
 

 

 

Abstract—The description and recognition of locations for 

transcription factor and ribosomal binding sites in genomic DNA is 

an example of the use of supervised statistical learning methods in 

biological sequence analysis. Finding these regions upstream of 

coding genes (upstream modeling) is important for start codon 

recognition and linking genes with similar regulatory systems. The 

multivariate approach called regularized elimination in partial least 

squares (rePLS) has recently been used for this purpose, but the 

standard rePLS-regression approach is inclined to give suboptimal 

results. Based on these results we suspect that a more accurate 

upstream modeling can be obtained by fitting local rePLS models. 

We have here implemented a local rePLS modeling approach known 

as Hierarchical Cluster based rePLS regression (HC-rePLS), where 

fuzzy C-means clustering was first used to group the data set into 

parts according to the structure of the response surface. The results 

from HC-rePLS are compared to standard rePLS and PLS regression 

over the upstream sequences of conserved coding genes from a 

number of prokaryotic species. The upstream sequence classification 

performance was evaluated by cross validation, and the suggested 

approach identifies prokaryotic upstream regions significantly better 

and produced results that concurred with known biological 

characteristics of the upstream region. 

 

Keywords— PLS, HC-PLS, upstream modeling, classification, 

microbial, variable selection.  

I. INTRODUCTION 

In genomics, upstream region is assumed to have 

information related to gnomic components and functions [1]. 

Upstream region is important because of locating transcription 

factor, binding sites and start site initiation in DNA. More 

over upstream region have patterns that are influenced by 

gnomic GC contents [2, 3] and nucleotide frequencies [4]. 

Upstream region is usually modeled by considering the two 

class problem, upstream sequence information in one class and 

random shuffling of upstream sequences in other class [5, 6]. 

Traditionally the upstream data is represented by position-

specific scoring matrix (PSSM) [7, 8] which assumes the 

independence of nucleotide positions and which is not the case 
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in microbial gnomic data [5, 9]. 

Recently a multivariate method called regularized 

elimination in partial least square (rePLS) [10], which works 

with collinear nucleotide positions, has been used for upstream 

prokaryotic modeling. rePLS identifies the influential 

nucleotide positions in upstream region, but the classification 

accuracy is suboptimal [11]. To improve the upstream 

modeling, we have hypothesized that a more accurate 

modeling can be obtained by fitting locally rePLS. The idea of 

local fitting is motivated from Hierarchical Cluster based PLS 

regression (HC-PLSR) [12]. We have implemented the 

Hierarchical Cluster based local rePLS (HC-rePLS) where 

fuzzy C-means clustering has been used to separate the 

observations into parts according to the structure of the 

response surface. Then local rePLS are fitted in each cluster 

and the local fits were used for overall fitting. 

The section wise distribution of the article is as, Section 2 

presents the methods and materials, Section 3 presents the 

results and discussions and Section 4 states the concludes. 

II.   METHODS AND MATERIALS 

A.  Upstream Classification Data 

The gnomic data used to train the upstream model was 

divided into two groups termed as Positives and Negatives. 

Positives are the upstream of ’real’ coding sequences while the 

Negatives are randomly shu_ed upstream sequences. 

To ensure the data set contains the real coding genes, Ref-

Seq [13] annotated genes from multiple strains (http://www. 

ncbi.nlm.nih.gov/RefSeq/)  were considered. We have chosen 

3 species having more than 5 strains covering the variety of 

AT/GC contents. The upstream region of highly conserved 

ORFs across all strains for each species are assumed to be real 

coding genes. The length of upstream sequence of 30 bp of 

these real coding genes was extracted from the genomes which 

were downloaded from NCBI (http://www.ncbi.nlm.nih.gov/). 

For Negative sequences, we have simulated the sequences 

of length 30 bp from the background base probabilities of 

Positives sequences. 

In proposed method below, the parameters are operating at 

different layers, and the estimation of both the number of PLS 

components and the other additional parameters at the same 

time is not recommended. In this situation, multi-level cross 

validation procedure [14] has been used, where the first split 
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of data was used for model assessment i.e. accuracy, the 

second split is used for tuning PLS components, and the third 

split is used for tuning the additional parameters. At each level 

10 fold cross validation was used. 

B. Model fitting through partial least squares (PLS) 

We have considered a classification problem where the 

response vector y contains classes Positives and Negatives. 

The y is coded as +1’s if it is Positive upstream sequence and -

1’s if it is Negative upstream sequence. The association 

between y and the n x120 predictor upstream nucleotide 

position matrix X is assumed to be explained by the linear 

model                where  is a vector of regression 

coefficients relating the effect of indicators upon  the response 

variable. Because of collinear nucleotide positions OLS is not 

the option. 

In that situation partial least squares (PLS) [15] resolves this 

by searching the set of ’latent vector’s. Initially the variables 

are centered (and optionally scaled) into        ́̅ 

and       ̅. Assume that some A (where A≤p) is equal to 

the number of relevant components for prediction, following 

the definition by Martens &Naes [15]. Then for a=1, 2, …, A 

the algorithm runs: 

1. Compute the loading weights by     ́       . The 
weights define the direction in the space spanned by 
     of maximum covariance with    .  Normalize to 

loading weight to have length equal to 1 by
  ⃪  

  
  

2. Compute the score vector   by          . 

3. Compute the X-loading     by regressing the variables 

in      on the score vector:      ́   
  

  ́  
   Similarly 

compute the Y-loading    by       ́   
  

  ́  
   

4. Deflate      and     by subtracting the contribution 
of   :           ́ ,             . 

5. If a<A return to 1. 

Let the loading weights, scores and loadings computed at 
each step of the algorithm be stored in matrices/vectors  
  [          ]   [          ]   
[          ]and  [          ] . Then the PLSR-
estimators of regression coefficients for the linear model are 

found by:    ̂     ́      . .  

C. Regularized elimination procedure for influential feature  

selection in PLS 

PLS in its original form is not a method for variable 

selection, recently, a stepwise regularized variable elimination 

procedure for variable selection [10] in PLS has been 

proposed for parsimonious model fitting, where variables are 

ranked by variable importance in PLS projections (VIP). The 

algorithm can be sketched as follows. Let Zg =X, then 

procedure is described as   

1. Acquired the variable importance on projection (VIP) 
for each variable in matrix Zg, and sort them in 
ascending order as S(1)…  S(pg). 

2. Let M be the number of variables those have criterion 
value i.e. VIP >1, when M=0 then we terminate the 
algorithm. 

3. Remove a fraction of non significant variable equals 
to  M[fm].  

4. If method still produces more than one variable in 
Zg, repeat the above steps. 

The optimum number of components, “latent vectors", to 
be used in final model should be derived from cross 
validation.   

D.   Hierarchical Cluster based rePLS (HC-rePLS) 

For local rePLS fitting, an initial global PLS model was 

first fitted using all observation in the calibration set. The 

global model used the optimal number of PLS components. 

The model variations are not accounted by global PLS model 

so we assume the global model performs sub optimal. This 

assumption motivates to cluster the observations. For this 

purpose Euclidean distance of X-scores was extracted, and 

then this distance metric was clustered by fuzzy C-means 

(FCM) clustering [16, 17]. 

 

 
Fig. 1 The illustration of the HC-rePLS approach. The HC-rePLS 

algorithm starts with calibration of an initial global PLS using all 

observations in the calibration set. This global PLS model provides 

PLS scores, which used for grouping the observations by fuzzy C-

means (FCM) clustering. Local rePLS models are then calibrated in 

each cluster. Classification of response from test data is conducted by 

choosing the local model based on LDA. Finally the response y 

is classified as weighted sum of local models. 
 

This allowed the separation of the overall data set into 

subsets where local rePLS was assumed to improve the model 

performance more likely. To prevent possibly unstable models 

because of small number of calibrated observations in each 

model, we have only considered the cluster having minimum 

10 observations for calibration. Importantly clustering was 

done only over the Positives, and if cluster keeps ’k’ Positives 

then ’k’ Negatives from full data was taken randomly without 

replacement and were attached with the respective cluster. In 

each cluster, local rePLS was fitted and its scores were 
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coupled with LDA to classify the calibrated data. At validation 

stage, for test data X, the  X-scores were predicted from global 

PLS. The observations from validated X-scores were 

classified into the calibrated clusters with LDA. Using the 

fitted local rePLS each cluster at calibration stage was 

classified in to Positives and Negatives. By the end, the 

overall classification of y is defined as the sum of local models 

classification weighted by their cluster size. Moreover, the 

HC-rePSL procedure is elaborated in Figure 1. 

III. RESULTS AND DISCUSSIONS 

We have considered 3 species Bacillus cereus, Escherichia 

coli and Mycobacterium tuberculosis, their overview, number 

of genomes, GC contents and number of Positives are listed in 

Table 1. This indicates the considered species are the 

representative of lower, middle and higher GC content 

species. 

 
TABLE I 

AN OVERVIEW OF THE SPECIES 

An overview of the species used in the current study along with respective 

group, number of genomes, GC content and number of Positives. 

 

TABLE II 

AN OVERVIEW OF MODEL PARAMETERS 

The number of components selected in global PLS model, number clusters 
and selected number of variables for each species are presented. 

 

We have considered three methods known as PLS, rePLS 

and HC-rePLS for the classification of Positives and 

Negatives, i.e. the upstream of true coding region and 

randomly simulated from background probabilities the scores 

of each method was coupled with LDA. In PLS fitting we 

used 10-fold cross validation, in each run the classification 

accuracy was recorded and the components which results in 

optimum classification is chosen, as exemplified in Figure 2 

a). In rePLS fitting, backward elimination in PLS is carried 

out so that we are left with one variable in the model. In each 

run of rePLS the number of selected variables and 

classification accuracy is being recorded. 

 

 
Fig. 2 The upstream variable selection in 3 resultant clusters of  M. 

tuberculosis  from HC-rePLS are presented  based on information 

content i.e. weighted PLS coefficients (y-axis). The upstream 

nucleotide bases having positive PLS coefficients are plotted only, 

and the higher value of information content indicates higher 

importance of respective nucleotide base at given position. 

 

The optimum model results with best classification 

accuracy with usually high number of selected variables. 

Instead of selecting the optimum model, rePLS selects the 

model where the classification accuracy is not significantly 

Species Group No. of 

genomes 

GC 

content 

No. 

Positives 

Bacillus cereus Firmicutes 9 0.36 123 

Escherichia coli Gammaproteo 

bacteria 

25 0.50 417 

Mycobacterium 

tuberculosis 

Actino bacteria 5 0.65 476 

Species Group No. of 

genome

s 

GC 

content 

No. 

Positives 

Bacillus cereus Firmicutes 9 0.36 123 

Escherichia 

coli 

Gammaproteo 

bacteria 

25 0.50 417 

Mycobacterium 

tuberculosis 

Actino 

bacteria 

5 0.65 476 
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different from the optimum model but the number of selected 

variables are significantly lower. This helps in better 

understanding of the fitted model and is exemplifies in Figure 

2 b). In HC-rePLS fitting the global model is fitted first and 

then clustering of observations with C-means is carried out. In 

C-means the degree of fuzzification defines the sharing of 

points among all clusters. For optimum cluster the degree of 

fuzzification would be lower, the cluster selection in HC-

rePLS is exemplified in Figure 2 c). Further, the optimum 

number of components from global model representing the 

overall complexity of the model, number of cluster obtained 

with C-means and the number of selected variables from each 

cluster by HC-rePLS are presented in Table 2.  

 
Fig. 3 The distribution of classification accuracy from 10 fold 

cross validation is presented in upper panel for PLS, in middle panel 

for rePLS and in lower panel for HC-rePLS for all considered. 

 

Figure 3 presents the box plot of classification accuracy 

from 10 fold cross validation of PLS, rePLS and HC-rePLS 

over the considered species. It appears the slight increase in 

classification accuracy can be achieved with rePLS compared 

to PLS. Moreover the results indicate the HC-rePLS improves 

the classification accuracy of upstream modeling. 

In Figure 4, The upstream variable selection in 3 resultant 

clusters of M. tuberculosis from HC-rePLS are presented 

based on information content i.e. weighted PLS coefficients 

(y-axis). Selected upstream nucleotide bases having positive 

PLS coefficients are influential for true upstream region 

discrimination, are plotted only, and the higher value of 

information content indicates higher importance of respective 

nucleotide base at given position. This indicates the influential 

base for upstream modeling are G, C and A, where G is most 

influential. So for the genomes with low GC content it is easy 

to differentiate the upstream region from a random sequence, 

and vice versa for the GC rich genomes. 

 
Fig 4 The upstream variable selection in 3 resultant clusters of M. 

tuberculosis from HC-rePLS are presented based on information 

content i.e. weighted PLS coefficients (y-axis). The upstream 

nucleotide bases having positive PLS coefficients are plotted only, 

and the higher value of information content indicates higher 

importance of respective nucleotide base at given position. 

IV. CONCLUSION 

Our results indicate that the proposed HC-rePLS based 

multivariate approach classified the upstream region better 

than the PLS and rePLS based upstream sequence modeling. 

Furthermore, the suggested approach identifies prokaryotic 

upstream regions significantly better and produced results that 

concurred with known biological characteristics of the 

upstream region. 
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