
ABSTRACT 

ZHAO, JIEPING. Multivariate statistical analysis of protein variation. (Under the direction 

of Dr. William R. Atchley) 

 

 The purpose of this research is to study the protein sequence metric problem solution 

and apply it to explore the structural, functional and evolutionary aspects of basic helix-loop-

helix (bHLH) protein family.  

 Sequence metric problem is caused by the alphabetic coding of the amino acids and 

has long been a hindrance to efficient protein sequence analysis. This dissertation started 

with revisiting sequence metric problem solution initiated by Atchley et al (2005) 

[PNAS102(18):6401-6]. Some of the unsolved issues, such as information loss, model 

robustness, and concordance between factor analysis and principal component analysis were 

studied. Further, classification of 20 amino acids was explored in the numerical factor space 

resolved by Atchley et al (2005) 

 Next two parts of the dissertation were focused on computational and statistical 

studies of the bHLH protein family. All the protein sequence data were transformed into 

numerical vectors by using the amino acid factor scores from the sequence metric solution.  

In the second part of the dissertation, protein sequence variability in the level of statistically 

supported lineages (=clades) was studied using the stepwise discriminant analysis. Some of 

the important sites for the clades discrimination were selected and hierarchical classification 

strategies for the clades were proposed. In the third part of the dissertation, 147 Arabidopsis 

bHLH proteins were studied by a series of multivariate analyses. Results showed that there 

were significant sequence differences between plant (e.g. Arabidopsis) and animal bHLH 

proteins, and some of the contributing discriminant sites were selected and discussed. 

Binding property of each of the Arabidopsis bHLH proteins was assigned by using the 

classification rules derived from animal bHLH proteins.  
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Introduction 
 
 

With the rapid technological development of sequencing technologies and parallel 

developments in computational biology, e.g., sequence similarity search and protein 

sequence prediction, we are now in the era with enormous amounts of information about 

DNA and protein sequences. A significant challenge facing both experimental and 

computational biologists is the determination of the genetic blue print of the organisms. 

Such a blue print involves not just the determination of gene sequences but also the 

patterns of gene regulation and expression, and protein structure, function and evolution. 

Experimental studies of the gene regulation and protein structures and functions are very 

laborious and expensive with current technology.  

The development of gene and protein characterization technologies significantly 

lags far behind sequencing technology. This awkward situation can be partly alleviated 

by the development of sophisticate computational and statistical analyses of biological 

sequence data. Such applications can provide preliminary guide and target for the 

experimental studies when no other information available, and save time and money. The 

level of the resolution of computational biology approaches can highly affect their 

accuracy and usefulness for the experimental biology. Unfortunately, this current level of 

resolution is low due to the fact that universally adopted alphabetic codes for amino acids 

lacks a meaningful underlying natural metric. Analyses of the differences between amino 

acids in these single letter alphabetic codes can not precisely reflect the physiochemical 

and evolutionary differences among amino acids. Analyses simply based upon this 

alphabetic coding will only produce low resolution results which may sometimes be 

misleading. 
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 Some ad hoc quantitative indexing approaches have been used on the amino acid 

sequence metric problem[1, 2]. For example, Grantham [2] summarized differences 

between amino acids by combining some of the chemical properties. But these various 

indices are neither complete nor comprehensive. More recently, entropy and mutual 

information from information theory have been used to deal with the sequence metric 

problem. Statistical analyses of protein sequences have then been conducted on the 

covariance matrix constructed from entropy and mutual information values[3, 4]. But the 

values of mutual information are always non-negative and can only measure the 

magnitude but not the direction of the covariance. More importantly, physiochemical 

information of amino acids is not incorporated in the information theory approach.  

 Atchley et al. [5] proposed a solution to the amino acid metric problem  by 

conducting multivariate statistical analyses of approximately 500 amino acid  

physiochemical attributes. Starting from a set of 495 physiochemical attributes of amino 

acids, a subset of 54 attributes was selected, which represents most of the information in 

the original 495 attributes dataset. A factor analysis model was applied to this 54 

attributes dataset and five numerical and interpretable patterns of amino acid variability 

were derived. These five factors can reflect multivariate patterns of amino acid variability 

of i) polarity, hydrophobicity and accessibility;  ii) propensity for secondary structures, iii) 

molecular size or volume; iv) codon diversity and  amino acid compositions; and v) 

isoelectric point and electrostatic charge. The various factor scores position each of the 

20 amino acids in a spectrum of attribute variation. Those resolving factor scores could 

then be used to replace the alphabetic codes of protein sequences to facilitate the 

modeling of protein variability.  
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 In Chapter 1 of this dissertation, some of the important aspects of the metric 

solution not yet be explored were examined. First, the question of “How much 

information was lost by reducing the original 495 attributes to a subset of 54?” was 

explored. Then the question of “How robust is the final five factor patterns model, 

compared to other possible models?” was studied.  A novel way to classify the 20 amino 

acids using these numerical factor scores was also described in chapter 1 and compared to 

the traditional alphabetic letters based classifications. Finally in chapter 1, factor analysis 

model and principal component analysis were compared both in mathematical theory as 

well as by example. The situations where these methods should be used is discussed. 

 The factor score transformed sequence data can facilitate more powerful statistical 

analyses of protein structure, function, and evolution. In the chapters 2 and 3 of this 

dissertation, some of the structural, functional and evolutionary aspects of the basic helix-

loop-helix (bHLH) protein family were studied by statistical analyses on the numerical 

transformed protein sequence data.  

The basic helix-loop-helix (bHLH) proteins are a large family of transcription 

factors that have been found throughout eukaryotic organisms. [6]. They play important 

roles in many important developmental processes, such as cellular differentiation, sex 

determinantion, neurogenesis, myogenesis, and hematopoiesis (for reviews , see [7-10]). 

This family is characterized as having a conserved bHLH domain, which spans about 60 

amino acids. This bipartite domain consists of an N-terminal basic region, which binds to 

the consensus E-box DNA sequences and a C-terminal HLH motif, which contains two 

α-helices separated by a various length loop region. bHLH proteins can form homo- or 

heterodimers with bHLH proteins through the HLH region. The dimers can thus bind 
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DNA through the basic region to regulate DNA transcription. The basic region amino 

acid composition is thought to decide the overall binding specificity, while the HLH 

domain determines the dimerization properties.  

There have been many structural, functional, and evolutionary studies of the animal 

bHLH proteins [6, 11]. bHLH proteins in animals can be classified into five discrete 

binding groups of, A through E[6, 11]. Group A includes proteins Acheate-Scute, Atonal, 

dHAND, E12, MyoD, and related proteins. They bind to the CAGCTG consensus E-box.  

Group B proteins, which include Arnt, ESC, Mad, Myc, Pho4, R, Srebp, and USF, bind 

to CACGTG E-box. Group C proteins are characterized by inclusion of a PAS domain 

following second helix and include SIM, AHR, and related proteins. They typically bind 

DNA through heterodimerization with group B proteins Arnt or Tango. Group D proteins, 

which include ID and Emc, lack the characterized basic DNA binding region, and thus do 

not bind to DNA sequences. Group D proteins usually act as a negative regulator of DNA 

binding by forming protein-protein dimers with other DNA binding bHLH proteins. 

Group E proteins are very much like group B proteins except that there is a proline in the 

basic region of group E proteins. This group includes Hairy and E(spl), and have similar 

sequence configuration and binding specificity to group B proteins.  

Each binding group is comprised of several related smaller subgroups, or the clades. 

Clades are major evolutionary lineages from phylogenetic analysis. They are statistically 

supported distinct subgroups of proteins that share more similarity within than between 

the clades. The DNA binding groups are comprised of clades with similar DNA binding 

properties.  
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A collection of similar proteins can be classified in a hierarchical way. The 

highest level is protein family, such as the bHLH protein family. The members in the 

protein family share some general structural and functional similarities. For example, the 

bHLH protein family is characterized as having bipartite conserved bHLH domain with 

DNA binding and protein dimerization abilities. Within the protein family, there are 

various numbers of subfamilies or groups. Each group has their own structural or 

functional characteristics, such as different DNA binding specificities and amino acid 

residue configurations for the five binding groups of bHLH proteins. Subgroup or clades 

are usually defined by phylogenetic analysis of the proteins. The members within a clade 

share a more common evolution pathway. To understand the structural and functional 

properties of the bHLH proteins within each clade is very important. It will be helpful for 

the biological characterizations of newly found proteins. 

Systematic studies of bHLH proteins have been carried out at the levels of protein 

family and DNA binding groups [6, 12] . There is a predictive motifs that can accurately 

define bHLH protein family members[6, 12, 13]. It is a 19-element motif that gives the 

probabilistic occurrences for the amino acids at the residue sites. Amino acid residue 

configurations for different DNA binding groups have also been determined [6, 12]. The 

presence of a glutamic acid at site 9 decides the protein’s binding ability to the E-box. 

Groups A, B and E have glutamic acid at site 9. Groups C and D do not. Both groups A 

and B proteins have unique amino acid combinations at sites 5-8-13, which define their 

unique basic region and DNA E-box binding specificities. In group A, the configuration 

of sites 5-8-13 is xRx ( R=arginine, x=any amino acid). And the corresponding 

configuration in group B is BxR ( B=basic amino acid, either K or H, R=arginine, x=any 
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amino acid). Group E has a proline in the basic region, which makes its binding 

specificity a little different from groups A and B. Group C does not have characteristic 

basic region amino acid configuration for sites 5-8-13, and group D lacks the basic region.  

Atchley, et al [12] used position association to measure the correlations of clades 

and sites. The sequence signatures of Myc-Max-Mad network have been defined using 

information theory approach[4]. All their work has been in the context of alphabetic 

coding of amino acids. Beyond that, little has been done with regard to the amino acid 

configurations and structural properties in the clade level of bHLH protein family. The 

reason for the lack of systematic work in the clade level of bHLH proteins is that there is 

relative larger number of clades compared to the number of groups. In the traditional 

alphabetic amino acid metric system, there have been no effective computational methods 

for such intensive study. Within each clade, members share much more similarities than 

in the group or family level. In other words, the variability in the conserved bHLH 

domain within clades is limited. Approaches with higher resolution are needed to 

undercover the structural and functional aspects of the bHLH proteins in the clade level. 

In chapter 2 of this dissertation, effort was made to solve the clade classification and 

discrimination problem, by using the factor scores transformed sequence data and some 

powerful statistical methods. Two major questions were visited in this chapter 1)What 

amino acid residues define differences between clades?  2) Can we produce a predictive 

strategy to define different clades beyond the bHLH binding groups? 

 To date, most systematic studies of bHLH proteins have been focused on the 

animal bHLH proteins, and very few equivalent studies have been carried for bHLH 

proteins of plants. Quite a few bHLH proteins have been defined in plants. They regulate 
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gene transcription for many cell processes. With the progress of genome sequencing 

projects, more and more plant bHLH proteins can be defined by sequence similarity 

search and protein prediction algorithms. Correct assignment of the functional and 

evolutionary properties to these newly found proteins is very important for understanding 

of their biochemistry. It will also provide a guide for the experimental biologists to 

ultimate determine their structures and functions.  

 Preliminary phylogenetic studies indicated that most of bHLH proteins in plants 

belong to group B type DNA binding in animals [13-15]. This conclusion arose from 

comparisons of signature residues (e.g. sites 5, 8, 9, 13) within basic region between 

plants and animals. But the sequence signature method has low resolution and may miss 

important information. In chapter 3 of this dissertation, the structural, functional and 

evolutionary properties of 147 Arabidopsis bHLH proteins [13] were explored using the 

factor score transformed bHLH protein data. Two major problems were studied. One was 

to find the consistent patterns of amino acid residue differences between animal and plant 

bHLH proteins. The other was to characterize the binding properties of the Arabidopsis 

bHLH proteins by using the knowledge from the animal bHLH proteins.  
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Abstract 

Alphabetic coding of biological sequences has been a significant hindrance to 

sophisticated statistical analyses of sequences and structural and functional modeling of 

proteins. The problem arises due to the fact that the alphabetic codes for amino acids lack 

a meaningful underlying natural metric. Atchley et al. [5] proposed a solution to the 

metric problem  by conducting multivariate factor analysis of approximately 500 amino 

acid  physiochemical attributes. Their study produced five multidimensional patterns of 

the attributes that reflect the amino acids’ polarity, secondary structure, molecular size, 

codon composition and electrostatic charge. Resolving factor scores can position each of 

the 20 amino acids in a spectrum of attribute variation for further statistical analysis. We 

expand in this paper to study further the attribute information loss during their dimension 

reduction step, robustness of the resolving factor model, new amino acid classifications 

based on factor scores, and concordance between factor analysis and principal component 

analysis. Our study concludes that the 5-factor model resolved in the Atchley et al. [5] 

paper is not only robust but also maintain most of the multidimensional information for 

the attribute data. And the new amino acid classification scheme conveyed by those new 

factor score metrics have given us a novel and broader way to study the amino acids 

relationship. Finally, we showed the concordance between factor analysis and principal 

component analysis, and discussed the scenario where these methods should be used. 
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Introduction  

 The inability to carry out rigorous multivariate statistical analyses on biological 

sequence data has been a significant hindrance to computational research on protein 

structure, function and evolution. The problem arises from the fact that the alphabetic 

codes for amino acids lack a meaningful underlying natural metric. Alphabetic letters 

have low biological and statistical resolution and can not accurately reflect 

physiochemical and evolutionary differences between amino acids.  

 There are some ad hoc quantitative approaches to deal with this protein sequence 

metric problem, such as amino acid indices [1, 2], and entropy and mutual information 

from information theory [3, 4, 12, 16-19]. But as pointed out in Atchley et al.[5], they 

have inherent shortcomings and are not highly effective.    

Amino acid classification is also halted by the sequence metric problem. In the 

alphabetic letter scale, amino acids are usually classified according to the properties of 

their side chains. There exist different classifications based on individual attributes, e.g.  

polarity of side chains [20] or side chain structures [21, 22]. Even the mostly used Venn 

diagram[23, 24], can only take into account for a few physiochemical attributes. A more 

reliable and informative classification should be the one that can summarize 

comprehensive physiochemical attributes of amino acids.  

 Atchley et al. [5] proposed a multivariate statistical solution to the sequence 

metric problem. Beginning with a dataset of 495 amino acid physiochemical attributes, 

they selected a subset of 54 attributes to represent most of the information in the original 

dataset. Factor analysis was applied to these 54 attributes and five numerical and 

interpretable multivariate patterns of amino acid variability were derived. These five 
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factors reflect amino acid variability in i) polarity, hydrophobicity and accessibility;  ii) 

propensity for secondary structures, iii) molecular size or volume; iv) codon diversity and  

amino acid compositions; and v) isoelectric point and electrostatic charge. Those resolved 

factor scores can position each of the 20 amino acids in a spectrum of physiochemical 

variation. These factor scores could also be used to replace the alphabetic codes of 

protein sequences to facilitate the modeling of protein variability.  

 While Atchley et al. [5] provided a good introduction and initial solution to the 

metric problem, a number of issues are still unresolved. In this paper, we will explore 

those unanswered questions in more details: (i) How much information about amino acid 

variation was lost by reducing the original 495 attributes to a subset of 54? (ii) Is the final 

five factor patterns model the most robust when compared to other possible models? (iii) 

Is there a better amino acid classification that can be derived from the multivariate 

analyses? (iv)What are the advantages of factor analysis (FA) model, compared to other 

statistical procedures, e.g. principal component analysis (PCA)? 

 

Materials and Methods  

Data: The same amino acid attributes data is used as by Atchley et al.[5]. They can be 

found from  www.genome.ad.jp/dbget/aaindex.html  [25-28]. This is a highly diverse 

database representing ~500 published amino acid physiochemical attributes. For each 

physiochemical attribute, numerical values are assigned to each of the 20 amino acids for 

that particular attribute. This database is the most complete database for the amino acid 

attributes and covers also all possible aspects of the physiochemical and biological 

properties of amino acids.   
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 As expected, the database is also highly redundant, many of the attributes 

measuring same physiochemical aspect of the amino acids in different scales. Resolving 

this high redundancy and generating a set of highly interpretable quantitative measures of 

amino acids has been the goal of these studies. Initially, a subset of 54 attributes was used 

in the model construction. Herein, we explore whether the 54 attribute dataset is 

sufficient.  

Statistical analyses: Two kinds of multivariate statistical analysis methods are used with 

different purposes. Principal component analysis(PCA)[29, 30] is used for dimension 

reduction purpose and data reduction in this study. Factor analysis(FA)[29, 30] is used to 

uncover the attributes’ underlying correlation patterns and derive the attribute patterns in 

this study. All the statistical analyses were conducted using SAS system (Copyright © 

2002-2003 by SAS Institute Inc., Cary, NC, USA). 

 In principal component analysis, eigenvalues and eigenvectors of the total sample 

variance-covariance matrix are produced (equation 1). These “principal components” 

are linear combinations of the original variables in yr xr (equation 2). They are not rotated 

and orthogonal vectors maximizing the explanation of the total covariability among the 

characters. Principal component scores are calculated directly from equation 2. They are 

generated so as to lie along the axes of maximum variations in the sample space. The 

number of dimension of is usually much smaller than that ofyr xv . 

   TΕΓ=Σ ,  Γ  is orthonormal eigenvectors and x Γ Ε  is diagonal eigenvalue matrix     (1) 

   xy rr 'Γ=                                                                                                                     (2) 
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 While PCA is often used to study covariance structure, there is actual no model 

assumptions offered. It is simply a dimension reduction or data compression method. 

Higher dimensional data is projected into an orthogonal space with much lower 

dimension while geometric distribution (or the variance components or the information) 

of the raw data is maintained as much as possible. In this lower orthogonal principal 

component space, the relationship between the amino acid pairs can approximate their 

actual higher dimensional relationship. 

 In factor analysis, a smaller set of latent “factors” is generated to summarize the 

patterns of character correlations in high-dimensional sample data. The model for the 

observed data is , where ufx rrr
+Λ= f

r  is underlying or latent “factors” with dimension 

much less than that of observed data xr . Λ is the factor pattern or factor loadings, and ur  is 

random part of the variation with diagonal covariance structureΨ  . The covariance 

structure of matrix X is partitioned in the context of factor analysis model 

as Ψ+ΛΛ=Σ T
x . f  is assumed to be distributed with mean zero and identity covariance 

matrix. TΛΛ  is usually called “common” or shared variance am

r

ong the variables and Ψ is 

called “unique” variance. The Λ matrix, or factor pattern matrix, contains the factor 

coefficients
ijλ , which describe the contribution of observed variable i to underlying 

factor j. It tells us about the relationship between observed variable and underlyi

factor. In the real computation, eigenvalue and eigenvector partition of the comm

variance part TΛΛ is conducted. Eigenvalues from the partition are proportional to th

common variance portions of each resolving factor and eigenvectors are proportional to 

the factor pattern coefficient

ng latent 

on 

e 

s of each factor.  
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 The resultant eigenvectors are rotated to “simple structure” so as to achieve a 

solution with maximum number of ±1 and 0 factor coefficients. Rotation can greatly 

improve interpretations of the factor patterns. Both orthogonal and oblique rotations exist 

and we used the oblique PROMAX rotation in our study.  

 Factor analysis yields a set of factor scores for the data by regression type 

manipulation of the equation ufx rrr

o 

equences.  

+Λ=  after the Λ matrix is resolved. Factor scores 

position the individual amino acids in the new factor space. Factor scores of the amin

acids can transform the alphabetic letters of protein sequences into biologically 

meaningful numerical values and thus facilitate the analyses of those s

  Factor analysis operates on the common proportion of covariance matrix xΣ  

(which is TΛ ). Principal component analysis works on whole covariance matΛ rix xΣ , 

which includes common plus unique variance. Common variance is the covariance part 

shared between variables, while unique varianceΨ  is unique to each variable and not 

shared with others. If unique varianceΨ is small, one might expect principal component 

analysis and factor analysis to reflect a similar model. However, when unique 

varianceΨ is large, PCA may be the wrong model for the purpose of uncovering the 

underlying correlated pattern in the data, since the unique variance part will obscure the 

common variance part. In this situation, PCA may model the noise instead and th

are not biologically m

e results 

eaningful[31, 32].  

Distance measurements: To measure the information in the data, we used the distances 

between the amino acid pairs. Two types of amino acid distances are used. One is the 

univariate distances. The other is the multivariate distances in the higher dimensional 

space.  The univariate distance is calculated as , where || yscorexscoreD −= xscore and 
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yscore  are individual score values for amino acids x and . Multivariate distance is 

calculated as Euclidean distance of the factor scores,

y

∑ −=
n

score 2)( , 
=i yixiscoreE
1

where xiscore  and  are the score values for amino acids yiscore thi x and , and is the 

age [33, 34] trees for the 20 amino acids using MEGA version 

riate distance or multivariate distance.  Similar 

ino acids are clustered together.  

Results and Discussion 

 How much informa es? 

ple of the 

tributes that were obtained from the data on the 54 

attributes?  

y n

number of scores used for the calculation.    

Amino acid classification: The factor scores permit the 20 amino acids to be classified 

numerically. To visualize the relationships among the amino acids, we have constructed 

UPGMA or average link

3.0[35]. 

 UPGMA tree or average linkage [33, 34] trees were conducted based on the 

distances calculated from either univa

am

 

• tion lost by reducing the original attributes into 54 attribut

  The 495 attributes in the original attribute dataset are partitioned into two 

datasets. One contains the subset 54 attributes analyzed by Atchley, et al [5]. The other 

contains the 441 attributes excluded from their previous analyses. The question to 

examine is whether the 54 retained attributes are a good representative sam

original 495 attributes. Alternatively, can we predict the same amino acid 

interrelationships in the 441 at
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 It is not possible to directly compare the two datasets. Instead, we project both of 

them into smaller dimensions by using principal component analysis and compare them 

using the produced principal components.  

 Each dataset produced 19 principal components. The eigenvalues are listed in 

Table 1. The eigenvalue distributions are very similar for the two datasets. The first 4-5 

components account for most of the variation, while the remaining components contain 

less than 10% of variance in total. This suggests variance distributions and 

dimensionalities of these two attribute datasets are almost the same.  

 Pair-wise amino acid distances were estimated for both the 54 and the 441 

attribute datasets. Multivariate distances based on the principal component scores are 

used to account for 100% of the total variation in the datasets. The Pearson product-

moment correlation between them is 0.878 (p-value<0.0001). Linear regression analysis 

produced a regression equation of )(073.2198.8 54441 XY += . The regression plot is 

provided in Figure 1. The null hypothesis that the pair-wise amino acid distances in the 

441- and 54-attribute datasets are uncorrelated is rejected. The 54 attribute data very 

accurately predicts the pair-wise amino acid relationships in the 441 attribute data.  

 The overall regression fit is good (Figure 1). Interestingly, the pair-wise 

relationships that deviate most from the regression line are those involved amino acids 

proline, arginine and lysine (circled in Figure 1). Proline has the propensity to break helix 

structure of protein, while arginine and lysine are positively charged amino acids. 

            The above comparisons tell us that the amino acids distributions are very similar 

in the principal component spaces for 54- and 441-attribute datasets. This indicates the 

fact that the higher dimensional relationships of the amino acids of these two datasets are 
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very much alike. We can thus conclude that the 54 attributes dataset used by Atchley, et 

al [5]  strongly reflects the physiochemical attributes of the 495 attribute dataset. Very 

little information appears to have been lost in the smaller dataset.  

 

• How robust is the final 5 factors model, compared to other possible models? 

 The 5-factor reduced model in the Atchley, et al [5] paper accounted for 93% of 

the common variance among the 54 attributes. But how would other models, such as 6 or 

7 factors models be more robust? What is the advantage of the 5-factor model over other 

possible ones? What are the differences between the 5-factor model and the 6- or 7-factor 

model?  Herein, we compared the full 7-factor model to the 5-factor model used by 

Atchley, et al [5]. Eigenvectors or the factor patterns are most appropriate for model 

comparison since they define the underlying correlation structures of the attributes. 

Comparisons involved with 6-factor model will be omitted here since they are very 

similar to those of 7-factor model.  

 The Pearson’s product-moment correlations (Table 2) and regression plots (Figure 

2) of the individual factor pattern coefficients between these two models showed that the 

first 5 factors from these two models are equivalent. The correlations between these two 

models from factor 1 to factor 5 are all significant (p-value <0.0001) (Table2). The values 

of the correlations are more than 0.9 for factors 1, 2, 4 and 5, and 0.8 for factor 3. Factor 

6 and factor 7 of the full 7-factor model have correlations of 0.3879 (p-value is 0.0038) 

and -0.6298 (p-value<0.0001) with factor 3 of reduced 5-factor model respectively.  

Other correlation coefficients are small, with most of them less than 0.1.  

  In addition to the overall correlations between the factor pattern coefficients for 

these two models, it is important to examine the corresponding covariance structures 
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reflected by the factor patterns. For the first 5 factors, the highly loaded attributes are 

almost the same between these two models (data not shown), indicating that the first 5 

factors define same patterns. For the factor 6 and factor 7 of the full 7-factor model, all 

those important attributes (e.g. largely loaded attributes) have been loaded importantly in 

at least one factor of the reduced 5-factor model (Table 3). Factor 6 pattern of the full 

model was split among patterns of factors 1-3 from the reduced model, and pattern of 

factor 7 was split among those from factors 1-4 of the reduced model.  

 The correlation structures of the patterns of these two models indicate that there 

exists one-to-one correspondence between these two models for factor 1 to factor 5. 

These five factors define same amino acid attributes latent patterns between these two 

models. Additional two factors (factor 6 and factor 7) of the 7-factor model are not “new” 

patterns in the sense that they have been “replicated” in the existing factors of the 5-

factor model (Table 3).  

 Factor pattern is one aspect of the factor model. It defines the latent correlation 

patterns of the amino acid attributes. Another important aspect of the model is how well 

the derived factor scores approximate the information in the original data. We were using 

pair-wise amino acid distances defined by factor scores to compare between these two 

models. For each model, univariate distances based on each individual factor and 

multivariate distances based on all the factors were calculated.  

 The Pearson’s product-moment correlation between the two sets of multivariate 

distances from 5-factor and 7-factor models is 0.815(p-value < 0.0001).  Linear 

regression analysis produced a relationship of elreducedelfull X momod *573.01.896 −−Y d+=  

with overall fit shown in Figure 3.  
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 The performances of the individual factor score are shown in Pearson’s 

correlations table (Table 4) and pair wise regression plots (Figure 4). Both Pearson’s 

correlations and regression coefficients were very high for the pair-wise of same factors 

for the first 3 factors of these two models. For factor 4 and factor 5, the correlations were 

still significant (p-value less than 0.0001) though the absolute values of correlation 

coefficients and regression coefficients are smaller. Besides, there were some high 

correlations for other pairs, such as factor 3 of 7-factor model vs factor 5 of 5-factor 

model, and factor 5 of 7-factor model vs factor 1 of 5-factor model, with significant p-

values (<.0.0001). This indicates the possibility that information in 7-factor model was 

split among the 5-factor model. Factor 6 and factor7 of the 7-factor model had no 

significant correlations with any factors of the 5-factor model.  

 All the above comparisons conclude that 5-factor model is a proper and robust 

model for our data. Though 7-factor model is a full model for our data, 5-factor model is 

a simpler model with nice properties. It not only maintains the amino acid attribute 

common variance (93%), underlying latent patterns and amino acid relationship 

information in the otherwise more complicated factor models ( 7- or 6-factor model),  but 

also has a simpler structure for easy and clear interpretations. Factor 6 and factor 7 of the 

full model only account for very small amount of total common variance (3.84% and 

2.79%). It is safe to remove this small portion of the total common variance without 

risking of losing much important information. In addition, our results also suggest that 

these two factors were split from the already existing factors and not defining new 

patterns.  
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• Amino acids relationships in the new factors defined spaces 

 The factor analysis of amino acid physiochemical attributes[5] yielded new sets of 

numerical metrics, i.e. factor scores,  that can be used to transform the amino acid letters 

for more general analysis. Multivariate analyses provided information about simultaneous 

covariation among all attributes, not just a selected few. A multidimensional 

classification of amino acid attributes should be more comprehensive and accurate. These 

multidimensional numerical data can provide more precise estimate of the relationship of 

the amino acids, compared to single letter character codes.   

 A UPGMA clustering analysis tree was constructed for simultaneous analysis of 

the 54 amino acid attributes (Figure 5). The pair-wise amino acid distances were the 

multivariate distances using all the principal component scores of the PCA of the 54- 

attribute data. This is an amino acid classification tree that contains all the 54 

physiochemical attributes information. The amino acids are split into several big groups, 

such as “Hydrophilic”, “Aromatic”, “Hydrophobic” and “Helix breakers” as indicated in 

Figure 5. Hydrophilic group contains the hydroxylated amino acids serine and threonine, 

acidic amino acids aspartic acid and glutamic acid, and basic amino acids lysine and 

arginine. Alanine seems to be misplaced possibly due to its small size and simple 

structure. Another big group is the hydrophobic amino acids, which consists of aliphatic 

leucine, isoleucine and valine, and several other members. Tryptophan and tyrosine 

constitutes the aromatic group. Glycine and proline both have the side chains that are 

prone to break the helix secondary structure and make a turn in the proteins.  

 The amino acid classifications based on each individual factor scores from 

Atchley, et. al.[5] are shown in Figure 6. Each factor represents one dimension of the 
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physiochemical properties of the amino acids, such as polarity, propensity for second 

structure, molecular size, codon diversity and charge. Each resulting classification 

reflects the amino acid relationship for that specific factor or dimension. In a simpler way, 

the amino acid relationships (or classifications) can be treated as be partitioned as shown 

in equation 4.  

 
Amino acid overall classification in the 54 attribute dimension 

= classification in “polarity” space + classification in “secondary structure” space  

   + classification in “molecular size” space + classification in “condon diversity” space  

   + classification in “charge”                                                                                        (4) 

 

 The relationships in equation 4 are different from the traditional ones we 

introduced before[20-24]. These latter relationships contain information for only one or a 

few physiochemical attributes.  The ones in the factor spaces maintain all the 54 

attributes information, with different attribute weights for each different factor. This nice 

property is due to the fact that each factor is derived from all the 54 attributes but 

summarizing the information in a unique way that can reflect one particular aspect of the 

physiochemical attributes, such as polarity, etc.  

 

Factor 1: Important attributes for this factor is the positively loaded "percentage of 

exposed residues", "average accessible surface area", "polarity", "hydrophilicity value", 

and negatively loaded "Eisenberg hydrophobic index" and "percentage of buried 

residues". They are listed in the Table 5.  

The degree of hydrophobicity generally decreases from the top to bottom for the 

factor1 UPGMA tree (see Table 5 and Figure 6). This phenomenon is in agreement with 
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the fact that factor 1 represents the polarity/ hydrophobicity property of the amino acids. 

And this trend also coincides with the hydrophobic scale from Janin [36] (see supplement) 

The most left branch of the tree splits the amino acids into two groups, top part 

for the hydrophobic group and bottom part for the polar groups. Glutamine, asparagine, 

aspartic acid, glutamic acid, arginine and lysine are grouped into bottom polar groups, 

and others are in the hydrophobic group. Serine, threonine and proline are misclassified 

in the hydrophobic group. This may due to the interactive effects of other attributes not 

related to polarity and hydrophobicity .  

We listed in the Table 5 some of the attributes related to the polarity and 

hydrophobitcity of amino acids, such as Eisenberg hydrophobic index, hydrophility value, 

solvent exposed area, percentage of exposed, and so on. They all are in high correlations 

(>0.8) with factor scores of factor 1. And the first split (around histidine and glutamine) 

of the UPGMA tree is just around zero point of the factor score, Eisenberg hydrophobic 

index and hydrophility value.  

 
Factor 2: This factor involves secondary structure perpensity for each amino acid. It is 

relatively difficult to quantify this property. We listed in Table 6 some of the important 

attributes for this factor. Among them are free energy in alpha-helical region, Chou-

Fasman parameter of the coil conformation, information measure for loop, and etc. The 

correlations between these attributes and factor 2 scores are all high (> 0.8).  

 There are ad hoc classifications based on amino acids’ conformational preferences 

for alpha-helix, beta-sheet, and turn secondary structures [37] . In the of UPGMA tree for 

factor2 (figure 7), we assigned a secondary structure preference to each amino acid 

according to classification from http://csb.stanford.edu/levitt/demo_lectures/lec8/.  
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Amino acids in the top group, which includes methionine, glutamic acid, alanine and 

leucine, all prefer to alpha-helix structure. Serine, glycine and proline make the bottom 

group and are all classified as with preference to turn structure. Glycine and proline are 

helix breakers, and they usually stop the helix and send the sequence into the opposite 

direction, or in another word, make a turn for the protein. Others are in the middle group. 

It is a mixture of preferences for alpha-helix, beta-sheet and turn.  

 
Factor 3: This factor is related to molecular weight or size. Important attributes are listed 

in Table 7. Among them are bulkiness, molecular weight, residue volume, size, and side 

chain volume. The correlations between the factor scores and attributes are low (< 0.5). 

In addition, the UPGMA tree (Figure 7) does not perform well. For example, smallest 

amino acid glycine is grouped with large amino acid asparagine. At this point, factor 3 

seems like not acting correctly as the metric for amino acid molecular weight or size.  

 One explanation is the existing of correlations between factor 3 and other factors 

(see Table 8). PROMAX rotation was used to get the final model [5]. After this oblique 

rotation, the factors are not necessarily orthogonal. Table 8 shows that factor 3 has 

correlations with other four factors (scaling from 0.2 to 0.4). Remaining 4 factors could 

be regarded as almost orthogonal to each other. So the interpretation of these orthogonal 

factors should be easy since there are little interactions between them, as we have already 

shown in the discussions for factor 1 and factor 2, and will see below for factor 4 and 

factor 5. But for factor 3, its effect is mixed with other factors. In addition to the 

attributes such as molecular weight and size, other attributes may also intervene with 

them to give a comprehensive effect of factor 3, which may make the outcomes not easy 

to explain. 
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  However, it is not possible to sacrifice the oblique rotation to get easier 

interpretation for factor 3. From the biological point of view, all those five factors should 

not be totally independent. Polarity is related to isoelectric point. Secondary structure 

preference is decided by many factors, such as hydrophobicity, size, charge, etc. The 

biology itself determines that the factor model should have some extended correlations 

between the resolving factors. It is not surprised to see those outcomes. There are no 

constraints for the model to have any degree of correlations between the resolved factors.  

 

Factor 4: This factor is related to the number of codon(s) for each amino acid, amino 

acid composition of the proteins, and others (Table 9). Refractivity and heat capacity are 

also involving in this factor. The correlations between factor scores and these attributes 

are high (see Table 9), scaling from 0.7 to 0.9.   

 In Figure 6, we displayed the number of codon(s) for each amino acid in the 

UPGMA tree, which was sorted from top to bottom according to the increasing order of 

the factor scores. The number of codon(s) is obviously increasing from the top to bottom 

of the UPGMA tree. The members in the top group, which includes tryptophan, histidine, 

cysteine, methionine and tyrosine, are all have one or two codons. And the amino acids in 

the bottom group have more than one codon. Amino acid compositions for the protein 

increase from top to bottom as well (Table 9). Amino acids with more numbers of codons 

would be more possible to appear, if we assume a uniform distribution for all possible 

codons. We have few ideas about the inverse relationship of this factor with the attributes 

of refractivity and heat capacity.  
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Factor 5: This factor involves with isoelectric points and charges (positive charge, 

negative charge and net charge) (Table 10). Since charges are categorical data, it is not 

meaningful to calculate the correlations in this case. The correlation between factor 

scores and isoelectric points is 0.594. According to values of isoelectric points, they are 

almost in the same order of the factor scores, except for glutamic acid and glycine. 

 

• Concordance between factor analysis (FA) and principal component analysis (PCA). 

 Factor analysis (FA) was applied in Atchley et al. [5] paper to discover underlying 

latent correlation structure of almost 500 amino acid attributes. Why not use principal 

component analysis (PCA), which is a more popular multivariate technique? PCA was 

used in this study to project the data into reduced dimension. What are the differences 

between FA and PCA, considering the fact they are both multivariate dimension 

reduction method? Their theoretical comparisons are already stated in the materials and 

methods part of this paper. Herein, we will use our 54 attributes data as a real example to 

display the concordance and difference between these two methods. Patterns or 

eigenvector coefficients and resolving scores are used for the comparisons.   

 Table 11 is Pearson’s product-moment correlations between the factor patterns of 

factor analysis and eigenvectors of the principal component analysis. Factor pattern and 

eigenvector are equivalent in these two different models. The diagonal entries measure 

the concordances between these two methods and off-diagonals for the differences. Only 

first 10 principal components were shown here.  

 Principal component eigenvectors are mixture of different patterns from factor 

analysis. One principal component can have more than one corresponding highly 

correlated patterns in the factor model. For example, first principal component correlates 
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highly with factors 1, 2, and 3 of the factor analysis model, and second principal 

component with factor1-factor4, etc. Individual factors have highly interpretable and 

clean structures [5] , mixture of them will cause confusion and interpretation difficulties. 

Beyond fifth principal component, there are no any high correlations of the eigen patterns 

of principal component analysis with those of factor analysis. Detailed attributes pattern 

comparisons yield same conclusions as indicated by correlations (data not shown). 

 Univariate pair-wise amino acid distances are calculated from the scores and 

compared between PCA and FA (Table 12). The distance correlations have some similar 

properties as those from pattern or eigenvector comparison. There are some significant 

correlations other than pair wise of same factor for the two models. This evidence again 

supports our hypothesis that principal components are split and mixed between the factor 

patterns of the factor model. 

 The theoretical and real example comparisons make it clear that factor analysis 

and principal component analysis are two different methods for different purposes, 

though there exists to some extend the concordance between them. Principal component 

analysis is a variance compression method without assuming any underlying models, 

while factor analysis is to undercover the underlying covariance patterns.  

 Factor analysis is a method with a solid and clean underlying model. It partitions 

total variance into common and unique variances, and is modeling the common variance 

part of the data. PCA is purely a dimension reduction method. The goal in the Atchley et 

al. [5] paper is to discover the latent correlated networks underlying the observed 

attributes. So factor analysis was used. In order to approximate the information in the 
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high dimensional data in this paper, PCA was used to reduce the data dimension for easy 

comparisons.  

 

Conclusions  

In the Atchley et al. [5] paper, a solution to protein sequence metric problem was 

proposed by using multivariate statistical analyses of almost 500 physiochemical attribute 

of amino acids to generate a small number of complex, multidimensional yet highly 

interpretable numerical indices for amino acids. In this paper,  some of questions that 

may arise from Atchley et al. [5] paper were answered, such as completeness of 

information, model robustness, amino acid classifications in the new factor spaces and 

concordance between factor analysis and principal component analysis.  

Our study showed that the 54 attributes we used for the final model construction 

is enough to maintain the complete information in the original ~500 attributes data. There 

was no any possible important information loss by reducing the working dataset. And the 

simplicity of the working dataset has made the computation and interpretation easier and 

clearer.  

Five factors model was proposed in Atchley et al. [5], instead of 7 or 6 factors 

model. By removing one or two factors, only around 6% of the total common variance 

was lost. Comparisons also showed that the two factors left out are actually not defining 

any new dimensions in addition to the five already in the model.  

Proper amino acid classification is very important and useful for the protein 

structure and function predictions. Traditional classifications are usually based on only 

one or several of the physiochemical attributes of the amino acid, such as polarity of side 

chains [20] or side chains structures [21, 22]. This limitation is caused by the fact that we 
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have no better way to incorporate more attributes in the character letter coding of amino 

acids. By using the numerical metrics defined in Atchley et al. [5], it is now possible to 

circumvent the limitation and study amino acid classification by considering much more 

physiochemical attributes simultaneously. This is a novel way to study amino acid 

classification and have never been before able to do without the numerical metric for 

amino acid from our previous study [5] 

Finally, our study showed that factor analysis is a better model than principal 

component analysis when the purpose of the study is the undercover the latent correlation 

structure of the data, instead of the simple dimension compression which is what 

principal component analysis usually does.  
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Table 1: Eigenvalues distribution from Principal Component Analysis of 54-attribute and 
441-attribute data 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 54 attributes 
data 

441 attributes 
data 

 54 attributes 
data 

441 attributes 
data 

Eigen  Proportion Proportion Eigen Proportion Proportion 
1 0.3559 0.3302 11 0.0102 0.0198 
2 0.2171 0.1446 12 0.0069 0.0195 
3 0.1469 0.1138 13 0.0052 0.0165 
4 0.088 0.0695 14 0.0042 0.014 
5 0.0416 0.0567 15 0.0035 0.0125 
6 0.0373 0.0508 16 0.0031 0.0124 
7 0.028 0.0378 17 0.0026 0.011 
8 0.0215 0.0284 18 0.0012 0.0076 
9 0.0141 0.025 19 0.0008 0.0069 

10 0.0119 0.0231    
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Table 2: Pearson’s correlations of factor pattern coefficients between 7-factor and 5-
factor models of 54-attribute data ( Pearson’s correlation r /Prob > |r| under H0: Rho=0). 
FA54_7 is for the 7-factor model, and FA54_5 is for the 5-factor model 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

FA54_7 FA54_7 FA54_7 FA54_7 FA54_7 FA54_7 FA54_7 Patterns 
Factor1 Factor2 Factor3 Factor4 Factor5 Factor6 Factor7 

FA54_5 
Factor1 

0.9862 0.0362 -0.0296 0.0365 0.0190 -0.2669 0.0509 

p-value <.0001 0.7950 0.8317 0.7936 0.8913 0.0511 0.7148 
FA54_5 
Factor2 

0.0435 0.9985 -0.1476 -0.0569 -0.0079 -0.1281 0.2034 

p-value 0.7548 <.0001 0.2867 0.6828 0.9548 0.3560 0.1401 
FA54_5 
Factor3 

-0.1039 0.1073 0.8278 -0.1086 -0.0341 0.3879 -0.6298 

p-value 0.4548 0.4400 <.0001 0.4345 0.8067 0.0038 <.0001 
FA54_5 
Factor4 

0.0584 0.0226 -0.4577 0.9037 0.0888 0.0259 -0.1156 

p-value 0.6747 0.8709 0.0005 <.0001 0.5231 0.8524 0.4054 
FA54_5 
Factor5 

0.0304 0.0015 0.0518 0.1113 0.9677 0.1564 0.1935 

p-value 0.8272 0.9913 0.7101 0.4232 <.0001 0.2589 0.1610 
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Table 3: Pattern comparisons between full factor model (only factor 6 and factor 7 listed) 
and reduced factor model of 54-attribute data. Only the high factor pattern coefficients 
(>0.3 or <-0.3) listed.  
 

 

 

 

 

 

Full model 
(n=7) 

Reduced model 
(n=5) 

Index Attributes Factor6 Factor1 Factor2 Factor3
MDS97 
 

Normalized frequency of beta-sheet, 
unweighted (Levitt, 1978)  0.754 -0.460  0.611 

MDS24 
 

Normalized frequency of beta-sheet 
(Chou-Fasman, 1978b)  0.659 -0.506  0.580 

MDS165 
 

Information measure for pleated-sheet 
(Robson-Suzuki, 1976)  0.632 -0.522  0.438 

MDS43 
 

Number of hydrogen bond donors 
(Fauchere et al., 1988)  0.323 0.809   

MDS185 
 

Normalized frequency of extended 
structure (Tanaka-Scheraga, 1977)  0.306 -0.390 0.335 0.706 

MDS48 
 

Alpha-helix indices (Geisow-Roberts, 
1980)  -0.309  -0.939  

MDS212 
 

Free energy in alpha-helical region 
(Munoz and Serrano et al., 1994)  -0.437  0.858  

MDS214 
 

Free energy in beta-strand region 
(Munoz and Serrano et al., 1994)  -0.871  0.447  

Full 
model 
(n=7) 

Reduced model 
(n=5) 

Index Attributes Factor7 Factor1 Factor2 Factor3 Factor4

MDS105 

Normalized frequency of left-
handed alpha-helix (Maxfield-
Scheraga, 1976)  0.786  0.366 -0.641  

MDS64 
Normalized relative frequency of 
coil (Isogai et al., 1980)  0.673  0.353 -0.582  

MDS169 
Information measure for loop 
(Robson-Suzuki, 1976)  0.403  0.786  -0.335 

MDS3 
Conformational parameter of beta-
turn (Beghin-Dirkx, 1975)  0.341  0.693  -0.439 

MDS50 
Hydrophobicity factor (Goldsack-
Chalifoux, 1973)  -0.307   0.833  

MDS214 
Free energy in beta-strand region 
(Munoz and Serrano et al., 1994)  -0.342  0.447   

MDS30 Size (Dawson, 1972)  -0.427 0.440  0.811  

MDS201 
Bulkiness (Zimmerman et al., 
1968)  -0.555   0.988  

MDS185 
Normalized frequency of extended 
structure (Tanaka-Scheraga, 1977)  -0.590 -0.390 0.335 0.706  
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Table 4: Pearson’s correlation between the individual factor score amino acid distances 
of 5-factor and 7-factor models of 54-attribute data ( Pearson’s correlation r /Prob > |r| 
under H0: Rho=0). FA54_7 is for the 7-factor model, and FA54_5 is for the 5-factor 
model 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Scores FA54_7 FA54_7 FA54_7 FA54_7 FA54_7 FA54_7 FA54_7 
 Factor1 Factor2 Factor3 Factor4 Factor5 Factor6 Factor7 

FA54_5 0.9588 -0.1544 -0.1266 -0.1605 0.3527 0.0881 0.0622 
Factor1         
p-value <.0001 0.0334 0.0817 0.0270 <.0001 0.2266 0.3940 
FA54_5 -0.1337 0.7611 0.0285 -0.0009 -0.0952 0.1190 0.1336 
Factor2         
p-value 0.0659 <.0001 0.6962 0.9900 0.1912 0.1020 0.0661 
FA54_5 -0.0666 -0.0846 0.9135 0.1552 -0.0428 -0.0215 -0.0811 
Factor3         
p-value 0.3612 0.2460 <.0001 0.0325 0.5574 0.7681 0.2661 
FA54_5 -0.1049 -0.0550 -0.0362 0.4422 -0.2147 -0.1368 -0.0496 
Factor4         
p-value 0.1498 0.4510 0.6197 <.0001 0.0029 0.0598 0.4964 
FA54_5 0.0737 -0.0171 0.6119 0.1310 0.3031 -0.0257 0.0512 
Factor5         
p-value 0.3121 0.8150 <.0001 0.0716 <.0001 0.7251 0.4832 
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Table 5: Relationships of the factor 1 scores with some of involving attributes 
 

1: http://www.genome.ad.jp/dbget/aaindex.html
2: http://prowl.rockefeller.edu/aainfo/access.htm

 

 

 

 

 

 

 

amino 
acid 

Factor 
Score 

Eisenberg 
hydrophobic 
Index1

Percent  
of 
exposed1

Average 
accessible 
surface 
area1 Polarity1

Hydro-
phility 
value1

Percent 
buried 
residues1

Solvent 
Exposed 
Area2

Cys -1.343 0.29 5 15.5 5.5 -1 74 0.32 
Val -1.337 1.08 14 23.7 5.9 -1.5 64 0.4 
Ile -1.239 1.38 13 22.8 5.2 -1.8 66 0.39 

Leu -1.019 1.06 16 27.6 4.9 -1.8 60 0.41 
Phe -1.006 1.19 10 25.5 5.2 -2.5 58 0.42 
Met -0.663 0.64 20 33.5 5.7 -1.3 52 0.44 
Trp -0.595 0.81 17 34.7 5.4 -3.4 49 0.49 
Ala -0.591 0.62 15 27.8 8.1 -0.5 51 0.48 
Gly -0.384 0.48 10 24.5 9 0 52 0.51 
Ser -0.228 -0.18 32 42 9.2 0.3 35 0.7 
Thr -0.032 -0.05 32 45 8.6 -0.4 30 0.71 
Pro 0.189 0.12 45 51.5 8 0 25 0.78 
Tyr 0.26 0.26 41 55.2 6.2 -2.3 24 0.67 
His 0.336 -0.4 34 50.7 10.4 -0.5 34 0.66 
Gln 0.931 -0.85 56 68.7 10.5 0.2 16 0.81 
Asn 0.945 -0.78 49 60.1 11.6 0.2 22 0.82 
Asp 1.05 -0.9 50 60.6 13 3 19 0.81 
Glu 1.357 -0.74 55 68.2 12.3 3 16 0.93 
Arg 1.538 -2.53 67 94.7 10.5 3 5 0.84 
Lys 1.831 -1.5 85 103 11.3 3 3 0.93 
Correlations 
with Factor 

scores -0.912 0.955 0.955 0.876 0.816 -0.971 0.960 
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Table 6: Relationships of the factor 2 scores with some of involving attributes* 
 

* : attributes are all from http://www.genome.ad.jp/dbget/aaindex.html
 

 

 

 

 

 

 

amino 
acid  

Factor 
score 

Normalized 
frequency  
of turn  

Free 
energy in 
alpha-
helical 
region   

Chou-Fasman 
parameter  
of the coil 
conformation  

Information 
measure for 
loop  

Average 
relative 
probability 
of helix  

Relative 
frequency 
in alpha-
helix   

Helix-coil 
equilibrium 
constant  

Met -1.524 0.67 0.736 0.59 -5.3 1.45 1.47 1.15 
Glu -1.453 0.64 0.675 0.84 -5.2 1.48 1.44 1.15 
Ala -1.302 0.6 0.619 0.71 -5.1 1.36 1.29 1.08 
Leu -0.987 0.7 0.74 0.69 -5.4 1.21 1.3 1.25 
Phe -0.59 1.05 0.968 0.71 -2.4 1.05 1.07 1.1 
Lys -0.561 1.1 0.784 0.99 1 1.22 1.23 1.15 
Ile -0.547 0.67 0.876 0.66 -4.5 1.08 0.97 1.05 
His -0.417 0.95 1.034 1.07 -0.9 1.11 1.22 1 
Val -0.279 0.48 0.939 0.63 -6.3 0.94 0.91 0.95 
Gln -0.179 0.92 0.77 0.87 0.2 1.14 1.27 0.95 
Arg -0.055 0.79 0.753 1.06 2.6 1 0.96 1.05 
Trp 0.009 1.23 0.91 0.76 2.9 0.97 0.99 1.1 
Asp 0.302 1.24 0.932 1.21 3.1 1.04 1.04 0.85 
Thr 0.326 1.05 1.053 1.08 0 0.81 0.82 0.75 
Cys 0.465 1.29 1.107 1.19 3.8 0.82 1.11 0.95 
Asn 0.828 1.42 1.089 1.37 4.7 0.89 0.9 0.85 
Tyr 0.83 1.35 1.009 1.07 3.2 0.79 0.72 1.1 
Ser 1.399 1.26 0.969 1.34 3.2 0.74 0.82 0.75 
Gly 1.652 1.38 1.361 1.52 5.6 0.63 0.56 0.55 
Pro 2.081 1.47 1.78 1.61 3.5 0.52 0.52 0.71 
Correlations 
with Factor 

scores 0.832 0.839 0.881 0.829 -0.954 -0.901 -0.821 
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Table 7: Relationships of the factor 3 scores with some of involving attributes* 
 

* : attributes are all from http://www.genome.ad.jp/dbget/aaindex.html
 

 

 

 

 

 

 

 

 

 

 

 

 

 

amino 
acid  

Factor 
score bulkiness 

molecular 
weight 

residue 
volume size 

side chain 
volumn 

Ser -4.76 9.47 105.09 88.7 3 29.30 
Asp -3.656 11.68 133.1 110.8 2.5 40.00 
Gln -3.005 14.45 146.15 148.7 6 80.70 
His -1.673 13.69 155.16 152.6 6 79.00 
Pro -1.628 17.43 115.13 122.2 5.5 41.90 
Leu -1.505 21.4 131.17 168.5 5.5 93.50 
Cys -0.862 13.46 121.15 112.4 3 44.60 
Ala -0.733 11.5 89.09 88.3 2.5 27.50 
Val -0.544 21.57 117.15 141.4 5 71.50 
Lys 0.533 15.71 146.19 175.6 7 100.00 
Trp 0.672 21.67 204.24 227 7 145.50 
Asn 1.299 12.82 132.12 125.1 5 58.70 
Gly 1.33 3.4 75.07 60 0.5 0.00 
Glu 1.477 13.57 147.13 140.5 5 62.00 
Arg 1.502 14.28 174.2 181.2 7.5 105.00 
Phe 1.891 19.8 165.19 189 6.5 115.50 
Ile 2.131 21.4 131.17 168.5 5.5 93.50 
Thr 2.213 15.77 119.12 118.2 5 51.30 
Met 2.219 16.25 149.21 162.2 6 94.10 
Tyr 3.097 18.03 181.19 193 7 117.30 
correlations with 

factor score 0.255 0.320 0.401 0.371 0.407 
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Table 8:  Factor correlations between factors of 5-factor model. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Factor1 Factor2 Factor3 Factor4 Factor5 
Factor1 1.000 0.066 -0.261 -0.128 0.053 
Factor2  1.000 -0.275 0.061 0.017 
Factor3    -0.262 0.427 
Factor4    1.000 -0.129 
Factor5     1.000 
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Table 9: Relationships of the factor 4 scores with some of involving attributes* 
 

*: attributes are all from http://www.genome.ad.jp/dbget/aaindex.html

 

 

 

 

 

 

 

 

amino 
acid 

Factor 
score 

number 
of 

codon(s) 

aa 
composition 

of total 
proteins 

aa 
composition refractivity 

heat 
capacity 

Trp -2.128 1 1.34 1.3 42.53 56.92 
His -1.474 2 2.17 2 21.81 59.64 
Cys -1.02 1 1.81 2.9 35.77 50.70 
Met -1.005 1 2.5 1.7 21.64 69.32 
Tyr -0.838 2 3.15 3.4 31.53 51.73 
Gln -0.503 2 3.98 3.9 17.56 44.02 
Phe -0.397 2 3.83 3.6 29.40 48.52 
Lys -0.277 2 6.01 6.6 21.29 57.10 
Asp -0.259 2 5.14 5.5 12.00 37.09 
Asn -0.169 2 4.33 4.3 13.28 38.30 
Glu 0.113 2 6.1 6 17.26 41.84 
Ile 0.393 3 5.48 4.5 19.06 45.00 
Pro 0.421 4 4.95 5.2 10.93 36.13 
Arg 0.44 6 5.86 4.9 26.66 26.37 
Ser 0.67 6 6.84 7 6.35 32.40 
Thr 0.908 4 5.77 6.1 11.01 35.20 
Gly 1.045 4 6.91 8.4 0.00 23.71 
Val 1.242 4 6.65 6.6 13.92 40.35 
Leu 1.266 6 9.16 7.4 18.78 48.03 
Ala 1.57 4 7.99 8.6 4.34 29.22 

correlations with 
factor score 0.78639 0.929088822 0.90627293 -0.75579 -0.7294 
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Table 10: Relationships of the factor 5 scores with some of involving attributes* 
 

  * : attributes are all from http://www.genome.ad.jp/dbget/aaindex.html
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

amino 
acid  

factor 
score 

positive 
charge 

negative 
charge 

net 
charge 

isoelectric 
point 

Asp -3.242 0 1 -1 2.77 
Ser -2.647 0 0 0 5.68 
Gln -1.853 0 0 0 5.65 
Pro -1.392 0 0 0 6.3 
Val -1.262 0 0 0 5.96 
Leu -0.912 0 0 0 5.98 
Glu -0.837 0 1 -1 3.22 
Cys -0.255 0 0 0 5.05 
Trp -0.184 0 0 0 5.89 
Ala -0.146 0 0 0 6 
His -0.078 1 0 0 7.59 
Phe 0.412 0 0 0 5.48 
Ile 0.816 0 0 0 6.02 
Asn 0.933 0 0 0 5.41 
Met 1.212 0 0 0 5.74 
Thr 1.313 0 0 0 5.66 
Tyr 1.512 0 0 0 5.66 
Lys 1.648 1 0 1 9.74 
Gly 2.064 0 0 0 5.97 
Arg 2.897 1 0 1 10.76 

Correlations with 
factor scores    0.593743 
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Table 11: Pearson’s correlations between factor pattern coefficients and PCA 
eigenvector coefficients for 54-attribute data ( Pearson’s correlation r /Prob > |r| under 
 H0: Rho=0). FA54_5 is for the 5-factor model, and PCA54 is for the PCA of 54-attribute 
data 
 
 

 

 

 

 

 

 

 

 

 

patterns PCA54 
PC1 

PCA54 
PC2 

PCA54 
PC3 

PCA54 
PC4 

PCA54 
PC5 

PCA54 
PC6 

PCA54 
PC7 

PCA54 
PC8 

PCA54 
PC9 

PCA54 
PC10 

FA54_5 
Factor1 

0.774 0.589 -0.08 0.057 0.152 -0.02 -0.008 -0.037 -0.04 -0.01 

p-value <.0001 <.0001 0.567 0.685 0.274 0.886 0.955 0.792 0.775 0.943 
FA54_5 
Factor2 

0.426 -0.476 0.761 0.058 0.165 -0.015 0.006 -0.017 -0.015 -0.005 

p-value 0.001 0.0003 <.0001 0.675 0.233 0.912 0.965 0.904 0.915 0.971 
FA54_5 
Factor3 

-0.632 0.457 0.308 0.181 0.500 -0.036 0.030 -0.015 -0.027 -0.003 

p-value <.0001 0.001 0.023 0.189 0.0001 0.794 0.829 0.912 0.848 0.981 
FA54_5 
Factor4 

0.205 -0.402 -0.509 0.709 0.254 -0.017 0.019 0.016 0.007 -0.002 

p-value 0.137 0.003 <.0001 <.0001 0.064 0.901 0.891 0.908 0.963 0.987 
FA54_5 
Factor5 

-0.052 0.193 0.218 0.655 -0.685 0.022 -0.093 -0.048 -0.044 -0.006 

p-value 0.710 0.162 0.113 <.0001 <.0001 0.875 0.505 0.729 0.754 0.965 
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Table 12: Pearson’s correlations of distances between factor scores and principal  
component scores of 54-attribute data ( Pearson’s correlation r /Prob > |r| under H0: 
Rho=0). FA54_5 is for the 5-factor model, and PCA54 is for the PCA of 54-attribute data 
 
 

 

scores  PCA54 
PC1 

PCA54 
PC2 

PCA54 
PC3 

PCA54 
PC4 

PCA54 
PC5 

PCA54 
PC6 

PCA54 
PC7 

PCA54 
PC8 

PCA54 
PC9 

PCA54 
PC10 

FA54_5 0.5286 0.2598 -0.1107 0.1452 -0.0811 -0.1172 -0.1674 0.1858 -0.0170 0.1086 
Factor1                     
p-value <.0001 0.0003 0.1284 0.0456 0.2662 0.1073 0.0210 0.0103 0.8163 0.1359 
FA54_5 0.0561 0.1783 0.3925 -0.1150 0.1500 0.2446 0.1521 -0.1155 -0.0475 -0.2008 
Factor2                     
p-value 0.4421 0.0139 <.0001 0.1141 0.0389 0.0007 0.0361 0.1127 0.5151 0.0055 
FA54_5 -0.0176 -0.0932 -0.1156 -0.0945 -0.1164 -0.0159 -0.0644 -0.0427 -0.0079 -0.0575 
Factor3                     
p-value 0.8096 0.2007 0.1121 0.1947 0.1099 0.8273 0.3772 0.5587 0.9143 0.4309 
FA54_5 0.0064 0.1436 0.1972 0.2276 -0.0078 -0.0264 0.1263 -0.1555 0.0335 0.0067 
Factor4                     
p-value 0.9297 0.0480 0.0064 0.0016 0.9145 0.7182 0.0825 0.0321 0.6466 0.9265 
FA54_5 0.0192 0.1426 -0.1379 0.1961 0.0564 -0.0649 -0.1043 0.2069 -0.0706 -0.0677 
Factor5                     
p-value 0.7928 0.0496 0.0577 0.0067 0.4395 0.3741 0.1521 0.0042 0.3330 0.3536 
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Figure 1: Regression plot of multivariate distances of amino acid pairs based on 
principal component scores.  X axis: 54-attribute data; Y axis: 441-attribute data.  
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Figure 2: Regression plots of 7-factor and 5-factor model factor pattern coefficients for 
54-attribute data. X-axis is for 5-factor model and Y-axis is for 7-factor model. 
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Figure 3: Regression plot between multivariate factor score distances of the 
amino acid pairs from the 5-factor and 7-factor model of 54-attribute data. X-axis 
is for 5-factor model and Y-axis is for 7-factor model.  
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Figure 4: Regression plots of individual factor score distances between 5-factor and 7-
factor models of 54-attribute data. X-axis is for 5-factor model and Y-axis is for 7-factor 
model. 
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F
a

 

igure 5: UPGMA tree based on Euclidean distances of principal components of 54-
ttribute data.  
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Figure 6: UPGMA tree based on individual factor scores * 

The topologies of the trees are rearranged in increasing order of each set of factor scores.
The small letters in the right corner of amino acid names in Factor 2 tree are the secondar

 

*  Factor scores are shown besides the amino acid names.  
  
y structure 

prefere
The sm  for 
each amino acid.  

 

nce from http://csb.stanford.edu/levitt/demo_lectures/lec8/ 
all numbers in the right corner of amino acid names in Factor 4 tree are the number of codons
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                   Borrowed from: http://prowl.rockefeller.edu/aainfo/hydro.htm
 
 
Supplemental Figure 1: A diagram comparing four different scales for the 
“hydrophobicity” of an amino acid residue in a protein[38]. References for the scales a
as follows: (1) Janin [36]; (2) Wolfenden, et al.[39]; (3) Kyte and Doolittle[40] ; and (4) 
Rose, e t al.[38]. 

 

 

 

 

 

re 

 

 

 

 

 

 48



 

 

 

Chapter 2 

  

basic helix-loop-helix protein family  
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Introduction 

The basic helix-loop-helix (bHLH) proteins are a superfamily of transcription 

factors nt 

ex 

n 

re 

s 

o not 

 

bHLH ers 

 

t 

that have variety of functions in eukaryotic organisms [6]. They play importa

roles in various developmental processes, such neurogenesis, cellular differentiation, s

determinantion, myogenesis, hematopoiesis, etc (for reviews , see [7-10]).  

This family of proteins is characterized as having a conserved bHLH domai

which is about 60 amino acids long. Outside the conserved bHLH domain, sequences a

highly variable[12]. This bHLH domain consists of two parts: 1) an N-terminal basic 

region that defines binding to a consensus DNA sequence; 2) a C-terminal HLH motif 

comprised of two α-helices separated by a loop region of variable length. bHLH protein

can form homo- or heterodimers with bHLH proteins through the HLH region. Some 

dimers bind DNA through the basic region to regulate DNA transcriptions. Others d

bind DNA and serve as negative regulators of DNA transcription.  

The bHLH protein family can be displayed in a hierarchical way. The highest 

level is protein family. The members in the protein family share some general structural 

and functional similarities. Within the protein family, there are various numbers of 

subfamilies or groups. Each group has its own structural or functional characteristics,

such as different DNA binding abilities and amino acid residue configurations in the 

five binding groups. Subgroup or clades are beyond the group level. The memb

within a clade share a more similar evolution pathway than to others. 

Currently, five major binding groups, i.e. group A through group E, have been

discovered in bHLH proteins in animals [6, 11]. These groups are evolutionarily distinc

and defined by their amino acid residue configuration in the basic region and DNA 
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binding properties. The presence of a glutamic acid (E) residue at site 9 is crucial for the 

binding ability to DNA E-box sequences. Groups A, B and E possess the glutamic acid a

site 9, and bind to the E-box. Some of the bHLH protein-DNA binding complexes hav

been crystallized and provided detailed structural information about th

t 

e 

e protein-DNA 

interact  

 

up A, 

, x=any amino acid). In group B, the 

ites 5-8-13 ( B=basic amino acid, either K or H, R=arginine, 

n 

A 

ns are 

roup 

ion [41-46]. Group A proteins include Atonal, dHand, E12, MyoD, etc. They all

bind to consensus E-box of CAGCTG.  Group B proteins, including Arnt, Mad, Myc, 

Mad, Pho4, Srebp, and USF, bind to consensus DNA E-box of CACGTG. Both group A 

and group B proteins have unique configurations for the amino acid sites 5-8-13, which

are related to their different DNA E-box recognition and binding specificities. In gro

the configuration of sites 5-8-13 is xRx ( R=arginine

configuration is BxR for s

x=any amino acid). Group C bHLH proteins include Sim, Ahr, etc. This group has 

neither glutamic acid at site 9 nor characteristic basic region amino acids configuratio

for sites 5-8-13, and only bind to non-E-box (NACGTG or NGCGTG) core 

sequences[13]. They usually have additional PAS domain in the C-terminal following 

second helix that can facilitate the dimerization with other PAS containing proteins to 

regulate transcriptions. Group D proteins lack the basic region, and do not bind to DN

sequences at all. This group includes ID, EMC, and other related proteins. Group D 

proteins usually act as a negative regulator of DNA binding by forming protein-protein 

dimers with other bHLH proteins that have DNA binding abilities. Group E protei

very much like group B proteins except that there is a proline in the basic region of g

E proteins. This group includes Hairy and E(spl).  
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Within each binding group, there are several subgroups, or clades. These clad

reflect monophyletic lineages. They are statistical

es 

ly well supported subgroups (with 

ignificant cutoff values in the bootstrapped phylogenetic tree) that share more functional 

and sequence similarities within than between the clades. The DNA binding groups are 

assembling of clades with similar protein sequence configurations and DNA binding 

properties.  

To understand the structural and functional properties of the bHLH proteins of 

each clade is very important. With the rapid development of genome sequencing projects, 

protein prediction algorithms and available sequence similarity searching software, such 

as BLAST, the candidate members for each clade can be expanded quickly. But the 

own 

 

ll 

ttle 

s

experimental studies of those new proteins are not as fast and even impossible in the 

current stage. To accurately assign structural and functional properties to those candidates, 

sequence similarity search and phylogenetic study alone are not enough. Extensive 

computational studies are needed to compare them with the bHLH proteins with kn

structures and functions. 

Systematic studies of bHLH proteins exist in the levels of family and DNA 

binding groups [6, 12] . There is a predictive motifs that can accurately define bHLH 

protein families [6, 12, 13]. And amino acid residue configurations for different DNA

binding groups have also been determined[6, 12]. Atchley, et al [12] used position 

association to measure the correlations of clades and sites. The sequence signatures of 

Myc-Max-Mad network have been defined using information theory approach[4]. A

their work has been in the context of alphabetic coding of amino acids. Beyond that, li

has been done with regard to the amino acid configurations and structural properties in 
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the clade level of bHLH protein family. The reason for the lack of systematic work in the 

clade level of bHLH proteins is that there is relative larger number of clades (>20) 

compared to the number of binding groups (which is 5). In the traditional alphabetic 

mino acid metric system, there have been no effective computational methods for the 

n in the 

el.  

imately 

d 

l analyses of protein sequences.  

The numerical transformation of amino acids using the factor scores from their 

study [5] is applied for the bHLH protein sequences in this study, and a series of analyses 

on the transformed data are conducted to study the structural and functional aspects of the 

bHLH proteins in the clade level. We try to solve the problems of 1) What amino acid 

residues define different clades? and 2) Can we have a predictive strategy to define 

different clades beyond the bHLH binding groups? 

a

intensive study. Within each clade, the members share much more similarities tha

group or family level. In another word, the variability existing in the conserved bHLH 

domain within the clade is limited. Approaches with higher resolution are needed to 

undercover the structural and functional aspects of the bHLH proteins in the clade lev

In the Atchley et al. [5] paper, a solution to the amino acid alphabetic coding 

problem was proposed. They conducted multivariate statistical analyses of approx

500 amino acid physiochemical attributes. Factor analysis model is applied and five 

numerical factors that can reflect amino acid multidimensional variability are derived. 

These five patterns can reflect amino acid i) polarity, hydrophobicity and accessibility; ii) 

propensity for secondary structures, iii) molecular size or volume; iv) codon diversity an

amino acid compositions; and v) isoelectric point and electrostatic charge. The derived 

factor scores can transform the alphabetic codes of protein sequences into numerical 

vectors and facilitate many statistica
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Material and method 

bHLH dataset: bHLH dataset used here[6, 12, 16] consists of 288 animal bHLH proteins 

from as

e 

0 to 

 

ct 

Clade assignment: Neighbor-joining (NJ) phylogenetic tree [34] is used to find the clade 

designation for each protein of groups A and B. Sequence pair-wise distance is estimated 

by p-distance (fraction of sites that differ). Gaps were deleted for the distance estimation. 

The resolving tree is bootstrapped 2000 times to get a probabilistic estimate of the 

statistical reliability of the hypothesis that each branch length is larger than 0. The 

branches are collapsed to a single horizontal line when the bootstrap value is less than 

35%.  NJ tree was conducted using MEGA version 3.0[35].  

 

 many different organisms as possible. The bHLH domains are aligned to the 

consensus motif [12]. The total alignment is 64 amino acids long. Sites 1 through 13 ar

the basic region. First helix region is site 14 to site 28, and second helix is from site 5

site 64. Sites 29 to 49 are the loop region with many gaps due to variable loop lengths of 

different proteins. Most of the loop region is excluded from the study except several 

residues in the beginning (sites 29-31) and ending (sites 45-49) of the loop. The group 

designations (group A to E) are assigned to each protein based on prior knowledge about

their binding properties. If prior knowledge is not available, the sequence will be 

classified according to the conventional residue signatures for each group shown in 

supplemental material. Groups C, D, and E are relatively homogenous and usually refle

one or two big clades. The clade level study for these groups will be omitted. Groups A 

and B have relatively large number of clades. The focus of this study will reveal the 

mysteries in the clade level of these two groups.  
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Factor scores and transformation: 5 sets of factor scores from Atchley et al. [5] pa

were produced for the amino acids. Each set is the numeric indices which can position 

amino acids in the factor space that reflect the polarity, propensity for secondary structure,

molecular size, codon composition, and charge of the amino acid physiochemical 

per 

 

attribut

 to 

s 

ly 

f the 

 

e 

discrimination between the clades within the binding groups A and B. Step forward 

es, respectively.  Alphabetic letter coded protein sequences will be transformed 

into numerical vectors by these sets of factor scores. Not all the 64 aligned sites were 

used for the transformation and subsequent analysis, since there are many gaps in the 

alignment within the loop region. Gaps were inserted during sequences alignment

accommodate those with longer loop region. The amino acid composition within the loop 

region (from sites 29 to 49) is highly variable except several sites in the beginning (site

29-31) and ending (sites 45-49) of the loop. Thus only part of the loop region was 

included in our study and others were removed. In the final dataset, included are sites 

from 1 to 31, and sites from 45 to 64. Scattered gaps in the final dataset were random

imputed with one of the 20 amino acids before doing the numerical transformation o

factor scores. Otherwise, sequences with gaps will be removed in the multivariate study 

and cause dramatic sample size reduction. 

Statistical analyses: All the statistical analyses were conducted in SAS software 

(Copyright © 2002-2003 by SAS Institute Inc., Cary, NC, USA). The input data are th

factor scores transformed protein sequence data. Each site is treated as one variable.  

 Discriminant analysis is to reveal the differences among the a priori defined 

classes [29, 47]. Stepwise discriminant analysis is a class of discriminant analysis used to 

obtain information about the relative contribution of each amino acid site for the 
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discriminant analysis was applied in current study. It begins with no sites in the mode

and individual sites 

l, 

are added to the model in the order of their discriminatory ability. At 

each st tory 

 

e 

 

 MAD. 

hin 

 

 

 1 means that the site is completely correlated with the clade, 

 

A, except for E12 clade which has 100% of valine. Tyrosine is aromatic and relatively 

ep, the effects of the entered sites are adjusted in the model. The discrimina

power can be measured by different criterion, such as partial R-square or Wilks' Lambda

(SAS document). The forward selection procedure stops when none of the unselected 

variables meets the entry criterion.  

 

Results and discussions 

NJ trees were reconstructed separately for both groups A and B data. The 

bootstrap consensus tree results are shown in Figures 1 and 2. The clades are listed in th

bootstrap consensus trees. Clades with more than 3 members are shown and used in our

analysis, which were summarized in Table 1. Clades within group A include AcS, 

ATONAL, HAND, TWSIT, LYL, HEN, E12, and MyoD. Clades for group B include 

USF, TFE, SREBP, NCOA, ARNT, MYC, MAX, and

Separate stepwise discriminant analyses were conducted for the clades wit

groups A and B using the factor score transformed sequence data. Results for first ten 

entered sites together with partial R-square values and residue frequencies are list in 

Tables 2 and 3. The partial R-square measures the relationship between clade and the site

under consider by removing the effects of the sites already in the model. The larger the 

partial R-square, the more important the site is for the discrimination between clades.

 Partial R-square of

which is the case for sites 60 and 8 for group A. There is no observed variation for these

two sites within clades of group A. All clades have 100% of tyrosine at site 60 of group 
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large amino acid while valine is aliphatic and relatively small. For site 8 in group A, all 

clades possess an arginine, except for clade HAND which contains a lysine. Lysine a

arginine are physiochemically similar basic amino acids. Site 8 is a crucial site for the

sites 5-8-13 configuration to discriminate between group A and group 

nd 

 

B. Basic residue 

 the crystal 

L 

. The lack of DNA contact 

roperty in group A may facilitate diversification at site 13 between different clades.  

 selected from factor 1 to 5 with various partial R-square values (range 

om 0. o 

e 

 for clades of group A. The amino acid 

(lysine or arginine) in this site facilitates the protein-DNA contact as shown in

structure of MyoD [44]. The choice between lysine and arginine may determine the 

strength and degree of contacts.  

Besides sites 60 and 8, site 13 is also a site selected in all 5 factor score 

transformed data of group A with high partial R-square vales (>0.9). Site 13 

discriminates groups A and B. Mostly, the residues at site 13 are the hydrophobic amino 

acids methionine, valine, leucine and isoleucine. Only three of the clades (HAND, LY

and TWIST) have polar amino acids threonine and glutamine. Crystal structure of 

MyoD[44] suggests there is no DNA contact with site 13 in group A proteins. In group B 

proteins, site 13 is an important DNA contact position [43, 46]

p

Site 6 is

fr 97 for factor 4 to 0.39 for factor 5) for clades of group A. The dominant amin

acids are threonine and asparagine. Throenine at site 6 contacts both DNA base and 

phosphate backbone and is conserved in all myogenic proteins[44].  Introducing 

threonine in E12 protein will partly enable the myogenic activation[48]. This evidenc

suggests that site 6 is important for the differential functions of clades within group A 

and it is also a good candidate site for discriminating between the clades. Site 16 is 

selected for factor 1, 2, 3 and 4 transformed data
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c ition of this site is hydrophobic amino acids leucine, isoleucine, valine, and

phenylalanine.  Other sites selected from different factor score transformations are 

diversified between different factors. They include sites 51, 49, 62, and etc. No detai

discussion will be conducted in present paper.  

In group B, sites 51, 24, 50 and 12 are the most important discriminating sites, 

appearing in five factors. Most of the partial R-square values are high (>0.9) for these 

sites across the five factors. Site 50 is the beginning of the second helix and contacts 

DNA[49]. Most of the clades in group B have lysine in this site. The two exceptions

clades MAX with arginine and MAD with threonine(83.3%) and asparagine(16.7%). 

Lysine and arginine are both basic amino acids that play important roles in DNA-protein 

contacts. Threonine and asparagines are polar and may lead to weak contact of protein 

with DNA. This kind of weak contact can structurally discriminate MAD from other 

ompos  

led 

 are 

Site 12 in group B bHLH proteins contacts the phosphate backbone of the 

DN ost of th  Only a fe

c m i sin e. NOCA is

more variable  amino acid comp rated into

tw ups. S ids alanine, cy in e d

M CA SF. In  o ou oleucine and val  

ccur in clades ARNT, MAD and MYC. For MAD, MAX, MYC and SREBP, site 24 has 

ither lysine or arginine. These basic amino acids may indicate this site’s DNA contact 

otential which has not yet been revealed by crystal structure study. Other clades have 

mall amino acids alanine, serine and glycine at site 24. There exist other sites that may 

clades of group B.  

A[49]. M e clades have the basic amino acid arginine at this site. w 

lades have a ino acids other than argin ne, e.g. tyro e for SREBP clad  

 at site 12. The osition for site 51 can be sepa  

o gro mall amino ac ste e, serin and glycine are found in cla es 

AX, NO , SREBP, TFE and U  the ther gr p, leucine, is ine

o

e

p

s
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have discrimination ability for clades within group B, such as sites 47, 2, 56, and etc. 

etailed discussion will not conducted in this paper.  

Based on the step forward discriminant results and discussions above, we 

roposed classification strategies for the clades within group A and group B, respectively, 

sing the most distributing sites we discussed from the stepwise discriminant analysis 

esults (Figures 3 and 4). Once a new unknown protein is classified as either group A or 

roup B by bHLH protein family predictive motif and DNA binding group configurations, 

s clade designation can be determined from its amino acid residue compositions of 

iscriminant sites.  

For group A protein, presence of valine at site 60 classifies a protein into clade 

12. If not classified as in E12, lysine in site 8 will group it into clade HAND. Otherwise, 

lanine in site 6 will define it as in clade HEN, and threonine at site 6 as clade MYOD. If 

lades. The residue configurations for site 13 are methionine, valine, glutamine, and 

reonine for clades ATONAL, AcS, LYL and TWIST, respectively.  

 or e o p 50 he ev

disc nation be ee ades. Cla ither asparagines or threonine at site 50, 

whi de as inin s s Nex 2 s a  di min e 

SREBP from he RE  a t sine in site 12. For th in clade

resid  at site 51 sep e th  tw arts on ns c RN nd 

whi ve , is cin lin  site e o r co NO , T  

all amino lyc  or  a e 51 ast el in

ierarchical discriminant strategy is site 24. MYC has basic arginine or lysine at site 24, 

D

p

u

r

g

it

d

 

E

a

none of these criteria met, residue at site 13 will discriminate it as among rest of the 

c

th

F the cas f grou B bHLH proteins, site  is in t  first l el for 

rimi tw n cl de MAD has e

le cla MAX h  arg e at thi ite. t, site 1  play  role to scri ate clad

 the ot rs. S BP has yro e rema ing s, 

ues arat em into o p . One c tai lades A T a MYC, 

leucinech ha oleu e or va e at  51. Th the ntains CA FE and

USF, which has sm acids g ine cysteine t sit . The l  lev  the 

h
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while ARNT has either alanine or serine. And presences of alanine, glycine and serine at 

site 24 dete la OC  S ct .  

 

Con sio

 Sys  stud s of i  gr and of ro s we

cond ted b  forw d di an aly ed protein 

sequence data. Some o e contributing discr t sit or t c s we

dete e structural and functional i rta s di ssed b

omparing with some of the already solved crystal structures of bHLH proteins.  At the 

ame time, classification strategies based on the described discriminant sites for the 

lades within groups A and B were proposed.   

The proposed classification strategies are not unique. Only most important 

anner. 

nother possible strategy is to find those sites that can simultaneously discriminate 

be lad . Can ical var  analys canonic discrim ) 

used ne the sites that can sim ltaneous contribu to the discri

the clades. It is a method working on the covariance ma ce. But as w lready poi d 
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Table ummaries of clades of group A and group B bHLH proteins used in current 
study
 

Group A Group B 

 1: S
.  

lade Members n Clade Memb rs n 
S asc, ash, st,  ase, acs,  16 SF f, , uus f1, usf2 5 
ONAL g 26 tfe3, tf B, tfeC  4 
ND and1, h  5 EBP srebp srebp2 1 
SIT 
 yl1, slp  7 T arn nt2, cyc

N 
tf, fe12  da, tfe 14  ma

oD 

C e
Ac  a U s
AT atonal, ndf, neuroD, m m TFE e , 
HA a and2 SR 1, , add 4 
TW awist, dermo 5 NCOA ncoa3, tif2, ncoa1 4 
LYL a , tal2 ARN t, ar l 5 
HE hen1, helhel 4 MYC myc, myc1, n-myc, s-myc 30 
E12 h , itf, MAX x 6 
My myf3, myf5, myoD 20 MAD mad, mxi1 6 
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Table 2  Stepwise discriminant analysis results for factor score transformed group A and 
group B data. Ten most contributing sites are list with corresponding partial R-square.  
 
    GroupA:  
 

Factor1 Factor 2 Factor3 Factor4 Factor5 
Sites 

in  
Patial 

R-square 
Sites  

in 
Patial 

R-square 
Sites 

in 
Patial 

R-square 
Sites 

in  
Patial 

R-square 
Sites 

in  
Patial 

R-square 
 60 1  60 1 60 1 60 1 60 1 
 8 1  8 1 8 1 8 1 8 1 

 13 0.9997 13 0.9977 13 0.9757 13 0.9924 51 0.9691 
 16 0.9872 16 0.9716 51 0.7848 6 0.9757 13 0.9468 
 6 0.9605 19 0.9304 1 0.724 11 0.8389 62 0.754 

 49 0.8478 6 0.8977 6 0.668 16 0.7351 11 0.6533 
 58 0.548 10 0.7441 46 0.5949 1 0.6073 46 0.5111 
 51 0.6923 26 0.6931 62 0.5632 19 0.5445 1 0.5382 
 11 0.5165 28 0.5246 16 0.4197 5 0.4505 58 0.6416 
 7 0.4157 5 0.4384 45 0.3287 22 0.4264 6 0.3901 

 
 
 
   GroupB:  
 

Factor1 Factor2 Factor3 Factor4 Factor5 
Sites 

In 
Partial  

R-square 
Sites 

In 
Partial  

R-square 
Sites 

In 
Partial  

R-square 
Sites 

In 
Partial  

R-square 
Sites 

In 
Partial  

R-square 
51 0.9991 51 0.9988 12 0.9968 14 0.9678 50 0.988 
24 0.9945 50 0.9555 2 0.9622 51 0.9703 24 0.9659 
50 0.9456 47 0.9433 50 0.9568 12 0.9482 51 0.9436 
56 0.9836 53 0.8467 24 0.9487 19 0.8981 2 0.9349 
12 0.9379 7 0.8898 49 0.9067 56 0.8822 20 0.8694 
47 0.8733 17 0.8514 28 0.8925 50 0.8252 53 0.8544 
5 0.8192 16 0.7441 16 0.8781 20 0.9154 6 0.8022 
2 0.7377 12 0.7387 53 0.8391 47 0.8285 49 0.7654 

29 0.8762 2 0.8627 6 0.8776 52 0.7389 59 0.6659 
46 0.8555 24 0.7715 56 0.7881 11 0.7203 3 0.612 
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Table 3: Frequency of amino acid residues for some of the stepwise discriminant 
nalysis selected most contributing sites. The numbers in the parenthesis are the 

Group A site60 site8 site13 site16 site6 site51 site49 

a
percentage of residues.  
 

ATONAL 
n=26 

Y 
(100) 

R 
(100) 

M 
(100) 

L 
(100) 

N 
(100) 

F(3.8),  H(3.8), 
I(76.9), Y(15.4) 

S(76.9), 
T(23.1) 

ACS  
n=16 

Y 
(100) 

R 
(100) 

V 
(100) 

V 
(100) 

N 
(100) 

V 
(100) 

S 
(100) 

E12  
n=14 

V 
(100) 

R 
(100) V(92.9),I(7.1) 

I 
(100) 

N 
(100) 

L 
(100) 

T 
(100) 

HAND  
n=5 

Y 
(100) 

K 
(100) 

T 
(100) 

I 
(100) N(60) ,P(40) 

I 
(100) 

S 
(100) 

HEN  
n=4 

Y 
(100) 

R 
(100) 

V 
(100) 

F 
(100) 

A 
(100) 

I 
(100) 

S 
(100) 

LYL  
n=7 

Y 
(100) 

R 
(100) 

Q 
(100) 

V 
(100) 

N 
(100) 

N 
(100) 

S 
(100) 

MyoD 
n=20 

Y 
(100) 

R 
(100) 

L 
(100) 

I 
(15) 

T 
(100) 

V 
(100) 

P 
(100) 

TWIST 
n=5 

Y 
(100) 

R 
(100) 

T 
(100) 

L 
(100) 

N 
(100) 

I 
(100) 

S 
(100) 

 
 

Group B site51 site24 site50 site56 site12 site47 
ARNT  

n=5 L(100) A(20),S(80) K(100) M(100) R(100) K(100) 
MAD  
n=6 L(100) K(100) 

N(16.7) 
T(83.3) 

K(50),R(33.3), 
T(16.7) R(100) K(16.7) ,R(83.3) 

MAX  
n=6 A(100) K(16.7),R(83.3) R(100) K(83.3) ,R(16.7) R(100) K(83.3),Q(16.7) 

MYC  
n=30 

I(3.3) 
V(96.7) K(3.3), R(96.7) K(100) 

E(3.3),K(93.3), 
 R(3.3) R(100) K(86.7), R(13.3) 

NOCA  
n=4 C(100) A(100) K(100) E(75) K(25) 

N(25) 
R(75) K(100) 

SREBP  
n=4 S(100) K(100) K(100) K(100) Y(100) K(100) 
TFE  
n=4 G(100) G(100) K(100) A(100) R(100) R(100) 
USF  
n=5 G(100) S(100) K(100) K(100) R(100) G(100) 
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 AP4 HUMA/Q01664/A/4/TFAP4
 YMH7 CAE/Q86DA4/A/4/hlh11
 FIGLA HUMAN/Q6QHK4/A/4/FIGLA
 FIGLA MOUSE/O55208/A/4/Figla
 AMOS DROME/Q9Y0A7/A/5/amos
 ATO DROME/P48987/A/5/ato
 ATONAL C/O57598/A/5/ATH5
 ATONAL X/O13125/A/5/Xath5a

9 9

9 9

9 98 9

 ATOH1 HUMAN/Q92858/A/5/ATOH1
 LIN32 CAEEL/Q10574/A/5/lin32
 NDF1 C 5/A/5/NEUROHICK/P7976 D1

HUMAN/Q157 ROD2
HUMAN/Q96N ROD6

ENLA/Q91616 OD1
Z/Q6N
MAN/ ROD4
LA/P OD4

EL/P4 7
ARE/O

 HU Q928MAN/ 1
 HUMAN/Q9Y4Z 3
 MOUSE/P70661

2 HUMAN/Q9H2A3 ROG2
 DROME/O16867/A/
2 CHICK/Q90XB3/A
17 H/ B3/A/4Q90X

MAN/
SAU/

ATO

5 7
9 8

9 4

9 5

6 8

8 0

9

7 2

59 2

7 9

 NDF2 84/A/5/NEU
 NDF6 K8/A/5/NEU
 NDF1 X /A/5/NEUR
 NEUROD YW5/A/5/neurod
 NDF4 HU Q9HD90/A/5/NEU
 NDF4 XEN 79920/A/5/NEUR
 YLB7 CAE 6581/A/5/C34E10
 NGN1 BR 42606/A/5/neurog1
 NGN1 86/A/5/NEUROG
 NGN3 2/A/5/NEUROG
 NGN3 /A/5/Neurog3
 NGN /A/5/NEU
 TAP 5/tap
 OLIG /4/OLIG2
 RACK /OLIG2
 OLIG3 HU Q7RTU3/A/4/OLIG3
 BETA3 ME O09029/A/4/
 OLIG1 HUMAN/Q8TAK6/A/4/OLIG1
 MIST1 HUMAN/Q7RTS1/A/4/MIST1

NAL

 DELILAH/P41894/A/5/dei
 EPICARDI/O43680/A/5/TCF21
 MUSC HUMAN/O60682/A/5/MSC
 PARAXIS/P79782/A/4/TCF15
 SCLERAXI/P59101/A/4/SCX
 HAND2 CHICK/Q90690/A/4/HAND2
 HAND2 XENLA/P57101/A/4/HAND2
 HAND2 BRARE/P57102/A/4/hand2
 HAND1 HUMAN/O96004/A/2/HAND1
 HAND1 XENLA/O73615/A/2/HAND1

HAND

 TWISTG M/Q8MIF3/A/4/TWIST1
 TWST1 PANTR/Q8MI03/A/4/TWIST1
 DERMO MU/Q8WVJ9/A/4/TWIST2
 TWIST XE/P13903/A/4/XTWI
 TWISTG D/Q8I1G0/A/4/twi

TWIST

 PTF1 RAT/Q7RTS3/A/5/PTF1A
 LYL1 HUMAN/P12980/A/4/LYL1
 LYL1 MOUSE/P27792/A/4/Lyl1
 SCL MOUS/P24899/A/4/SCL
 SLP 1 PU/O73687/A/4/SLP1
 S69373S5/Q16559/A/4/TAL2
 TAL2 HUMAN/Q16559/A/4/TAL2
 TAL2 MOUSE/Q62282/A/4/Tal2
 HEN1 HUMAN/Q02575/A/3/NHLH1
 HEN2 HUMAN/Q02577/A/3/NHLH2
 HELHEL D/Q24353/A/3/HLH4C
 C43H6 8/Q18590/A/3/hlh15

HEN

 ASCL1 HUMAN/P50553/A/4/ASCL1
 ASCL1 MOUSE/Q02067/A/4/Ascl1
 ASH1B ZF/O13150/A/4/Fash1
 ASH3 XEN/Q91557/A/4/
 ASCL2 HUMAN/Q99929/A/4/ASCL2
 ASCL2 MOUSE/O35885/A/4/Ascl2
 ASCT4 FL/P10084/A/4/sc
 AST4 DROME/P10084/A/4/sc
 AST3 DROME/P09774/A/4/l 1 sc
 LSC FLY/P09774/A/4/l 1 sc
 AST5 DROME/P10083/A/4/ac
 DSACH 1/P10083/A/4/ac
 ASE FLY/Q9GRC6/A/4/ase
 AST8 DROME/P09775/A/4/ase
 AC S HYD/Q25179/A/4/CnASH
 T24B8 6/P90977/A/4/hlh3

ACS

 ASCL3 HUMAN/Q9NQ33/A/4/ASCL3
 ASCL3 MOUSE/Q9JJR7/A/4/Ascl3
 HLH6 CAEEL/Q10007/A/4/hlh6
 CEU30248/Q17326/A/5/
 HTF4A HU/Q28772/A/5/TCF12
 HTF4 CHICK/P30985/A/5/TCF12
 HTF4 XENLA/Q91605/A/5/
 XLU25960/Q91606/A/5/
 RE12/Q9CRT1/A/5/Tcfe2a
 TFE2 RAT/P21677/A/5/Tcf3
 TFE2 HUM/Q788W0/A/5/G12
 TFE2 XENLA/Q01978/A/5/E2A
 FE12 ZEB/Q90491/A/5/e12
 ITF2 CANFA/P15881/A/5/TCF4
 XLU25961/Q91607/A/5/
 ITF1 HUM/Q68G29/A/5/Tcfe2a
 DA DROME/P11420/A/4/da

E12

 HLH4 CAEEL/P34555/A/4/hlh4
 CHKMYOD/P16075/A/5/MYOD1
 MYF3 HS1/P15172/A/5/MYOD1
 DRMYOD P/Q90477/A/5/myod
 MF25 XENLA/P16076/A/5/MF25
 OMMYOD G/Q91206/A/5/MYOD2
 MYF5 HUMAN/P13349/A/5/MYF5
 MYF5 CHICK/Q08856/A/5/MYF5
 MYF5 BOVIN/P17667/A/5/MYF5
 MYF5 XENLA/P24700/A/5/MYF5
 MYF5 NOTVI/Q91154/A/5/MYF5
 MYOD DROME/P22816/A/5/nau
 SULSUM1A/Q00492/A/5/SUM1
 MYF6 CHICK/Q01795/A/5/MYF6
 NVMRF4 1/Q91151/A/5/MRF4
 MYF6 RAT/P19335/A/5/Myf6
 MYOG CHICK/P17920/A/5/MYOG
 MYOG COTJA/P34060/A/5/MYOG
 OMMYOGEN/Q8AW96/A/5/myogenin
 CELMYOD/P22980/A/5/hlh1
 AMD1 ASC/Q25124/A/5/AMD1

MYOD

9 9

9 9

9 9

9 9

9 7

5 5
8 8

9 9

9 9

9 7

7 9

9 6

6 7

7 5

9 9

8 2
6 2

9 9

9 9

9 9

5 2
9 5

9 5

9 3

6 6

5 7

5 2

9 9

8 9
9 9

9 9

9 7

7 0
9 6

9 6

9 2
6 2

9 5

8 3

7 7

6 8

5 7

6 0

5 2

5 5

5 1

5 0

7 0

6 4

6 0

5 1

6 9

9 0

8 1

9 9

 

igure 1: NJ tree of group A bHLH proteins. The clades used for the analysis are shown  
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 CBF1 KLULA/P49379/B/4/CBF1
 CBF1 YEAST/P17106/B/4/CBF1
 LVU25286/Q25427/B/4/
 USF STRPU/Q07956/B/4/
 USF1 XENBO/Q07957/B/4/
 USFMR HU/P22415/B/4/USF1
 USF2 MOU/Q64705/B/4/Usf2

USF

 MITF HUMAN/O75030/B/4/MITF
 TFE3 HUMAN/P19532/B/4/TFE3
 TFECL HU/O14948/B/4/TFEC
 TFEB HUM/Q5QPI0/B/4/TFEB

TFE

 RTG3 YEAST/P38165/B/4/RTG3
 YAWC SCHPO/Q10186/B/4/SPAC3F10
 ADD1 RAT/Q99JK7/B/4/Srebf1
 SRBP1 PIG/O97676/B/4/SREBF1
 HLH106 D/Q24146/B/4/HLH106
 SREBP2 H/Q9ESZ4/B/4/Srebf2

SREBP

 CASEKINA/Q6CIW9/B/4/KLLA0F2335
 HYPOTHET/O43019/B/4/SPBC35405c
 NCOA3 HUMAN/Q9Y6Q9/B/2/NCOA3
 TRAM HUM/Q569F6/B/2/NCOA3
 TIF2 HUM/Q15596/B/3/NCOA2
 NCOA1 HUMAN/Q15788/B/3/NCOA1

NCOA

 ARNT2 HUMAN/Q9HBZ2/B/4/ARNT2
 ARNT HUMAN/P27540/B/4/ARNT
 ARNT DROME/O15945/B/3/tgo
 BMAL1 HUMAN/O00327/B/4/ARNTL
 CYCL DROME/O61734/B/4/cyc
 HEY1 CANFA/Q9TSZ2/B/4/HEY1

8 2

9 0 ARNT

 CLOCK HUMAN/O15516/B/4/CLOCK
 NPAS2 HUMAN/Q99743/B/4/NPAS2
 HUMMYCL2/P12525/B/4/MYCL2
 XELXLMYC/Q05404/B/4/LMYC1
 LMYC HUM/P12524/B/4/MYCL1
 MYC1 CYPCA/

9 9

5 8

9 8

Q90341/B/4/CAM1
 MYC ONCMY/P06646/B/4/MYC
 MYC2 CYPCA/Q90342/B/4/CAM2
 MYC AVIM2/P10395/B/4/VMYC
 MYC AVIME/P06647/B/4/VMYC
 MYC AVIOK/P

9 9

6 6
8 8 12523/B/4/VMYC

 MYC AVIMD/P06295/B/4/VMYC
 MYC AVIMC/P01110/B/4/VMYC
 MYC CANFA/Q28350/B/4/MYC
 MYC HUMA/Q8MJ66/B/4/
 MYC PIG/Q29031/B/4/MYC
 MYC FLVTT/P21438/B/4/VMYC
 MYC MARMO/P22555/B/4/MYC
 MYC CALJA/P49032/B/4/MYC
 MYC MOUSE/P01108/B/4/Myc
 MYC1 XENLA/P06171/B/4/MYC1
 MYC2 XENLA/P15171/B/4/MYC2
 MYCN CHICK/P18444/B/4/MYCN
 MYCN HUM/Q9UMQ5/B/4/Nmyc
 MYCN MOUSE/P03966/B/4/Mycn
 MYCN XENLA/P24793/B/4/NMYC
 MYCN SERCA/P26014/B/3/MYCN
 MYC2 MARMO/P20389/B/4/NMYC2
 MYCS MOUSE/Q9Z304/B/3/Mycs
 MYC ASTVU/Q17103/B/4/MYC
 SUSMYCBP/Q26649/B/4/
 MYC DROME/Q9W4S7/B/3/dm

MYC

 MAX CHICK/P52162/B/4/MAX
 MAX HUMA/P52162/B/4/MAX
 MAX XENLA/Q07016/B/4/MAX
 MAX BRARE/P52161/B/4/max
 MAX DROME/P91664/B/4/Max
 F46G10 6/Q18711/B/4/mxl3

MAX

 INO2 YEAST/P26798/B/3/INO2
 MAD4 HUMAN/Q14582/B/4/MXD4
 MAD4 MOUSE/Q60948/B/4/Mxd4
 MXI1 BRARE/P50541/B/4/mxi1
 MXI1 HUMAN/P50539/B/4/MXI1
 MAD HUMAN/Q05195/B/3/MXD1
 MNT HUMAN/Q99583/B/4/MNT

MAD

 PHO4 YEAST/P07270/B/3/PHO4
 MLX HUMAN/Q9UH92/B/2/TCFL4
 ESC1 SCHPO/Q04635/B/3/esc1
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igure 2: NJ tree of group B bHLH proteins. The clades used for the analysis are shown  
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Figure 3: Clade classification strategy for group A bHLH proteins. 
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Figure 4: Clade classification strategy for group B bHLH proteins.
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Supplemental Table 1: Classification of bHLH DNA binding groups based on basic 

13 are listed. Determinant amino acids are in bold and italic letters with underlines.    

Binding Site5 Site6 Site8 Site9 Site13 

region amino acid residue configuration. Most frequent amino acid at sites 5, 6, 8, 9, and 

 

Group 
A A,N,T N,T R(K) E M,L,V 

C R,S,K,Q,T N,D,S P,A K,S,A R

E K P L,M,V E R

 

 

 

B  H(K) N,V,S,K I,V,L E R

D D,V,S,T E,A,T,M D,E,M P,V,T,S L,N,Q 

 

 

 

 
 
 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 68



 

 

Structural and functional study of plant  

basic helix-loop-helix proteins 

 
 

 

 

 

 

 

 

 

 

Chapter 3  

 

by sequence metric approach 
 

 
 
 
 

 
 

 
 
 
 
 
 

 

 

 

 

 

 69



Introduction  

The basic helix-loop-helix (bHLH) proteins are a family of transcription factors 

that function in a variety of important developmental processes, such as cellular 

differentiation, sex determinantion, neurogenesis, myogenesis, hematopoiesis, etc ([6], 

for reviews , see [7-10]).  

This family is characterized structurally by a conserved bHLH domain, which 

spans about 60 amino acids. This bipartite domain consists of an N-terminal basic reg

which binds to the consensus hexanucleotide DNA sequence. The C-terminal HLH motif 

contains two α-helices separated by a variable length loop region. bHLH proteins form 

homo- or heterodimers with bHLH proteins through the HLH region. The dimers bind 

DNA through the basic region to regulate DNA tran

ion, 

scription. The basic region amino 

acid composition is thought to decide the overall binding specificity, while the HLH 

rization properties.  

 

5-8-

domain determines the dime

There have been many structural, functional and evolutionary studies of animal 

bHLH proteins. These proteins have been hierarchically classified into DNA binding 

groups and then clades or evolutionary lineages within groups. The clades generally 

correspond to proteins with similar functions.  

There are five different binding groups of bHLH proteins in animals [6, 11]. 

Group A consists of proteins Acheate-Scute, Atonal, dHand, E12, MyoD, and related 

proteins that bind to CAGCTG consensus E-box sequence. Group B proteins, including 

Arnt, Esc, Mad, Max, Myc, Pho4, R, Srebp and USF, bind to CACGTG E-box. Both 

group A and group B proteins have diagnostic pattern of amino acids for sites 5-8-13[6],

which define their DNA binding specificities. In group A, the configuration of sites 
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13 is xRx (R=arginine, x=any amino acid). And the configuration in group B is BxR 

( B=basic amino acid, either K or H, R=arginine, x=any amino acid).  

Group C proteins are characterized by inclusion of a separate PAS domain 

 

 D 

. 

e 

ins regulate the transcriptions of many cell 

rocesses, such as anthocyanin biosynthesis [51-53], photomorphogenic responses [54] 

(review [55]), phenylpropanoid biosynthesis[56] , cell fate and patterning [57, 58], cell 

elongation and seed germination[59] , stress response [60-62], and abscisic acid 

signaling[63].  

There are a number of interesting features with regard to bHLH proteins in plants. 

For example, Buck and Atchley [15] found many more bHLH proteins (1.3 to 2.7 fold 

more)in Arabidopsis compared to an equivalent animal group. A real need exists with 

regard to understand the structural, functional and evolutionary classification properties 

following second helix and include Sim, Ahr, and related proteins.  This group typically 

binds DNA through heterodimerization with the group B proteins Arnt or Tango. Group

D proteins lack the basic regions, and thus do not bind to DNA sequences. Group

proteins include ID and Emc. Group D proteins usually act as a negative regulator of 

DNA binding by forming protein-protein dimers with other DNA binding bHLH proteins

Group E proteins are similar to group B proteins except that they have a proline residu

in the basic region. This group includes Hairy and E(spl), and have similar sequence 

configuration and binding specificity to group B proteins.  

The structure and function, including DNA binding specificity, is not well-studied 

in plants. Lc, a regulator of anthocyanin biosynthesis in maize [50] is the first bHLH 

protein in plants to be identified. Recently, a large number of bHLH proteins have been 

found in plants. These plant bHLH prote

p
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of the plant bHLH proteins. This is particularly true for their DNA binding specificities. 

Preliminary computational studies of signature residues in the basic region of bHLH 

omain (e.g. sites 5, 8, 9,13) suggest that most of bHLH proteins in plants have binding 

s are 

iscriminate between group A and group B of animal bHLH proteins[6]. Presence of a 

glutamic acid residue (E) at site 9 is mandatory for binding to E-box, which distinguishes 

groups C and D from other bHLH groups.  

In this report, we will explore the plant bHLH sequence and binding properties. 

These has been difficult because of the so-called “sequence metric problem”, i.e., the 

alphabetic letters have no rational underlying metric to code amino acids. Atchley et al. 

ng 

d 

otein 

equences into numerical vectors and thus facilitate the numerical analysis of protein 

d

patterns similar to that of group B proteins in animals [13-15]. Signature residue

amino acid residues with distinct configurations that discriminate members of different 

groups. For example, configuration of amino acid sites 5, 8 and 13 can clearly 

d

[5] proposed a solution to the amino acid alphabetic coding problem by conducti

multivariate statistical analyses of approximately 500 amino acid physiochemical 

attributes. They produced five numerical and biologically interpretable multivariate 

patterns or indices of amino acid variability. These five factors reflect multidimensional 

amino acid variability in i) polarity, hydrophobicity and accessibility; ii) propensity for 

secondary structures, iii) molecular size or volume; iv) codon diversity and amino aci

compositions; and v) isoelectric points and electrostatic charge. The resolving 

multivariate index scores can be used to transform the alphabetic codes of pr

s

sequences.  
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Herein, we use these numerical transformations of amino acids for both anim

and plant bHLH proteins. A series of discriminant analyses was carried out on the

transformed data to study the functional aspects of the plant bHLH proteins. We will 

explore the following two major questions.  

First, are there consistent patterns of amino acid residue differences between 

animal and plant bHLH proteins?  Preliminary phylogenetic analyses of plant an

bHLH proteins show them to be divergent [15].  The bHLH domain is evolutionarily 

highly conserved, but outside this domain, there are considerable 

al 

 

d animal 

sequence 

ultivariate pattern of residue differences within the bHLH 

s from 

 most of the 

iz et al [13]provided a 

eneral Arabidopsis bHLH protein binding classifications based upon the basic region 

amino acid configurations. Arabidopsis proteins were partitioned into four DNA binding 

groups acco s 

divergence[12]. Are there m

domain that can distinguish animal and plant proteins? Herein, we explore whether 

combinations of the residues within the bHLH domain can distinguish plant and animal 

bHLH proteins?   

Second, can we characterize the binding properties for plant bHLH protein

the knowledge about animal proteins? While there have been a large number of plant 

bHLH proteins discovered during genomic studies, experimental evidence about their 

binding properties is still not available. Some authors[13-15] speculated that

bHLH proteins found in plants have the animal group B DNA binding configurations 

from phylogenetic studies and sequence comparisons. Toledo-Ort

g

rding to their basic region sequence configurations. The first group contain

the G-box binding proteins. G-box is characterized as a hexanucleotide DNA sequence 

CACGTG. It is exactly same as group B E-box in animals. To be consistent between 
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plants and animals, we will call this type of DNA sequence as type B E-box and 

corresponding binding proteins as type B E-box binders in Arabidopsis throughout this 

paper. The second group binds to E-box other than type B E-box. Third group binds to 

DNA s

 were 

nd 

 

binding properties. If prior knowledge is not available, the sequence was classified 

according to the conventional residue signatures shown in Table 1. There are 111 (38%) 

equence other than E-box, since they lack the conserved glutamic acid at site 9 for 

E-box binding but have considerable basic amino acids in the basic region that might 

enable the DNA binding. The fourth group of Arabidopsis proteins does not bind DNA at 

all according to their basic region residue configurations. The summary of these four 

groups and their possible equivalence to the A through E binding groups in animals

listed in Table 2.  The present study uses the numerically transformed protein data and 

multivariate discriminant analysis to obtain a more detailed understanding of the possible 

binding properties of Arabidopsis bHLH proteins.  

 

Materials and methods 

Animal bHLH dataset: The bHLH animal dataset consists of 288 unique animal bHLH 

proteins which were fit to a 19-element predictive motif previously found to be very 

accurate for identifying bHLH proteins[6, 12, 16]. The numbering scheme is that of 

Atchley and Fitch [6] where sites from 1 to 13 are basic region. Sites 14 to 28 are first 

helix and sites 50 to 64 are second helix. Sites 29 to 49 are often highly gapped variable 

loop region which is often difficult to homologize. Thus only part of the beginning a

ending of the loop region (sites 29-31 and 45-49) are retained in current study since they 

provide phylogenetic information as well. A total of 51 sites are included in this study. 

The group assignments (group A to E) are known based on prior knowledge about their
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group A proteins, 77 (27%) group B proteins, 23 (8%) group C proteins, 43 (

D proteins, and 34

15%) group 

 (12%) group E proteins in the animal protein dataset.  

 

th 

The same amino acid site numbering system 

was em  

e. Plants 

typicall cids in 

Factor scores and transformation: The five sets of factor scores from Atchley et al. [5] 

provide five vectors of scores by which each alphabetic letter in the aligned sequence can 

be transformed to numeric values. This results in five numerical data sets, one for each 

pattern of physiochemical attributes, e.g., polarity, propensity for secondary structure, 

molecular size, codon composition, and charge. In instances where only a few gaps were 

present, the missing values were imputed randomly with one of the 20 amino acids. If not 

imputed, those gaps will be treated as missing values in the numerical scale and removed 

from the subsequent multivariate study. Only beginning and ending of the loop region are 

Plant bHLH dataset: The 147 proteins from Arabidopsis bHLH database of Toledo-Ortiz 

et al. [13] constitute the plant dataset. They were identified using the consensus bHLH 

domain sequence signature from the animals [12] by sequence similarity search 

throughout the fully sequenced Arabidopsis genome. This database has been aligned to 

the animal bHLH motif alignment in the Atchley et al. [12, 13] and is in agreement wi

the alignment of Buck and Atchley [15]. 

ployed. The starting point of the bHLH domain alignment in plants suggested by

Toledo-Ortiz et al. [13] was 4 sites ahead of animals. Atchley and Fitch [6] started the 

commonly accepted bHLH with two highly conserved amino acids so that the start of the 

domain was clearly delimited. We have adopted thus the latter numbering schem

y have shorter loop region than animals. Beyond these distinctions, amino a

plant and animal can be homologized.  
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included for the study (sites 29-31, and sites 45-49) because of the difficulty in alignin

loop region and the resultant large number of gaps.   

g 

 

Multivariate analysis of variance (MANOVA) is used to evaluate the null hypothesis of 

no differences between plant versus animal sequence means[29, 47].  MANOVA is the 

first stage in discriminant analysis, which is used to reveal the differences among the a 

priori defined classes [29, 47]. There are several different approaches to discriminant 

analyses.  

 

 

r 

ard 

nical variate analysis) is used to 

simultaneously fit all the data to the model. The goal is to determine the linear 

 

Statistical analyses: All the statistical analyses are conducted in SAS software 

(Copyright © 2002-2003 by SAS Institute Inc., Cary, NC, USA). The input data are the

factor scores transformed protein sequence data. Each site is treated as a single variable. 

 

Stepwise discriminant analysis is used to determine the relative discriminatory 

contribution of each amino acid site by itself in the discrimination between animal and

plant bHLH proteins. The step forward discriminant analysis used here begins with no 

sites (=variables) in the model. Individual sites are then added to the model in the order 

of their discriminatory ability. The discriminatory power is measured by Wilks' Lambda, 

the likelihood ratio criterion (SAS document). At each step, the data are adjusted fo

changes arising from the removal of the variable just added to the model. The forw

selection stops when none of the unselected sites meets the entry criterion.  

 

Canonical discriminant analysis (= cano
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combin

 

oal 

 

so 

n 

he 

embers.  

 

Results and discussions 

plant bHLH sequences for the five factors was rejected in each instance at p<.0001. 

ations (canonical variates) of sites that when considered simultaneously will 

maximize the differences between a priori determined groups. The standardized 

coefficients of the linear combinations measure the relative importance of each amino 

acid for the discrimination. The scores for the canonical variates (or the linear 

combinations) can be used to transform the data into the canonical variate space with

reduced dimensions. Canonical variate analysis is used in this study to find the 

combination of sites that can best discriminate animal and plant bHLH domains. The g

is to determine where the residue differences between them are.  

  

Maximum likelihood based discriminant analysis is to find a classification function for

each group that can be used to classify observations (either new observations or old ones 

in the training dataset) into one of the existing groups. The classification function is al

a linear combination of the sites (=variables), but different from the standardized 

canonical variates. To test the efficiency of the classification functions, cross validatio

test can be used, where classification functions are evaluated by a hold-out method. T

procedure is repeated until all the observations are tested at least once. The 

misclassification rate is calculated as the percent of times when the classifications are not 

same as the prior group assignments for the excluded m

MANOVA analyses for the 51 sites for each of the five factors transformed 

bHLH protein data concluded that there are significant difference between animals and 

plants (details not shown). The null hypothesis of no differences between animal and 
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Despite the fact that plant bHLH proteins were obtained by using a sequence similarity 

search based on animal predictive motif sequence, there are highly significant differences

between the bHLH domain of animals and plants in sequence composition.  

Cross validation were conducted on the numerically transformed bHLH sequenc

data for animal and plant proteins as two different groups. The misclassification rat

given in Table 3. The misclassification rates are small for misclassifying animal protein

as plant group. For the 288 animal bHLH proteins, misclassifications are 0.35% for facto

1 transformation, 5.9% for factor 2 transformation, 3.47% for both factors 3 and 4 

transformations, and 2.08% for factor 5 transformation.  For 147 plant bHLH protei

the misclassification rates are a sligh

 

e 

es are 

s 

r 

ns, 

tly higher for misclassifying them as animal proteins. 

The mi

 group B or group E (1 out of 1 misclassified case for factor 1 transformation, 7 

 

d 

tor 1 

for 

sclassifications are 4.76% for factor 1 transformation, 13.61% for factor 2 

transformation, 16.33% for factor 3 transformation, 14.29% for 4 transformation, and 

12.24% for factor 5 transformation. A large portion of the misclassified animal proteins 

are either

out of 17 misclassified cases for factor 2 transformation, 7 out of 10 misclassified cases 

for factor 3 transformation, 7 out of 10 for misclassified cases for factor 4 transformation,

and 4 out of 6 for misclassified cases for factor 5 transformation), though group B an

group E consist of only 27% and 12% of total 288 animal proteins. Interestingly, almost 

half of the misclassified cases for plants are group 1, which possess a type B E-box 

binding sequence signature in the basic region (4 out of 7 misclassified case for fac

transformation, 15 out of 20 misclassified cases for factor 2 transformation, 15 out of 24 

misclassified cases for factor 3 transformation, 10 out of 21 for misclassified cases 
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factor 4 transformation, and 12 out of 18 for misclassified cases for factor 5 

transformation).  

Phylogenetic studies by Buck and Atchley [15] suggested that group B bHL

proteins are the ancestral binding

H 

 group for both animal and plant bHLH proteins. Animal 

ces 

f 

, 

 

t sites were defined by the magnitude of test statistics from the 

group B and plant group1 bHLH proteins bind to the same type B E-box (CACGTG). 

Thus it is reasonable to hypothesize that animal group B and plant group 1 bHLH 

proteins share similar amino acid configurations and binding specificities. This similarity 

would partly explain the reason why these two categories of bHLH proteins are more 

prone to be misclassified to each other.  

The MANOVA and cross validation results suggest that significant differen

exist between bHLH proteins of animal and plant. To better understand the evolution o

protein function and structure, it becomes important to determine where such amino acid 

differences occur within the bHLH domain and the nature of these differences.  

Step forward discriminant analysis results based on numerical factor score 

transformations are shown in Table 4. Only the first ten best discriminating sites were 

listed. Detailed statistics are available in supplemental material. For factor 1 (polarity

hydrophobicity and accessibility), the most important individual discriminatory sites are 

19, 50, and 55. For factor 2 (propensity for secondary structure), they are sites 52, 29, 54,

and 53. Sites 48, 52, and 55 have the best discriminations for factor 3 (molecular size), 

sites 6, 50, and 5 for factor 4(codon composition), and sites 48, 19, and 1 for factor 5 

(charge). These importan

step forward discriminant analysis. One of the most intriguing aspects is that over these 
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five multivariate attribute indices, only sites 1, 5 and 6 for are from the DNA binding 

region. All the others are from the HLH dimerization region.  

 Canonical variate analysis provides information about discrimination of the 

animal and plant two groups when all the sites are considered simultaneously. Results a

shown in Table 5. Group distributions on the canonical variates are shown in Figure 1. 

Factor 1 (polarity, hydrophoboicity and accessibility) has the best discriminatory ability 

among the five factors. The animal and plant proteins have the fewest overlap i

re 

n the 

e 

nine (52.38%) and lysine (19.73%) are the most common residues 

canonical variate space for factor 1 transformation. Other factors all yield considerabl

amount of overlaps between animal and plant proteins.  

 The collect of amino acid sites with high absolute values of standardized 

canonical coefficients are simultaneously maximizing the differences between animals 

and plants. For factor 1 (polarity, hydrophobicity and accessibility) transformation, these 

sites are 50, 19, 2, 49, and 22. Sites 50 and 19 are most positively and negatively loaded 

sites and they are also most individual contributing sites in the stepwise discriminant 

analysis. Site 19 is the sixth residue in first helix region, and site 50 is the beginning of 

second helix. Site 19 in animals consists of alanine (31.6%), cysteine (21.2%), and serine 

(17.4%). In plants, argi

at site 19. Site 50 in animals is almost all lysine (91.7%). While in plants, this site 

includes lysine (44.9%), threonine (13 %), and others. In animals, site 50 contacts 

phosphate backbone of DNA[43]. High resolution crystal structure of the protein-DNA 

binding from plants is necessary to better evaluate the structural consequence of these 

differences in amino acid composition.   
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Sites with large standardized coefficients for factor 2 (propensity for secondary 

structure) transformation include sites 53, 54, 49, 29, and 52.  Sites 29, 52, 53, and 54 

were also selected by step forward discriminant analysis. Site 29 is the beginning of the 

loop region. In animals, site 29 has threonine (21.5%), glutamic acid (14.2%) and leucin

(12.8%). The count

e 

erparts in plants are asparagine (27.89%), glycine (27.89%), and 

ro ep lin (12.93%). These latter three amino acids are all prone to cause turn in the protein 

secondary structure (http://csb.stanford.edu/levitt/demo_lectures/lec8/). Site 28 in 

animals and plants are mostly helix-breaker amino acid proline. It breaks the firs

and forms a turn to send the protein into loop region. We might speculate that there co

be an additional turn right after site 28 in plants. This extra turn may explain the reason 

why pla

t helix 

uld 

nt bHLH domains usually can have shorter loop than that of animals. In animals, 

 for 

le. 

he 

ch 

the average loop length is 10.2 amino acids with maximum of 21 amino acids. But in 

plants, the average loop length is only 6.7 amino acids with maximum of 9 amino acids. 

The one-tailed t-test yielded a p-value less than 0.0001 to support that loop length

plant bHLH proteins is significantly shorter than loop lengths of animal proteins. A 

second turn made by site 29 in the plant bHLH proteins makes such short loop possib

Sites 52, 53 and 54 are in the beginning of second helix. Their amino acid composition in 

plants differs from those in animals (data not shown).   

It is relatively easy and straightforward to extend factor 1 and factor 2 into t

context of protein sequence and structure. Polarity, hydrophobicity, and accessibility 

(factor 1) of amino acids decides their secondary and tertiary structure positions when 

amino acid residues are packed together to maintain some structures and functions, su

as DNA binding and transcription regulation. Propensity to second structure (factor 2) is 
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also playing important role for maintaining the protein three-dimensional structure. So 

the residue differences derived from the step forward discriminant and canonical variate 

analyses of factors 1 and 2 transformed protein sequence data indirectly reflect their 

ant 

e 

ore, 

 

cal 

, 52, 

on 

 this study, such as sites 19, 29, and 48. Very few are from 

ithin the basic region, e.g., sites 2, 5, 6, and 9. This suggests that sites outside the basic 

ly those in the second helix, play important roles in distinguishing 

betwee  

rotein 

possible structural differences. However, for factor 3 (molecular size), factor 4 (codon 

composition), and factor 5 (charge), it is not easy to connect them with the protein 

secondary and tertiary structure directly through our results, though they are import

for protein structure and function as well. And some of them are overlapped with thos

from factors 1 and 2 transformed analyses. More work is being done currently. Theref

no detailed discussions of the differences will be given here for these three factors 

between animal and plant proteins.  

The important sites for factor 3 (molecular size) from canonical variate analysis 

are sites 9, 2, 64, 21, and 51. Canonical sites involving in factor 4 (codon composition) 

are 6, 50, 22, 64, 49 and 53. And those for factor 5 (charge) are sites 55, 48, 15, 2, 21, 10,

and 13.  

 A large proportion of the discriminant sites determined by stepwise and canoni

variate analyses are in the second helix region (from sites 50 to 64), such as sites 50

53, 54, and 55. Some others are in the first helix (sites 14 to 28) and the loop regi

included (sites 29-31, 45-49) in

w

region, especial

n animal and plant bHLH proteins. The basic region is more conserved due to its

functional constraint for DNA binding. The HLH domain may have become more 

diversified to accommodate a wider range of heterodimerizations of the bHLH p
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with other transcription factors. Since few basic region residues were found to be 

involved in the discrimination between animals and plants, we hypothesize that the DN

binding specificity groups of animals may be shared by plant bHLH proteins. This 

hypothesis is examined below.  

A 

 ion rules 

. 

n 

s group B or E in animals. 

Group 

 

l 

nt 

ant bHLH 

  

Maximum likelihood discriminant analysis was conducted and classificat

for animal bHLH proteins of the five different binding groups, A to E, were determined

These classification rules were then used to classify the plant bHLH proteins into the five 

animal binding groups. The frequencies of the classifications are listed in Table 6.  

 Toledo-Ortiz et al [13] derived binding classifications of plant proteins based o

the basic region amino acid composition and configuration. We summarized their 

properties and our hypothesized equivalency to binding groups in animals in Table 2. 

Binding group 1 in plants has the same binding configuration a

2 in plants is similar to group A in animals, which has the CAGCTG E-box 

recognition motif. Group 3 in plants are considered to be equivalent to group C in 

animals which does not bind E-box. And group 4 in plants is equivalent to group D in

animals which does not bind DNA. We are interested to find the binding specificity 

concordance between plant and animal bHLH proteins. While there are few experimenta

results concerning the binding properties of plant bHLH, the concordance between pla

and animal bHLH proteins will reveal much informative knowledge about pl

proteins from the known knowledge from animal counterpart, where they have been 

studied to some extent.  

A large proportion of the plant bHLH proteins are classified by the discriminant 

classification rules as animal group B using factors 1 to 4 transformations with rates of 

 83



accuracy in classification of 70.75%, 74.83%, 65.31% and 74.84%, respectively). For 

factor 5, more than half of the plant proteins are classified into group E (65.31%), while 

21.77% are classified as group B. Group B and group E combined consist of 77.55%, 

78.91%, 81.63%, 82.31%, and 87.08% of total 147 plant proteins’ classifications from 

factor 1 through factor 5 transformations, respectively. This result is similar to the results 

of Toledo-Ortiz et al [13], where the group 1 type B E-box binding group takes most of 

f the 89 plant 

roup 1 proteins, 6 are classified as group A for factor 1 transformed data. For factor 2 

ansformation, 14 plant group 1 proteins are classified as group A, and 2 are classified as 

mation, 5 of the plant group 1 proteins are classified into 

roup A, 2 into group C and group D respectively. For factor 4 transformation, there are1 

lant group 1 protein classified as animal group A, 1 as animal group C, and 1 as animal 

mation, 1 plant group 1 protein is classified as group A. 

eyond these, all other plant group 1 proteins are classified as either group B or group E.  

 The classification results of plant bHLH proteins other than plant group 1 proteins 

 For the 20 plant group 2 proteins which are hypothesized to bind non-B type E-

ox and equivalent to animal group A proteins, none of them were classified as group A 

ed data. 3 of them are classified as animal group A for factor 2 

ansformation. For factor 3 transformation, there are 7 proteins as of group A. For factor 

 transformation, there are 9 cases of group A classifications. And for factor 5 

ansformation, there is only 1 case for group A classification. 

the plant proteins (60.54%). Toledo-Ortiz et al [13] used only alphabetic data. 

  Most of the plant group1 proteins are classified into group B. O

g

tr

group C. For factor 3 transfor

g

p

group D. For factor 5 transfor

B

 

are given in Table 7.   

 

b

for the factor 1 transform

tr

4

tr
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For the 11 plant group 3 proteins which may bind to DNA other than any E-box 

and equivalent to animal group C proteins, the numbers of group C classifications for 

factor 1 to factor 5 transformations are 4, 0, 1, 2, and 1, respectively. Other than group C, 

most o nt g roteins are c w cases of 

group A, D and E.

  There are total 27 plant group 4 proteins in

which lack the DNA bin ing configurations a  be equivalent 

to animal group D proteins. But our analysis only produced 

classifica ns for factor 1 transformation and 2 f r factor 3 transform

ere are no group D classifications at all.  The dominant classifications are groups B, C 

nd E.  

 Except for the plant group 1 proteins , our hypothesis regarding to the equivalency 

etween animal binding groups and plant binding classifications used by Toledo-Ortiz et 

l [13] are not hold. One reason is that plants and animals may not share binding 

imilarities beyond type B E-box binding property. The phylogenetic analysis suggests 

at group B is the ancestor of both animal and plant bHLH protein families [6, 15]. 

ome of the animal bHLH proteins may evolve in a different pathway after the split from 

roup B and finally fix on some specialized binding specificities that regulate different 

evelopmental processes not existing in plants, such as group A protein MyoD for 

yogenesis[64], group C protein Sim for the developmental specification of the ventral 

idline in fly[65], and  group D protein ID for neurogenesis[66]. At the same time, most 

f plant bHLH proteins were not evolving dramatically and still share many binding 

imilarities with ancestral group B proteins. This can partly explain why most (70~80%) 

f the pla roup 3 p lassified into animal group B with fe

 

 Toledo-Ortiz et al [13] classification, 

d nd we hypothesized them to

3 cases of group D 

tio o ations. Besides, 

th

a

  

b

a

s

th

S

g

d

m

m

o

s
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of the plant bHLH proteins are classified into to group B. And other plant bHLH proteins 

may evolve differently to accommodate unique functions in plants, such as anthocyanin 

biosyn  p responses. 

  es he plant classification in 

oledo-Ortiz et al [13] are not adequate and have low resolution. Only several amino acid 

sidues (sites 5, 9, 12, 13) in the basic region of the bHLH proteins were used for 

lassification in Toledo-Ortiz et al [13]. We found in our own study of animal bHLH 

roteins that sites outside basic region can have discriminant abilities for the binding 

roups (data not show). Focusing on only the basic region may cause information loss for 

e classifications. In Table 8, we compared the cross validation misclassification rates 

or the classification of animal bHLH binding groups using full length and basic region of 

e bHLH domain after the factor score transformations. Full length based classification 

an generally achieve higher accuracy than basic region.  Full length bHLH domain was 

sed in our classification procedure, which will ensure the completeness of the 

formation. In this way, our results may not in total agreement with theirs [13] since 

ey use only part of the basic region alphabetic information in their classification. 

xperimental evidence of the actual plant bHLH protein binding properties will 

ltimately solve this problem.  

onclusions 

In this paper, we explored the structural, functional and evolutionary aspects of 

lant bHLH proteins in comparison with their counterparts in animals. Instead of using 

aditional alphabetic coding for amino acids, this study undertook a numerical 

transformations of the amino acid using factor score transformations from Atchley et al. 

thesis and hotomorphogenic 

Another possible reason could be that the rul  used for t
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th
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[5]. A series of multivariate discriminant analyses were conducted to answer two majo

questions raised in the beginning of this paper: 1) What systematic differences, if any, 

occur between animal and p

r 

lant bHLH proteins with regard to bHLH domain sequences? 

) Do plant and animal bHLH proteins share the same binding groupings? 

 Though bHLH proteins are highly conserved within the bHLH domain, 

signifi t differences still exist between animal and plant bHLH proteins. The amino 

acid compositions in some sites outside basic regions, such as amino acid sites 50 and 19, 

re quite different between plants and animals. This difference may enable different 

ffinities to DNA phosphate backbones and dimerization with transcription factors in 

ifferent organisms. The residue compositions of amino acids near the beginning and 

nding of loop region are also different between plants and animals. Further, there is a 

ignificant shorter loop length in plants than animal proteins.  

In animal bHLH proteins, there are five major DNA binding groups, A to E. Each 

f the five binding groups has a unique sequence signature and DNA binding specificity 

 the basic region. Classification rules derived from the animal data for five binding 

roups were used to classify plant bHLH proteins. In this way, the binding preference of 

ach plant protein was determined. Toledo-Ortiz , et al [13] defined a different binding 

chema for this same set of plant proteins by considering the configurations of a few 

mino acid residues in the basic region. Our results are in agreement for the 

lassifications of the animal group B and plant group 1 proteins. However, there is much 

ss agreement for the rest of the plant bHLH But for the rest of the plant bHLH proteins.  

Despite the fact that the basic region sequence configuration is crucial to define 

e binding groups in animals, our previous study still show that there are some important 
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discriminant sites outside this region. In our study, we used the full sequence inform

in the bHL

ation 

H domain, including basic, two helix and part of the loop regions. The binding 

group classifications of the plant bHLH pro rom our study may give some 

insight into the g sp  o e tal data is 

not available. And these results can also serve as a ide for  exper ntal study of the 

binding properties for plant bHLH proteins.  

Acknowledgement: Thanks for Andrew Fernandes and Kevin Scott for help to prepare 

the animal bHLH protein dataset. Supported by NIH grant GM45344 
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Table 1: Classifications of bHLH DNA binding groups in animals based on the some of 
the residues in the basic region.  DNA binding groups A – E together with the E-box 
composition are shown.  The most frequent amino acids at sites 5, 6, 8, 9, and 13 are 
listed.  
 

Bindi
ou B n  ng -Gr p E ox A im o Acid Com op sition by Site 

5 6 13 
A 
 G  T (K E M,L,V  CA CTG A,N, N,T R ) 

B 
 CG   N V, E CA TG H,K ,V,S,K I, L R 

C 
 N ,A S,None R,S,K,Q,T ,D,S P  K, A R 

D 
 E, E, ,

S LNone D,V,S,T A,T,M D, M P,V T, ,N,Q 

E 
 

CG  
CG  ,M,V E CA CG

CA AG K P L R 

  8 9 
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Table 2: Classifications of bHLH DNA binding groups in plants based on Toledo-Ort
et al [13] 
 

iz , 

Plant Binding properties from [13] Equivalence to animals 
G AC ox up proup 1 C GTG E-b  Gro B, or Grou E 

roup 2 E- ox other th  CACGTG Gro  A 
r Doup 3 
ou  Dp 4 ot bind  Gro  D 

G b an  up
G NA sequence other than E-box Group C 
Gr o n DNA up
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Table 3: Discriminant analysis cross validation misclassifiations between plants and 
animals (misclassification counts/ % misclassification rates). “Animal -> plant” is the 
case when animal protein is misclassified as plant protein. “Plant -> animal” is the case 

hen plant protein is misclassified as animal protein. Total sequence number is 288 for 
animal and 147 for plant.  
 
 

M
typ

ac Factor3  r5 

w

isclassification  Fact
e 

or1 F tor2 Factor4 Facto

im t 1/0.  

l  7/4. 61 

An al -> plan
 

35 17/5.9 10/3.47 10/3.47 6/2.08 

Plant -> anima
 

76 20/13. 24/16.33 21/14.29 18/12.24 
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Table 4: Summ orward discriminant results for distinguishing between 
animal and plant bHLH proteins. First ten steps are shown. For details, see supplement 
material.  
 

Site ntered

ary of Step f

 s e  

Factor1 Fa Fa F
1 19 
2 50 29 52 50 19 
3 55 54 55 5 1 
4 2 53 19 2 21 
5 20 21 53 2 
6 17 

S  Factor2 ctor3 ctor4 actor5 tep 
52 48 6 48 

22 
6 20 49 50 

7 
8 13 14 2 

6 12 64 31 10 
0 51 
1-Po rity, hydroph

Fa
Fa

r2- P
r3-M

pensity for s
ecular size 

ure 

Fa
Fa

r4- C
5- C

on compositio
rge 

9 28 1 64 15 
8 55 

9 
1 1 53 13 56 

Factor la obicity and accessibility  
cto ro econdary struct
cto ol
cto od n 
ctor ha

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 92



Table 5: Canonical variate analysis results for distinguishing between animal and plant 
bHLH proteins. Factor 1 to factor 5 score transformations for alphabetic sequ
Pooled Within-Class Standardized Canonical Coefficients with highest absolute values 

ence data. 

re shown (sorted in decreasing order). 
 

Site  Fac te 2 ac  ite  5

a

tor1 Si  Factor Site F tor3 Site Factor
50 0.62 54 132 2 0.40 6 55 0.4501 79 0.4 29 0.5535 
2 0.4 29 6 0.33 50 2 0.4187 955 0.35 64 75 0.537 

22 0.  52 1 0.3 64085 0.3159 5 203 22 0.358 4 0.3246 
3689 28 0.2796 52 0. 105 64 0.3249 6 0.2766 

55 0. 0.3  13402 17 53 103 8 0.2711  0.275 
17 0. -0 13184 57 -0.261 .229 28 -0.257 9 -0.295 
48 -0 15 -0 24  1.303 -0.269 19 -0.286 3 -0.339 

F

F
Fact

Factor4 S

6 0. 3  5
0.2519 

46 
.234 

53 -0.303 47 -0.288 60 -0.235 53 -0.305 10 -0.359 
51 -0.339 6 -0.293 15 -0.237 49 -0.308 21 -0.373 
13 -0.374 49 -0.361 10 -0.244   15 -0.421 
49 -0.425 53 -0.599 48 -0.278   48 -0.453 
19 -0.584   21 -0.324     

    9 -0.448     
actor1-Polarity, hydrophobicity and accessibility  
actor2- Propensity for secondary structure 
actor3-Molecular size 
actor4- Codon composition 

or5- Charge 
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Table 6: Summary of plant bHLH protein classifications based on rules from animal 
bHLH binding groups (counts/ % percent of 147 plant bHLH proteins classified into each 
binding group). Factor 1 to factor 5 score transformations for alphabetic sequence data. 

 

Classified 
to animal  
 groups 

Factor1 Factor 2 Factor 3 Factor 4 Factor 5 

A 10/6.8 22/14.79 16/10.88 21/14.29 3/2.04 

B 104/70.75 110/74.83 96/65.31 110/74.84 32/21.77 

C 20/13.61 9/6.12 5/3.4 3/2.04 3/2.04 

D 3/2.04 0/0 6/4.08 2/1.36 13/8.84 

E 10/6.8 6/4.08 24/16.33 11/7.48 96/65.31 

B+E 114/77.55 116/78.91 120/81.63 121/82.31 128/87.08 
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Table 7: Classifications of plant bHLH proteins based upon rules from animal bindin
groups. Listed are plant groups 2, 3, and 4 bHLH proteins. Plant group 1 proteins are not 
shown here due to space limitation.  

g 

i
 2  ca

 
Pla t bindn

gr
ng  

Animal groups classifi tions oup

EN 
AtbHLH 
Number PID Number or3 Fact actor5 Factor1 Factor2 Fact or4 F

23 10 AAD 67 A A B 206 B B 
802 B B 
206  
973 B A 

B C  

5 116 NM1135 C 

M12 2 B B A E 

24 89 AAF 14 A A B 
25 91 AAD 66 A B B B C 
41 35 BAA 65 B B C 
42 27 CAB43668 B B C 
43 29 AAC98450 B B E B E 
44 33 AAF78492 B C E A E 
4 86 B E B E 
46 61 CAB89386 B B A B A 
47 93 N 596 A 
48 21 A 422 B E 2 B B E AC6

49 22 CAB7913 A 2 B B A E 
50 90 A 958 B  6 E A B AD3

62 103 C 019 B 
B

9 B A A B AA2

69 130 A 865 A 2 B B B E AB8

70 122 A 054 A 3 B B B E AG5

71 80 A 260 A AG1 8 
B B E 
B B E E 

72 81 CAB7804 A 2 

73 129 A 430 E 
E 

3 B B B 
B B 

AC6

74 128 938 E 
E 

6 B E AAF2

 

 

bindi
up 3 ps classifications 

Plant ng  
Animal grougro   

EN 
LH 

Number 
ID 

Number Factor1 Factor2 Factor3 Factor4 Factor5 
AtbH P

61 113 BAA99700 C A B B B 
67 135 AAF15922 B A D A D 
68 26 AAK15282 B B B D D 
111 132 BAC10690 B B B B D 
117 37 CAB62312 C B B B E 
123 53 AAC12822 C B B C E 
124 52 AAD25754 C B C C E 
131 145 BAB10287 B B D B D 
132 108 NM102341 B B B B D 
142 147 BAA94998 B B B A C 
143 148 AAF63634 B B D A D 
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Plant binding  
group 4  Animal groups classifications 

EN 
AtbHLH 
Number PID Number Factor1 Factor2 Factor3 Factor4 Factor5 

58 12 BAA11933 A C C B D 
59 110 AAF24944 C A B B B 
60 68 CAB79668 C B B B E 
63 123 BAB02240 C A B B E 
64 112 AAD21412 C B B B B 
65 114 CAB81059 C C B B B 
66 111 AAF98179 B B B B D 
97 48 AAD23713 A A B B B 
112 83 AAG27834 C E B B E 
113 86 BAB10359 C E B B E 
114 54 AAF24948 C B B B E 
115 85 CAA19870 C B B B E 
116 139 ABO23030 C B E B E 
118 88 NP201507 C B B B E 
119 43 CAB89355 C B B B E 
120 40 CAB80770 C B B B E 
121 87 BAB03046 C B B B E 
122 140 CAB81914 C B B B E 
128 142 BAB09865 B B D A D 
129 143 CAC05472 B B B A E 
130 144 AAG52051 D B E A E 
140 117 BAB01396 D E A A E 
141 146 CAB81011 D C B A D 
144 149 NP563839 A B A A D 
145 150 AAF26082 A B A A A 
146 151 AAB63827 C B C A D 
147 152 AAF87154 B B A B D 
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Table 8: Comparisons of cross validation misclassification rates for the animal binding 
groups using full length and basic region of bHLH domain after factor score 
transformations. (full length based misclassification/ basic region based misclassification) 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Group 
A 

Group 
B 

Group 
C 

Group D Group E Total 

Priors 0.3854 0.2674 0.0799 0.1493 0.1181 1 

Factor1 0/0 0.039/0.013 0/0 0.023/0.023 0/0.088 0.0139/0.0174 

Factor2 0.027/0.180 0.039/0.169 0.044/0.087 0.023/0.047 0/0.088 0.0278/0.1389 

Factor3 0.018/0.135 0.078/0.325 0.044/0 0.023/0.186 0/0.235 0.0347/0.1944 

Factor4 0.018/0.135 0.104/0.104 0.044/0 0.023/0.302 0.029/0.147 0.0451/0.1424 

Factor5 0/0.018 0.026/0.169 0/0.087 0/0 0/0.088 0.0069/0.0694 
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Figure 1: Animal and plant bHLH protein distributions on the canonical variates for the 
factor transformations.  
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Supplemental Table1: Cross validation misclassified proteins for factor1 – factor 5 
transformed animal and plant bHLH domain sequences. Animal groups are based on A-E 
system. Plant groupings are based on [13] 
 

Original 
 

Group 
 

Name 
 

Factor1 
classification 

animal B HUMMYCL2/P12525/B/4/MYCL2 plant 
plant 1 AAG13058_21_95 animal 
plant 1 CAC00740_55_107 animal 
plant 1 AAD11998_56_106 animal 
plant 3 AAF15922_67_135 animal 
plant 1 NM114632_139_47 animal 
plant 3 BAA94998_142_147 animal 
plant 3 AAF63634_143_148 animal 

 
 

Original 
 

Group 
 

Name 
 

Factor2 
classification 

animal  A HLH4_CAEEL/P34555/A/4/hlh4 plant 
animal  A HEN1_HUMAN/Q02575/A/3/NHLH1 plant 
animal  A HEN2_HUMAN/Q02577/A/3/NHLH2 plant 
animal  B INO2_YEAST/P26798/B/3/INO2 plant 
animal  B CBF1_KLULA/P49379/B/4/CBF1 plant 
animal  B CBF1_YEAST/P17106/B/4/CBF1 plant 
animal  B RTG3_YEAST/P38165/B/4/RTG3 plant 
animal  B YAWC_SCHPO/Q10186/B/4/SPAC3F10 plant 
animal  B ESC1_SCHPO/Q04635/B/3/esc1 plant 
animal  B ARNT_HUMAN/P27540/B/4/ARNT plant 
animal  B NPAS2_HUMAN/Q99743/B/4/NPAS2 plant 
animal   C AHR1_Celeg/C/ plant 
animal  C F38A63_Worm/C/ plant 
animal  C SIM_DROME/C/ plant 
animal  C NPAS1_MOUSE/P97459/C/4/Npas1 plant 
animal  C SIM1_HUMAN/P81133/C/4/SIM1 plant 
animal  D gi|4587144|dbj|BAA76632.1| plant 
plant  1 NM118672_5_118 animal 
plant  1 NM124557_6_36 animal 
plant  1 CAB72167_8_38 animal 
plant  1 CAB72168_9_39 animal 
plant  1 NM120497_10_101 animal 
plant  1 BAB11554_18_99 animal 
plant  1 BAB11628_22_92 animal 
plant  1 CAB80472_52_134 animal 
plant  1 AAD25935_57_51 animal 
plant  3 AAF15922_67_135 animal 
plant  3 AAK15282_68_26 animal 
plant  1 CAB67608_91_60 animal 
plant  1 CAA2297B_105_138 animal 
plant  1 CAA22972_106_56 animal 
plant  1 CAB93714_126_46 animal 
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plant  1 BAB08642_127_141 animal 
plant  1 NM114632_139_47 animal 
plant  4 BAB01396_140_117 animal 
plant   4 CAB81011_141_146 animal 
plant  4 AAF87154_147_152 animal 

 
 

Original 
 

Group 
 

Name 
 

Factor3 
classification 

animal  A HLH6_CAEEL/Q10007/A/4/hlh6 plant 
animal  B HUMMYCL2/P12525/B/4/MYCL2 plant 
animal  B XELXLMYC/Q05404/B/4/LMYC1 plant 
animal  B MAD4_HUMAN/Q14582/B/4/MXD4 plant 
animal  B MAD4_MOUSE/Q60948/B/4/Mxd4 plant 
animal  B CLOCK_HUMAN/O15516/B/4/CLOCK plant 
animal  D gi|72114725|ref|XP_780755.1| plant 
animal  D EMC_DROS/P18491/D/1/emc plant 
animal  E Hairy_Ciona/E/ plant 
animal  E ESM8_DROME/P13098/E/5/E_spl_ plant 
plant  1 NM118673_3_126 animal 
plant  1 NP199992_4_120 animal 
plant  1 CAB72167_8_38 animal 
plant  1 CAB72168_9_39 animal 
plant  1 NM120497_10_101 animal 
plant  1 NM124039_17_71 animal 
plant  1 AAG13058_21_95 animal 
plant  1 BAB11628_22_92 animal 
plant  2 AAD20666_25_91 animal 
plant  4 BAA11933_58_12 animal 
plant  4 AAD23713_97_48 animal 
plant  1 CAA2297B_105_138 animal 
plant  4 AAF24948_114_54 animal 
plant  4 CAA19870_115_85 animal 
plant  2 AAD25754_124_52 animal 
plant  1 AAF07356_125_102 animal 
plant  1 BAB08642_127_141 animal 
plant  1 BAB09934_133_105 animal 
plant  1 AAL55718_137_11 animal 
plant  1 NM112876_138_121 animal 
plant  1 NM114632_139_47 animal 
plant  2 BAA94998_142_147 animal 
plant  2 AAF63634_143_148 animal 
plant  4 AAB63827_146_151 animal 

 
 

Original 
 

Group 
 

Name 
 

Factor4 
classification 

animal A SULSUM1A/Q00492/A/5/SUM1 plant 
animal A CELMYOD/P22980/A/5/hlh1 plant 
animal B HUMMYCL2/P12525/B/4/MYCL2 plant 
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animal B MXI1_HUMAN/P50539/B/4/MXI1 plant 
animal B SREBP2_H/Q9ESZ4/B/4/Srebf2 plant 
animal B ESC1_SCHPO/Q04635/B/3/esc1 plant 
animal B TIF2_HUM/Q15596/B/3/NCOA2 plant 
animal B ARNT_HUMAN/P27540/B/4/ARNT plant 
animal C Spineless_D/C/ plant 
animal E ESM5_DROME/P13096/E/5/HLHm5 plant 
plant 1 NP199992_4_120 animal 
plant 1 CAB72167_8_38 animal 
plant 1 CAB72168_9_39 animal 
plant 1 NM120497_10_101 animal 
plant 1 AAG13058_21_95 animal 
plant 2 AAF80214_24_89 animal 
plant 2 CAB79132_49_22 animal 
plant 1 BAA97026_51_41 animal 
plant 4 BAA11933_58_12 animal 
plant 4 AAF24944_59_110 animal 
plant 2 CAA20199_62_103 animal 
plant 2 AAC64303_73_129 animal 
plant 2 AAF29386_74_128 animal 
plant 1 BAB08482_109_72 animal 
plant 1 AAC34226_110_124 animal 
plant 1 CAB93714_126_46 animal 
plant 1 NM114632_139_47 animal 
plant 4 CAB81011_141_146 animal 
plant 2 BAA94998_142_147 animal 
plant 4 NP563839_144_149 animal 
plant 4 AAF26082_145_150 animal 

 
 

Original 
 

Group 
 

Name 
 

Factor5 
classification 

animal B XELXLMYC/Q05404/B/4/LMYC1 plant 
animal B MYC_PIG/Q29031/B/4/MYC plant 
animal D gi|4587144|dbj|BAA76632.1| plant 
animal D gi|19908229|gb|AAL40892.1| plant 
animal E SHARP_RA/O14503/E/3/BHLHB2 plant 
animal E HES3_mouse/E/ plant 
plant 1 NM118673_3_126 animal 
plant 1 NP199992_4_120 animal 
plant 1 CAB72167_8_38 animal 
plant 1 CAB72168_9_39 animal 
plant 1 NM120497_10_101 animal 
plant 1 BAB11628_22_92 animal 
plant 2 AAD20667_23_10 animal 
plant 2 AAD39586_50_90 animal 
plant 1 CAB80472_52_134 animal 
plant 4 BAA11933_58_12 animal 
plant 3 AAF15922_67_135 animal 
plant 1 AAC34226_110_124 animal 
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plant 1 BAB08642_127_141 animal 
plant 3 NM102341_132_108 animal 
plant 1 AAL55718_137_11 animal 
plant 1 NM112876_138_121 animal 
plant 1 NM114632_139_47 animal 
plant 3 BAA94998_142_147 animal 
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Supplemental Table2: Step forward discriminant results for distinguishing between 
animal and plant bHLH proteins. First ten steps are shown due to space limitation. a-e: 
factor 1 to factor 5 transformation for  alphabetic sequence data 
 
a: Factor1 – Polarity, hydrophobicity and accessibility 
 

Partial Wilks' Pr < Average Pr > 
Step 

Sites 
Entered R-Square F Value Pr > F Lambda Lambda Squared ASCC 

1 19 0.443 344.31 <.0001 0.557 <.0001 0.443 <.0001 
2 50 0.2652 155.9 <.0001 0.4093 <.0001 0.5907 <.0001 
3 55 0.2138 117.2 <.0001 0.3218 <.0001 0.6782 <.0001 
4 2 0.1605 82.23 <.0001 0.2702 <.0001 0.7298 <.0001 
5 22 0.1219 59.54 <.0001 0.2372 <.0001 0.7628 <.0001 
6 17 0.0911 42.88 <.0001 0.2156 <.0001 0.7844 <.0001 
7 9 0.09 42.25 <.0001 0.1962 <.0001 0.8038 <.0001 
8 13 0.0654 29.81 <.0001 0.1834 <.0001 0.8166 <.0001 
9 6 0.0678 30.91 <.0001 0.1709 <.0001 0.8291 <.0001 

10 51 0.0551 24.7 <.0001 0.1615 <.0001 0.8385 <.0001 
 
 
b: Factor 2- propensity for secondary structure 
 

Partial Wilks' Pr < Average Pr > 
Step 

Sites 
Entered R-Square F Value Pr > F Lambda Lambda Squared ASCC

1 52 0.2123 116.69 <.0001 0.7877 <.0001 0.2123 <.0001
2 29 0.2213 122.77 <.0001 0.6134 <.0001 0.3866 <.0001
3 54 0.1337 66.49 <.0001 0.5314 <.0001 0.4686 <.0001
4 53 0.1516 76.81 <.0001 0.4509 <.0001 0.5491 <.0001
5 20 0.0463 20.82 <.0001 0.43 <.0001 0.57 <.0001
6 6 0.0638 29.16 <.0001 0.4026 <.0001 0.5974 <.0001
7 28 0.0336 14.86 0.0001 0.389 <.0001 0.611 <.0001
8 14 0.03 13.17 0.0003 0.3774 <.0001 0.6226 <.0001
9 12 0.0305 13.38 0.0003 0.3659 <.0001 0.6341 <.0001

10 1 0.0198 8.55 0.0036 0.3586 <.0001 0.6414 <.0001
 
 
c: Factor3 – molecular size 
 

Partial Wilks' Pr < Average Pr > 
Step 

Sites 
Entered R-Square F Value Pr > F Lambda Lambda Squared ASCC 

1 48 0.3123 196.61 <.0001 0.6877 <.0001 0.3123 <.0001 
2 52 0.1137 55.42 <.0001 0.6095 <.0001 0.3905 <.0001 
3 55 0.0941 44.78 <.0001 0.5522 <.0001 0.4478 <.0001 
4 19 0.0695 32.11 <.0001 0.5138 <.0001 0.4862 <.0001 
5 21 0.0511 23.1 <.0001 0.4875 <.0001 0.5125 <.0001 
6 20 0.0592 26.94 <.0001 0.4587 <.0001 0.5413 <.0001 
7 1 0.044 19.66 <.0001 0.4385 <.0001 0.5615 <.0001 
8 2 0.0472 21.09 <.0001 0.4178 <.0001 0.5822 <.0001 
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9 64 0.0415 18.42 <.0001 0.4004 <.0001 0.5996 <.0001 
10 53 0.035 15.36 0.0001 0.3864 <.0001 0.6136 <.0001 

 
 
d: Factor 4 – Codon composition  
 

Partial Wilks' Pr < Average Pr > 
Step 

Sites 
Entered R-Square F Value Pr > F Lambda Lambda Squared ASCC 

1 6 0.1846 98.02 <.0001 0.8154 <.0001 0.1846 <.0001
2 50 0.1495 75.92 <.0001 0.6935 <.0001 0.3065 <.0001
3 5 0.1522 77.36 <.0001 0.588 <.0001 0.412 <.0001
4 2 0.1037 49.76 <.0001 0.527 <.0001 0.473 <.0001
5 53 0.0592 27.01 <.0001 0.4958 <.0001 0.5042 <.0001
6 49 0.0657 30.12 <.0001 0.4632 <.0001 0.5368 <.0001
7 64 0.0696 31.92 <.0001 0.431 <.0001 0.569 <.0001
8 8 0.0444 19.79 <.0001 0.4118 <.0001 0.5882 <.0001
9 31 0.0346 15.24 0.0001 0.3976 <.0001 0.6024 <.0001
10 13 0.0292 12.74 0.0004 0.386 <.0001 0.614 <.0001

 
 
e: Factor 5 – Charge 
 

Partial Wilks' Pr < Average Pr > 
Step 

Sites 
Entered R-Square F Value Pr > F Lambda Lambda Squared ASCC 

1 48 0.3173 201.24 <.0001 0.6827 <.0001 0.3173 <.0001
2 19 0.2418 137.8 <.0001 0.5176 <.0001 0.4824 <.0001
3 1 0.1671 86.46 <.0001 0.4311 <.0001 0.5689 <.0001
4 21 0.1246 61.2 <.0001 0.3774 <.0001 0.6226 <.0001
5 2 0.1177 57.23 <.0001 0.333 <.0001 0.667 <.0001
6 50 0.0795 36.97 <.0001 0.3065 <.0001 0.6935 <.0001
7 15 0.087 40.7 <.0001 0.2798 <.0001 0.7202 <.0001
8 55 0.0583 26.39 <.0001 0.2635 <.0001 0.7365 <.0001
9 10 0.0559 25.18 <.0001 0.2488 <.0001 0.7512 <.0001
10 56 0.0379 16.7 <.0001 0.2393 <.0001 0.7607 <.0001
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Summary 

 

 Throughout this dissertation, protein sequence metric problem solution was 

revisited and then applied to basic helix-loop-helix protein (bHLH) family to solve the 

protein structural, functional and evolutionary problems. 

 Protein metric protein is caused by the fact the natural alphabetic coding of amino 

acids lack the underlying numerical metric. Work has been done to circumvent this 

problem, such as chemical attributes indexing approaches [1, 2], entropy and mutual 

information approaches [3, 4]. A more general and comprehensive approach is the 

solution proposed by Atchley et al. [5] . Started with a complete set of 495 

physiochemical attributes of the amino acid,  a subset of 54 attributes was produced 

which can represent most of the information in the original 495 attributes dataset. Factor 

analysis model was applied to this 54 attributes dataset and five numerical and 

interpretable patterns of amino acid variability are derived. These five factors can reflect 

amino acid variability of i) polarity, hydrophobicity and accessibility;  ii) propensity for 

secondary structures, iii) molecular size or volume; iv) codon diversity and  amino acid 

compositions; and v) isoelectric points and electrostatic charge. Chapter 1 of this 

dissertation was devoted to explore in depth some of the unsolved issues in the Atchley et 

al. [5] paper. For the question of “How much information was lost by reducing the 

original 495 attributes to a subset of 54 ?”, results showed that the 54 attributes used for 

the final model construction is enough to maintain the complete information in the 

original ~500 attributes data. No important information was lost by reducing the working 

dataset. The simplicity of the working dataset even made the computation and 
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interpretation easier and clearer. For the question of “How robust is the final five factor 

patterns model, compared to other possible models?”, it turned out that only around 6% 

of the total common variance was left by reducing from 7-factor full model to the 5-

factor model. And the two factors left out were not defining any new dimensions in 

addition to the five already in the 5-factor model. A novel way to class 20 amino acids 

using the numerical factor scores from their study[5] was also explored. And the resulting 

amino acids classifications were discussed in comparison to the traditional alphabetic 

letters based classifications. Numerical metric makes it possible to gain higher resolution 

for the amino acid classification. Finally in chapter 1, factor analysis and principal 

component analysis was compared both in math foundation and with real example, and 

scenario when these methods should be used was discussed. 

 In chapter 2 and 3, the numerical factor scores for amino acids were used to 

transform the protein sequence data for using advanced statistical analyses to solve the 

structural, functional, and evolutionary problems.  

Basic helix-loop-helix (bHLH) is a large family of proteins with a conserved 

bHLH domain with different regulatory functions in different organisms, such as yeast, 

fly, animal and plant. The characteristic C-terminal basic region can bind consensus 

hexanucleotide DNA sequence and N-terminal HLH region can dimerization with bHLH 

proteins. There is a 19 element predictive motif that can define the members of this 

family [6, 12, 13]. Within the bHLH protein family, there are five different DNA binding 

groups that are determined by the DNA binding specificities and basic region amino acid 

residue configurations[6, 12]. The binding groups are assembling of statistically 

supported lineages, clades, from the phylogenetic analysis. Little has been done for the 
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systematic studies on the clade level[4, 12]. Herein, in chapter 2 of this dissertation, 

classification and discrimination between the clades of the groups A and B bHLH 

proteins were studied by using the factor scores transformed sequence data and stepwise 

discriminant analysis. Some of the contributing discriminant sites for different clades 

were determined and their possible structural and functional importance was discussed by 

comparing with some of already solved crystal structures of bHLH proteins.  At the same 

time, classification strategies for the clades were proposed based upon the determined 

discriminant sites. 

  In chapter 3, the binding properties of the plant bHLH proteins were explored by 

using the information from the animal proteins. Despite the facts that quite a few plant 

bHLH proteins have been found and there are extensive studies for the animal 

counterparts of this family, plant bHLH protein studies are still in the preliminary stage.  

Structural, functional and evolutionary properties of the 147 Arabidopsis bHLH proteins 

[13] were studied in this chapter 3 by using the factor score transformed bHLH protein 

data. The study showed that there are significant sequence differences between plant and 

animal bHLH proteins, though the plant bHLH proteins were derived from the predictive 

motif of the animal bHLH proteins. The differences were mostly in the regions outside 

the basic region, which indicates that basic region may under more selective pressures to 

maintain the DNA binding function, while HLH region has less constraint and can 

diversify more freely to accommodate the variations in different organisms.  Further, 

possible binding specificities were assigned to each of the 147 Arabidopsis bHLH 

proteins based on the classification rules derived from the animal binding groups.  
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