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Abstract 

The performance of two typical classification algorithms in Spark: random forest and naïve bayes are evaluated by using 
four metrics: classification accuracy, speedup, scaleup and sizeup. Experiments are performed on dataset and clusters of 
different scale. The results show that: (1) the accuracy of the two algorithms is high; (2) the increase of speedup is not linear. 
For the dataset with different size, the numbers of nodes is different when the speedup is the maximal; (3) the scaleup of 
random forest reaches its peak when the number of nodes is 2, and after that the scaleup decreases with the increase of the 
number of nodes;(4) for random forest, when the number of nodes is 2, the sizeup increases sharply with the increase of the 
size of dataset, and when the number of nodes is greater than 2, the sizeup increases more slowly with the increase of the 
size of dataset; for naïve bayes, when the number of nodes is smaller than 6, the sizeup increases with the increase of the 
size of dataset, when number of nodes is 6 and the size of dataset is larger than that of Sogou_5, the change of the sizeup is 
not obvious with the increase of the size of dataset. 
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1. Introduction 

With the rapid development of Internet and mobile Internet technology, the amount of data generated by 
various Web applications and mobile applications has an explosive growth. How to classify the huge data 
efficiently has become a research hotspot. If using the traditional stand-alone mode, neither the memory 
requirements nor the computing power can meet the needs of big data classification, while combining 
distributed processing framework and classification algorithms provides an efficient way to solve the 
classifying problems for large scale data.  
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Hadoop is a distributed processing framework based on MapReduce model. MapReduce cannot make full 
use of distributed memory. Disk reading and writing of intermediate results in the iterative computing and 
resource request process will cause a high cost, so it is not very effective for applications in need of reusing 
intermediate results among multiple parallel operations, while Spark solves this problem. Spark is a distributed 
computing framework similar to Hadoop MapReduce, launched by UC Berkeley AMPLab in 2009. Spark is a 
distributed computing framework written in Scala and based on resilient distributed dataset. Compared to 
Hadoop, Spark allows the intermediate results of MapReduce to be stored in the memory in order to save disk 
I/O operations, which are more efficient in iterative computations and therefore more suitable for applications 
in need of reusing intermediate results among multiple parallel operations, such as: iterative algorithms, 
interactive data analysis and flow applications. 

As an iterative algorithm-classification, Spark is more efficient than Hadoop. MLlib, a Spark-based 
machine learning library, implements a variety of classical classification algorithm. In this paper, two 
representative classification algorithms in MLlib are selected for performance evaluation: random forest and 
naïve bayes. The performance of these algorithms is evaluated on dataset of different size and cluster of 
different scale, and based on the performance evaluation results, we give advice on how to select appropriate 
number of nodes on dataset of different size for random forest and naïve bayes. 

2. Related work 

Chen[1] constructs a classification model, which classifies large-scale text sentiment by naïve bayes and 
SVM algorithm of Spark, and experimental results have proved that the model has a good classification result. 
In order to improve the prediction effect of call center and increase the recall rate as well as the precision, 
Wang et al.[2] propose a new classification algorithm and implement it in Spark. This algorithm combines a 
random forest model based on multiple decision trees and a bagging way. Experiments show that this algorithm 
enhances the prediction effect of numerical model. M. Jesus et al.[3] provide a new solution to perform an exact 
k-nearest neighbor classification based on Spark. It takes advantage of in-memory operations to classify big 
amounts of unseen cases against a big training dataset. Experiments show the scaling-up capabilities of the 
proposed approach. J. Arias et al.[4] explore the family of the so called bayesian network classifiers by studying 
their adaptability to the MapReduce and Apache Spark frameworks. This paper presents an extensive 
experimental evaluation of over a wide set of problems and different elastic configurations of a computing 
cluster to show the full extent of the scalability properties of the proposed framework. Yang et al.[5] propose a 
parallel back propagation neural network algorithm based on data separation in Hadoop, HaLoop and Spark. 
Experimental results indicate that the proposed algorithm can improve the efficiency of back propagation 
neural network while guaranteeing its accuracy. Luo[6] investigates a parallel algorithm for text classification by 
using random forest under Spark framework, which is compared to text classification algorithm under 
MapReduce. Experiments show that the parallel text classification on Spark framework has a good parallel 
performance, and is better than MapReduce. Yu et al.[7] propose an efficient algorithm of KNN based on Spark 
framework. Experimental results show that the proposed algorithm has a high computing efficiency and a better 
speedup than KNN based on Hadoop platform, and it can effectively classify big data. 

In summary, current research on Spark’s classification algorithms include: implement a new classification 
algorithm on Spark and evaluate its performance; evaluate the performance of an existing classification 
algorithm in Spark. However, current research lacks performance evaluations of various classification 
algorithms in Spark MLlib. In this paper, two representative classification algorithms in Spark MLlib-naïve 
bayes and random forest are evaluated, and the results will be helpful for developers of Spark-MLlib-based 
classification applications to choose appropriate number of nodes. 

http://crossmark.crossref.org/dialog/?doi=10.1016/j.procs.2017.11.479&domain=pdf
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four metrics: classification accuracy, speedup, scaleup and sizeup. Experiments are performed on dataset and clusters of 
different scale. The results show that: (1) the accuracy of the two algorithms is high; (2) the increase of speedup is not linear. 
For the dataset with different size, the numbers of nodes is different when the speedup is the maximal; (3) the scaleup of 
random forest reaches its peak when the number of nodes is 2, and after that the scaleup decreases with the increase of the 
number of nodes;(4) for random forest, when the number of nodes is 2, the sizeup increases sharply with the increase of the 
size of dataset, and when the number of nodes is greater than 2, the sizeup increases more slowly with the increase of the 
size of dataset; for naïve bayes, when the number of nodes is smaller than 6, the sizeup increases with the increase of the 
size of dataset, when number of nodes is 6 and the size of dataset is larger than that of Sogou_5, the change of the sizeup is 
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Hadoop is a distributed processing framework based on MapReduce model. MapReduce cannot make full 
use of distributed memory. Disk reading and writing of intermediate results in the iterative computing and 
resource request process will cause a high cost, so it is not very effective for applications in need of reusing 
intermediate results among multiple parallel operations, while Spark solves this problem. Spark is a distributed 
computing framework similar to Hadoop MapReduce, launched by UC Berkeley AMPLab in 2009. Spark is a 
distributed computing framework written in Scala and based on resilient distributed dataset. Compared to 
Hadoop, Spark allows the intermediate results of MapReduce to be stored in the memory in order to save disk 
I/O operations, which are more efficient in iterative computations and therefore more suitable for applications 
in need of reusing intermediate results among multiple parallel operations, such as: iterative algorithms, 
interactive data analysis and flow applications. 

As an iterative algorithm-classification, Spark is more efficient than Hadoop. MLlib, a Spark-based 
machine learning library, implements a variety of classical classification algorithm. In this paper, two 
representative classification algorithms in MLlib are selected for performance evaluation: random forest and 
naïve bayes. The performance of these algorithms is evaluated on dataset of different size and cluster of 
different scale, and based on the performance evaluation results, we give advice on how to select appropriate 
number of nodes on dataset of different size for random forest and naïve bayes. 

2. Related work 

Chen[1] constructs a classification model, which classifies large-scale text sentiment by naïve bayes and 
SVM algorithm of Spark, and experimental results have proved that the model has a good classification result. 
In order to improve the prediction effect of call center and increase the recall rate as well as the precision, 
Wang et al.[2] propose a new classification algorithm and implement it in Spark. This algorithm combines a 
random forest model based on multiple decision trees and a bagging way. Experiments show that this algorithm 
enhances the prediction effect of numerical model. M. Jesus et al.[3] provide a new solution to perform an exact 
k-nearest neighbor classification based on Spark. It takes advantage of in-memory operations to classify big 
amounts of unseen cases against a big training dataset. Experiments show the scaling-up capabilities of the 
proposed approach. J. Arias et al.[4] explore the family of the so called bayesian network classifiers by studying 
their adaptability to the MapReduce and Apache Spark frameworks. This paper presents an extensive 
experimental evaluation of over a wide set of problems and different elastic configurations of a computing 
cluster to show the full extent of the scalability properties of the proposed framework. Yang et al.[5] propose a 
parallel back propagation neural network algorithm based on data separation in Hadoop, HaLoop and Spark. 
Experimental results indicate that the proposed algorithm can improve the efficiency of back propagation 
neural network while guaranteeing its accuracy. Luo[6] investigates a parallel algorithm for text classification by 
using random forest under Spark framework, which is compared to text classification algorithm under 
MapReduce. Experiments show that the parallel text classification on Spark framework has a good parallel 
performance, and is better than MapReduce. Yu et al.[7] propose an efficient algorithm of KNN based on Spark 
framework. Experimental results show that the proposed algorithm has a high computing efficiency and a better 
speedup than KNN based on Hadoop platform, and it can effectively classify big data. 

In summary, current research on Spark’s classification algorithms include: implement a new classification 
algorithm on Spark and evaluate its performance; evaluate the performance of an existing classification 
algorithm in Spark. However, current research lacks performance evaluations of various classification 
algorithms in Spark MLlib. In this paper, two representative classification algorithms in Spark MLlib-naïve 
bayes and random forest are evaluated, and the results will be helpful for developers of Spark-MLlib-based 
classification applications to choose appropriate number of nodes. 
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3. Descriptions of Algorithms 

3.1. Random Forest 

Random forest is a classifier composed of multiple decision trees. The category of each data object in the 
test set is determined by the mode of the category exported by each decision tree. The decision tree is a special 
tree structure where the leaf node is the final classification category and other nodes are attribute nodes used to 
determine the type of the data object of test set. When inputting a data object, it first determines the direction 
by the attribute of the root node until it reaches the leaf node. The category of the leaf node is the category of 
the data object of test set determined by the decision tree. Compared to the decision tree algorithm, random 
forest has a better classification result and is not prone to over-fitting. Since the random forest algorithm can 
train a set of decision trees separately, the training process can be done in parallel. 

3.2. Naïve Bayes 

The bayesian theorem provides a way to calculate the posterior probability based on assumed prior 
probabilities and the probability of different data object under given assumptions. Bayesian algorithm based on 
bayesian theorem is a simple and commonly used classification algorithm which has rigorous mathematical 
theories as a basis. Assuming each attribute of the items to be classified is independent of each other, the 
constructed classification algorithm is naïve bayes. The basic idea of naïve bayes is: for a given item to be 
classified, calculate the probability of each category which the item belongs to, and the item will belong to the 
category with the largest probability. 

4. Performance Evaluation 

4.1. Setup of Experimental Environments 

We deploy two Linux virtual machines on three servers respectively, and each virtual machine serves as a 
node of our constructed spark cluster. Each spark cluster is composed of one master node and several slave 
nodes. The hardware and software configurations of each node in the cluster are: CPU: Intel Xeon E5 2609 
2.40GHz; RAM: 2GB; Hard Disk: 20GB; OS: Red Hat Enterprise Linux server 6.2; JDK: JDK 1.7.0; Scala: 
Scala 2.10.6; Hadoop: Hadoop 2.6.0; Spark: Spark 1.6.1. 

4.2. Performance Evaluation of Random Forest 

For the random forest algorithm, firstly the number of trees and the maximum number of layers are changed 
to observe the change of classification accuracy; then, the performance of random forest is evaluated by testing 
data set of different scale; finally, the influence of the scale of the cluster on the performance of algorithms are 
observed by changing the number of nodes. 

(1) Dataset 
      We use two dataset-adults[8] and Youtube Multiview Video Games Dataset[9] in the UCI dataset. The adults 
dataset tells us whether an adult’s income exceeds $50k/year based on the results of census, and it contains 
48,842 items, which are 2.25MB altogether. We extract 17,500, 35,000, 54,000 and 71,500 items respectively 
from Youtube dataset, which are 249.7MB, 499.45MB, 771.51MB and 1018.42MB respectively. 

(2) Metrics 
 Classification  accuracy 
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The classification accuracy of the classification algorithm on the test dataset is defined by formula 1: 

aNaccuracy=
N

                                                                                                                 (1) 

aN  represents the number of correctly classified data objects in the test dataset, and N represents the total 
number of data objects in the test dataset. 

 Speedup 

Speedup is the ratio of the time spent on running the same task in a stand-alone mode and in a parallel 
mode. We can compute the speedup by changing the number of nodes and keeping the dataset unchanged. It 
can be computed by formula 2: 

  1

m

TSpeedup(m)=
T

                                                                                                                (2) 

T1 represents the runtime of an algorithm running on one node and Tm represents the runtime of the same 
algorithm running on the same dataset and m nodes. If the speedup increases linearly as the number of nodes 
increases, it means that multiple nodes can effectively shorten the runtime of the algorithm. However, it is 
difficult to achieve a linear speedup as the increase of the number of nodes will introduce additional 
communication overhead. 

 Scaleup 

Scaleup is used to measure the ability of a parallel algorithm to effectively utilize the number of nodes. We 
can compute the scaleup by changing the number of nodes and keeping the dataset unchanged. It can be 
computed by formula 3: 

Speedup(m)Scaleup(m)=
m

                                                                                                  (3)   

m represents the number of nodes and Speedup(m) represents the speedup when the number of nodes is m. 
The increase of the number of nodes will introduce extra communication overhead and reduce the utilization 
ratio of each node. Therefore for a specific parallel algorithm, its ability to effectively utilize the ever-
increasing number of nodes is limited. 

 Sizeup 

Sizeup reflects the change of performance of a parallel algorithm with the increase of dataset’s size. We can 
compute the sizeup by changing the size of the dataset and keeping the number of nodes unchanged. It can be 
computed by formula 4: 

mDB

DB

TSizeup(m)=
T

                                                                                                                   (4)     

TDB represents the runtime of an algorithm running on the dataset-DB and TmDB represents the runtime of 
the same algorithm on the dataset whose size is m times of that of DB when the number of nodes keeps the 
same. 

(3) Experimental results 
 Classification  accuracy 
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The classification accuracy of random forest is tested on the adult dataset. The results are shown in Table 
Ⅰ. 

As is shown in Table 1, the highest classification accuracy of random forest on the adult dataset is close to 
85%; and we can see that the accuracy increases as the number of trees increases. At the same time, the accuracy 
of the algorithm increases with the increase of the number of layers.  

Table 1.  Classification Accuracy of Random Forest 

Number of Trees               maxDepth

2                 3   

 

4                5 

2 77.93%     82.19%  84.19%     84.41% 

4 81.43%     82.94%     84.31%     84.76% 

6                                                                              81.91%     83.64%     84.35%     84.89% 

8                                                                              82.04%     83.77%     84.72%     84.96% 

 Speedup 

                    
Fig.1. Speedup of Random Forest                                                  Fig.2. Scaleup of Random Forest 

 
       From Fig.1 we can observe that the speedup is always more than 1 on dataset of different size. At the same 
time, we can observe that the increase of the speedup is not linear. For Youtube_17500, the speedup reaches its 
peak when the number of nodes is 2, and for Youtube_35000 and Youtube_54000, the speedup reaches its peak 
when the number of nodes is 4. 
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It can be seen from Fig. 2 that the scaleup is always more than 1 for different dataset when the number of 
nodes is 2; when the number of nodes is 4, the scaleup is more than 1 for the dataset whose size is beyond 
500MB; when the number of nodes is 6, the scaleup is less than 1 for different dataset. It indicates that when the 
dataset whose size is not larger than GB is classified, four nodes are enough and more nodes will increase 
communication overhead among nodes and the time cost of task scheduling, thus reduce the efficiency of the 
algorithm. 

From Fig.3 we can see that: the sizeup is always more than 1 on the dataset of different size and nodes of 
different number; when the number of nodes is 2, the sizeup increases sharply with the increase of the size of 
dataset; when the number of nodes is greater than 4, the sizeup increases more slowly with the increase of the 
size of dataset, which shows that random forest has a better classifying efficiency on a cluster of much more 
nodes. 
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Fig.3. Sizeup of Random Forest                                                            Fig.4.  Speedup of Naïve Bayes 

4.3. Performance Evaluation of Naïve Bayes 

Text dataset is used to test the classification effect of naïve bayes. Firstly, the algorithm runs on a single 
node and its classification accuracy is tested; then, the dataset is extended to a scale of hundreds of MB and GB, 
and the performance of the algorithm is tested on nodes of different number. 

(1) Dataset 
              The Sougou’s text classification corpus[10] is used. The corpus contains 9 classes, which has a specific topic, 

namely, automotive, finance, IT, health, sports, tourism, education, recruitment and culture. Each class has 1,909 
documents. The documents in each class are put into a file after using IKANALYZER to perform segmenting 
word; then the segmented files are extended to sougou_5, sougou_10, sougou_15 and sougou_20, which are 
250.8MB, 501.3MB, 773.0MB and 1023.4MB respectively, and then the classification performance in a cluster 
of different number of nodes is tested. 

(2) Metrics 
The metrics of naïve bayes is the same as that of random forest.  

(3) Experimental results 
 Classification  accuracy 

The polynomial bayesian algorithm is used and the smoothing coefficient is set to 1. The classification 
performance of the algorithm for large-scale text dataset on different numbers of nodes is tested. The results are 
shown in Table 2. The results show that the naïve bayes algorithm has a good result on text classification. 

Table 2.  Classification Accuracy of Naïve Bayes 

Number of Nodes Sogou_5    Sogou_10  Sogou_15 Sogou_20     

2 83.28%     81.33%  82.32%     83.36%  

4 82.16%     80.15%     81.34%     82.38%  

6                                                                              81.35%     79.56%     80.76%     81.36%  

 Speedup 

      It can be seen from Fig.4 that the speedup is greater than 1 except for the speedup of Sougou_5 on 4 nodes, 
which shows that the algorithm can meet the requirement of parallel computing. At the same time, if the scale of 
the dataset is MB, the speedup decreases when the number of nodes is larger than 2, which shows that the naïve 
bayes algorithm has the highest efficiency when the number of nodes is 2 on the dataset whose scale is MB. 
Furthermore, the speedup shows an increasing trend with the increase of the size of dataset, which shows that the 
algorithm is more suitable for large-scale dataset. 
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The classification accuracy of random forest is tested on the adult dataset. The results are shown in Table 
Ⅰ. 

As is shown in Table 1, the highest classification accuracy of random forest on the adult dataset is close to 
85%; and we can see that the accuracy increases as the number of trees increases. At the same time, the accuracy 
of the algorithm increases with the increase of the number of layers.  

Table 1.  Classification Accuracy of Random Forest 

Number of Trees               maxDepth

2                 3   

 

4                5 

2 77.93%     82.19%  84.19%     84.41% 

4 81.43%     82.94%     84.31%     84.76% 

6                                                                              81.91%     83.64%     84.35%     84.89% 

8                                                                              82.04%     83.77%     84.72%     84.96% 

 Speedup 

                    
Fig.1. Speedup of Random Forest                                                  Fig.2. Scaleup of Random Forest 

 
       From Fig.1 we can observe that the speedup is always more than 1 on dataset of different size. At the same 
time, we can observe that the increase of the speedup is not linear. For Youtube_17500, the speedup reaches its 
peak when the number of nodes is 2, and for Youtube_35000 and Youtube_54000, the speedup reaches its peak 
when the number of nodes is 4. 

 Scaleup 

It can be seen from Fig. 2 that the scaleup is always more than 1 for different dataset when the number of 
nodes is 2; when the number of nodes is 4, the scaleup is more than 1 for the dataset whose size is beyond 
500MB; when the number of nodes is 6, the scaleup is less than 1 for different dataset. It indicates that when the 
dataset whose size is not larger than GB is classified, four nodes are enough and more nodes will increase 
communication overhead among nodes and the time cost of task scheduling, thus reduce the efficiency of the 
algorithm. 

From Fig.3 we can see that: the sizeup is always more than 1 on the dataset of different size and nodes of 
different number; when the number of nodes is 2, the sizeup increases sharply with the increase of the size of 
dataset; when the number of nodes is greater than 4, the sizeup increases more slowly with the increase of the 
size of dataset, which shows that random forest has a better classifying efficiency on a cluster of much more 
nodes. 
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4.3. Performance Evaluation of Naïve Bayes 

Text dataset is used to test the classification effect of naïve bayes. Firstly, the algorithm runs on a single 
node and its classification accuracy is tested; then, the dataset is extended to a scale of hundreds of MB and GB, 
and the performance of the algorithm is tested on nodes of different number. 

(1) Dataset 
              The Sougou’s text classification corpus[10] is used. The corpus contains 9 classes, which has a specific topic, 

namely, automotive, finance, IT, health, sports, tourism, education, recruitment and culture. Each class has 1,909 
documents. The documents in each class are put into a file after using IKANALYZER to perform segmenting 
word; then the segmented files are extended to sougou_5, sougou_10, sougou_15 and sougou_20, which are 
250.8MB, 501.3MB, 773.0MB and 1023.4MB respectively, and then the classification performance in a cluster 
of different number of nodes is tested. 

(2) Metrics 
The metrics of naïve bayes is the same as that of random forest.  

(3) Experimental results 
 Classification  accuracy 

The polynomial bayesian algorithm is used and the smoothing coefficient is set to 1. The classification 
performance of the algorithm for large-scale text dataset on different numbers of nodes is tested. The results are 
shown in Table 2. The results show that the naïve bayes algorithm has a good result on text classification. 

Table 2.  Classification Accuracy of Naïve Bayes 

Number of Nodes Sogou_5    Sogou_10  Sogou_15 Sogou_20     

2 83.28%     81.33%  82.32%     83.36%  

4 82.16%     80.15%     81.34%     82.38%  

6                                                                              81.35%     79.56%     80.76%     81.36%  

 Speedup 

      It can be seen from Fig.4 that the speedup is greater than 1 except for the speedup of Sougou_5 on 4 nodes, 
which shows that the algorithm can meet the requirement of parallel computing. At the same time, if the scale of 
the dataset is MB, the speedup decreases when the number of nodes is larger than 2, which shows that the naïve 
bayes algorithm has the highest efficiency when the number of nodes is 2 on the dataset whose scale is MB. 
Furthermore, the speedup shows an increasing trend with the increase of the size of dataset, which shows that the 
algorithm is more suitable for large-scale dataset. 
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Fig.5. Scaleup of Naïve Bayes                                                                      Fig.6.  Sizeup of Naïve Bayes 

It can be seen from Fig.5 that the scaleup increases with the increase of the size of dataset. We can also 
observe that when the number of nodes is greater than 2, the scaleup is smaller than 0.6, and when the size of 
dataset is less than 500MB the scaleup falls below 0.4. This means that when the number of nodes is greater than 
2, the computing power of redundant nodes is not fully utilized, and the efficiency of the algorithm decreases 
due to the cost of extra data distribution and task scheduling. 

 Sizeup 

It can be seen from Fig. 6 that when the number of nodes is smaller than 6, the sizeup increases with the 
increase of the size of dataset, when the number of nodes is 6 and the size of dataset is larger than that of 
Sogou_5, the change of the sizeup is not obvious with the increase of the size of dataset, which can be 
explained by that naïve bayes has a better classifying efficiency on a cluster of much more nodes and much 
larger dataset. 

5. Conclusions 

We can draw the following conclusions by performance evaluation results: 

 The accuracy of the two classification algorithms is high, and they can be widely used in the 
classification of numerical or text dataset; 

 The speedup of the two algorithms is more than 1 in a cluster of multiple nodes, but the increase of 
speedup is not linear. For dataset with different size, the numbers of nodes is different when the 
speedup is the optimal; 

 The scaleup of random forest reaches its peak when the number of nodes is 2, and after that the scaleup 
decreases with the increase of the number of nodes. This shows that the utilization of the node’s 
computing power is the highest when the number of nodes is 2; and when the number of nodes is 
greater than 2, the computing power of each node is not fully utilized as the number of nodes increases; 

 For random forest, when the number of nodes is 2, the sizeup increases sharply with the increase of the 
size of dataset, and when the number of nodes is greater than 2, the sizeup increases more slowly with 
the increase of the size of dataset, which shows that the random forest has a better classifying efficiency 
on a cluster of much more nodes; for naïve bayes, when the number of nodes is smaller than 6, the 
sizeup increases with the increase of the size of dataset, when number of nodes is 6 and the size of 
dataset is larger than that of Sogou_5, the change of the sizeup is not obvious with the increase of the 
size of dataset, which can be explained by that naïve bayes has a better classifying efficiency on a 
cluster of much more nodes and much larger dataset. 

Based on the above analysis results, we summarize the appropriate number of nodes on dataset of different 
size for random forest and naïve bayes, as is shown in Table 3. 
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Table 3.  Appropriate Number of Nodes on Dataset of Different Size 

Algorithm Size of Dataset             Number of Nodes     

Random Forest 500MB and below 2  

 

                                                                                

500MB-1GB  

1GB and above         

4 

6 

 

Naïve Bayes                                                            750MB and below

above 750MB     

2 

4 
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It can be seen from Fig.5 that the scaleup increases with the increase of the size of dataset. We can also 
observe that when the number of nodes is greater than 2, the scaleup is smaller than 0.6, and when the size of 
dataset is less than 500MB the scaleup falls below 0.4. This means that when the number of nodes is greater than 
2, the computing power of redundant nodes is not fully utilized, and the efficiency of the algorithm decreases 
due to the cost of extra data distribution and task scheduling. 
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It can be seen from Fig. 6 that when the number of nodes is smaller than 6, the sizeup increases with the 
increase of the size of dataset, when the number of nodes is 6 and the size of dataset is larger than that of 
Sogou_5, the change of the sizeup is not obvious with the increase of the size of dataset, which can be 
explained by that naïve bayes has a better classifying efficiency on a cluster of much more nodes and much 
larger dataset. 

5. Conclusions 

We can draw the following conclusions by performance evaluation results: 

 The accuracy of the two classification algorithms is high, and they can be widely used in the 
classification of numerical or text dataset; 

 The speedup of the two algorithms is more than 1 in a cluster of multiple nodes, but the increase of 
speedup is not linear. For dataset with different size, the numbers of nodes is different when the 
speedup is the optimal; 

 The scaleup of random forest reaches its peak when the number of nodes is 2, and after that the scaleup 
decreases with the increase of the number of nodes. This shows that the utilization of the node’s 
computing power is the highest when the number of nodes is 2; and when the number of nodes is 
greater than 2, the computing power of each node is not fully utilized as the number of nodes increases; 

 For random forest, when the number of nodes is 2, the sizeup increases sharply with the increase of the 
size of dataset, and when the number of nodes is greater than 2, the sizeup increases more slowly with 
the increase of the size of dataset, which shows that the random forest has a better classifying efficiency 
on a cluster of much more nodes; for naïve bayes, when the number of nodes is smaller than 6, the 
sizeup increases with the increase of the size of dataset, when number of nodes is 6 and the size of 
dataset is larger than that of Sogou_5, the change of the sizeup is not obvious with the increase of the 
size of dataset, which can be explained by that naïve bayes has a better classifying efficiency on a 
cluster of much more nodes and much larger dataset. 

Based on the above analysis results, we summarize the appropriate number of nodes on dataset of different 
size for random forest and naïve bayes, as is shown in Table 3. 
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