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Abstract: Antigenic variation, which is the result of amino acid substitution and genetic evolution, poses a major chal-
lenge in the development of vaccines against pathogens with unstable genomes, such as HIV-1 and Influenza. Thus, it is 
highly important to characterize the relationship of genetic evolution, antigenic variation and positional mutation (GAP) 
from the perspective of vaccine development. For this purpose, we introduce an automatic and simple GAP analysis ap-
proach, which is based on the fundamental concept of “mutational behavior” in genomic research, to predict the specific-
ity-determining positions in protein families. This approach identifies cross-neutralization determinants by mutational be-
havior correlation to antigenic and genetic changes. Correlated mutation analysis and structure mapping further refine the 
cross-neutralization determinants. The usability of this approach is confirmed by analysis of an Influenza H3N2 cross-
reactive dataset. 
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1. INTRODUCTION 

 Most infectious diseases caused by slowing mutating 
DNA viruses can now be controlled effectively through the 
use of vaccines. However, viruses with unstable genomes 
(mostly RNA viruses) are still a major threat to human life. 
The antigenic variation of these pathogens either necessitates 
frequent updating of vaccine strains (Influenza) or makes the 
vaccine a total failure (HIV-1) [9]. Antigenic variation is the 
consequence of amino acid substitution and genetic evolu-
tion. Therefore, GAP analysis is considered highly important 
from the perspective of vaccine development. In the past, 
different approaches have been proposed for this analysis, 
most of them focused on the Influenza virus [2, 3, 8, 26]. 
These analyses fall into two general categories: (1) compar-
ing the antigenic and genetic evolution pattern, by phyloge-
netic tree, hierarchical clustering or proximity map; (2) iden-
tifying the residues with positive selection or the residues 
responsible for cluster shift. While these analyses greatly 
enhanced our understanding of antigenic and genetic evolu-
tion patterns, questions still remain. In particular, what ge-
netic factors determine the cross-neutralization patterns 
among variant viruses? To answer this question, an auto-
matic and quantitative approach is required. 

 Identification of cross-neutralization determinants is, in a 
way, similar to the practice in genomic research of predicting 
the specificity-determining positions (or tree-determining 
positions, TDPs) in protein families. Usually, protein fami-
lies evolved from a common ancestor contain multiple sub-
families with similar yet distinct functions. For example, the 
human GPCR family with endogenous ligands alone consists 
of  367  receptors.  These  receptors   can  be  further  divided  
into subfamilies  according to their genetic relationship  [28].   
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GPCRs in different subfamilies recognize distinct ligand 
types (i.e., peptide, neurotransmitter) and hence, different 
functionalities. Thus, a common challenge of sequence 
analysis for protein families such as GPCR is to identify the 
residues that determine the functional specificity of proteins 
with a common general function (i.e., binding ligand type). 
Three basic methods have been proposed for this purpose 
and tested in various protein families. The first method takes 
a phylogenetic representation of a protein family as a starting 
point and, following the principle of Information Theory, 
automatically searches for the optimal division of the family 
into subfamilies [12, 13, 19, 20]. The second method looks 
for positions whose mutational behaviors are reminiscent of 
the mutational behavior of the full-length proteins by directly 
comparing the corresponding distance matrices. The third 
method, called “sequence space analysis,” is an automation 
of the analysis of distribution of sequences and amino acid 
positions in the corresponding multidimensional spaces us-
ing a vector-based principal component analysis [4]. Among 
these three methods, the second (“mutational behavior analy-
sis”) has been demonstrated to be simple, flexible and pow-
erful [5]. This method assumes that the variation pattern of 
the specificity-determining positions should reflect that of 
the entire protein family. Although this method does not use 
any explicit representation of the family phylogenetic tree, as 
does the first method, the phylogenetic information is con-
tained in the protein distance matrix. Therefore, it is flexible 
and independent of any tree-construction algorithm. 

 Usually, mutational behavior analysis compares the 
positional mutation pattern to genetic change. Mutational 
behaviors of two different positions can also be compared in 
order to detect correlated mutations [10]. Due to structural 
and functional constraints, mutations at different positions 
must coordinate. One escaping mutation may be accompa-
nied by one or more compensatory mutations at other posi-
tions. It is important to differentiate these two kinds of muta-
tions. Positions with correlated mutation are believed to be in 
close contact. Indeed, a discernible trend was observed when 
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comparing the correlated mutation with distance from the 
crystal structure: a residual pair with higher correlation has 
shorter distance [10]. Correlated mutations were character-
ized by the correlation coefficient between two amino acid 
similarity matrices [10]. Alternatively, correlated mutations 
can also be calculated by treating amino acids as discrete 
variables [15]. Although sequence space analysis was pro-
posed as a way to predict functional residues in proteins, the 
patterns defined by the principal components also contain the 
information of correlated mutations [4]. 

 Based on the fundamental concept of mutational behavior 
analysis, we propose an automatic approach for identifying 
the cross-neutralization determinants. For a collection of 
related viruses, cross-reactivity among these viruses can be 
considered as “specificity.” The mutational behavior of 
cross-neutralization determining positions (CDPs) should 
reflect the pattern of cross-neutralization and therefore can 
be identified by the high correlation between positional 
amino acid dissimilarity and antigenic distance. TDPs are 
also identified and jointly interpreted with CDPs. Further-
more; mutational behavior analysis is applied to find the 
potential correlated mutations and the high level correlation 
patterns. This whole approach is illustrated by identification 
of cross-neutralization determinants from an Influenza H3N2 
dataset. CDPs known to be involved with neutralizing anti-
body are successfully identified by this method. Moreover, 
correlated mutation analysis reveals more interesting pat-
terns, which may be worth further investigation. 

2. MATERIALS AND METHODS 

2.1. Cross-Reactive Data Set 

 To demonstrate the mutational behavior approach, we 
selected a small Influenza H3N2 cross-reactive antibody 
dataset. This dataset contains 11 isolates from season 1971-
1979 [1, 18]. Cross-reactivity is based on a hemagglutination 
inhibition (HI) assay, which is a binding assay testing the 
ability of influenza viruses to agglutinate red blood cells and 
the ability of animal antisera raised against the same or re-
lated strains to block this agglutination. HA1 polypeptide 
sequences were obtained by searching the Los Alamos Influ-
enza Sequence Database (http://www.flu.lanl.gov) or they 
were entered from the original publication if they were not 
available in the database. For easy comparison, some am-
biguous codons caused by low sequence quality were 
changed to the consensus sequence. 

2.2. Genetic Distance, Antigenic Distance and Amino 
Acid Dissimilarity 

 Mutational behavior analysis relies on the comparison of 
distance (and dissimilarity) matrices. The genetic distance 
matrix was calculated using the PROTDIST program from 
PHYLIP package (http://evolution.genetics.washington.edu/ 
phylip.html). The antigenic distance matrix was generated as 
described earlier [18]. For two different isolates (i.e., a and 
b), if homologous titers of two viruses are Ta and Tb and two 
heterologous titers against each other are Ta,b and Tb,a, the 
antigenic distance Da,b (or Db,a) is defined as 

  Da , b = (Ta Tb) / (Ta ,b Tb ,a )
 
     (1) 

 Positional amino acid dissimilarity is based on the BLO-
SUM62 amino acid substitution matrix [11]. The values in 
the matrix are the log odds ratio between the observed amino 
acid pair frequencies and those expected by chance, which 
roughly reflect the amino acid similarity of physico-chemical 
properties. Since these values are the amino acid similarity 
measure, they are simply negated to dissimilarity for muta-
tional behavior analysis. For a multiple alignment with n 
positions, n positional amino acid dissimilarity matrices can 
be generated. 

2.3. Genetic and Antigenic Maps 

 Usually, genetic and antigenic relationships are visual-
ized by a phylogenetic tree (for genetic distance) or a hierar-
chical cluster (for genetic and antigenic distances). Recently, 
an “antigenic map” was introduced with a geometric inter-
pretation of binding assay data, which is based on the theo-
retical concept of “shape space” [7, 17, 23]. Multidimen-
sional scaling (MDS) is used to position the isolates in the 
genetic or antigenic map. This algorithm is performed so that 
the distances from the proximity genetic or antigenic maps 
match those from the distance matrix. This feature of anti-
genic mapping leads researchers to believe that an antigenic 
map can provide greater resolution than an assay in cross-
reactivity prediction [26]. 

2.4. Correlation of Genetic and Antigenic Evolutions 

 Correlation analysis of genetic and antigenic changes is 
an essential part of our proposed framework for GAP analy-
sis (Fig. 1). It can provide insight beyond the genetic and 
antigenic maps. For example, antigenic change may only be 
correlated with genetic change within a narrow range. Thus, 
significant correlation may be observed only within this 
range. The Spearman rank correlation coefficient was used to 
quantify the correlation level. The higher the correlation, the 
more accurately cross-reactivity can be predicted by genetic 
change. 

2.5. Identification of CDPs and TDPs 

 Mutational behavior analysis identifies TDPs by compar-
ing the mutational behavior of each individual alignment 
positions with that of the whole-length proteins [5]. The idea 
is that, in these positions, amino acids would be only con-
served between proteins genetically similar, and the other 
way around. The mutational behavior of the proteins can be 
represented by a matrix whose elements are the protein dis-
tances of all protein pairs. On the other hand, the mutational 
behavior of each individual alignment positions is repre-
sented by a matrix whose elements are amino acid dissimi-
larities of all the residual pairs at that position. These two 
matrices are compared with a Spearman rank-order correla-
tion coefficient. Positions with a high value of this correla-
tion coefficient are the ones for which dissimilarities be-
tween amino acids are correlated with the genetic distances 
between the corresponding proteins, and hence are predicted 
as TDPs. 

 Similarly, CDPs are identified by comparing the amino 
acid dissimilarity matrix with antigenic distance matrix, 
whose elements are the antigenic distances of all virus pairs. 
In this case, antigenic distance is considered the “functional 
classification” of the proteins [22]. Obviously, CDPs may 
coincide with TDPs when genetic and antigenic evolutions 
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are highly correlated. Nevertheless, there may be a dis-
agreement between them, considering the punctuated anti-
genic evolution of Influenza [26]. 

2.6. Correlated Mutation and Correlation Map 

 Correlated mutation between two positions can also be 
similarly detected by the Spearman rank correlation coeffi-
cient of their amino acid dissimilarity matrices. High correla-
tion between a residue pair indicates that either they are in 
close contact or that they are compensatory mutations [10]. 
Therefore, correlated mutation analysis is critical in defining 
the neutralizing antibody-binding surface and in differentiat-
ing the escaping mutations (true CDPs) from compensatory 
mutations. A correlation matrix can be obtained by calculat-
ing all pair-wise mutational correlations, followed by MDS 
analysis to generate a correlation map. Genetic and antigenic 
changes can also be positioned on this map. We expect that a 
higher level complex pattern may be revealed from this cor-
relation map. 

2.7. Position Space Analysis 

 Casari et al. introduced a method used to predict func-
tional residues in protein families [4]. This method repre-
sents each sequence as a vector point in a multi-dimensional 
space (sequence space), with residue positions and residue 
types as the basic dimensions. Principal component analysis 
(PCA) is then applied to determine the specific sequence 
patterns (profiles), a combination of specific residue types at 
specific sequence positions. PCA is a statistical method used 

to reduce a set of observed variables into a relatively small 
number of components that account for most of the observed 
variances. This is accomplished by mathematical linear 
transformations of the observed variables under two condi-
tions. The first condition is that the first component (the 
principal component) accounts for the maximum amount of 
variance possible, the second component accounts for the 
next maximum amount of variance, and so on. The second 
condition is that all components are uncorrelated with each 
other. We adopt this approach in our mutational behavior 
analysis for similar purposes. PCA is applied to the amino 
acid dissimilarity matrix rather than the vector representation 
of residues. The pattern observed from this “position space” 
will be compared to that from the correlation map. 

2.8. Structure Mapping 

 The crystal structure of haemagglutinin was solved more 
than 20 years ago [33]. The HA glycoprotein of the influenza 
virus is a trimer comprising two structurally distinct regions: 
a triple-stranded coiled-coil of -helices and a globular re-
gion of antiparrallel -sheet, which contains the receptor-
binding site. The variable antigenic determinants are posi-
tioned on top of this stem. Five antigenic sites were deduced 
from this structure and sequence data [30, 31, 33]. At least 
one amino acid substitution in each site seems to have been 
required for the production of new epidemic strains between 
1968 and 1975. A recent complete study of viruses from the 
1968-2003 seasons confirmed the importance of mutations in 
these five antigenic regions [26]. The defined TDPs, CDPs 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. (1). Schematic representation of mutational behavior approach for GAP analysis. (I) Correlation of genetic and antigenic variation. Cor-
relation level indicates the accuracy of cross-reactivity prediction by genetic change. (II) Mutational behavior correlation to genetic change 
identifies TDPs. (III) Mutational behavior correlation to antigenic change identifies CDPs. (IV) Correlated mutation between two positions. 
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and other positions of interest will be mapped to this struc-
ture using the UCSF Chimera package [24]. Interpretation of 
mutational behavior patterns in the context of antigen struc-
ture further helps us define the cross-neutralization determi-
nants. 

2.9. Statistical Analysis 

 All statistical analysis and plotting were performed using 
R statistical package [27]. 

3. RESULTS 

3.1. Correlation of Genetic and Antigenic Evolution 

 The first step in GAP analysis is to compare the genetic 
and antigenic evolution patterns. In our analysis, comparison 
of the genetic and antigenic maps showed a remarkable dif-
ference (Fig. 2A, B). While the viruses seem to be clustered 

together according to seasons on the genetic map, this pat-
tern is not obvious on the antigenic map. This observation is 
consistent with the analysis of a complete H3N2 virus set 
isolated from seasons 1968 - 2003 [26]. Not surprisingly, the 
correlation of genetic and antigenic changes is not very 
strong (Fig. 2C). 

 HA1 sequence alignment shows that, among the 329 total 
positions, only about 50 have variations. The rest of the posi-
tions are completely conserved across the 11 isolates (Fig. 
3). The variation pattern varies from position to position. 
Which variable position(s) determine the cross-neutralization 
pattern is the focus of the following analysis. 

3.2. Identified TDPs and CDPs 

 We first identified TDPs whose mutational behaviors are 
highly correlated with genetic changes. Among the 50 vari-

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. (2). Genetic and antigenic evolution pattern. (A) Genetic map. (B) Antigenic map. (C) Correlation of genetic and antigenic distances. 
Each point represents an unique pair of viruses. 
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able positions, over a dozen of them showed strong correla-
tion with genetic change and were identified as TDPs (Fig. 
4A). Considering the observed genetic and antigenic evolu-
tion pattern, we anticipated that most of the TDPs would be 
CDPs as well. Indeed, antigenic correlation analysis identi-
fied the same set of positions as CDPs (Fig. 4B, Table 1). 
Generally speaking, antigenic correlation of corresponding 
positions is lower than genetic correlation. However, several 
positions did show comparable, or even higher, correlation to 
antigenic changes. This finding may indicate that these posi-
tions play a more important role in driving the antigenic evo-
lution (Fig. 5A). 

 Nearly all of these positions are within the five previ-
ously defined antigenic sites (Table 1). Eight of them belong 
to A and B antigenic sites, the major antigenic determinants. 
Some are the previously defined positive selected positions 
(133, 156, 158 and 197). One position (156) is also involved 
with receptor binding. All of the CDPs have a common se-
quence feature: mutations fixed in the last season (Fig. 3). 

For positions with comparable or even higher antigenic cor-
relation, the mutations were introduced in the middle sea-
son(s) (1975-1976) and were fixed in the last season. This 
pattern usually indicates a strong selective pressure. 

3.3. Pattern of Correlated Mutations 

 Next, we characterized the correlated mutations among 
the identified CDPs and non-CDPs. Interestingly, all of the 
defined CDPs were clustered together on the correlation map 
(Fig. 5B). Furthermore, non-CDPs also formed two distinct 
clusters. These three clusters (the CDPs and the two non-
CDPs) occupy three different directions and point to the cen-
ter where the genetic variation is located. Nevertheless, MDS 
analysis positioned antigenic variation away from the center. 

 The two non-CDP clusters showed distinct sequence pat-
terns: positions from one cluster only mutated in the middle 
season(s) (1973-1976), and positions from another cluster 
mutated and fixed in the earlier season (1972-1975) (Fig. 3). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. (3). Amino acid sequence alignment of the 11 HA1 proteins. Red color-shaded positions are the identified CDPs with comparable or 
higher antigenic correlation. Other CDPs are in yellow. Gray and green color-shaded positions indicate the non-CDPs from the two clusters 
respectively. 
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Fig. (4). Positional mutation correlations to genetic and antigenic 
changes. (A) Correlation level to genetic change of different posi-
tions. (B) Correlation level to antigenic change of different posi-
tions. Dashed lines indicate the correlation threshold of CDPs and 
TDPs. 

 The pattern of the three clusters from the correlation map 
is reproduced on the plane projected by the first and second 
principal components (Fig. 5C). Clusters from both methods 
generally agree. The three clusters point to the center, at 
which the conserved positions are laid. However, still some 
subtle differences can be observed. For example, in the CDP 
cluster, positions with comparable correlations to genetic and 
antigenic changes tend to be located more towards the con-
served center. 

3.4. Structure Mapping 

 Interpretation of CDPs in the structural context can fur-
ther help us understand the above pattern and refine the 
cross-neutralization determinants. While over half of the 
defined CDPs are located on the rim of the receptor-binding 
pocket (A and B antigenic sites), no positions from non-CDP 
clusters can be mapped to this region (Fig. 6). On the con-
trary, other antigenic sites contain both CDPs and non-CDPs. 

We also find that positions from one non-CDP cluster seem 
to cluster in the HA1 interface region. However, the implica-
tion of this pattern is not clear. 

4. DISCUSSION 

 Identification of cross-neutralization determinants is an 
important challenge in the development of vaccines against 
variable pathogens such as Influenza and HIV-1. In this 
analysis, we introduced an automatic approach to identify 
the cross-neutralization determinants, which is based on the 
fundamental concept of “mutational behavior” to identify the 
specificity-determining positions in a protein family. The 
power of this approach relies on the comparisons of 
positional mutational behavior to both genetic evolution and 
antigenic variation, as well as the correlated mutations. An 
initial application of this approach to a small Influenza cross-
reactive data set confirmed its usability. 

 While Influenza evolves genetically at a constant rate, the 
antigenic evolution pattern seems punctuated [26], making it 
very difficult to accurately predict cross-reactivity by genetic 
change. Indeed, prediction accuracy is low by multiple re-
gression, SVM and ANN, only slightly better than that by 
simple regression using genetic distance as a predictor (data 
not shown). Multiple factors contribute to this difficulty with 
antigenic interpretation of genetic data. First, not all muta-
tions will result in antigenic change. While some mutations 
are true escaping events selected by immune pressure, others 
may merely be compensatory mutations to maintain function 
and structure integrity. The remaining may simply be neutral 
mutations. Second, the particular amino acid substitutions 
and the location of the substitution are also important. Usu-
ally, several mutations are required for antigenic cluster tran-
sitions. However, sometimes only one amino acid mutation 
is sufficient [26]. Finally, interaction of multiple substitu-
tions makes the interpretation even more difficult. We intro-
duced the GAP method to answer these complicated ques-
tions. Using this method, strong correlation to antigenic 
change indicates a position’s importance in cross-reactivity. 
Neutral mutations can be easily identified by their lack of 
correlation to either genetic or antigenic changes. Actually, 
mutational behavior analysis may be more sensitive than 
synonymous-nonsynonymous ratios in detecting positive 
selection. 

 Correlated mutation analysis can reveal the complicated 
network of intra-molecular residue interaction. The observa-
tion that all identified CDPs are clustered together may indi-
cate strong interactions among them. One of the major find-
ings from this analysis is the identification of three corre-
lated mutation clusters. This pattern can be jointly inter-
preted with structure mapping to differentiate the true escap-
ing mutations from compensatory mutations. Structure map-
ping of positions from the three clusters indicates that recep-
tor pocket rim region may be the only one determining the 
cross-reactivity. It suggests that mutations outside this region 
may simply be compensatory to maintain protein functional-
ity and structure. 

 Antigenic distance, which is a function of accumulated 
genetic mutations, increases as more positions mutate. 
Cross-reactivity will be completely lost when genetic dis-
tance reaches some high threshold. In this case, cross-nuetral- 
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ization determinants cannot be identified by mutational be-
havior analysis to antigenic change. This makes it question-
able to apply mutational behavior analysis to HIV-1, whose 
genetic distance is beyond this threshold. While the Influ-
enza HA1 gene evolves at a rate of 0.8% per year at a popu-
lation level, the evolution rate of HIV-1 gp120 (the HA1 
counterpart of HIV-1) is as high as 1% in a single host [25]. 
As a consequence, the average distances from the same sub-
type are as high as 10-15% [14]. Cross-subtype genetic dis-
tances are even higher (30%). This extreme genetic distance 
results in a nearly complete lack of cross-neutralization 
among isolates and accounts for the failure of an HIV-1 neu-
tralizing antibody based vaccine. This means that vaccine 
design strategy for Influenza cannot be copied for HIV-1 
vaccine development. Therefore, researchers have turned 
their attention to another strategy: identifying epitopes with 
broad neutralizing ability [21]. Despite the fact that HIV-1 
isolates generally lack cross-reactivity, “sparse” cross-
neutralization is sometimes observed in the sera of HIV-1-
infected patients. It would be interesting to discover the ge-
netic factors determining this “sparse” cross-neutralization 
pattern. One of the major findings from this analysis is the 
interchangeability of CDPs and TDPs. This indicates that, in 
the absence of cross-neutralization data, CDPs can be identi-
fied by mutational behavior correlation to genetic change. 

 We identified cross-neutralization determinants at the 
individual residual level. Alternatively, mutational behavior 
analysis  can also  be performed at a  regional level, which is 
especially useful in identifying the binding surface [6, 16]. 
Typical linear B-cell epitopes are about seven amino acids 
long. A 7-aa sliding window is used by most linear epitope 
prediction programs to find the potential epitope region [29]. 
However, most of the B-cell epitopes are conformational, 
with a binding surface of about 800 Å2. Thus, a B-cell epi-
tope region can be defined either as the continuous 7-aa win-
dow or the residues within the antibody footprint area ( 3-D 
cluster). Similar to the identification of CDPs, cross-
neutralization determining regions can be identified by re-
gional behavior analysis. By doing so, protein structure be-
comes a fully integrated part of the mutational behavior 
analysis. Our initial results showed that this approach is 
promising in defining the neutralizing antibody-binding sur-
face (data not shown). 

 In summary, we have provided an analytical approach for 
identifying the cross-neutralization determinants for variable 
pathogens with unstable genomes. The usability of this ap-
proach was confirmed by analyzing a Influenza H3N2 cross-
reactive dataset. However, due to the limitation of the sam-
ple size, the cross-neutralization determinants and the pattern 
found from this dataset need to be confirmed by using a 
more complete Influenza dataset. By doing so, we expect 

Table 1. Identified CDPs by Mutational Behavior Analysis 

 

Genetic correlation Antigenic correlation 
Position Antigenic region

a
 R/P

b
 

r-value
c
 p-value r-value

c
 p-value 

2 ?  0.60 1.90E-06 0.46 0.0005 

50 C  0.54 3.04E-05 0.55 2.14E-05 

54 C  0.56 1.20E-05 0.43 0.0012 

62 E  0.62 7.20E-07 0.47 0.0003 

133 A P 0.56 1.20E-05 0.43 0.0012 

137 A R 0.58 5.41E-06 0.57 7.40E-06 

143 A  0.56 1.20E-06 0.43 0.0012 

146 A  0.56 1.20E-05 0.43 0.0012 

156 B P 0.52 6.24E-05 0.42 0.0014 

158 B P 0.34 1.08E+02 0.39 0.0035 

160 B  0.45 6.00E-04 0.33 0.0156 

172 D  0.60 1.90E-06 0.46 0.0005 

197 B P 0.60 1.90E-06 0.46 0.0005 

244 D  0.60 1.90E-06 0.46 0.0005 

260 E   0.50 0.0001 0.49 0.0002 

aFive antigenic sites (from A to E) were defined previously [31, 32]. 
bR indicates the positions involved with receptor binding, and P indicates positive selected positions [3]. 
cSpearman rank correlation coefficient. 
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further details to be revealed. We also expect that this 
method will be an essential tool in the analysis of HIV-1 
cross-reactivity data, for which the “sequence gazing” ap-
proach is less satisfactory. 
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Fig. (5). GAP plots. (A) Scat plot of genetic and antigenic correlation. Shaded area contains the defined CDPs and TDPs. (B) Correlation 
map. Numbers indicate the positions at the HA1 protein. “G” stands for genetic change and “A” for antigenic change. Gray-shaded region is 
the cluster of CDPs and TDPs. Two non-CDP clusters are circled. (C) Positions on the plane projected by the first and second principal com-
ponents (PC1 and PC2). Gray-shaded region is the cluster of CDPs and TDPs. Two non-CDP clusters are circled. 
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Fig. (6). Structure mapping of CDPs and non-CDPs. Only one HA1 from the trimer is shown. (A) Five antigenic sites on HA1 structure. Site 
A: red; Site B: orange; Site C: green; Site D: yellow; Site E: gray; (B) CDPs and non-CDPs on HA1 structure. Red residues indicate the de-
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two clusters. The highlighted region indicates the receptor-binding pocket. 
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