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ABSTRACT The Wu-Kabat variability coefficient is a
well-established descriptor of the susceptibility of an amino
acid position to evolutionary replacements. It conveniently
highlights stretches of accentuated amino acid variation that,
for example, in an antibody molecule account for most of the
antigen contacts (complementarity-determining regions). Di-
verse opinions are held as to why the index yields unclear
results when applied instead to the polypeptide sequences of the
T-cell antigen receptor. We show that a simple modification
enhances the resolving power of the index by increasing the
weight on the frequency distribution of the amino acids in the
formula. Application of the improved index to T-cell receptor
(I chains highlights four unambiguous hypervariable regions,
three of which are positioned similar to immunoglobulin com-
plementarity-determining regions along the chain. In a Fab-
like three-dimensional model of the T-cell receptor, the four
hypervariable regions coincide with the four loops on the
surface of the domain and form a contiguous area available for
binding.

Antibodies remain the leading example of proteins whose
pattern of amino acid sequence variation has been a signifi-
cant clue both to their three-dimensional structure and ge-
netic design. Thus, in a statistical examination of light- and
heavy-chain polypeptides from human and mouse immuno-
globulins, several invariant residues were recognized and
interpreted as sites of strict structural constraints (1), and
three linear stretches of hypervariable amino acid positions
were delineated and predicted to cluster in space to form the
antibody combining site (2-4), hence their designation as
complementarity-determining regions (CDRs) (2). High-
resolution x-ray crystallography results on Fab structures
and antigen-Fab complexes (for review, see ref. 5) have
verified most of the structural prediction and validated the
approach of relating binding specificity to amino acid side-
chain differences in CDRs.
The T-cell antigen receptor (TCR) is a heterodimer of

disulfide-linked chains (aI3 or y6) homologous to those of the
antibody molecules, with which they share a basic design
consisting of an amino-terminal variable (V) region and a
carboxyl-terminal constant (C) region assembled from dis-
crete gene segments during differentiation. Immunoglobulin
V and C regions form distinct domains characterized by a
typical fold consisting of two p-pleated sheets connected at
their extremities by loops that may vary in length and
character. Although V domains ought to encode epitope
specificity, in no case have segments of hypervariability
similar to the CDRs of immunoglobulin clearly been recog-
nized in TCR V chains.
Attempts to identify the CDRs of the TCR polypeptides

began with the very first reports on the cloning ofthe receptor

in man and mouse. Thus Patten et al. (6) called attention to
the extraordinarily high level of dissimilarity observed within
the 3-chain V regions relative to immunoglobulin V regions.
Computation of the Wu-Kabat coefficient of variability for
amino acid positions brought out an unconventionally broad
profile of variability that could be partitioned in up to seven
hypervariable regions. Patten et al. (6) also ascertained that
the results could not be due to an artifact of the small number
of sequences available, by showing that equally small sets of
V regions of immunoglobulin K (VK) or heavy (VH) chains did
display the canonical distribution of hypervariability in spite
of having been selected in a way that maximized heteroge-
neity. By contrast, Barth et al. (7), after examining an
additional set of mouse V,8 sequences, concluded that both
the total diversity and the distribution of variability in the V's
and VH sequences are not significantly different from one
another. They took the view that among human VH se-
quences obtained by direct protein analysis, those with
blocked a-amino groups offer a more random representation
of VH segments and that small sample size may inflate
variability. According to their analysis, the atypical hyper-
variable regions of V/8 sequences could in fact be seen also
in VH chains, if chosen among a-amino-blocked human
sequences. However, subsequent applications of the Wu-
Kabat variability analysis to a larger number of mouse /8
chains (8) or to their human homologs (9-11) lent support to
the initial hypothesis that relative to immunoglobulins, V/3
sequences possess a higher and more widespread level of
amino acid variation, which is difficult to apportion into
discrete hypervariable regions. The Wu-Kabat analysis of
the primary structure of mouse a-chain V regions, rather than
resolving the issue, left the contending views equipoised
(12-14).
Compelled by the functional implications of the possible

structural differences implied by the Wu-Kabat plots be-
tween immunoglobulin and TCR V regions, different meth-
ods of sequence analysis were emphasized, which either
predict secondary structure potentials (7, 11, 12) or allow
construction of three-dimensional models by analogy to
existing crystal structures (15-18). These methods concur to
support the prediction that the TCR and immunoglobulin V
domains are structurally similar. Nevertheless, Schiffer et al.
(19) sought to improve the resolution of the Wu-Kabat plots
and pointed out that, besides sample size effects, illegitimate
pooling of sequences leads to artifactual results. They
showed that a reassortment of V/3 sequences into two sub-
groups helps to sharpen the Wu-Kabat variability distribu-
tion of the ensemble. However, their subsets based on a
tertiary structure criterion and the finer subgrouping at-
tempted by Bougueleret and Claverie (20) on the basis of
optimal sequence alignments fell short of defining hypervari-

Abbreviations: CDR, complementarity-determining region; TCR,
T-cell antigen receptor; V, variable; VK, VH, etc., K chain V region,
heavy chain V region, etc., respectively.
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able regions in VP chains. Ofcourse, all studies pointed to the
dominant peak of variability corresponding to immunoglob-
ulin-like CDR3 generated somatically by diversifying mech-
anisms linked to the joining of the V and C region gene
segments (21, 22).
The data reported in this paper demonstrate that a modi-

fication in the computation of the Wu-Kabat coefficient of
variability allows for a greatly improved sensitivity of the
analysis. Application of our index ofamino acid variability to
V,8 regions effectively delineates four unambigous stretches
of hypervariability.

MATERIALS AND METHODS
We established two data bases of amino acid sequences. In
the first data base, we pooled most published sequences (ref.
23 and references published therein as well as refs. 24-43)
and an additional set of 20 ,8-chain sequences derived by one
of us (R.J., unpublished data) from cDNA clones of a single
human thymus. The total set consists of 159 83 chains (93
human, 46 mouse, 19 rat, and 1 rabbit) and 82 a chains (46
human, 35 mouse, and 1 rabbit).
To restrict analysis to V genes only, thus eliminating the

bias of inflating variation in the joining regions at the expense
ofV gene segments, we established a second data base. Data
base II consists of unique V genes of a and p chains from the
first data base arbitrarily truncated three residues down-
stream of the cysteine at position 90/92 (residue numbering
follows ref. 23 for each chain type). The set of immunoglob-
ulin V sequences of this data base is derived from the
National Biomedical Research Foundation (ref. 44, release
57) and GenBank data bases (ref. 45, release 17), excluding
sequences sharing >95% identity with a previously included
one to ensure that each V gene is represented only once. As
a result, this data base consists of a total of 94 immunoglob-
ulin H-chain, 111 K-chain, 41 A-chain, 87 TCRa, 127 TCRP,
and 72 cytochrome c (GenBank) sequences. Manual align-
ments were made on the basis of the 40 invariant amino acids
crucial for the conformation of immunoglobulin V domains
(17), by introducing a minimum of gaps.

Calculation of the modified variability index was per-
formed for each position according to the formula NP x
NPd/NPfreq, where NP is the total number of amino acid
pairs [calculated from the number of sequences (n) in the

sample; NP = n x (n - 1)/2], NPd is the number of
distinguishable pairs, and NPfreq is the number of times the
most frequent pair occurs in the sample.
As an objective criterion for the identification of localized

regions of hypervariability, we eliminated isolated hypervari-
able sites by submitting the variability indices to a filtering
algorithm based on a truncated Fourier series expansion. The
chosen number ofFourier coefficients (20 coefficients) is that
which results in a fair correspondence of valleys and peaks of
the smoothed curve with p-strands and connecting peptides
of the immunoglobulin fold. The threshold to define hyper-
variable regions in TCR ,8 chains was set at 1 rms deviation
of the filtered data.
A three-dimensional model ofthe TCR a/P3 dimer was built

from the crystallographic coordinates of Fab J539 (46) by
using program FRODO (47) running on an Evans & Sutherland
PS390 graphic display system. To validate the model, we
ascertained that the periodicity of variability in p8-strands
determined in the plots matches the solvent exposure of the
side chains in the model.

All computer programs were run on a MicroVax II micro-
computer.

RESULTS AND DISCUSSION
Our starting assumption was that the failure to highlight
discrete hypervariability regions in TCR sequences was due
primarily to their more distant ancestry relative to the immu-
noglobulin chains (48). The steady accumulation of nonadap-
tive amino acid substitutions during evolutionary time, in
spite ofan inherent structure-preserving bias in the choice of
replacements, inevitably tends to raise the variability score of
the less rapidly evolving positions. The histograms of Fig. 1
summarize for each V gene family the proportions ofpairwise
sequence combinations falling in various intervals of percent
amino acid identity. Although the distributions of Va and Vp
manifest slight differences in spread, both appear more
homogeneous than immunoglobulin V regions and are clus-
tered near the modal value of 30% amino acid identity (i.e.,
even lower than the minimum level of amino acid identity in
immunoglobulin V chains). As the sequences are derived
from different mammals, the distributions show for Va and
VP chains that there is as much dissimilarity between species
as there is among genes of the same species. Such results are

FIG. 1. Distributions of amino acid identity levels within V gene families. Percent of amino acid identity was determined from pairwise
comparisons of sequences from data base II. The height of the bars expresses in percent the number of sequence pairs falling in a bin with the
given identity level. cyt., cytochrome c.
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as expected for members of a gene family having arisen from
remote amplification events and diverged without undergoing
substantial duplications in different species. The approach of
selecting VP sequences displaying a high degree of amino
acid identity-comparable to those of immunoglobulin V
regions (bins with the most identical pairs in the tail of the
distribution of Fig. 1)-met with the problem of extracting
reliable data from subsets that were too small.

Description of diversity embodies a dual concept: the
variety (that is, the number of distinguishable items in a
collection) and their relative abundance (that is, frequency
distribution). The Wu-Kabat coefficient of variability of
amino acid positions is biased by the degree of dominance of
the most common amino acid. Since it is calculated as the
number ofdifferent amino acids at a given position divided by
the frequency of the most common amino acid at this position
(2), it fails to use information on the relative abundance of the
various amino acids other than the most common one in the
sample. An example may help to clarify this point. Two
collections of 16 amino acids such as aaaaaaabbbcccddd and
aaaaaaabbbbbbbcd have the same Wu-Kabat coefficient
(9.14) but differ according to the modified coefficient (120 x
10/21 = 57.1 and 120 x 8/49 = 19.5, respectively). Due to the
finiteness of amino acid number and to structure-preserving
restrictions in the process of amino acid substitutions, it is
plausible that, over evolutionary time, the degree of diversity
of an amino acid position will be inevitably influenced by the
abundance relationships of the various amino acids rather
than by their variety. Only among more recently diverged
proteins (e.g., immunoglobulin V regions) is variety a suffi-
cient indicator of diversity.
A trivial modification of the Wu-Kabat coefficient that

takes into account the frequency ofmore than one amino acid
consists of replacing single amino acids with pairs in their
equation. Thus our diversity index is defined as the number
of distinguishable amino acid pairs occurring at a given
position divided by the frequency of the most common amino
acid pair at that position. As each amino acid is paired-
except with itself-with all other amino acids in the sample,
regardless of identity, n sequences will yield a total of n x (n
- 1)/2 pairs. Incidentally, the computation of pairs intro-
duces a conspicuous scale-up effect as it replaces the number
of different amino acids in the numerator of the Wu-Kabat
formula (maximum 20 if each amino acid is represented) with
the number of distinguishable pairs (maximum 210 if each
amino acid is represented at least twice) and because of the
pronounced effect of the number of sequences in the sample
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FIG. 2. Relationship between the Wu-Kabat index and the mod-
ified index of variability. Variability indices for 813 positions from
various sets of related sequences from data base II were determined
by both methods and plotted against each other. The shape of the
distribution is likely to arise because the degree of diversity ofclosely
related sequences is affected primarily by the number of different
amino acids, whereas, for more distantly related ones, diversity
depends on number and relative frequencies of amino acids.
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FIG. 3 Sample size dependence of the modified variability index.
Variability indices, averaged along the entire sequence for each gene
family, are plotted as a function of sample size. A given point X(n)
was obtained as the arithmetic mean of 20 runs on different sets of
n sequences randomly taken from data base II. cyt., cytochrome c.

on the numerical value of the coefficient. However, the
significance of the improvement is one of sensitivity rather
than of scaling. In Fig. 2 the relationship between the two
diversity indices is sought by plotting values obtained with
both equations on 500 amino acid positions from diverse gene
families. The scattering of the data points clearly shows that
the two variability coefficients do not describe the same
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FIG. 4. Variability plot of TCR 83 chains. Variability indices
calculated according to the modified formula are plotted for the 159
TCR ,3 chains from data base I (Upper). Positions 30A, 62A, and 63
and positions 100-102 (ref. 23) are not shown because a gap was
inserted in >50%o of the aligned sequences. Regions of hypervari-
ability have been objectively identified by applying on the data a
smoothing algorithm based on truncated Fourier series expansion
(Lower). The number of coefficients (20 coefficients) was chosen so
that valleys and peaks correspond roughly to ag-strands and connect-
ing loops ofthe immunoglobulin fold. The smoothed plot is expressed
in units of rms deviations of the filtered data (1 rms = 1190). A
reference line at 1 rms isolates four clusters of hypervariable posi-
tions marked by hatched bars. The exact boundaries ofthese clusters
were arbitrarily defined on the unfiltered plot where hypervariable
regions are marked by solid bars. Arrowheads indicate the two
invariant cysteines (positions 23 and 92) and the invariant tryptophan
(position 34).
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parameter. Furthermore, the shape of the distribution of the
data points emphasizes the superiority of the modified coef-
ficient for better resolving the Wu-Kabat values that fall in
the high-variability range.

Nevertheless, the pronounced influence already alluded to
of the number of sequences on the value of the modified
coefficient prompted us to examine directly its dependence
on sample size. As a way to simulate a range of amino acid
positions of low and high diversity, we computed arbitrary
means by averaging values of variability along the entire
sequence of diverse gene families. As expected, the graph of
Fig. 3 shows that the rate by which the value of the diversity
index increases to an asymptote varies among gene families
(i.e., the higher the true variability, the stronger the depen-
dence ofthe diversity index on sample size). Whereas reliable
ranks of high and low diversity indices can be determined on
a rather small set of sequences, larger samples must be
collected to render high variability coefficients only margin-
ally sensitive to sample size. By comparison, the approach to
the asymptote of the Wu-Kabat coefficients is obtained with
samples of sequences roughly one and one-half times smaller
(data not shown).

Application of the modified diversity index to the set of
V-region sequences of TCR f8 chains from data base I
resolves four discrete stretches of hypervariable positions
that are objectively defined after Fourier filtering (Fig. 4). To
visualize the possible spatial relationships among these hy-
pervariable segments and their structural significance, we
determined their localization in a three-dimensional model
(Fig. 5) of the V(3 polypeptide constructed by analogy with
the crystal structure of V region of light chains (cf. refs. 16
and 17). Each hypervariable stretch checks out with each of
the four loops or connecting peptides that link the strands of
the two p-pleated sheets at the top of the molecule. Thus we
refer to these loops according to the label of the ,8 strands (49)
bounding them: BC (positions 24-31) links strands from
different sheets, while C'C" (positions 50-62), DE (positions
70-74), and FG (positions 96-105) are hairpin turns that link

strands of the same sheet. Compared to the structure of the
immunoglobulin V regions, the location of hypervariable
regions BC, C'C", and FG correspond closely to the canon-
ical CDR1, -2, and -3, respectively. Interestingly, regions DE
in the recently resolved crystal structure of the idiotype-
anti-idiotype (Fab-Fab) complex (50) are part of the com-
bining site of each interacting Fab (E255 and D1.3). An odd
region of hypervariability in human immunoglobulin VH
sequences was noticed between positions 84 and 91 by Capra
and Kehoe (51). Although the functional significance of this
segment remains unclear (52), it is remarkable that the four
hypervariable segments of the VPe sequences cluster together
in the model at the tip of the molecule and that loop DE
contributes to the accessible surface, lying opposite to the
sheet-sheet interface of association with the Va domain.

It is common knowledge that in protein evolution the
greatest variations in amino acids occur at positions in the
polypeptide where the side chain is on the surface. Such a
tendency can be nicely appreciated, for instance, in the
alternating degree of variability among the first residues of
the V(3 chains (see Fig. 4) where each second residue of the
(3-strand A is expected to point toward the interdomain sheet.
To appraise the contribution of this topological bias to the
variability in P3 chains, we introduced a scheme that essen-
tially reduces the variability score by a factor proportional to
solvent exposure (calculated as described in ref. 53). The
effect of this surface-dependent penalty was an overall re-
duction of variability in atypical positions, such as at residue
18 (see Fig. 4), without substantial modification in the hy-
pervariability stretches, reinforcing the distinctive character
of these regions.

It is significant that the modified variability plot of the 82
Va sequences in data base I differs from that obtained with
the VP sequences. Distinct peaks of variability cannot be
unambiguously discerned. Although the variability is high
overall, it is striking that at positions corresponding to
hypervariable regions in other chain types, the variability in
Va sequences is lower. The relation of these findings to the

FIG. 5. Topological relationship of TCR ( chain hypervariable regions. Graphic display of the three-dimensional Ca backbone structure of
the TCR Vf3 domain. Hypervariable regions are highlighted in colors. BC, yellow; C'C", red; DE, green; and FG, blue. (Left) Lateral view.
(Right) Top view.
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factors that underlie the appearance of hypervariable regions
in germ-line cells deserves further study. Nevertheless, the
observations that hypervariability regions are not merely a
consequence of surface exposure and that Va sequences are
at odds with all other V gene families suggest that hypervari-
able regions may not merely represent the accumulation of
amino acid replacements that do not interfere with a back-
bone structure and are crucial to antigen receptor function.
Incidentally, the data are difficult to reconcile with the
hypothesis that V-region hypervariability is driven by posi-
tive selection.

Turning to the properties of the improved coefficient of
variability, a few additional advantages are worth mentioning.
Definition of diversity on the basis of binary comparisons
opens the possibility of merging distinct homology subgroups
in a single variability plot. Binary comparisons are made only
within groups to yield sets of amino acid pairs that can be
pooled and processed in bulk, thus overcoming the problem of
calculating reliable variability coefficients from a collection of
too exiguous subgroups. Finally, the definition obviates the
need for a globally optimized alignment to obtain a unique
variability plot, if all pairwise comparisons are referred to an
arbitrarily chosen reference sequence. We have tested possi-
ble improvements of the modified equation by using ternary
and higher order comparisons as a way to take into fuller
account the frequency distribution of the different amino
acids. The effect is a further accentuation in the scale ampli-
fication and in the resolving power of the index in the range of
high variability scores. However, an increasing unevenness in
the response of the amino acid positions leads to a progressive
degradation in the discreteness of the variability plot. Finally,
further improvements might be suggested by analogy with
diversity measures from other fields. Nei's index of gene
diversity (54), used to compare genetic variation among loci or
populations, was tested but it proved less discriminative than
the Wu-Kabat coefficient. However, the various measures of
variability used to describe species abundance in the ecolog-
ical literature (55) have not been explored.
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