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The structure of the most variable antibody hypervariable
loop, CDR-H3, has been predicted from amino acid
sequence alone. In contrast to other approaches predictions
are made for loop lengths up to 17 residues. The predictions
have been achieved using artificial neural networks which
are trained on a large set of loops from the Brookhaven
Protein Databank which have structures similar to CDR-
H3. The loop structures are described by the two backbone
dihedral angles ¢ and v for each residue. For 21 CDR-H3
loops unique to the meural network, the prediction of
dihedral angles leads to an average root mean square
deviation in the Cartesian coordinates of 2.65 A. The
present method, when combined with existing modelling
protocols, provides an important addition to the structural
prediction of the complementarity determining regions of
antibodies.
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Introduction

Antibodies represent u class of proteins which have substantial
clinical and research potential (Lerner and Benkovic, 1988;
Verhoeyen ef al., 1988). Naturally, they fulfil a duoal rGle; they
are capable of binding to an almaost unifinitely wide range of
antigens while maintaining constant effector functions such as
the triggering of the complement system (Reid, 1986). The Fv
or ‘variable’ fragment of the antibody embodies its antigen
binding function. It consists of two domains forming a highly
conserved framework which supports six ‘hypervariable’ loops,
three from the light chain and three from the heavy chain
(Alzarl et al., 1988),

The high degree of conservation of the framework across
all antibodies from a wide range of species means that the
problem of modelling the 3-D structure from sequence alone
is essentially limited to modelling the six hypervariable loops
or ‘complementarity determining regions’ (CDRs). Although
described as hypervariable {Kabat et al., 1987, 1951), five out
of the six loops have sequences and conformations which
generally fall into a small number of structural ‘canonical’
classes (Chothia er af., 1989, 1992), The remaining loop,
which is the third loop of the heavy chain (CDR-H3), is
substantially more variable in both sequence and length (from
three to 27 residues) and no such canonical classes have so
far been defined. The additional variability of this CDR results
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from the genetic splicing of a diversity segment (Schilling
et al,, 1980) in the genome. The position of this segment
corresponds to CDR-H3. Variability is introduced by having
~50 diversity segments which undergo variable and imprecise
recombination allowing variation in length and frameshift
mutations {Darsley and Rees, 1985) to occur.

Methods used thus far to model antibody loops fall into two
main classes: knowledge-based and ab initio approaches. The
simplest of the knowledge-based methods involves selecting
the most similar loop from the antibody structural database
and replacing side chains by using a maximum overlap
approach (de Ia Paz er al., 1986; Smith-Gill et af., 1987). A
more detailed analysis has been performed by Chothia et al.
(1989, 1992) who defined key residues in the CDRs and
interacting regions of the framework which define canonical
structural classes, The ab initio approaches include molecular
dynamics methods (Fine ef al., 1986) and full conformational
searching (Moult and James, 1986; Bruccoleri and Karplus,
1987). More recently Martin ef al. (1989, 1991) and Mas et al.
(1992} have attempted to combine both knowledge-based and
ab initio methods.

The approaches which have been developed so far, are
generally very effective for the five more-conserved loops,
typically obfaining root mean sguare (r.m.s.) deviations of
around 2 A on the backbone. The combined methods are also
able to achieve low r.m.s. deviations for CDR-H3 loops of up
to around 10-12 residues. Above this length, it is currently
impossible to model CDR-H3 with any degree of confidence
using existing approaches.

Materials and methods

The main tools used here in the prediction of the CDR-H3
conformation are artificial neural networks. These can be
considered as knowledge-based classifiers. The basic elements
of 4 neural network, the neurons, are processing units which
produce output from a characteristic non-linear function of a
weighted sum of input data. A neural network is a group of
such processing units, the individual members of which can
communicate with each other through mutual interconnections.
Having been ‘trained’ by being presented with many pairs of
corresponding input and output data, the network will acquire
the ability to classify new input data, If a set of input data is
denoted by {x;} and the corresponding output is denoted by
{w}, the processing of each neuron [ in the net can be
described as

yi = f(z

where W;; are the weights of the connections leading to neuron
i and 1; and [ are the characteristic non-linear function for the
neuron. As this equation shows, such a network can be
considered as a non-linear mapping between input and out-
put data.

This type of network is chosen as it has previously been
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shown to be able to generalize data in molecular biclogy (Bohr
et al., 1988, 1990; Qian and Segnowski, 1988; Holley and
Karplus, 1989). In addition, they are rather simple in structure
both with respect to the processing of data and training.

The back-propagation error algorithm (Rumelhart er al.,
1986) is the most commonly used training procedure and is
used here. Training proceeds until a cost function € has
reached a local minimum using, for example, a steepest
descent minimization protocol. The cost function C is normally
written as

C =2y — P2 @

which is simply the squared sum of errors, #; being the target
value and z the actual value of the output neurons.

We have used a specialized feed-forward network topology
called a ‘time-delay network’ (Waibel er al., 1989) which
is designed for processing sequence patterns. In time-delay
networks, restrictions are placed on the network topology in
order to avoid problems such as segmentation errors and
overtraining which occur in netwarks which slide a window
along a longer pattern such as an amino acid sequence. In
time-delay networks, all hidden units connected to the input
layer may only be connected to the limited number of neurons
which represent a consecutive pattern of sequence data in the
input window. The units connected to the input layer thus
have a ‘receptive field" which is only sensitive to part of the
input window. The weights of the connections in each receptive
field are copied to other receptive felds covering all possible
parts of the input layer. One receptive field defines a ‘feature
unit’ which is able to detect relevant sequence features inde-
pendently of their position within the input window using one
of these copies. In the case of the loop examples, one could
imagine that the receptive field of one feature unit only contains
rigid subsections of the loop structure in the feature units.
Using the receptive fields of the feature units, the subsequences
which these features represent are transformed into a sequence
of feature-unit activations. The weights output from the feature-
unit neurons are able to describe relative positions of the
subsequences in question. There can be several hidden layers
with ditferent receptive fields and so the final architecture of
the network becomes a hierarachical arrangement of layers
with linked receptive fields which integrate complex stepwise
information from the input.

Generation of training data

While the antibody structural database is large compared with
the number of structures available for the majority of proteins
{Orengo et al., 1993), it is still too small to train a neural
network effectively, particularly when the variability in the
length of CDR-H3 is considered. Figure | shows the distribu-
tion of these lengths for unique antibody structures in the
current release of the protein databank {Bernstein et af., 1977).
Duplicate antibodies (i.e. those which are mutants or complexes
where the uncomplexed structure is also available) and models
are not counted.

The CAMAL method of Martin er af. (1989) for modelling
antibody loops uses a distunce matrix (o extract starting
conformations for loops from the protein databank. This
distance matrix is generated by an analysis of inter-Ca. distances
N the first few residues of the CDRs in known antibody
Structures, The protein databank is searched using distance
tonstraints defined as the mezn * 3.5 SD units Goet-

order to generate a large training set for the neural

Occurrences

5 6 7 8 9 10 1 12 13 M4 15 16 17
Loop Length

Fig. 1. Number of occurrences of CDR-H3 laops of different lengths in the
Brookhaven Protein Databank.

Table 1. Distance constraints used to define CDR-H3-like loops

Constraint®  Distance (A) Constraint~ Distance (A)
Minimum  Maximum Minimum  Maximum

n < 12

DPn 6.029 9,206 DMa 6.029 9.206
DP(n — 1} 4.256 7.624 DM(n — 1) 6.858 10,278
DP(n — 2} 3.538 6.025 DM(n ~ 2} 9.874 14,108
DP(r — 3)  4.363 7.329 DM(n — 3y  9.496 17.648
DP2 5.194 7.099 DM2 4,234 7.939
DP3 3.5%0 12.506 DM3 4,024 14.619
n> 12

DPx 7.053 B.210 DiMn 7.053 B.210
DP(nr — ) 35416 6,664 DM{n — 1) 6510 10.065
DP(n — 23 4307 4.975 DM{n — 2) 10034 13479
DP(n — 3y 4.530 6.511 DM(n — 3} 11.830 16.226
DP(n - 4)  3.837 8.135 DM(n — 4 [1.706 0.029
DP2 4,929 6.584 DM2 3714 8.103
DP3 3.041 12.676 DM3 4.070 14.400

" is 1 less than the number of residues in the loop. DPF is the distance
between residue 1 and residue § in the loop. DM is the disiance between
residue o -+ | and residuve n — £ + 1.

networks, this analysis was performed for the CDR-H3 loops
and the protein databank was searched to find a set of loops
which maich the take-off constraints applicable to the CDR-
H3 loops. Sets of loops with lengths between eight and 17
restdues were extracted. The distance constraints used are
shown in Table 1. Using these constraints a set of 1976 loops
wias extracted from the Brookhaven Databank.

[mplementation

The actual neural networks for predicting loop conformation
were construcled using the SNNS (Stuttgart Neural Network
Stmulator) environment (Zell ef af., 1991). The networks were
trained on a selection of loop structures generated from the
Bookhaven Protein Databank as described above. For training,
the input data consisted of the amino acid sequences of 8—17
residue loops while the output daty were the corresponding
backbone @y torsion angles,

While it would be easiest to construct separate training sets
of loops with fixed length and thus have a separate network
trained on each loop length, there would be probiems with the
longer loops where there are relatively few structures in the




Fig. 2. A schematic H3 loop.
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Fig. 3. The sequence and structure coding used by the Time Delay Neural
Network.

Table IL Parumeters used in the conversion of internal to Cartesian coordinates

Parameter Value

w torsion Co-C-N-Cot 180.0°%
Angle Co-C-N 117.5°
Angle C-N-Cet 120.0°
Angle N-Co-C 111.6%
Distance Cot~C .52 A
Distance C-~N 133 A
Distance N-Co 140 A

"The structure change induced by the occurrence of cis-prolines is ignored in
this approuch. This information could be included separalely if a reliable
prediction of cis- versus rrans-prolines is available,

protein databank which match the structural constraints for
CDR-H3 loops. Thus, an architecture was designed to enable
the prediction of loops of different sizes. With a large training
set containing short and long loops, the local sequence features
determining short conformations can be trained efficiently and
may be used for generalization to longer loops.

The transformation of the loop sequence and structure
into network activities should have the property that similar

CDR-H3 loop structure prediction

struclures are represented by similar activity patterns. Hence,
the same take-off geometry of loops of different lengths should
appear at the same location within the output patterns. This
suggests a transformation where the information related to the
beginning and the end of loops with different lengths is mapped
to the same neurons. A loop sequence such as in Figure 2 is
represented by a series of two-element vectors {spinors), as
shown in Figure 3, containing pairs of amino acids working
from each end of the loop, that is, residue 1 is paired with
residue N, residue 2 with residue (N — 1), etc. We allow g
maximum loop length (Ny,.) of 22 residues. In the case of
shorter loops, the right-hand portion of the input and output
layers is filled with all-zero patierns acting as ‘don’t care’
symbols so that all loops would be represented by an equal
number of spinors. As well as being a convenient representation
of the sequence data, this method reflects the topology of
the loop.

The conformation of each loop is represented in the output
layer of the network which contains [2X(Ny,,, — 1)X2] = 84
neuron elements. A pair of neurons represents the sine and
cosine values of an individual backbone dihedral angle in the
loop. This representation accounts for the continuous cyclic
nature of the torsion angle. Using a scalar proportional to the
angle would lead to discontinuities between 360 and (° such
that very similar angles are represented by very dissimilar
values, The ¢/ torsion angles are not restricted to the allowed
regions of the Ramachandran map since these restrictions are
implicit in the distribution of the ¢/y angles in the training
set and possible outliers in the Ramachandran map need no
special consideration. A simple algorithm is used to convert
the sin/cos representation to torsion angles and then to Cartesian
coordinates. Parameters used in this conversion are shown in
Table II. The —1 in the expression above occurs because the
first and the last dibedral angle (§,yV,..) are not defined
withoul considering aloms outside the loop. For shorter loops,
the output neurons in the right-hand part of Figure 3 will be
compared with special ‘don’t care” symbols. If the target value
for an output neuron is ‘don’t care’, no error information will
be assigned to that neuron. In summary, each input to the
network is a set of (N,,,%20) amino acid or ‘don’t care’
codes which matches an output consisting of a set of 42
dihedral angles.

Results

The training data for the networks consisted of a large set of
CDR-H3-like loop structures from the Brookhaven Protein
Databank. The values for the accuracy in predicting structures
for loops in the training set represent the ability of the netwaork
to recall structures it has already learned. The ability of the
network to generalize and, therefore, to predict the conforma-
tion of loops whose sequences have not previously been seen,
is represented by the accuracy of predicting the loop structures
from the test set which contains examples that are unique to
the network.

In order o be useful as a tool in modelling CDR regions
of antibodies, the accuracy in the prediction of loop structures
should ideally be ~2 A r.m.s. deviation or less,

The networks were trained using 1046 out of the total 1976
loops with lengths between eight and 17 residues. These loops
were selected at random with Lhe requirement that for each
loop length approximately half of the loops are selected for
the training set leaving the other half as test cases. Eight actual
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Table I1I. Prediction accuracy for 21 CDR-H3 loops

PDB Length RMS (A)
IBRJ 3 1.26
1GGC 5 1.24
LIND 5 1.48
IHFM 3 1.81
IHFL 7 1.58
AFAB 7 0.97
|BBD 9 2.46
1JHL 9 2,01
2FRJ 9 193
FAR 9 2.83
IDBA 10 2.7
1cl 10 254
INBY 10 3.89
IFVD 11 2,19
INCA 1 337
6FAR 12 396
8FAB 12 4.16
1HGM 12 233
1FAI 13 421
IDFB 17 551
IFB4 17 304
Meun 2.65
SD 1.19
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Fig. 4. The absolute angular errors of the ¢ and W angles averaged over all
test examgles of loops ol length 8.

CDR-H3 loops (1fdl, Imam, ligf, 1fve, lhil, 1mep, ligm,
2fhd) ure contained in the training set of 1046 loops leaving
21 CDR-H3 loops for testing. A total of 20 networks with
different architectures and different degrees of adaptation was
trained using these patterns. During predictions these networks
generate 4 pool of suggested structures of each loop sequence
which are filtered to find structures that match the requirements
for fitting the loops onto the antibody framework. The distance
constraints shown in Table I are used to assign a structural
penalty value P for each loop structure predicted by a network.
The value of P is computed as the sum of squared distance
penalties defined as

(d,;,' - DXU'-““")Z, ifd,‘j ~ DX{;-““"
P = Z (dy — DX'.jr_nin 2 if dy <D ',Jl_nin 3)
Y 0, otherwise

where DX™ and DX;™* are the distance constraints DF and
DM taken from Table I corresponding to the Ca distances dy;.
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Fig. 5. Predicted conformations for CDR-F3 loops with lengths between 5
and 11 residues superimposed on the crystal structures, The crystal
structures are shown in solid lines; the predictions with dashed lines.

Fig. 6. Predicted conformitions of CDR-H3 loops with lengths between 12
and [7 residues superimposed on the crysial structures,

When tested with 930 loops with lengths between eight and
17 residues selected from the Brookhaven Databank according
to Table I and not contained in the training set, the average
Co rm.s, deviation of the predicted loop conformations is
2.12 A with a standard deviation of 1.12 A. For a test set
containing 21 antibody CDR-H3 regions with lengths between
five and 17 residues not contained in the training set the
average Cot r.m.s. deviation is 2.65 A as shown in Table IIL
As there were no examples below length eight residues during
the training of the netwark, it can be seen from Table 1L that
this approach is able to generalize features detected in a set
of loops to the prediction of loops with a different length.
Figure 4 shows the accuracy in prediction of the dihedral
angles along a set of eight-residue loops. The absolute angular
deviation changes between 40 and 10° along the loop with the
accuracy of the ¢ and W angles alternating, i.e. when 1Ag! is
large [Awyl is small and vice versa. The average prediction of
the middle regions of the loops is better than the ends.
Figure 5 shows the predictions for the test set of 15 CDR-
H3 regions superimposed on the crystal structures of the loops.
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Table IV. Mean ¢y angles (°) and standard deviations of each amino acid type in cight-residue loops

Amino acid Termingl residues® Middle residues Frequency®
(0. 5D ¢ (4 SDy () SD & () SD Terminal (%) Middle (%)

Ala -101.7 36.8 -107.0 93.5 -81.3 49.5 4.0 913 33 2.8
Arg -96.9 54.1 1249 86.0 -B3.4 54.6 105.7 80.4 1.8 29
Asn -94.4 572 1029 6.8 —-69.8 88.8 6.5 65.1 1.7 4.0
Asp -840 485 118.2 B2.5 ~73.4 68.5 220 721 3.2 43
Cys -1089  35.0 121.1 724 -1074 582 101.7 729 1.3 0.8
Gin -08.9 44 118.1 84.0 ~84,5 43 94.4 §1.3 21 1.9
Glu -94.8 301 133.0 112.6 -85.6 47.6 39.7 82.8 1.9 33
Gly -146,3 9.5 ~176.1 71.8 82.5 69.0 7.4 782 2.6 8.9
His -B85.6 515 39.4 88.3 -94.6 73.6 68.0 66.3 0.8 09
{le -102,7 6.9 1144 87.1 -102.0 327 113.7 79.2 28 2.0
Leu -B85.6 315 1193 100.1 -82.9 52.8 71.3 7.2 4.5 34
Lys -99.6 339 1323 90.2 -96.7 34.0 577 84.4 2.8 4.2
Met =353 316 37.6 87.5 -83.6  63.3 95.1 713 0.7 0.6
Phe -1108 340 136.1 38.3 -103.9 612 60.6 77.1 1.5 1.4
Pro 640 146 1292 826 -636 13l 1067 870 1.4 29
Ser -57.6 400 137.8 98.8 -85.6 58.3 316 89.8 22 39
Thr ~106.9 5.9 141.6 82.5 -101.2 384 85.1 g8a.0 26 33
Trp -55.1 75 EX 85,7 -96.1 a3 130.6 8R.7 0.7 0.6
Tyr ~103.8 337 144.0 7.2 -107.6 60,1 108.4 70.8 24 2.1
Val -109.8 26.0 136.3 80.8 ~10l.a 281 110.9 928 LN 23
84 distinction is made between un oceurrence in the N- or C-terminal two residues (terminal) and the remaining residues (middle).
bFrequency, relative abundance ol amino acid type.
(), mean §.
9SD (1), standard deviation on f.
In Figure 6 the predictions for six longer CDR-H3 regions with as 188 a5 1o a5 e

. " Moan RMS —— Moun AMS Moen RMS e
lengths between 12 and 17 residues are shown superimposed on # Caiial —— a Conlrgl —— 4 Gongnl —
the crystal structures of the loops. »8 a8 “:

a g a
Dependence of loop structure on amino acid type and position 28 s 2s
The trained networks represent a machinery which transforms . . 1";
sequence data into a 3-D model of a CDR-H3 loop structure. N , \
We have attempted to use the networks to model the effect of asft LEE S——— N S S -
changes of the amino acid types in the sequence in order to 0 — - o, : . o —
- . - Aosidun Pasllan Resldus Posillon Roaldus Poshion

see corresponding changes in the structure of the loop. -

Table TV presents a set of consensus data for the average — as ——— " T T e B
backbone geometry around each amino acid type. It must be 4 S T 4 Cogligl —— N Cagliat ——
emphasized that the table is constructed on the basis of average  *7 " -
backbone angles for single amino acids in the loop. While we 2e 2 25
da not consider the precise position within the loop, the values al # e 2
for the two residues at the N- and C-termini have been - 5.5 1.
separated from the remaining residues. Certain amino acids - L . ]
are observed to occupy a well-defined compact region in the B ol T I

. . . T
d/y space. These data indicate the expected effect a given Fnsltiue Peshilan Fsoidus Poalion Ranidua Fasition
amino acid type may have on loop structure, . 1880 . IHL i 2¢d

To assess the effect of amino acid exchanges, the neural R — T[T Femgms — L[ Menprms —
network was used to predict the loop structure of a modified a5 S8 as b =8 28 80—
sequence. The original sequences of CDR-H3 loops not con- 3 3 3
tained in the training set were expanded such that each residue 2.8 28 =1 /H
at each position in the loop was repluced with the 19 other  Z - .
amino acids. This procedure produces 19V sequences (seq;) \ ; \
each containing a single point mutation for a given sequence 0.5 o e e as b 05 e

[+ a

of length N. Each mutated sequence, seq;, was processed using
the neural network resulting in structure predictions for each
point-mutated sequence. Each prediction, loop;, was optimally
superimposed with the original reference loop structure taken
from the protein databank and an r.m.s. value (rms;) was
calculated as a measure of structural similarity.

At a given position in the loop sequence, the influence of
the position of a mutation on the conformation is indicated by
the mean r.m.s. value of the loop structures generated from all

3 5 ' a 5 r a 5 7
Raaldun Poalllon FAnaldue Pusillon Apaidun Pozaltion

Fig. 7. Average structura effect of 19 alternative residues at each position
ol the CDR-H3 loops [ to 9 in the test set. The line denoted ‘Control”
shows the r.m.s. deviation of the unmutated prediction.

19 point mutations at that position. This position-specific mean
r.m.s. deviation correlates with the structural effect of a non-
specific mutation at this location, The standurd deviation of
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Fig. 8. Average structural effect of 19 alternative residues at cach position
of the CBR-H3 loops 1010 15 in the test sel.

Tabic V. Shape parameters for CDR-H3 loops

Name Length Height {A)  Widith (A)  Depth (A)
IFGV 1 11.0 15.58 9.04
2MCP n 6.30 12,39 12.59
INCA 1 6.88 14.85 5.97
1HIL 1 9.16 14.33 9.98
IFVD 1 9.94 10.46 10,32
8FAB 12 540 16.01 10,62
6FAB 12 8.44 15.91 10.49
11GM 12 5.06 14.35 0,18
IFB4 17 10.9 20,63 8.6
1DFB 17 3.27 23.60 [0.17

these position-specific r.m.s. values indicates the degree of
structural variation caused by the specific nature of the point
mutation.

Figures 7 and 8 show the position-specific averages and
standard deviations of the r.m.s. values resulting from this
mutation analysis for the CDR-H3 loops in the test set. These
results suggest that the residues in the middle of the loop have
the largest effect on the conformation of the loop. fn simm, this
effect may be masked by mutations at the bases of the loop
which are more likely to cause clashes with framework residues
in the antibody disrupting the loop conformation.

In the 15 shorter, better-predicted CDR-H3 loops, there is
a total of 13 glycines. At nine of these, there is a peak in the
r.m.s. deviation and at six, the maximum r.m.s. deviation for
the loop occurs. This indicates that mutation of a glycine to
any other residue has a large effect on the conformation. This
correlates with the common observation that glycines are able
to adopt ¢/y combinations inaccessible to residues having side
chains (Ramachandran ef al., 1963).

Another analysis was performed on the shapes of the CDR-
H3 regions. As a description of loop shape, we have used
three parameters to describe the overall conformation of a
loop. By rotating a loop such that the two terminal Co atoms
are along the v-axis and the centre of geometry falls on the
xy-plane, we are able to define the height (H}, width (W) and
depth (1) of the loop. In Table V we give the values of H, W
and D for CDR-H3 loops taken from the test set. From these
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values, it can be seen that the Joop width increases with the
length (Pearson’s correlation coefficient » = 0.90), but that
height and depth are poorly correlated with loop fength (r =
0.26 and r = —0.07 respectively).

The representation of loop shapes by these three parameters
H, W and D is meant to give an intuitive understanding, for
example, how much a CDR-H3 loop reaches out from the rest
of the antibody molecule. Tt is clearly a major simplification
that might be used as an output represenialion of another
network predicting these quantities from sequence information,
Such a simplified network could be combined with the networks
used in this application as a source of additional input
information or as an additional criterion to select among
different predictions to improve the prediction accuracy.

Discussion

A novel method has been constructed and applied to the
prediction of the 3-D structure of the CDR-H3 loops in the
variable regions of antibodies on the basis of amino acid
sequence information alone. This prediction scheme is designed
to be used as part of a larger system for modelling the complete
antigen combining site. The conformation of the other five
CDRs (L1, L2, L3, HI and H2) has proved relatively easy to
model by standard ab initio and knowledge-based methods,
but the CDR-H3 loops which are much more variable in both
sequence and in length have proved much more difficult to
model, especially when longer than 10 amino acids in length,

The most effective networks have used the time-delay
architecture and reflect the loop topology in the design of the
input and output layer. Results of a jury of networks have
been filtered using the requirement that the Cao distances in
the predicted loops meet the constraints for attachment to an
antibody framework and the models generated could be used
as input to molecular dynamics or energy minimization simula-
tions after the addition of side chains

The neural networks used have been quite successful in
predicting the conformations of CDR-H3 regions of up to 11
residues with a Co rm.s. deviation of ~2 A. This level of
success has been achieved using networks which employ no
environmental information; their predictions are based solely
on the sequences of the loops themselves. The fact that the
prediction was less successful with loops of 12 or more
residues suggests Lhat the conformations of longer loops are
more highly influenced by the environment. The networks
have been used to derive information on the effects of particular
positions and residue type on CDR conformation.

As we have concentrated on a particularly difficult loop to
model, CDR-H3 of the antibody Fv fragment, direct compar-
ison with other methods is difficult. We have calculated only
Co r.m.s. deviations so we cannot perform direct comparisons
with authors who provide only backbone {with or without the
O or CP atoms) r.m.s. deviations. The best-known analysis and
modelling of antibody hypervariable loops is that performed by
Chothia ef al. (1989). However, they exclude CDR-H3 from
their analysis.

Martin ef al. (1989) were able to achieve an r.m.s. deviation
of 0.8 A on the backbone for the four-residue CDR-H3 of
antibody Gloop2 and 1.45 A for the seven-residue CDR-H3
of HyHEL-3. However, both of these were modelled in the
context of the crystal structure of the remaining loops and
therefore cannot be applied to modelling completely unknown
structures. When they modelled CBR-H3 of Gloop2 onto an
empty combining site (Martin ef af., 1991}, their accuracy fell



to 1.45 A rm.s. deviation on the backbone atoms, This is
comparable with the Ce. r.m.s. deviations of 1.58 and 0.97 A
for the seven-residue loops modelled here.

Bruccoleri er al. (1988) achieved backbone r.m.s. deviations
of 1.0 A for a four-residue section of CDR-H3 of HyHEL-5
and 1.1 A for a seven-residue section of the McPC603 CDR-
H3. They do not model the complete loops which are seven
and 11 residues long respectively.

Fidelis ef al. (1994) have performed a comparison between
database and conformational search techniques. They conclude
that the Protein Databank is only saturated for loop lengths of
up to seven residues and that database methods are only
suitable for modelling short fragments of protein. While
conformational search techniques do saturate conformational
spice, they become prohibitively expensive in computer time
for sections of protein much longer than seven or eight residues.

No systematic analysis of modelling longer CDR-H3 loops
has been performed by these other authors and we are therefore
unable to compare our results with theirs.

Qur current methodology has considered only the local
conformation of the loops. The conformations which we
generate could be fitted onto a parent antibody framework
using least squares fitting of the base residues or an overlap
approach using the base residue vector and the centre of
geomeiry of the loop as described by Martin er ol (1989).
Such methods are likely to result in poor geometry around the
take-off region, but this can be relieved by molecular mechanics
methods,

We are now attempting to improve our current results. We
are addressing the problem of improving the fitting of loop
fragments onto the framework and are building more sophistic-
ated networks incorporating environmental information and
using additional networks which employ a simplified repres-
entation of loop conformation described by height, width and
depth parameters. Improved and more detailed networks are
required to expand to point mutation analysis and suggest the
structural effect of specific point mutations. This will be
very beneficial for the design of site-directed mutagenesis
experiments.
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