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Abstract 
Phylogenetics has played an important role in the field of data mining and 

Bioinformatics. Computational cancer phylogenetics is very important in 

cancer classification. From the sample tissues gene expression levels of 

healthy and cancerous cells are evaluated using microarray technology. A 

many researchers have examined the problems of cancer classification. Cancer 

classification is the problem of finding a number of classes of cancers using 

the data from a DNA chip. The current work has applied phylogenetic 

methods for classifying the cancer. In this cancer classification problem, we 

require a metric on a set of cancer as a role of their expression levels of genes, 

and require a tree construction, using tree fitting methods are used from the 

field of phylogenetics. We proposed a Parallel Network Joining method which 

was implemented on GPU for constructing a phylogenetic tree. This work is 

mainly focused on parallelizing the tree fitting to achieve good speedups for 

our sample input data using CUDA.  

 

Keywords: Cancer classification, Microarray gene expression data, 

Phylogenetics, Parallel Neighbor joining, CUDA, Breast cancer Data Set. 

 

 

Introduction 
The Phylogenetics field [1] is one of the important areas of data mining and Medical 

bioinformatics which deals with computational methods to infer evolutionary heritage 

of organisms and genes. This new field is used for cancer classification on gene 

expression data. Cancer classification is major medical data mining problems in the 

field of microarray expression analysis of cancer datasets. The microarray gene 

expression data are collected with a classifier variable which gives every samples to 

one of a number of classes to diagnose the cancer. Cancer classification is the process 
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of identify classes based only on the gene expression data in the nonappearance of 

classifier variables.  

     A number of methods have been developed to solve the class discovery problem. 

The method of hierarchical clustering [2], which require a set of genes in hierarchical 

structure. The classification is done by a distance function on the objects. Another 

method for clustering is the k-means approach [3], which ask for an data around K 

centroids on optimal clustering .The other approach is self organizing maps 

(SOMs),explained by [4],[5]. Class discovery can be done with construction of 

classification trees whose leaves communicate to the objects being classified. Up to 

the classification of we constructed the classification tree to classify unknown 

samples. There are so many phylogenetic methods like distance matrix, maximum 

parsimony, maximum likelihood, Bayesian methods and probabilistic inference have 

possible applications in cancer research.  

     In this paper, we proposed Parallel Neighbor joining method programs in PHYLIP 

[6] under a multi-core GPU environment which was achieved by GTX 780 NVIDIA 

Graphics[7] card. Neighbor joining method implemented in parallel can achieve 

speedups up to 24 X. The result shows that GPU environments are powerful and cost-

effective parallel environments, which can significantly improve the performance.  

     Breast Cancer Classification using Phylogenetic Tree with sequential 

implementation 

 

Selection of Genes and Collection of Data: 

In our assumption the gene expression data is as follows: for each of p tissue samples 

in the set S={s1,s2,…,sm},we are given the gene expression level used for every of q 

genes in the set Gn={gn1,gn2,gn3…,gnq}.This yields a p * q matrix A= (( auv )), 

where aij is the expression level in the sample si of the gene gni. In our cases yi be a 

discrete classifier variable for 1<u<p,assigning each sample si to one of a small 

number of sets or. Clusters traditionally, expression data studies have focused on the 

following class discovery problem  

 

Linear Transformation For Normalizing The Input Matrix: 

In our approach tree fitting metric is applied to the expression data. Since the input 

matrix A consist of gene expression levels of wide variety of genes and different 

genes make active at various expression levels, it is better not to comparing the actual 

values of auv,hence we have to do tree fitting on the unprocessed data, the tree 

topology is determined by those variables that contain the maximum values. To 

overcome this problem, we have normalized the input matrix. This problem is avoided 

by normalizing the input matrix with linear transformation ultimately making each 

gene weighing equally.  

     Consider the gene gu , whose values are represented in the v th column of A. Let pv 

denote the mean expression levels for gu , and let σv indicate the equivalent standard 

variation. Here we classify the matrix with normalized entry ((buv)) by 

     Fu,v = au –μv 

      σv 
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     By Normalizing the matrix we had the advanatage of comparing the expression 

levels across columns that weighs each column equally. This has created meaningful 

information. It has also reduced the effects of outlier data. The input datas are 

trimmed by more than four standard deviations from the mean. Through this is the 

following constraint was impared | bij | ≤ 4 for all ii and j. The above constraint was 

implemented to reduce the effect outliers on distance based tree reconstruction 

algorithms [9]. This process has played a major role in resampling process. 

 

Classification Method: 

In this graph A is a pair G1=(V1,E1) where V1 is a finite set of objects and E1 is a set 

of pair of objects from V. The sequence of cycle in graph 

c=(v0,e1,v1,e2,…ek,vk),where vi≠vj for 1≤ I ≤j≤k,but v0=vk and ei=(vi-1,vi) є E for all I 

in which case we say v0 and vk are connected by p.A graph is connected if for all pairs 

x,y є V ,there is a path pxy in G connecting x and y .A connected graph containing no 

cycles is called a tree. 

     Let L be a set of objects and R the set of real numbers. without loss of generality 

L={1,2,..n}.A metric on L is a function D:L×L→ R satisfying three properties. 

1. D1(u,v)≥0 for all u,v є L with D1(u,v)=0 if and only if u=v. 

2. D1(u,v)=D(v,u) for all x,y є L. 

3. For all u,v,y є L,D1(u,y)≤D1(u,v)+D(u,y) 

     We can express D1 as distance matrix D1,with entries ((d1uv)) where duv=D(u,v). 

     A tree metric is a specific kind of metric .Let be a tree ,T=(V,E) with L(V,L the set 

of leaves of T.Let l be a function l:E→R
+
.For any pairs of leaves i,j є L,define pij to be 

the unique path in T from x to y.Let DT be defined by  

     D
T 

(i,j)=∑ l(e)
 .
 

     Suppose D1 is a metric on L. The tree fitting problem has given D, find tree T such 

that DT is a good approximation for D. Tree fitting is one of a variety of methods that 

taxonomists use to build phylogenetic trees to calculate evolutionary history. Leading 

tree fitting algorithms include the Neighbor Joining algorithm [10] and , the least-

squares approach of [11].The advantages of using tree fitting include the ability to use 

well-refined, pre-existing software packages, whether commercial (PAUP) or in the 

public domain (PHYLIP),and a supporting body of literature which can guide us to 

which problems are computationally feasible and which are not. Traditionally, tree 

fitting has been used in a setting where there is some reason to suppose that the input 

metric D can be well approximated by a tree metric.  
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PHYLIP 

This package is being used from 1980 onwards. There are thousands of registered 

users for this software. PHYLIP package can be used with microarray data along with 

Neighbor joining methods for searching phylogenetic tress. It has also included 

routines that allowed variety of resampling techniques that include neighbor joining 

tree fitting method. It has the capability to reconstruct consensus tree from the 

resample data analyses by using strict agreement or numerous deviation of majority 

rule agreement. In PHYLIP bootstrapping is a separate process which has resulted in 

using same bootstrapped dataset as input to different phylogenetic method. This has 

resulted in association of trees formed by different methods from a general 

bootstrapping framework.  

 

 

Proposed Method: 
 

Parallel Neighbor Joining Algorithm using CUDA: 

The algorithm was parallelized using a master-slave model with a hybrid message 

passing model. Before going into an in-depth review of the solution developed, 

certain aspects of the Neighbor-Joining algorithm should be analyzed, since these 

might explain why an efficient parallel solution is difficult to obtain. First, it should 

be noted that for each iteration of the main loop, a new node is added to the distance 

matrix, but those from the two originating nodes are removed. This means that, in a 

parallel solution, the work carried out by each task in each iteration decreases as the 

iterations of the main loop progress. Also, in distributed environments, the distances 

of the new nodes must be distributed among all processes forming the solution. The 

search for the pair of nodes whose distance is minimal represents the most expensive 

part of the main loop from a computational standpoint. Taking into account that the 

distance matrix is triangular, distributing the work required for the search process by 

assigning the same number of rows to each task could result into idle time, since not 

all rows have the same number of cells. Since idle time negatively affects the 

performance of an algorithm, it must be removed or, if this is not possible, minimized. 

For this reason, the workload distribution strategy must be chosen trying to make it as 

equitable as possible for all tasks. 

 

Pseudocode of the Parallel Neighbor Joining Algorithm. 

Step0: Normalization of expression data 

Step1: Mast Procs div dist_matrix into P procs and distribute p-1 with slaves At 

each procsapprox ((N)x(N-1)/2P) from dist_matrix.p 

Step2: Each procs calculate nodes. 

Step3: for H in 1 to N-2 do 

 3.1 Each procs calculates local min Di,j 

 3.2 The mast_procs all local min and calculates global minDi,j  

 3.3 The mast_procsnew node(k) 

Step4: node(k) calculate Dik and dij. 

Step5: node(k) calculate distance from remaining nodes.  
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Step6: node(k) broadcasts to other procs. 

Step7: End. 

     In the above code uses a master-slave model of P processes as parallelization 

strategy. Each process generates T threads when computation begins. Then, the 

iterations belonging to different process loops are distributed among the threads that 

have been generated. The distances of each newly created node are distributed among 

all processes following a circular order.  

     At the initialization stage, the distance matrix has loaded into GPU memory from 

host memory. After the each pair of node is selected, the values of data of the 

associated cells in the distance matrix has to be updated for the subsequent iteration. 

If the total matrix is completely reloaded, the time operating cost would be quite high 

due to the comparatively narrow memory bandwidth between the GPU and the host. 

In order to extensively data transferred amount is decreased, The suitable cells are 

updated for only changed cells.. The values of data in single column and single row 

cells in the distance matrix have to to be transferred from host to GPU in every 

iteration. This formulates the data transfer in negligible. The Shared memory is used 

for storing the temporary results of each block. Every thread in one thread block 

evaluates and chooses the node pair whose arrangement into a latest node provides the 

very small branch length between the node pair allocated to it. It stores the preferred 

node pair and its value S1min into the storage space which is allocated to it in the 

shared memory.  

 

CUDA Programming Model  

NVIDIA’s CUDA [13] upgrading environment facilitates developers to use the 

marvelous computational capability and high in bandwidth of GPUs. The scalable 

array of multithreaded streaming multiprocessors are calculated by CUDA enabled 

GPU.The every multiprocessor is consisting of eight cores of processor. The CUDA 

program is running on the host CPU call a kernel grid which could run on a GPU with 

accessible execution ability, the thread blocks of the grid is distributed to the all 

processors. The threads block are set into distorts, which is executed parallel on one 

of the multi core processors. The thread blocks have contained up to 256 threads. The 

threads in a thread block can be executed in the same kernel and are scheduled 

independently. 

 

 

Experiments and Results: 
We have implemented the parallel Network joining algorithm using CUDA and 

evaluated this algorithm on an NVIDIA GeForce GTX 780 graphics card with 

2880CUDA Cores. The topology of the phylogenetic tree is depending on the gene 

expression data. For the parallel neighbor joining method the runtime of the neighbor-

joining tree fitting method mostly depends on the number of genes. Because of this 

actual genes have less impact on the runtime. All the values of data in the cells are 

positive distance matrix are positive. For simplicity this was produced from a random 

number generator. During these process the concept of majority was not lost. In this 



21882  A. Natarajan 

implementations, each thread block has 256 threads and every thread processes are 

having a 16 different cells in the equivalent cell block.  

     We considered the data set from [12] , consisting of 1500 genes measured from 22 

breast cancer cancers. The cancers are divided into three groups 1. Six cancers among 

BRCA1 mutations, eight cancers from seven patients cancers with BRCA2 mutations, 

and seven sporadic cancers, one of which contained a hyper ethylated BRCA1 

promoter region. Considered only two binary classification questions, namely, 

whether each cancer carried a BRCA1 or BRCA2 mutation, respectively. Our 

attention focused on 200 genes, selected by[12], using a method based on an F-test to 

be those genes whose variation in expression best differentiated among the three types 

of cancers. 

1. All the seven of the BRCA1 cancers are clustered together in one subtree. 
 

2. All the eight of the BRCA2 cancers are clustered together in another subtree. 
 

3. The seven sporadic cancers lay between the BRCA1 and BRCA2 subtrees, 

mostly as leaves off a main path between the two main clusters. 
 

4. The sporadic cancer with a methylated BRCA1 promoter region was the 

sporadic cancer closest to the BRCA1 cluster. 
 

     The trees resulting from the correlation metric were of particular interest, as the 

edges connecting the sporadic cancers to the tree were much longer, on average, than 

the edges pendant to the BRCA1 or BRCA2 cancers. In fact, the six longest edges in 

the tree are pendant edges connecting six of the seven sporadic cancers to the 

backbone of the tree. 

 

 
 

Figure 2: Breast Cancer Cancers Classified Using Neighbor Joining Method 
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Table 1: Parallel Neighbor joining using MPI 

 

MPI 

Program 

Genes  Classification of 

Breast cancer 

Dataset 

Elapsed time in hours  

Single 

Processor 

GeForce GTX 

780 GPU 

MPI Prot 

dist 

1500 BRCA1, BRCA2, 

BCAR3,BCAR2, 

BRMS1. 

72 30 

 

 

Conclusion and Future Work 
To conclude tree fitting method is best for classifying cancer based on expression 

data. In this work we have demonstrated parallel neighbor joining method in multi 

core environment and achieved speed up of up to 24X when comparing with 

sequential implementations .The classification accuracy is also maintained when 

comparing with hierarchical clustering, k-means and self organizing maps. In this 

work gene feature selection were not consisidered. A combination of gene feature 

selection and parallel implementation of neighbor joining tree fitting algorithm may 

give still better accuracy in lesser time.  
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