular naive Bayes (NB) classi-
fier, where all predictive features in X are considered independent of the class
C'. Despite being a strong assumption that rarely holds in practice, the NB clas-
sifier’ s performance has proven competitive for many problems, and its efficient
training makes it a suitable choice for practitioners. This independence assump-
tion defines a fixed structure for the model, eliminating the need to introduce
correlations from training data. The NB classifier is trained on dataset D and
its parameters are estimated using the maximum likelihood estimation (MLE)
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algorithm and smoothing strategies such as Laplace smoothing, with computa-
tional complexity O(mnv) and space complexity O(Inv), which is also the space
complexity of the resulting model.

2.2.1 Tree-Augmented Naive Bayes The tree-augmented model relaxes
the conditional independence assumption by allowing each predictive attribute
to depend on additional variables beyond the class. To select these specific
dependencies, a structure learning algorithm is proposed that constructs a max-
imum spanning tree through conditional mutual information (CMI):

P(x,,x: | c
MIXp X;10)0= 3 3 ) P<‘”w%c>1°gp<x<(| 2)15<L-)| )

c€Qo z;€0x, szQXj J

Once the tree is obtained, a DAG is constructed by arbitrarily selecting a root
node and orienting edges in topological order; finally, the class variable is added
as a common parent to all nodes. This algorithm requires O(mn?v?) computa-
tional complexity to calculate CMI for each attribute pair, for which a three-
dimensional table with space complexity O(In?v?) is constructed. Building the
maximum spanning tree has computational complexity O(n?logn). Parameter
learning for the model requires O(mnv) and space complexity O(Inv?), as it also
builds three-dimensional tables. Computing the CPT for this specific network
requires O(mnv?) and space complexity O(Inv?), where the occurrence counts
for each possible configuration defined in the contingency table are stored in the
given dataset D.

2.2.2 k-Dependency Estimator The k-dependency estimator can be viewed
as a generalization of the previous idea, where each predictive variable in the
model is allowed to have multiple k£ additional parents. This algorithm can
explore a broader range of classifiers, starting from & = 0 (NB) and moving
toward full BN as k increases. The classifier’ s structure is learned through
a three-step algorithm that also relies on mutual information. Beginning with
the current predictive attributes, we construct a ranking o between predictive
attributes through their mutual information with the class variable C'.

For each attribute X,;, we compute the conditional mutual information
MI(X,,C | x,). We then select the best k attributes with highest dependency
as parents of X,. Finally, the class variable C' is added as a parent of all
predictive attributes. Learning the network structure of a kDB classifier has
computational complexity O(mn?v?) and space complexity O(In?v?), as it
also constructs three-dimensional tables. Computing the CPT for this specific
network requires O(mnv**1) and space complexity O(Inv**1).

2.2.3 Averaged k-Dependency Estimator The Averaged k-Dependency
Estimator (AKDE) adopts a slightly different approach. Instead of learning an
augmented structure from the NB classifier, it avoids this costly operation by
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defining a simple model ensemble with a fixed structure. For each model, all
attributes depend on the class and an additional attribute called a super-parent.
For a given k value, the AKDE classifier consists of n SPODEs, each with a
different attribute X, as super-parent. Classification is obtained by averaging
the individual predictions from models in the ensemble.

Learning an AkDE classifier requires computing an (k4 2)-dimensional table to
estimate the required parameters, with computational complexity O(mnuk+2)
and space complexity O(Inv**2).

3 Distributed Naive Bayes Network Classifier
3.1 Distributed Naive Bayes Network Classifier

Based on the preceding analysis, the described algorithms share a common
problem: the main computational burden of the learning process (structure or
parameters) stems from computing multidimensional contingency tables from
training data. If we use frequency-based methods such as MLE, the described
metrics MI and CMI both require estimating probability distributions in the
same manner as BN model parameter learning. Computing these contingency

tables is the most demanding part of algorithms with complexity O(mn?v?),

where m corresponds to reading the complete training data and n?v? corre-
sponds to the dimensionality of the tables. For example, estimating parameters
for an NB classifier requires learning two-dimensional tables involving each at-
tribute (X;) and class, while for an A1DE classifier, three-dimensional tables

involving each attribute pair (X;, X;) and class are needed.

Generally, these contingency tables can be represented through histograms or
frequency count distributions across different configurations of a given attribute
set X. We will compute the frequency fx(x) of each occurrence of the joint
state set of attributes in subset X. The horizontal strategy divides data into
blocks Dy, ..., D,, ideally assigning them to r Map tasks. Each of these tasks

)y My

computes partial contingency tables fgj (x) for each available local block D;

and each subset X. Each Map task then emits a set of pairs (X, f)jzj (x)) and
associates them with their corresponding distributions.

In the Reduce phase, these pairs are grouped by their key (representing the at-
tribute subset) and sent to the corresponding Reduce task, where the ideal num-
ber of tasks is |¥|, one per subset. The Reduce phase parallelizes aggregation
of partial distributions for different attribute subsets and emits new key-value
pairs containing the corresponding subset and its complete contingency table
computed for the full dataset. By providing specific ranges of attribute subsets
for W, the previous framework can be instantiated for any described BNC.

The training sample dataset is divided into m classes, denoted as {C}, Cs, ..., C,,, }.
The prior probability of class C; occurring is denoted as P(C}), where P(C;) > 0.
The conditional probability that document d; belongs to class C; is P(d; | C;).
Then for any new document:
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where d; = {w;, w,, ..., w, } represents feature words, i = 1,2, ..., l; thus k repre-
sents the total number of feature words; V represents the set of feature words.

The posterior probability of class C; computed by Bayes’” formula is expressed
as:

|4

P(C; | d;) H (wy, | C;)

4 Experimental Evaluation

This paper addresses challenges in scalable machine learning research by propos-
ing a distributed naive Bayes text classification method based on MapReduce
and Apache Spark frameworks. The method focuses on supervised classifica-
tion problems, exploring Bayesian network classifiers through the adaptability
of MapReduce and Apache Spark frameworks. Experimental validation demon-
strates the effectiveness of the proposed approach.

4.1 Running Environment

We utilize a computer cluster consisting of one master host and six slave nodes,
each equipped with dual Intel Xeon E5-2609v3 1.90 GHz six-core processors and
64 GB RAM. Each worker node runs the HDF'S file system on 4x1 TB disks and
is managed by Cloudera CDH 5.5 distribution. In standalone deployment, the
MapReduce environment is selected in Spark 1.6.0. We test algorithm behavior
across different architectural layouts by launching different cluster configura-
tions with varying resource quantities.

4.2 Classifier Training and Testing

We employ four MapReduce jobs to derive the model. The topology of multi-
dimensional contingency tables must be configured, computed through correct
identification of W. In this case, the NB classifier encodes conditional probabili-
ties for each attribute and class, defining two-dimensional tables with complexity
represented by subsets ¥ = {{X,,C}}VX, € A.

The output situations of three MapReduce jobs are shown in Tables 2 -4 . In the
tables, label refers to the class label C;, and token is the feature word wy. The
first MapReduce counts occurrences of (label,token) in the training set, com-
puting term frequency (TF) values for each feature word per class. The second
MapReduce calculates TF-IDF values for each feature word based on the output
from Table 2. After computation completes, three files from the first MapReduce
—featureCount, wordFrep, and termDocCount—are automatically deleted. The
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fourth MapReduce computes results from the two (label, token) files in Table 3
and outputs the final results.

Based on previous calculations, the final mapper’ s return value compares the
test document’s value under class C; against values under other classes, selecting
the class label corresponding to the maximum value.

4.3 Results Analysis

Experimental data adopts the 20 Newgroups dataset from the UCI KDD Archive
[18-20]. During training, all documents from the Newgroups dataset classes
are used. During testing, five news categories are randomly sampled: politics,
baseball, religion, hardware, and motorcycle. These real-world datasets provide
different attributes regarding scalability, summarized in Table 5 .

Table 5: Attributes of Real Datasets Included in Experiments

Category Size (GB)

politics
baseball
religion
hardware
motorcycle

Classification result comparisons are shown in Table 6 . The proposed method
achieved classification accuracy exceeding 99% across all five news categories,
outperforming comparison algorithms. The experiments demonstrate the accu-
racy of the distributed naive Bayes text classification method based on MapRe-
duce and Apache Spark framework.

Table 6: Classification Result Comparison

Class Test Correctly

Label Docs Classified Literature [9]  Literature [10]
politics 234 234 (100%) 218 (93.16%) 229 (97.86%)
baseball 256 255 (99.61%) 246 (96.09%) 251 (98.05%)
religion 212 211 (99.53%) 201 (94.81%) 206 (97.17%)
hardware 166 166 (100%) 155 (92.81%) 156 (93.41%)
motorcycle 145 145 (100%) 141 (97.24%) 142 (97.93%)

5 Conclusion

This paper focuses on big data technologies such as MapReduce, proposing a
solution suitable for current cloud computing and high-performance distributed
programming paradigms. We analyze the most popular BNC models and their
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corresponding learning algorithms, introducing a general computational frame-
work that can be instantiated to learn any considered model. By targeting
massive data with numerous examples or attributes, we increase elasticity and
scalability. We extend our proposal with strategies for different computational
cluster distributions. Experiments on the Newgroups dataset demonstrate su-
perior results compared to alternative methods, proving the accuracy of our
approach.

We also discuss the optimal characteristics and main limitations of these mod-
els from both theoretical and practical perspectives, aiming to identify future
research directions with specially designed algorithms to address these issues.
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