Using residue propensities and tightness of fit to improve
rigid-body protein-protein docking

Bingding Huang and Michael Schroeder

Bioinformatics Group, Biotechnological Centre, Technical University Dresden, Germany

Abstract: Protein-protein interactions are fundamental as many proteins mediate their
biological function through protein interactions. Over the past 20 years there have
been many computational approaches to dock proteins. These approaches are mostly
based on the shape complementarity of structures and the physio-chemical properties
of the interfaces. However, these docking approaches are far from perfect and there
still remains potential space to improve.

We propose to use family-based residue interaction propensity as well as the tight-
ness of fit between residues with high propensities as a scoring function to improve
rigid body docking. This approach is evaluated on an established benchmark data set.
Our scoring function improves the number of hits for enzyme-inhibitor complexes by
a factor of 4-30 in comparison with shape complementarity alone and for antibody-
antigen complexes by 4-11.

The supplementary data are available athttp://www.biotec.tu-dresden.
de/ “bhuang/bdock.

1 Introduction
1.1 Protein Docking

Protein docking and scoring functions. Most processes in the living cell requires molec-
ular recognition and formation of complexes, which may be stable or transient assemblies
of two or more molecules with one molecule acting on the other, or promoting intra- and
intercellular communication, or permanent oligomeric ensembles ([EKK04]). The rapid
accumulation of data on protein-protein interactions, sequences, structures calls for the de-
velopment of computational methods for protein docking. Typically docking methods are
investigated which attempt to predict the complex structures given the structures of compo-
nents. Most docking approaches follow two steps. First, a set of candidate conformations
is generated based on shape complementarity of the rigid bodies. A fast method using
fast Fourier transform (FFT) for this approach has been proposed by [KKSE*92] and fur-
ther developed by [GJS97, SGJ98, RK00, TWV02, BZE03, CW03, EKK04, BKKEO02].
A good review about this method can be found in ([EKKO04]). In a second step, the
set of conformations are re-ranked using various scoring functions, used either indepen-
dently or in combination. The scoring functions generally include geometric and chemical
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complementarities measures, electrostatics, hydrogen-bonding and van der Waals interac-
tion energy and some empirical potential functions such as residue-residue pair potential
([GS99]). A number of algorithms and many different scoring functions have been devel-
oped in the last ten years as recently reviewed by ((HMWNO02, SS02, VC04, EKK04]).

Benchmark for testing the docking algorithms. The docking problem can be divided
into two classes depending on the input of components structures. If we separate the
complex structure into two components and then try to dock them together, it is called
bound-bound docking. This is quite successful with rigid body docking methods. For
the unbound-unbound docking, the separately crystallized component structures are used
as input for docking which is more challenging than the former. Since the component
structures are slightly different from the subunits in the complex structures (RMSD 0.5-
1.0 A).

In order to test the performance of the new docking approaches, various benchmark datasets
with bound and unbound structures have been proposed ([GJS97, RK00, JTA02, PKWMO00,
GNSO04]). A widely used ([LCZ03, CGVC04, GMW 03, GNS04, DRK05]) benchmark
data set has been defined by [CMJWO3]. It contains 59 non-redundant protein complexes
including 22 enzyme-inhibitor complexes, 19 antibody-antigen complexes, 11 other com-
plexes and 7 difficult test cases.

To judge weather a docking algorithm is good or not, the docked complex structures are
compared to the native complex structures. If near-native (RMSD below 3 A) structures
are found in the top 100 to 1000 solutions, the docking approach is considered useful. The
number of hits in the top 100 to 1000 docked solutions, the ranking of the best hit and the
RMSD value of the best hit are the three main parameters used for evaluation of docking
algorithms.

Docking difficulty. Recently, investigations on the interfaces of known protein-protein
complexes have revealed that enzyme-inhibitor, antibody-antigen and other complexes
present important differences in the amino acid composition, hydrophobicity and elec-
trostatics ((DTD*01, GSVBTO1]). [Jac99] compared protein-protein interactions in dif-
ferent types of complexes and concluded that enzyme-inhibitor are more static and hence
more easily predictable than antibody-antigen. This suggests that different filtering crite-
ria should be applied to different types of complexes. [LMCWO03] applied type-dependent
filtering technique to docking algorithm and retained much more native-like structures and
increased the successful probability of predicting complex structures.

[VCO04] classified protein complexes based on docking difficulty. They claimed that enzyme-
inhibitor complexes can be determined by current docking methods with reasonable accu-
racy - possibly to within a few alternative structures. Results for antigen-antibody pairs
are less predictable and data for small signaling complexes are generally poor. Transient
complexes with large interface areas undergo substantial conformational changes and are
beyond the reach of current docking methods. Moreover, based on measurements of con-
formational change, interface area and hydrophobicity, they defined five types of protein-
protein complexes to characterize the expected level of docking difficulty.

160



200

150

100

50

The number of residues in ASA interface

B P
ol do- 1 1
0 50 100 150 200
The number of residues in PSl interface

Figure 1: Scatterplot of the number of residues in the interface based on distance (PSIMAP) and
based on solvent accessible surface area.

1.2 Predicting Interaction Interfaces

The core idea of this paper is the use of interaction interface predictions in the docking
scoring functions to further improve the filtering.

Geometrical and physico-chemical approaches to interface prediction. In blind protein-
protein docking approaches, it is of great importance that the binding sites are predicted
correctly in the first step. Knowing where the binding sites are located on the protein
surface can limit the conformational search space and reduce computational time. In the
last 10 years, there have been many efforts to predict the protein-protein interaction bind-
ing sites based on the analysis of the protein surface properties ([JT97a, JT97b, NRS04,
BWO05, ZS01]). Jones and Thornton [JT97a, JT97b] analyzed the surface patches us-
ing six parameters: solvation potential, residue interface propensity, hydrophobicity, pla-
narity, protrusion and solvation accessible surface area (ASA). The six parameters were
then combined into a global score that gave the probability of a surface patch forming
protein-protein interaction. Bradford [BWO05] trained a support vector machine (SVM) to
distinguish interacting and non-interacting surface patches using the six surface proper-
ties surface shape, hydrophobicity, conservation, electrostatic potential, residue interface
propensity and solvent accessible surface area. Using this method, they were able to pre-
dict the location of the binding sites on 76% of the 180 protein data set using a leave-one-
out validation procedure. This method was shown to be applicable to both obligate and
transient binding sites.

Although many binding sites prediction methods have been developed, only one group
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integrated it into docking. Recently, [GNS04] predicted protein-protein binding sites first
using their own prediction program: ProMate ([NRS04]), of which the success rate was
about 70%, and then they used these predicted binding sites to calculate the tightness of
fit of the two docked proteins. A linear relation between this score and the RMSD relative
to the true structure is found in most of the cases they evaluated. Their results encourage
us that using predicted interaction sites can improve protein docking. However, we will
try a different prediction methods and develop different scoring functions based on these
methods. All scoring functions will be integrated together to improve docking.

Family-based residue interaction propensities. With the growth of the Protein Data-
bank PDB ([BWF*00]), more and more complex structures are available. In this paper, we
propose to calculate residue interaction propensities for families of the structural classifica-
tion of proteins SCOP ([AHB ™ 04]). For residues with high propensities, we calculate the
tightness of fit between these residues. Overall, this novel scoring function shows a good
correlation with the RMSD and therefore can improve docking. Its only limiting factor is
the availability of structural data to compute the family-based interaction propensities.

2 Materials and Methods
2.1 FFT docking method

Our proposed scoring function is included into BDOCK, an implementation of the FFT
docking method ([KKSE'92]) using the BALL library ([KL0O]). BDOCK also includes
scoring by residue pair potential and desolvation energy. BDOCK scans the protein surface
at a rotational angle of 10° using a grid size of 1.0 A and a surface thickness of 2.0 A.

2.2 PSIMAP, the Protein Structure Interaction Map

To compute the residue interaction propensities we use PSIMAP, a database with over
40.000 structural interaction interfaces ([PLTO1, DBG104]) for over 8000 PDB struc-
tures. PSIMAP denotes two domains as interacting with each other if at least 5 residue
pairs are within 5 Angstroms (the 5-5 rule). The 5-5 rule correlated very well with defin-
ing the interface based solvent accessible surface area (ASA) as shown in Fig. 1. Fig. 2
shows a screenshot of PSIMAP with the family members aligned by sequence and inter-
acting residues highlighted. Non-redundant family-members are used to compute residue
interaction propensities are described below.
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Figure 2: The screen shot of visual PSIMAP. It shows the interaction residues in the SCOP family
b.47.1.2. The interface residues are showed in upper case and marked green.

2.3 Propensity calculation

PSIMAP contains all the residue-residue contact information in domain-domain interac-
tions at family or superfamily level. Residue interface propensity is calculated at family
level, i.e. the interaction of all proteins in the whole family are used for calculation. To
remove the redundant interactions, we use a threshold of 90% similarity. For each amino
acid type ¢ of protein, the propensity can be calculated using the following formula:

p’l"Obén — Nin (i)/Nin
prObfur Nsur (Z)/Nsur

Propen; =

)

where probi™ is the probability of residue type i in the interface and probs*" is the proba-
bility of residue type ¢ on the surface; N;;, (7) is the number of amino acids of type ¢ in the
interface; N, is the total number of amino acids of any type in the interface; Ny, is the
number of surface amino acids of type ¢ in all the domains belonging to this family; N,
is the total number of surface amino acids. Those residues with Propen; above 1 indicate
that it has high probability for being in interface. Here we define those residues having
Propen; > 1.5 as “predicted interface residues”.

The main drawback of the propensity score is that it depends on the size of SCOP family
and the number of interaction derived from PSIMAP. For those proteins of which there is
not sufficient interaction data in PSIMAP, it is impossible to calculate the interface residue
propensity. That is the reason why we only restrict our docking test in Trypsin-like serine
protease family (SCOP family ID b.47.1.2) for enzyme-inhibitor complexes and V set
domains (antibody variable domain-like)/C1 set domains (antibody constant domain-like)
(SCOP family ID b.1.1.1/2) for antibody-antigen, for which there is sufficient structural
data available.

As an example for the residue propensities of two families consider Fig. 3. The residue
propensities differ substantially between the families supporting the need to consider propen-

163



10
9
8 Eb.47.1.2 [
s ¥ Eb.1.1.1/2] ]
a 6
5 5
24
3
2
ALA ARG ASN ASP CYS GLN GLU GLY HIS ILE LEU LYS MET PHE PRO SER THR TEP TYR VAL
Residue | b.47.1.2 | b.1.1.1/2 | Residue | b.47.1.2 | b.1.1.1/2
ALA 0.53 1.16 LEU 1.05 0.96
ARG 0.72 0.94 LYS 0.52 0.75
ASN 0.51 0.59 MET 0.92 1.54
ASP 0.95 1.27 PHE 1.94 2.86
CYS 8.99 0.13 PRO 0.69 1.19
GLN 0.64 1.13 SER 1.25 0.55
GLU 0.55 0.58 THR 0.94 0.51
GLY 0.97 0.80 TRP 4.18 2.52
HIS 2.07 1.26 TYR 1.50 3.71
ILE 0.88 1.13 VAL 1.07 0.65

Figure 3: The residue propensities of Trypsin-like serine protease (SCOP ID: b.47.1.2, calculated
from 747 interactions) and V set domains (antibody variable domain-like)/C1 set domains (antibody
constant domain-like) (SCOP ID b.1.1.1/2, calculated from 620 interactions). TRP and TYR have
high preference in the interface in both families. CYS has highest preference in b.47.1.2 but it has
very low propensity in in b.1.1.1/2. The right table shows the propensity values for each residue.
Those residues with propensity > 1.5 are regarded as predicted interface residues, i.e. for b.47.1.2
they are CYS, HIS, PHE, TRP and TYR; MET, PHE, TRP and TYR for b.1.1.1/2.
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1ACB 1CGI

1DQJ 1FBI

Figure 4: The residue interface propensities on the protein surface of the receptors. The gray one
is its binding partner. Red: high propensity, green: low propensity (The color scheme is referred to
the values from Fig 3). The receptor of 1ACB and 1CGI is Trypsin-like serine protease (b.47.1.2).
The high propensity residues for this family are CYS, HIS, PHE, TRP and TYR. The receptor of
1DFJ and 1FBI is V set domains (antibody variable domain-like)/ C1 set domains (antibody constant
domain-like) (b.1.1.1/2). The high propensity residues for this two families are MET, PHE, TRP and
TYR. These figures indicate that the high propensity residues accumulate around the real binding
sites.
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sities at the family-level rather than globally. In Fig 4 the propensities of Fig. 3 have
represented as colors (red = high propensity, green = low) of the surface residues. This
example shows that the propensity in the interface is higher than in the rest of the surface
residues thus encouraging the overall approach.

The reason for using residue interface propensity as a scoring function is that the near-
native docked complex structures should have highest propensity value if we calculate
the average residue interaction propensity (IP) for those interface residues of receptor as
bellow:

1 N
P = zzj Pro; )

where

Pro; — 10 % Propen; if Propen; > 1.5
Propen; else

Here Propen; is the precalculated propensity for the residue ¢ in the receptor from docked
structure using equation 1 and N is the number of interface residue. If Propen; is > 1.5,
it is made 10 times bigger to ensure that those docked complexes having more predicted
interface residues have higher propensity score. This propensity score can measure how
likely the interface of docked solutions trend to be native interface. Using this scoring
function to score the docked solutions is very fast since we only care about the interface
residues.

As shown for an enzyme-inhibitor example in Fig. 5.c-e scoring with desolvation energy,
residue pair potential and shape complementarity does not correlate well with RMSD. The
residue interaction propensity in Fig. 5.a is already much better, as it singles out near-
native structures together with a few very poor predictions. To further reduce such false
positives we combine the residue interaction propensities with the tightness of fit (ToF)
proposed by [GNS04]. For ToF we only consider residues with > 1.5 propensity. ToF is
calculated according to:

din er — da
ToF — Zinter — Call 3)
dan
where
1 ” Dinter' 7 1 U Dall‘ j
din er — — and da = — ——aid 4
¢ n ; Propen; T m j; Propen; “)

Dinter 1s the minimum distance of the C, of residue ¢ with propensity > 1.5 (high proba-
bility to be in interface) of receptor to any atom of ligand. D;; is the minimum distance of
C,, atom of surface residue j of receptor to any atom of ligand. There are n residues with
> 1.5 propensity and m surface residues. As Fig. 5.b shows for the enzyme-inhibitor ex-
ample the tightness of fit of high propensity residues correlates very well with the RMSD
of near-native complexes.
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Figure 5: Different Z-scores vs RMSD of the enzyme-inhibitor complex 1ACB. a). Residue inter-
action propensity b). Tightness of fit ¢). Desolvation energy d). Residue pair potential e). Shape
complementarity. While c, d, and e are not well correlated with the RMSD, the propensity can single
the best RMSD solutions together with some poor solutions. These false positives are completely
absent from the tightness of fit score, which correlates very well with the RMSD. The scatterplots
of Z-scores vs RMSD for all the complexes are available at www.biotec.tu-dresden.de/
“bhuang/bdock.
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3 Results

To evaluate the above scoring functions we considered 24 examples from the Chen data set
(12 enzyme-inhibitor and 12 antibody-antigen). For each complex in the data set, we keep
10000 docking solutions and score each by atom contact energy, residue pair potential,
propensity score, tightness of fit. Next, we compute the Z-score for each scoring function:

X, —X
g

Z-score; = ®))
where X is the score of ¢ solution, X is the mean score of total 10000 solutions and o is
the standard deviation. The benefit of using Z-score to re-rank the docked solutions is that
the scores of different scoring function for different complex are comparable.

Here we define a docking solution as near-native structure (hit) if the RMSD between it
and the native complex is below 4.5A. It is obviously that when we applied filters to the
complex structures pool, some near-native structures are also filtered out together with
non-native structures. To see the improvement after filter, the improvement factor I F' is
calculated according to

o hitsaf/Naf

1F =
hitsbf/Nbf

(6)
where Ny¢, Ngy are the number of the complex structures; hitsyy and hits,y are the
number of near-native structures (RMSD < 4.5;1) in the pool, before filter and after filter.

Enzyme-inhibitor complexes The receptors in these complexes are in the same family
(Trypsin-like serine protease, SCOP ID b.47.1.2) which interact with different inhibitors.
They are 1ACB, 1AVW, 1BRC, 1BTH, 1CGI, 1CHO, 1PPE, 1TAB, 1TGS, 2KAI, 2PTC,
4HTC. For this family, CYS, HIS, PHE, TRP and TYR have propensity > 1.5 and are
regarded as predicted interface residues (see Fig 3). The docking and filter results are
showed in table I. Based on shape complementarity, BDOCK generates some near-native
structures for all 12 E/I complexes, ranging from 6 to 981, in 10000 docking results. The
best RMSD for these complexes is below 34 except for IBTH among these 10000 solu-
tions.

When filtering these 10000 solutions by propensity score, the number of complexes in the
pool reduced to one thousand to two thousand but most of the near-native structures are
still remaining in the pool. The improvement factor (IF) after filter by propensity score
> 1.0 is greater than 2 for all the complexes. Filter by ToF (< —1.5) can remove more
false positive solutions except for IBTH and 4HTC. For 1BTH, there is a very deep pocket
in the enzyme surface where the inhibitor fits into tightly, while 4HTC has a long tail of
the inhibitor involved in interaction (see Fig 6). This is the reason why ToF fails to rank
near-native structures high for them.

Using both filter criteria, the number of docking candidates reduces to less than one thou-
sand and the best result is still remained in this pool except for ICHO and 1PPE. The
improve factors become better in all cases, ranging from 4 to 30.
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Table L The docking results for enzyme-inhibitor complexes

Complex  hits,;“ RMSD? Filter by IP¢ Filter by ToF? Filter by IP and ToF
hitsef/Nag® IF  hitsas/Nas  IF  hitsqf/N,y IF  RMSD#
1ACB 6 2.17 6/2049 4.88 6/1068 9.35 6/910 11.00  2.17
1AVW 11 1.38 9/1906 4.30 11/954 10.50 9/502 1630  1.38
1BRC 42 221 24/1933 2.96 9/624 3.43 8/451 4.22 221
1BTH 12 3.85 12/1462 6.84 0/112 0 0/3 0 8.04
1CGI 52 1.30 51/1807 5.43 20/130 29.59 20/130 29.59  1.30
1CHO 38 0.90 34/1767 5.06 27/692 10.27 26/562 1217 095
1PPE 981 0.29 653/1930 2 510/881 6.0 417/554 7.67 0.38
1TAB 62 0.71 26/1801 2.33 39/837 7.52 21/262 1293 0.71
ITGS 106 0.69 70/1859 3.55 88/987 8.41 69/654 10.55  0.69
2KAI 114 1.43 82/1809 3.98 96/135 6.20 66/654 8.85 1.44
2PTC 52 1.66 46/1798 4.90 52/916 10.20 46/559 1582  1.66
4HTC 41 2.20 33/1449 5.55 0/121 0 0/6 0 10.07

4The number of complexes whose RMSD is below 4.5 A in 10000 solutions.

bThe best RMSD from 10000 docking results.

¢Z-score. Threshold: > 1.0.

d7-score. Threshold: < —1.5.

¢Ngy is the number of docking results remained in the pool after filter. hits, ¢ is the number of hits in this
pool.

fCalculated according to equation 6. N, £ 1s 10000.

8The best RMSD after filter using IP and ToF.

Table 1L The docking results for antibody-antigen complexes”
Complex  hits,y RMSD Filter by IP? Filter by ToF¢ Filter by IP and ToF
hitsaf/Naf IF hitsaf/Naf IF hitsuf/Naf IF RMSD

1AHW 5 2.62 5/1316 7.60 0/1770 0 0/1106 0 5.94
1BQL 8 1.58 8/1641 6.10 8/2236 4.47 8/1377 7.26 1.58
1DQJ 20 2.85 19/1135 8.37 20/1978 5.05 19/1106 8.60 2.85
1EO8 6 1.25 6/1840 5.43 6/1745 5.73 6/900 11.11 1.25
1FBI 9 2.84 6/1831 3.64 9/1932 5.17 6/1560 4.27 2.84

11AI 4 1.85 4/1804 5.54 4/1931 5.17 4/1138 8.79 1.85
IMLC 0 4.55 0/1478 0 0/1626 0 0/1177 0 4.55
INCA 13 1.17 13/1876 533 13/2307 4.33 13/1499 6.67 1.17
1QFU 8 1.29 8/1745 5.73 3/2279 1.64 3/1021 3.80 1.29
IWEJ 9 3.16 9/1253 7.99 9/1685 5.83 9/1195 8.36 3.16
2JEL 5 3.48 5/1745 5.73 5/1694 5.90 5/1055 9.47 3.48
2VIR 2 1.40 2/1695 5.90 2/1852 5.40 2/986 10.14 140

“see Table I.
bThreshold > 1.0.
“Threshold < —1.0.
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1BTH 4HTC

Figure 6: The complex structures of 1BTH and 4HTC. Tightness of fit fails to figure out near-native
structures for them. Blue: enzyme, green: inhibitor.

Antibody-antigen complexes 12 complexes belong to this A/A, i.e. 1AHW, 1BQL,
1DQJ, 1EOS, 1FBI, 11IAIL, IMLC, INCA, 1QFU, 1WEJ, 2JEL, 2VIR. For these 12 com-
plexes, the antibody consit of two domains: V set domains (antibody variable domain-like)
(SCOPIDb.1.1.1) and C1 set domains (antibody constant domain-like) (SCOP ID b.1.1.2).
These two domains bind together and they are both involved in interaction with antigen.
Only four residues (MET, PHE, TRP and TYR) have propensity > 1.5 and are regarded as
predicted interface residues (see Fig 3). The docking and filter results are showed in table
II. Based on shape complementarity, BDOCK generates only a few near-native structures
in 10000 docking results, from 1 to 20 except for IMLC (best RMSD 4.55). When com-
paring the unbound structures (Antibody D44.1 Fab fragment (1mlb) and lysozyme (11za))
with the complex structure of IMLC, a significant conformational change is observed on
lysozyme, with Pro70 moving as much as 4 A and dragging the main chain atoms (see Fig
7, modified from [PKWMOO]). As a result, rigid-body docking method fails to generate
near-native structures for this case and flexibility needs to be taken into account.

Filter by propensity (> 1.0), the improve factor is from 3 to 8. Filter by ToF (< —1.0),
it is from 4 to 6. ToF fails in IAHW because the high propensity residues have some
distribution on non-interface surface although they do accumulate around the real interface
in the receptor of this complex. Using both filter criteria, the IF is 4 to 11 and the number
of candidates in the pool is from 900 to 1600. Comparing to the docking results of E/I
complexes, less hits are found in the initial 10000 solutions for A/A complexes based on
shape complementarity which confirms the conclusion by [VC04] that antibody-antigen is
less predictable by current rigid-body docking methods. That is also the reason why the
threshold for ToF here is < —1.0.
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Figure 7: Detail of the interaction between monoclonal antibody D44.1 Fab fragment (1mlb) and
lysozyme (11za). The blue one corresponds to the lysozyme in the complex and the yellow one Fab
fragment (only show interface), while the red one show the conformations of the non-complexed
lysozyme structures , when superposed on that of the complex (1mlc). Significant conformational
changes of PRO70 and ARG45 are shown in cyan and green. a). main chain level. b). side chain
level, the ARG45 (green) of 11za penetrating to Fab fragment.

4 Conclusion

Protein docking aims to predict complex structure from unbound component structures. A
major challenge in this field is to extract the near-native structures from a pool of a large
number of solutions by using appropriate scoring function. In this paper, we describe a
novel scoring function using interface residue propensity and the tightness of fit between
high propensity residues. We evaluated this scoring function on 24 structures from the
Chen data set and obtained improvement factors of 4-30 for enzyme-inhibitor and 4-11
for antibody-antigen complexes. A key insight is that focusing on a few residues, which
are of particular importance (in our case the high propensity residues) and considering the
tightness of fit for these residues improves scoring. Since our review highlights various
other approaches to predict interaction interfaces ((BWO05, JT97a, JT97b]), we hypothe-
size that the approaches can lead to further improvements of scoring functions. We will
continue this line of research using other definitions of hot spots and geometric measures
to distinguish pockets from flat surface patches.
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