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To compare multiple genome sequences, we transform each primary genome sequence

into corresponding k-mer-based vectors. According to the principle of independent

component analysis (ICA), the operation can be regarded as mixing multiple source

genomic signals via several sensors, through which we can obtain the mixed vectors with

equal-length from the corresponding genome sequences with different length. However,

this mixing operation is performed by counting all the k-mer-based frequencies, instead of

using real hardware of sensors. Thus, we name this preprocessing operation as virtual

mixer (VM). Using ICA-based transformation, we projected all the vectors upon their

independent components to capture the coefficients-based feature vector through the

projection extractor (PE), which has been proved to have a property of distance

preserving. Then, we used the proposed VMPE model upon three representative real

datasets of genome sequence to test the efficiency for the model. The contrastive analysis

results indicate that the proposed VMPE model performs well in similarity analysis.
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 12 

ABSTRACT 13 

To compare multiple genome sequences, we transform each primary genome sequence into 14 

corresponding k-mer-based vectors. According to the principle of independent component analysis 15 

(ICA), the operation can be regarded as mixing multiple source genomic signals via several sensors, 16 

through which we can obtain the mixed vectors with equal-length from the corresponding genome 17 

sequences with different length. However, this mixing operation is performed by counting all the k-mer-18 

based frequencies, instead of using real hardware of sensors. Thus, we name this preprocessing 19 

operation as virtual mixer (VM). Using ICA-based transformation, we projected all the vectors upon 20 

their independent components to capture the coefficients-based feature vector through the projection 21 

extractor (PE), which has been proved to have a property of distance preserving. Then, we used the 22 

proposed VMPE model upon three representative real datasets of genome sequence to test the efficiency 23 

for the model. The contrastive analysis results indicate that the proposed VMPE model performs well in 24 

similarity analysis. 25 

 26 

INTRODUCTION 27 

In the field of bioinformatics, sequence comparison aims to discover relationship of similarity 28 

among various biological sequences. Sequence comparison of several genomes at the nucleotide 29 

sequence level can be accomplished by multiple sequence alignment (MSA).   Recently, a web-30 

based alignment services have been proposed (Nguyen, 2012). Generally, based on an 31 

appropriate base-substitution model, the MSA are used to compute similarity scores. However, 32 

since species diverge widely over time, both genomic rearrangements and insertions/deletions 33 

make MSA a little difficult in genome comparison. 34 

In fact, at present, the genomics necessarily requires approaches within the non-coding area of 35 

genomic sequence. Obviously, it can be used to compare the whole genomes (including coding 36 

and non-coding regions). It is an urgent need to develop a method which can be free of a specific 37 

gene set, and can also analyze nongenic regions. Later, alignment-free approaches are 38 

successively proposed to achieve this target (Deng et al., 2011, Dong et al., 2018, Gao & Qi, 39 

2007, Vinga & Almeida, 2003, Yu et al., 2010). The representative method is involved in 40 
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frequency-based method called feature frequency profiles (FFP) (Jun et al., 2010, Sims et al., 41 

2009, Sims et al., 2009, Sims & Kim, 2011), which can be used as the comparison of whole 42 

genomes or genomic segments that may not be closely related and have latent remarkable 43 

rearrangement or have not shared a common set of genes, e.g. regulatory, intronic or nongenic 44 

regions. 45 

As a classical alignment-free method, Blaisdell first introduced k-mer for biological sequence 46 

comparison (Blaisdell, 1986). The relative approaches can be found in the reference (Luczak et 47 

al., 2017). Vinga reviewed more developments about alignment-free comparison (Vinga & 48 

Almeida, 2003), which described many developed approaches to mining data and comparing 49 

multiple sequences. As a variation of approach for text comparison, Sims et al. (Sims et al., 2009) 50 

insist that, for every two different texts, the „distance‟ between these two word frequency profiles 51 

can be regarded as a means of the dissimilarity between corresponding two texts. However, 52 

because there are no „words‟ within a long string of base-pairs that constitute genome sequences, 53 

the differences among relative k-mer frequencies can be used to calculate distance values. For a 54 

given length sequence, the frequency information for all of the possible features (k-mers) is 55 

assembled into a FFP, where either the resolution or length of the features is the most important 56 

parameter. 57 

The information theory (IT) has been widely used in the area of computational biology. Based 58 

on the use of digital signal processing (DSP) theory and algorithms, using genomic signal 59 

processing (GSP), one can analyze DNA or protein sequences. GSP methods convert DNA data 60 

to numerical values, thus it would offer the opportunity of applying existing DSP methods for 61 

genomic data. Examples of the use of GSP methods include performing cluster analysis of 62 

biological sequences and the K-means algorithm, proposing visualization method to inspect and 63 

analyze possible hidden behaviors (Mendizabal-Ruiz et al., 2018).  64 

At the nucleotide, codon and amino acid levels, the researcher has derived optimal symbolic-65 

to-digital mappings of the linear, nucleic acid strands into real or complex genomic signals 66 

(Cristea, 2002). The proposed approach converts the sequences of polypeptides or nucleotides 67 

into digital genomic signals, and provides the possibility for using a large variety of signal 68 

processing approaches to their handling and analysis. It is also shown that using this 69 

representation one can better extracted some essential features of the nucleotide sequences. 70 

Alignment-free sequence comparison and analysis greatly benefited from concepts which were 71 

derived from IT, such as mutual information and entropy. Within the review (Vinga, 2014), the 72 

author investigated many aspects of IT applications, such as resolution-free metrics based on 73 

iterative maps, block-entropy estimation, prediction of transcription factor binding sites, 74 

comprising the classification of motifs and sequence characterization based on linguistic 75 

complexity and entropic profiles. As a function of the genomic location, the Entropic Profiler 76 

(EP) captures the essential region with respect to the whole genome (Comin & Antonello, 2013, 77 

Fernandes et al., 2009). 78 

A method (Stuart et al., 2002) have been developed to produce comprehensive gene and to 79 

reconstruct species phylogenies from the unaligned whole genome data, where one can use the 80 
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singular value decomposition (SVD) approach to character string frequencies analysis. Within 81 

the SVD-based dimension-reduced space, a quantitative comparison for the relative orientations 82 

of protein vectors provided straightforward and accurate estimations of sequence similarity, 83 

which can in turn be used to construct comprehensive gene trees. Later (Stuart & Berry, 2004), 84 

using this SVD-based alignment-free method, the authors compared the predicted protein 85 

complement of 9 whole eukaryotic genomes ranging from yeast to man. They got simultaneous 86 

identification and definition of a large number of well conserved motifs and gene families. 87 

Meanwhile, a species tree was constructed, which supports one of two conflicting hypotheses for 88 

metazoan relationships. Based on SVD, the analysis of the entire protein complement of 9 whole 89 

eukaryotic genomes suggests that highly conserved motifs and gene families can be identified, 90 

and one can effectively compare within a single coherent definition space, where the extraction 91 

of gene and species trees can be easily implemented. The analysis can provide a basis for these 92 

definitions, when there is no explicit definition of orthologous or homologous sites. 93 

Comon developed Independent Component Analysis (ICA) to find a linear representation of 94 

non-gaussian data so that all the components are statistically independent with each other, or as 95 

independent as possible (Comon, 1994). Using such a representation, it seems to capture the 96 

essential structure of the data in several applications, including signal separation and feature 97 

extraction. 98 

As an no-alignment method, the composition vector (CV) method  (Chan et al., 2012) has 99 

been extensively studied recently. The abilities for ICA in feature extraction (Huang & Zheng, 100 

2006, Yeredor, 2002), plus the successful use of composition vector or k-mer method in the 101 

comparison of sequences inspire us to combine them for improving the performance on 102 

similarity analysis. 103 

In this study, we propose an ICA-based model for similarity analysis of genome sequences, 104 

i.e., virtual mixer & projection extractor model (VMPE), where we extracted the projections as 105 

the features for genome through optimizing the model. We also cluster the genome upon three 106 

real datasets, and visually inspect features of genome and analyze their similarities. Our results 107 

indicate the feasibility of applying the proposed method to compare genomes. 108 

 109 

MATERIALS & METHODS 110 

Model for the feature extraction from genome sequences 111 

Through transforming the sequences of polypeptides or nucleotides into digital genomic signals, 112 

several methods offer the possibility to employ a large variety of signal processing approaches to 113 

deal with and analyze the sequences (Cristea, 2002). In this section, we propose a novel model to 114 

extract information from genome sequences, and investigate the properties of the model. 115 

In the proposed approach, the procedure is composed of four stages:  116 

a) Transforming each primary genome sequence into corresponding k-mer-based vectors via 117 

our designed „virtual mixer‟ (VM).  118 

b) Projecting all these „mixed‟ vectors upon independent component coordinate system to 119 

extract features through the hierarchy „projective extractor‟ (PE);  120 
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c) Optimizing the number of segments s* for the best segmentation scheme; and d) Applying 121 

the final dimension-reduced feature vectors obtained by our hierarchy VMPE model on the 122 

similarities analysis among genome sequences. The application on real dataset demonstrated 123 

the validity of our proposed approach. 124 

Preprocessing of sequences via K-mer-based virtual mixer (VM) 125 

Hao Bailin's laboratory has proposed k-mer-based composition vector (CV) approach, where 126 

background „noise‟ can be subtracted via a Markov chain estimator. Based on this no-alignment 127 

approach, the author obtained valuable results for both genome and protein sequences (Gao & Qi, 128 

2007, Qi et al., 2004). 129 

Description for k-mer approach 130 

As for the k-mer approach, a description of the details can be described as follows. Let s be the 131 

primary genome sequence with length L, '' LNNNs 21 , where  CG,T,A,lN , 132 

L,,,l 21 . 133 

Generally, a k-mer mode is a series of k consecutive characters within a sequence. The usual 134 

handling way to count k-mers within a sequence with length L is to use a sliding window with 135 

length k, shifting one frame base each time from position 1 to L−k+1, until all the entire genomes 136 

have been scanned. Thus, the k-mer-based feature vector can be denoted as: 137 

   k421 ,iii

i
m,,m,m 

 m ,                             (1) 138 

where mij denotes the frequency of the counting number for each corresponding pattern with k-139 

consecutive characters, and i indicates the label of genome sequence. Meanwhile, all the  im


 140 

have been normalized by its own length, i.e. L−k+1, which can keep the obtained feature vector 141 

be freed from the negative influence of different lengths for each genome sequence. 142 

The number of the order for k-mer mode is just denoted as k. Since the parameter k has a great 143 

influence on the results of sequence analysis, it is a key to pick out an appropriate k. Some works 144 

have investigated the selection of k. For example, Wu et al. (Wu et al., 2005) proposed an 145 

optimal word size to calculate dissimilarity, where the optimal word size can be determined by 146 

length of sequence considered. Another solution was investigated by Sims et al. (Sims et al., 147 

2009, Sims et al., 2009), who gave the lower limit and upper limit for the range of optimal length. 148 

The lower limit can be approximately determined by the average length of multiple sequences, 149 

named as L . Then one can let k be the integer part of  Llog4 . 150 

Observing the mixed genomic signals from sequence 151 

As proposed by Pierre Comon(Comon, 1994), Independent Component Analysis (ICA) can 152 

lessen the effects of noise or artifacts within the data as it focuses on separating a mixture of 153 

signals into their each different sources, respectively. ICA models observations as linear 154 

combinations of several certain components, or variables, which are selected as statistically 155 

independent as possible, i.e. the different components represent different non-overlapping 156 

information. 157 

Thus, we can regard the feature vector  im


in Eq. (1) as the mixture from several independent 158 

components (ICs). However, in this study, the course of mixture need not perform through real 159 

PeerJ Preprints | https://doi.org/10.7287/peerj.preprints.27333v1 | CC BY 4.0 Open Access | rec: 8 Nov 2018, publ: 8 Nov 2018



hardware, i.e. just via virtual k-mer-based counter. 160 

Assuming further that there are several virtual „sensors‟ or virtual „receivers‟, these sensors 161 

have different „inherent frequencies‟ so that each „sensor‟ records a mixture of the original 162 

source genomic signals with slightly different patterns. 163 

The observed data mij are obtained through “sensor”, i.e., virtual mixer (VM) that gives the 164 

mixing weights among several latent independent components. In the left side hand of Eq. (1), 165 

each observed vector 
 im


 can be expressed as a linear combination of n latent components  1c


, 166 

 2c
 , …, and  nc


, where i just denotes the label for the genome sequence. All that we directly 167 

observed are the n genomic signals, 
 1m


,  2m
 , … , and  nm


. So the combination can be 168 

represented as follows: 169 

       n

inii

i
fff cccm




  2

2

1

1 ,                   (2) 170 

where ijf  are some coefficients that define the representation, n,,,i 21 , and i is just the label 171 

for the original sequence or species. Also,  1c


,  2c
 , …, and  nc


 are as independent as possible 172 

with each other. 173 

How can we estimate the coefficients ijf  in Eq. (2)? Collecting all these coefficients ijf  into a 174 

matrix F, we want to use some general statistical properties to find the matrix F through which 175 

we can represent the observed genomic signals by several latent independent signals. Then, the 176 

question can just boil down to the very ICA-based problem which is started with how to find a 177 

good representation of multivariate data. 178 

Extracting features from mixed genomic signals 179 

However, a general solution to the problem can be found by using independent component 180 

analysis (ICA) upon the observed data 
 1m


,  2m
 , …,  nm


, which are likewise collected into the 181 

k-mer-based matrix K. 182 

The mixed k-mer-based matrix K comprises n counting vectors as follows: 183 
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                  (3) 184 

where n,,,i 21 , and  i
m


 is a k4  dimensional vector comprising of all the mixed elements 185 

transformed from the corresponding sequence s
(i)

 via the virtual mixer (VM) 186 

Thus, we can estimate the coefficient matrix F for the genomic signals from original genome 187 

sequences (The elements ijf  in coefficient matrix F can be estimated by the developed algorithm, 188 

e.g. FastICA). Thus, Eq. (1) can be regarded as a statistical “latent variables” model. These latent 189 

components are assumed unknown, because we cannot know the values of ijc without knowing 190 

all the properties of the virtual extractor system, which can be difficult in general. The projection 191 

coefficients ijf  are unknown as well, which we cannot record directly. The problem can then be 192 
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rephrased as that of how to determine the coefficients ijf  within matrix F. 193 

Moreover, it is usually more convenient to introduce a vector-matrix notation instead of all the 194 

n equations in Eq. (2). Let us denote the three series of variables by the corresponding row 195 

vectors, respectively. Thus, according to the block-matrix appearance, the relationship of K and 196 

F can be written as: 197 

 

 

 

 

 

 

 

 

 

  































































nnn
c

c

c

f

f

f

m

m

m






















2

1

2

1

2

1

,                                (4) 198 

where i is just the label for different genome sequence, n,,,i 21 , and  ic


 are n independent 199 

k4  dimensional vectors which are obtained by using ICA upon all the n observed k4  200 

dimensional row vectors in matrix K. 201 

Virtual mixer & projection extractor (VM-PE) 202 

VM-PE model for capturing genomic signals 203 

Below are the descriptions for the VM-PE model, which is based on k-mer and ICA. 204 

Considering two transformations: 205 

(a) KS  1Τ  206 

The matrix S denotes all the n involved primary genome sequences with different length, while 207 

the matrix 
k

n 4RK  stands for the corresponding matrices which were mapped from all these n 208 

primary sequences. (Please see the first box shown in Fig. 1). 209 

(b) FK  2Τ  210 

The matrix F comprises of all the n extracted feature vectors: 211 

   inii

i
f,,f,f 


21f ,            (5) 212 

which are transformed from k-mer-based mixer matrix K via ICA-based projection extractor (PE) 213 

(Please see the second box shown in Fig. 1). 214 

    Likewise, if we collect all the feature vectors into a matrix F, then Eq. (5) can be rewritten as: 215 
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                (6) 216 

Thus, the relationship between the matrices K and F shown in Fig. 1 can be described as: 217 

K=FC.                (7) 218 

That is, 219 
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(8) 220 

Obviously, the matrix F belongs to the space nn
R , where the dimension of all the row vectors is 221 

uniform, i.e. n. Moreover, compared with matrix K, it can be seen from Eqs. (7) or (8) that the 222 

dimension for feature matrix F is greatly reduced. Thus, the final feature matrix F deserves our 223 

special attention. 224 

As shown in Fig. 1, we design a k-mer-based virtual mixer (VM) and ICA-based projection 225 

extractor (PE), through which we can extract the dimension-reduced essential features from the 226 

genome sequences. 227 

 228 

Ensemble transformation 229 

In fact, all the n obtained feature vectors  if


, n,,,i 21 , can be regarded as the projections, 230 

which are captured by projecting the k-mer-based „observed variables‟  im


 upon the n latent 231 

independent k4  dimensional vectors 
 jc


 in matrix C, where ijf , n,,,j,i 21 , are some real 232 

coefficients. Meanwhile, as the description of Eq. (2), all 
 ic


 are statistically mutually 233 

independent. 234 

    In summary, as a whole, the compound transformation can be described as follows: 235 

   is :
1
ΤΤ2

   inii

i
f,,f,f 


21f ,                     (9) 236 

through which one can freely extract the features of the multiple genome sequences. Also, the 237 

ensemble transformation can be depicted as: 238 

Ker  : 

 
2

1
1

1


 

nn

n
RS

T                            (10) 239 

where 
1n

S  stands for the original string sequence space comprising of n genome sequences with 240 

different length, while 

 
2

1
1




nn

R  denotes the objective distance space transformed from the 241 

original space via the proposed VM-PE scheme shown in Fig. 1. 242 

Distance-preserving properties of transformation 243 

As can be seen from the following proposition, the above-mentioned compound 244 

transformation embodies the essential property of the genome sequences. Thus, the   can be 245 

interpreted as a kernel operator. Some properties for the proposed VM-PE algorithm can be 246 

depicted as: 247 

Definition 1: Within the original string sequence space, the distance between every two different 248 

sequences D(s
(i)

, s
(j)

), is defined as: 249 

         jiji
,corr, mmss
def

D                       (11) 250 

where 
 im

  
is the k-mer-based mixed vector for sequence s

(i)
, and so is  jm


, n,,,j,i 21 . Here, 251 
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the function ),( corr  denotes the correlation degree between two vectors, i.e., 
 im


 and  jm


. 252 

Usually, it can be defined by the values of correlation coefficients from a pair of vectors. 253 

Definition 2: Let 
d

R  be a real normed space with dimensions d, and let  : 
1n

S |→ d1
R  be a 254 

function from 
1n

S  to d1
R , where 

 
2

1


nn
d . For any element within the space 

1n
S , such as 255 

 is  and  js , if      ji
,ssD  implies       )( )(D ji

, ss , the function    can be called -256 

distance preserving. 257 

Theorem 1:    is :
1
ΤΤ2

   inii

i
f,,f,f 


21f  is a distance-preserving transformation. 258 

Proof: Since 
 im


 and  jm


 are the k-mer-based mixed vectors of two corresponding sequences s

(i)
 259 

and s
(j)

, respectively, n,,,j,i 21 . 260 

Let 12 TT   be the compound transformation from the original string sequence space to 261 

objective distance space. 262 

Then, the following equations: 263 

       ii ss 12 TT          iii fms
  212 TTT                    (12) 264 

will hold. 265 

  According to Eq. (2), we can rewrite them in summation form as follows:  266 

   



n

p

p

ip

i
f

1

cm


,                              (13) 267 

while 268 

   



n

q

q

jq

j
f

1

cm


.                     (14) 269 

Thus, there have 270 

         jiji
,, mmss


DD      ji
,corr mm
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n
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q

jq

p

ip f,fcorr
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cc


      

 


n

qp
p

n

q

q

jq

p

ip f,fcorr
1 1

cc


      (15) 273 

    Since, every two independent component  pc


 and  qc


, qp  , are statistically mutually 274 

independent, then, according to the calculation for the correlation coefficients, it can be obtained 275 

that the second part within the right-hand side of Eq. (15) is just zero. 276 

And hence, the whole Eq. (15) will be simplified into: 277 

    ji
,ssD

    



n

p

p

jp

p

ip f,fcorr
1

cc
     ji

,corr ff


 ,     (16) 278 

where n,,,j,i 21 . 279 
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By Eq. (12) and Definition 1, we have: 280 

    )( )(D ji
, ss      ji

, ff


D     ji
,corr ff


 .         (17) 281 

Comparing Eq. (16) with Eq. (17), by Definition 2, the following equation holds: 282 

    ji
,ssD     )( )(D ji

, ss  , n,,,j,i 21  283 

Therefore, for two given genome sequences,  is  and  js , it can be seen that the above-284 

mentioned ensemble transformation T  indeed has a property of - distance preserving. Here, 285 

superscript i or j denotes the label of sequences, and the sequences are usually non-equal length. 286 

QED 287 

 288 

According to Theorem 1 and Definition 2, we can calculate all the row vectors for matrix F, 289 

such as    inii

i
f,,f,f 


21f , i=1, 2, …, n, where i denotes the label of n primary genome or 290 

proteome sequences. Then we can get n corresponding combinational coefficients vectors with 291 

the dimension n, which can be regarded as the features extracted from the original genome 292 

sequence via the proposed VM-PE algorithm, whose steps can be summarized as follows. 293 

 294 

Input: multiple genome sequences with different length:    s
(1)

, s
 (2), …, s (n)

 

begin 

for i=1 to n do 

        Through virtual mixer (VE), transform each genome sequence s
(i)

 into a k-mer-based k4  

dimensional vector  
 i

m


, which comprises n by k4  observed matrix K 

end for 

Using FastICA-based projection extractor (PE), factorize matrix K into independent 

component matrix C which is left multiplied by projection feature matrix F 

for i =1 to n―1 do 

    for j= i+1 to n do 

            Calculate pairwise distances using F by         
2

D jiji
, ffss


  

end for 

end for 

for i=1 to n do 

        The feature vector for the i-th genome sequenceThe i-th row vector of feature matrix F 

end for 

Draw the dendrogram using the pairwise distances matrix 

end 

 295 

RESULTS 296 

APPLICATION FOR THE REAL GENOME DATASET 297 

We apply the proposed VMPE model upon the real genome dataset. 298 
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Data preparation 299 

Table 1 shows the concise information for these 20 species in the GenBank. The first dataset 300 

includes the mitochondrial genome sequences from 20 eutherian species, which has also been 301 

investigated by several works (Dai et al., 2011, Deng et al., 2011, Huang & Wang, 2011, Huang 302 

et al., 2011, Yang et al., 2012, Yu & Huang, 2012).  303 

Determining k
*
 for virtual mixer (VM) 304 

Given multiple genome sequences with average length about 17,000 bps, the k-mer count 305 

vector  im


 becomes too sparse for k8 (Yu, 2013). Thus, based on the higher order k-mer, the 306 

comparisons among multiple long sequences may not capture the essential feature of sequences. 307 

Therefore, we need to consider how to determine a rational order k* for k-mers according to the 308 

approximate formula investigated in Ref. (Sims et al., 2009). Therefore, for the above-mentioned 309 

dataset, the integer k* can be calculated as: 310 

k* log4(17000),                             (18) 311 

i.e. k*=7. 312 

Therefore, for the given genome sequence s
(i)

, k*=7 is just the optimal order of k-mer for 313 

VMPE model at the stage of virtually mixing, where all the original sequences can be 314 

transformed into the corresponding mixed 4
7
-dimensional vectors. In other words, through 315 

virtual mixer, all the obtained mixed 7-mer vector  im


should uniformly be located at in 316 

dimensional space of 16384, i=1, 2, …, n. 317 

Comparison of VMPE model with other works 318 

We apply the VM-PE model upon the above-mentioned data set. 319 

In order to assure our results, we list the observations for pairwise distance between Human 320 

and every one of the rest 19 species. As shown in Table 2, Columns 2~4 are the observations 321 

which are extracted from the pairwise distances matrices calculated by different approaches, i.e. 322 

Kolmogorov complexity (Li et al., 2001), OPT-SVD (Yu & Huang, 2012) and our proposed 323 

VMPE model, respectively. 324 

    In general, the correlation degree between every two different results from each case is an 325 

effective way for comparing every two different approach. The higher correlation degree with 326 

the results of the existing approach and a newly developed one means that the latter has the same 327 

efficiency as the former. 328 

For Kolmogorov complexity (Li et al., 2001), the calculated correlation coefficient value, 329 

between Column 2 and Column 4, is 0.95. Likewise, we can compute correlation coefficient 330 

value between Column 3 and Column 4, which is 0.8312. These phenomena  indicate that our 331 

proposed VMPE model achieves the same effect as those representative approaches to the 332 

similarity analysis of genome sequences. 333 

Phylogeny analysis of genomes via VMPE model 334 

Generally, the steps for phylogenetic analysis among multiple genome sequences can be 335 

described as follows: 336 

(1) Firstly, we can calculate all the corresponding projection feature vectors (FV) with 337 

different segmentation schemes for each genome sequence via VMPE; 338 
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(2)  Secondly, selecting ‘euclidean’ distance metric, we calculate pair-wise distance matrix; 339 

(3)   Finally, we investigate the effect of dendrogram. 340 

Fig. 2 illustrates the dendrogram derived from our proposed VMPE model, where these 20 341 

species are separated clearly: 342 

(a)  Outgroup (Platypus, (Opossum, Wallaroo)) is far away from other clusters; 343 

(b)  Seven Primates are grouped together; 344 

(c) Two Rodents (Mouse and Rat) stand at the same branch; 345 

(d) The rest ones are clustered into a close group. 346 

Meanwhile, these results are in agreement with both the evolutional facts and the conclusions 347 

in (Li et al., 2001, Yu & Huang, 2012). Thus, it is shown that the proposed approach is effective 348 

in multiple genome sequences comparison. However, the result suggests the hypothesis of 349 

(Primates, (Rodents, Ferungulates)), which can also be found in Ref. (Cao et al., 1998), where 350 

there is a controversy on the hypothesis. 351 

As a contrast, using MEGA software, we rebuild the Neighboring-Joining (NJ) tree through 352 

alignment-based method. As for the tree shown in Fig. 3, when compared to Fig. 2, it can be 353 

found that the proposed VMPE model yields similar results to that from the traditional approach. 354 

Application upon another two genome datasets 355 

To further verify the efficiency for our proposed VMPE model, we select another two genome 356 

datasets: 1) with 34 mammalian sequences, which has been also investigated by many works 357 

(Huang et al., 2011, Yu et al., 2010, Yu, 2013); 2) with 16 longer sequences from a subfamily of 358 

Archaea, which has also been investigated by (Qi et al., 2004). 359 

Larger dataset with 34 mammalian genome sequences 360 

Likewise, according to procedure depicted, we obtain 34 feature vectors extracted from 361 

corresponding primary genome sequences via VMPE model. Moreover, these feature vectors 362 

have uniform dimension reduced to 34. Then, using these 34 vectors, we can calculate the 363 

pairwise distance matrix, through which we can construct the dendrogram for these 34 sequences. 364 

Fig. 4 illustrates the dendrogram based on VMPE model, while Fig. 5 shows the Neighboring-365 

Joining (NJ) tree via alignment-based approach using MEGA software. Compare with Fig. 5, Fig. 366 

4 illustrates that our proposed model produce a reasonable result similar to that from the 367 

traditional approach. Meanwhile, the clustering results of our model are also consistent with 368 

those in the representative published works (Huang et al., 2011, Yu et al., 2010, Yu, 2013). 369 

 Longer dataset with 16 Archaea sequences 370 

   Even for a subfamily, where all the sequences are closer to each other, our proposed VMPE 371 

model still distinguishes them clear. The concise information the third dataset is listed in Table 3, 372 

while Fig. 6 shows the dendrogram. 373 

 374 

DISCUSSION 375 

In order to infer evolutional relationship among organism, we can use alignment-free approaches 376 

for estimating the evolutionary distances among multiple DNA/protein sequences and 377 

constructing phylogenetic trees. Most methods are based on k-mer patterns or transformation 378 
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from original sequences into numerical vectors. In general, such approaches are less accurate 379 

than those traditional phylogeny ones that are based on multiple sequence alignments (MSA). In 380 

k-mer based transformation, similarity analysis among multiple genome sequences may easily 381 

cause dimension curse, because it is a typical high dimension and small sample problem.  382 

In this paper, our goal is to introduce a new methodology for the comparative genomics 383 

research community. As an alignment-free approach, our proposed VMPE model does not 384 

require any Human intervention and any evolution assumption. It is mathematically well-385 

founded according to ICA-based (independent component analysis) distance preserving 386 

transformation which was strictly proved in theory. The latent application of our model is in the 387 

field of feature extraction with dimension reduced greatly. It works well when we use hierarchy 388 

ICA-based extractor to capture essential information to compare genome sequence within lower 389 

dimension space. Motivated by this approach, we proposed to use projected coordinates vector 390 

instead of the traditionally used k-mer based vectors directly to calculate the genetic distances 391 

among multiple sequences and to reconstruct phylogenetic trees. 392 

Although a possible criticism for our approach is that it depends on the existing ICA technique, 393 

it is worth our while to stress that the dependence upon ICA-based approach is just to obtain the 394 

projected coordinates from multiple genome sequences, so that we can efficiently characterize 395 

the sequences within lower dimensional space. In fact, through projection, the proposed 396 

approach has a property of distances preserving, which achieves the reasonable results for the 397 

comparison of multiple genome sequences. Fig. 2 and Fig. 3 demonstrate that the dendrogram 398 

from our approach accords with the evolution tree obtained by traditional alignment-based. So do 399 

the results of Fig. 4 and Fig. 5. 400 

However, the proposed model depends on an assumption that both local similarity and global 401 

similarity should be considered simultaneously for each genome sequence. Our preliminary 402 

experimental results have demonstrated the validity of the assumption. Moreover, our results 403 

have demonstrated that if the mixed vectors are projected in their independent-components-based 404 

coordinate system to extract the corresponding feature vectors within dimension-reduced space, 405 

the obtained lower-dimensional vectors are of great value to be applied into the fields of 406 

clustering and classification. 407 

 408 

CONCLUSIONS 409 

As an alignment free approach, our proposed VMPE model does not require any Human 410 

intervention and any evolution assumption. It is mathematically well-founded according to ICA-411 

based distance preserving transformation which was strictly proved in theory. The latent 412 

application of our model is in the field of feature extraction with dimension reduced greatly. It 413 

works well when we use hierarchy ICA-based extractor to capture essential information to 414 

compare genome sequence within lower dimension space. Although a possible criticism for our 415 

approach is that it depends on alignment-based results, what is worth while stressing is that the 416 

dependence upon alignment is just to obtain the optimized segmentation scheme. In fact, through 417 
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optimization, the optimal segment number is about 3, which achieves the best performance on 418 

the comparison of genome. 419 

However, the proposed model depends on an assumption that both local similarity and global 420 

similarity should be considered simultaneously for each genome sequence. Our preliminary 421 

experimental results have demonstrated the validity of the assumption. Moreover, our results 422 

have demonstrated that if the mixed vectors are projected in their independent-components-based 423 

coordinate system to extract the corresponding feature vectors within dimension-reduced space, 424 

the obtained lower-dimensional vectors are of great value to be applied into the fields of 425 

clustering and classification. In the future, we are planning to design a new output-controllable 426 

model to further improve the performance on similarity analysis or to extend its applications into 427 

other fields. 428 

 429 
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Fig. 1. Scheme for the monolayer ICA upon k-mers of corresponding multiple sequences. 514 

Fig. 2. The dendrogram based on segmented 7-mer using 20 mitochondrial genome sequences of eutherian 515 

species. 516 

Fig. 3. The Neighboring-Joining (NJ) tree of the eutherians constructed from the mitochondrial genome 517 

sequences of the 20 species via traditional alignment-based approach using MEGA software. 518 

Fig. 4. The dendrogram based on VMPE model using 34 mitochondrial genome sequences from mammalian 519 

species. 520 

Fig. 5. The Neighboring-Joining (NJ) tree of the mammals constructed from the mitochondrial genome 521 

sequences of the 34 species via traditional alignment-based approach using MEGA software. 522 

Fig. 6. The dendrogram based on VMPE model using 16 Archaea sequences. 523 

 524 

Table 1. Summary information for the 20 eutherians species. 525 

Table 2. Comparison of performance values with other two published works for the 20 eutherians species via 526 

the pairwise distances among Human and the rest 19 ones. 527 

Table 3. 16 longer sequences of Archaea with names, abbreviations, and NCBI accession numbers. 528 
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Table 1(on next page)

Summary information for the 20 eutherians species
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1 Table 1. Summary information for the 20 eutherians species

2

Accession no. Species Length

V00662 Human 16,569

D38116 Pigmy chimpanzee 16,563

D38113 Common chimpanzee 16,554

D38114 Gorilla 16,364

D38115 Bornean orangutan 16,389

X99256 Gibbon 16,472

Y18001 Baboon 16,521

X79547 Horse 16,660

Y07726 White rhinoceros 16,832

X63726 Harbor seal 16,826

X72004 Gray seal 16,797

U20753 Cat 17,009

X61145 Fine Whale 16,398

X72204 Blue Whale 16,402

V00654 Cow 16,338

X14848 Norway rat 16,300

V00711 Mouse 16,295

Z29573 Opossum 17,084

Y10524 Wallaroo 16,896

X83427 Platypus 17,019

3  
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Table 2(on next page)

Comparison of performance values with other two published works for the 20 eutherians

species via the pairwise distances among Human and the rest 19 ones
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1 Table 2. Comparison of performance values with other two published works for the 20 eutherians species via 

2 the pairwise distances among Human and the rest 19 ones

3

Human Vs. rest species

Kolmogorov complexity 

(Li, Badger, Chen, 

Kwong, Kearney & 

Zhang, 2001)

OPT-SVD (Yu & Huang, 

2012)

VMPE

(×10-2)

P.Chim. 0.654234 0.059285712 0.414459 

C.Chim. 0.657387 0.041232607 0.413945 

Gorilla 0.732325 0.041462402 0.442228 

Orang. 0.847139 0.068655059 0.486724 

Gibbon 0.880203 0.065596946 0.496526 

Baboon 0.841775 0.070727095 0.533934 

Horse 0.971558 0.144379093 0.555873 

W.Rhin. 0.973694 0.168378304 0.557738 

H.Seal 0.974737 0.211514019 0.578971 

G.Seal 0.97576 0.207692966 0.579792 

Cat 0.977328 0.276304513 0.577581 

F.Whale 0.980493 0.209182609 0.562304 

B.Whale 0.976034 0.197653729 0.557521 

Cow 0.97362 0.283610943 0.565623 

Rat 0.981715 0.276197913 0.569249 

Mouse 0.9804 0.372617581 0.585258 

Oposs. 0.986243 0.54735028 0.626082 

Walla. 0.985926 0.258992019 0.569803 

Platypus 0.988041 0.445501566 0.612848 

4

5

6

7 Li M, Badger JH, Chen X, Kwong S, Kearney P, Zhang H. 2001. An information-based sequence 

8 distance and its application to whole mitochondrial genome phylogeny, Bioinformatics, 17(2):149-

9 154 DOI 10.1093/bioinformatics/17.2.149.

10 Yu H-J, Huang D-S. 2012. Novel graphical representation of genome sequence and its applications in 

11 similarity analysis, Physica A: Statistical Mechanics and its Applications, 391(23):6128-6136 DOI 

12 10.1016/j.physa.2012.07.020.

13
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Table 3(on next page)

16 longer sequences of Archaea with names, abbreviations, and NCBI accession

numbers
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1 Table 3. 16 longer sequences of Archaea with names, abbreviations, and NCBI accession numbers

2

3

Species/strain Abbrev. Accession No. Length (nt)

Pyrobaculum aerophilum 01Pyrae NC_003364 2222430

Aeropyrum pernix Kl 02Aerpe NC_000854 1669696

Sulfolobus solfataricus 03Sulso NC_002754 2992245

Sulfolobus tokodaii 04Sulto NC_003106 2694756

Methanobacterium thermoautotrophicus 05Metth NC_000916 1751377

Methanococcus jannaschii 06Metja NC_000909 1664970

Methanosarcina acetivorans strain C2A 07Metac NC_003552 5751492

Methanosarcina mazei Goel 08Metma NC_003901 4096345

Halobacterium sp. NRC-1 09Halsp NC_002607 2014239

Thermoplasma acidophilum 10Theac NC_002578 1564906

Thermoplasma volcanium 11Thevo NC_002689 1584804

Pyrococcus abyssi 12Pyrab NC_000868 1765118

Pyrococcus furiosus 13Pyrfu NC_003413 1908256

Pyrococcus horikoshii 14Pyrho NC_000961 1738505

Archaeoglobus fulgidus 15Arcfu NC_000917 2178400

Methanopyrus kandleri AV19 16Metka NC_003551 1694969
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Figure 1

Scheme for the monolayer ICA upon k-mers of corresponding multiple sequences
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Figure 2

The dendrogram based on segmented 7-mer using 20 mitochondrial genome sequences

of eutherian 366 species
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Figure 3

The Neighboring-Joining (NJ) tree of the eutherians constructed from the mitochondrial

genome 370 sequences of the 20 species via traditional alignment-based approach

using MEGA software
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Figure 4

The dendrogram based on VMPE model using 34 mitochondrial genome sequences from

mammalian 400 species
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Figure 5

The Neighboring-Joining (NJ) tree of the mammals constructed from the mitochondrial

genome 405 sequences of the 34 species via traditional alignment-based approach

using MEGA software
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Figure 6

The dendrogram based on VMPE model using 16 Archaea sequences
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