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ABSTRACT Accurate estimation of the strength of the protein-ligand interaction is important in the field of drug discovery. The
binding strength can be determined by using experimental binding affinity assays which are both time and labor consuming and
costly. Predicting the binding affinity/energy in silico is an alternative approach, particularly for virtual screening of large data
sets. In general, the distance-based terms such as electrostatic and van der Waals interactions are among the key determinants
of binding energy. In this work, the distance-binding energy relationships, i.e., E « —d ¥ are further explored, extended, and
developed for protein-ligand binding affinity prediction. The contributions of different atom-type pairs were considered synthet-
ically and jointly. Additionally, the contact number-energy relationships (E « —n*) were also explored for protein-ligand binding
affinity prediction. Significantly, the power exponents of the distances or contact numbers in the energy functions are not
restricted by the existing theories concerning van der Waals and electrostatic energies (expressed as 4 — -% and €). The per-
formances of the new distance-based or contact number-based models are better than the performances of those sophisticated
non-machine-learning-based scoring functions developed before. The exploration and extension of the distance-energy and
contact number-energy relationships may offer insights into the development of more effective methods for predicting the pro-
tein-ligand binding affinity accurately and analyzing the protein-ligand interactions rationally.

SIGNIFICANCE In this work, the quantitative distance-binding energy relationships (E « —d ¥) and contact number-
energy relationships (E « —n*) are further explored anew and are developed for protein-ligand binding affinity prediction.
The contributions of different atom-type pairs are considered synthetically, and the coefficients (parameters) of the
distances and contact numbers with different power exponents are determined jointly. The ideas and strategies may be
extended in the future for exploring other molecular interactions and the underlying theories governing physical interactions
(especially the geometry-energy relationships).

INTRODUCTION interactions, i.e., calculating the binding energies/affinities
for the protein-ligand complexes, which is directly related
to the scoring power and ranking power of a scoring func-
tion for protein-ligand interactions (4). The scoring power
refers to the ability to accurately predict the binding affin-
ities of different protein-ligand complexes, and the ranking
power refers to the ability to correctly rank different ligands
with the same binding site of a protein based on the pre-
dicted binding affinities (4). Ideally, a perfect scoring func-
tion can predict the binding affinity nearly the same as the
experimentally determined binding affinity for any pro-

Biochemical experiment-based screening of bioactive com-
pounds in the process of drug discovery is extremely time
consuming and labor intensive (1). As an auxiliary means,
computer-aided drug design (CADD) has been developed
for nearly 50 years (2) since the first work about designing
hemoglobin ligands, which was published in 1976 by Bed-
dell et al. (3). One of the main issues in CADD is the accu-
rate estimation of the strength of the protein-ligand
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tein-ligand complex. In practice, the non-perfect scoring
functions may have relatively good performances (Pearson’s
correlation coefficient >0.7 or 0.8), but the ranking power
often fluctuates dramatically for different protein targets,
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and the average ranking power of the practical scoring func-
tions for these protein targets is weaker than expected.

The scoring functions can be categorized into four types:
physics-based methods, knowledge-based potentials, empir-
ical scoring functions, and descriptor-based scoring functions
(5). In the scoring functions, the commonly used scoring
terms or variables include van der Waals, electrostatic and
hydrogen bonding energies, number of atom contacts and
rotatable bonds, and others (6-9). Most of the energy terms
are distance-based variables and in direct proportion to
—d* (d and k being the distance and power exponent,
respectively) (6-8). The atomic contacts between the protein
and ligand are also usually defined based on distance (9). In
the contact number-based models, the binding energy (E) is
in direct proportion to —r* (n and k being the contact number
and power exponent, respectively) (9). The effectiveness of
the distance-based or distance-related variables has been
proved, but there is still room for improvement in the accu-
racy of predicting the protein-ligand binding affinity.

In this work, the quantitative distance-energy and contact
number-energy relationships are further explored for the
prediction of the binding energies/affinities in protein-
ligand complexes. The new linear distance-based or contact
number-based scoring functions are superior to the sophisti-
cated non-machine-learning-based scoring functions devel-
oped previously.

MATERIALS AND METHODS
Data sets

The information about the protein-ligand complexes with known structures
and experimental binding affinities were obtained from PDBbind (10,11)
and CASF-2016 (4). In PDBbind v.2020 (https://www.pdbbind-plus.org.
cn/) there are 19,443 protein-ligand complexes in the general set, which in-
cludes the 5316 complexes in the refined set. In CASF-2016 there are 285
structures of the protein-ligand complexes, and the proteins correspond to
57 targets and binding sites (4). All the experimental structures were down-
loaded anew from the Protein Data Bank (PDB) (https://www.rcsb.org/) (12).
The ligands were defined based on the structural information from PDBbind
(10,11) and CASF-2016 (4). The complexes were filtered based on four
criteria: 1) there is a definite experimentally measured binding affinity,
i.e., K; or Ky value (K; or Ky is the equilibrium dissociation constant for
an inhibitor or a ligand, respectively); 2) the number of heavy atoms in
the ligand is <70 and the total number of atoms in the ligand is <150;
3) no heavy atom clashes exist in the structure (all the distances between
the heavy atom pairs in the complex are >1 A); and 4) no unrecognized
or unusual atom types (such as B, Du, Ni, Cd, As, I, Y, Yb, V, Ru, Te, Pr,
Cs, Be, Sr, Rh, Re, Rb, Pt, In, Ga, Eu, or Au) exist in the ligand binding
pocket of the structure. After filtering, there are 5171 protein-ligand com-
plexes from the general set (SET-1), 4958 protein-ligand complexes from
the refined set that are not included in the general set (SE7-2), and 285 pro-
tein-ligand complexes in CASF-2016 (SET-3) (4).

Atom types and interacting pairs

The atom types in the structures of the protein-ligand complexes were as-
signed using Open Babel 2.4.1 (13). There are 33 heavy atom types in
the binding pocket of the receptor (0.2, C.3, C.2, N.am, 0.3, C.ar, O.co2,
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N.ar, N.p13, S.3, C.cat, N.3, N.2, Zn, N.4, Mg, P.3, C.1, Ca, CI, Mn, Na,
S.0, Se, Fe, N.1, K, F, S.02, Co.oh, S.2, I, and Br) and 25 heavy atom types
in the ligand (C.3, C.ar, 0.2, C.2, 0.3, N.am, N.ar, N.3, N.pl3, O.co2, P.3,
N.2,S.3,S.02,CL F,S.2,C.1, C.cat, N.4,N.1, Br, I, Fe, and S.O). The def-
initions of the atom types are listed in Table S1. Two heavy atoms from the
receptor and ligand separately are defined as an interacting pair, regarded as
an atom contact if the distance between them is <10 A and >1 A. The in-
teracting strength of a given atom pair will decay as the distance increases
gradually. Here, the cutoff (10 A)is adopted to reduce the computational
amounts and define the binding pockets. For the standard amino acids, there
are 18 heavy atom types (0.2, C.3, C.2, N.am, O.3, C.ar, O.co2, N.ar, N.pl3,
S.3, C.cat,N.3,N.2,N.4, C.1,N.1, S.2, and S.O). The atom type of oxygen
atom in the water molecule is O.3. If a pair is composed of two atoms with
different atom types (atom type 1 and atom type 2), there would be two sit-
uations: atom type 1 from the receptor and atom type 2 from the ligand; and
atom type 2 from the receptor and atom type 1 from the ligand. Here, the
two situations are considered separately because the environments or back-
grounds from the receptor and ligand are different.

To investigate the influence of different components of the receptor in the
affinity prediction, the receptor was divided into three parts: standard amino
acids, water molecules, and others (ions and other molecules). There are
four situations when treating protein-ligand interactions: all the heavy
atoms in the receptor are considered (situation S1); only the heavy atoms
of standard amino acids in the receptor are considered (situation S2); the
heavy atoms of standard amino acids and others in the receptor are consid-
ered (situation S3); and the heavy atoms of standard amino acids and water
molecules in the receptor are considered (situation S4). There are 738 inter-
acting atom-type pairs in situations S1 and S3, and 415 interacting atom-
type pairs in situations S2 and S4.

Linear models for affinity prediction

The pre-linear models were generated based on distance-based or contact
number-based variables using the least-square method (14). The binding
energy (E) is in direct proportion to log(K), i.e., E = constant X log(K).
The formation of the pre-linear models is expressed as follows:

log(K) = aIZdl_ijr +a,-Zdi]_."

toany df+b

k= 1,2,...,18, (1)

log(K) = e\t + ... +ain* + ... +a,n', +b

k= 1,2,..,18. )

Here, K is the inhibition or dissociation constant for a given protein-ligand
complex, ay, a, ..., a,, are the coefficients, b is the constant term, d;; is the
distance of the j™ atom pair for the i atom-type pair, k is the power expo-
nent, Ed,fk is the sum of d,-fk of all the j™ atom pairs for the i™ atom-type
pair, n; is the contact number of the ™ atom-type pair, and m is the total
number of atom-type pairs (m = 738 or 415). Therefore, there are 738 or
415 distance-based or contact number-based variables, respectively, in
each linear model.

To explore the upper bound of the performance of the variables, there are
seven kinds of subsets used to train the pre-linear models. In SUBSET-1,
4000 complexes are stochastically selected from SET7-1; in SUBSET-2,
4000 complexes are stochastically selected from SET-2; in SUBSET-3,
200 complexes are stochastically selected from SE7-3; SUBSET-4 is
composed of SUBSET-1 and SUBSET-2; SUBSET-5 is composed of
SUBSET-1 and SUBSET-3; SUBSET-6 is composed of SUBSET-2 and
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SUBSET-3; and SUBSET-7 is composed of SUBSET-1, SUBSET-2 and
SUBSET-3. The stochastic selection process was repeated 10,000 times. Ac-
cording to the affinity predictive performances in the three main sets, one
representative distance-based (contact number-based) pre-linear model
was selected from the 70,000 distance-based (contact number-based) pre-
linear models for each situation (from S1 to S4) and power exponent
(from 1 to 18).

A large number of new linear models was then generated based on
18 representative distance-based or contact number-based pre-linear
models. The formations of the new linear models are expressed as
follows:

log(K) = aidim; + ... + aidim; + ... + a,dim, + b
no=1,2,..18 3)
log(K) = ainlm; + ... + ainlm; + ... + a,nlm, + b

n=1.2,..18 @)

Here, K is the equilibrium dissociation constant for a given protein-
ligand complex, a;, a,, ..., a, are the coefficients, b is the constant
term, and dim; and nlm; are the i™ selected distance-based and contact
number-based pre-linear models, respectively. Each new linear model
contains no more than 18 selected pre-linear models. All the linear com-
binations of pre-linear models were considered, and the training sets
were generated in the way used for the pre-linear models. The stochastic
selection process was repeated 100 times. There were 183,500,100 ((218
— 1) x 700) linear models generated for affinity prediction for each sit-
uation. According to the performances in the three main sets, one repre-
sentative distance-based (contact number-based) linear model was
selected for each situation.

Metrics for evaluating the performance of the pre-
linear and linear models

The scoring power of a given scoring function is frequently evaluated using
the Pearson’s correlation coefficient (R), which is calculated as follows (4):

S - D0 - )
R =—= z . (5)
> (6 — Y)zigl i — )

i=1

Here, n is the number of protein-ligand complexes in a given set, x; (or y;)
is the experimental (or predicted) binding affinity of the ih complex, and
X (or y) is the average of the experimental (or predicted) binding
affinities.

The ranking power is usually evaluated using the Spearman’s rank corre-
lation coefficient (p), which is expressed as follows (4,15):

n

2 (i = 7X)(ry: — 75)
p = ——— : (©6)

n

S (= Y (i — )

i=1 i=1

Here, n is the number of protein-ligand complexes for a given protein target
and binding site, rx; (or ry;) is the rank based on the experimental (or pre-
dicted) binding affinity of the /"™ complex, and 7% (or 7y) is the average rank
based on the experimental (or predicted) binding affinities. There are 57
protein targets in CASF-2016, and five ligands bind to the same binding
site in each target (4). The average Spearman’s rank correlation coefficient
(p) for the 57 targets is used to assess the ranking power of a given scoring
function.
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RESULTS

The procedure of this research is shown in Fig. 1, which in-
cludes the following general steps: 1) filtering the data ob-
tained from PDBbind (10,11) and CASF-2016 (4); 2)
assigning the atom types using Open Babel 2.4.1 (13); 3)
calculating the distance-based and contact number-based
variables; and 4) training the pre-linear and linear models
for protein-ligand affinity prediction.

Performances of the distance-based and contact
number-based variables for different atom-type
pairs in affinity prediction

Without any prior training, the basic distance-based and
contact number-based variables, i.e., —Zd,fk in Eq. 1,
—3>37d; " (negative sum of Y d;* for all the i atom-
type pairs), —n;* in Eq. 2, and —Znik (negative sum of n,
for all the i"™ atom-type pairs), were directly employed to
predict the binding affinity. The scoring power and ranking
power of these variables were evaluated using Pearson’s cor-
relation coefficient (R) and the average Spearman’s rank
correlation coefficient (p).

The performances of these variables are stored in Data S1
and S2. There are several main points worthy of mentioning.

1) Some variables for single atom-type pair (—Zd,j_k in
Eq. 1, —n in Eq. 2) have relatively better performances
(R = 030 and average p > 0.30 in CASF-2016
(SET-3)). The atom-type pairs include ligand C.3-recep-
tor 0.2, ligand C.3-receptor C.3, ligand C.3-receptor
C.2, and ligand C.3-receptor N.am.

2) For the two types of variables, i.e., —sz,-j_k and
—Zn,-k, the predictive power decreases as the power
exponent (k) increases (Fig. 2). The best performances
are R = 0.39 in SET-1 (5171 complexes) (Fig. 2 A),
R = 0.51 in SET-2 (4958 complexes) (Fig. 2 B), R =
0.63 in SET-3 (CASF-2016, 285 complexes) (Fig. 2 C),
and average p = 0.60 in CASF-2016 (Fig. 2 D). They
can be achieved by both the distance-based and contact
number-based variables in all four situations (S1-S4)
when the power exponent (k) is equal to 1 (—ZZd,fl
and —) _n;). There are no apparent differences between
the contact number-based variables (—ank) for
different situations (S1-S4) (Fig. 2). The performances
of the contact number-based variables (—Znik) decrease
more dramatically than those of the distance-based vari-
ables when the power exponents (k) are small (Fig. 2).
The ranking power of the contact number-based vari-
ables (—Enik) are not changed when the power expo-
nents (k) are >4, whereas the average p of the
distance-based variables (—> "d; %) in CASF-2016
still decreases (Fig. 2 D; the standard deviations are
too big and not shown in the figure). With the increase
of the power exponent (k), the differences between the
contact number-based variables (—Znik) of different
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FIGURE 1 Flowchart illustrating the general
concept and approach in exploring the protein-
ligand binding affinity prediction. The steps include
filtering the data, assigning the atom types, calcu-
lating the variables, and training pre-linear and
linear models.

protein-ligand affinity prediction

Training the linear models for
protein-ligand affinity prediction

complexes also increase, but the differences between the
distance-based variables (—>_>"d; ) of different com-
plexes decrease. While increased difference in contact
number-based variables (—Zn,»k) does not affect the
ranking, the net effect of a reduced difference in dis-
tance-based variables (—3">"d;*) does change the
ranking.

3) The best performances of the two types of variables, i.e.,
—>">"d; " and —>"n/, are comparable to some of the
sophisticated traditional non-machine-learning scoring
functions (in the CASF-2016 data set (4)) according to
the reported results in previous works (7,8).

When calculating the two types of variables (= "d;;
k=1,2,...,18; —Znik, k = 1) without discrimination of
different atom-type pairs, it is not necessary to assign the
atom types. Hence, it is a faster approach to compare the
relative binding affinities of the protein-ligand complexes
in a given set using the two types of variables when no
trained linear or machine-learning-based non-linear models
are available. In particular, the two variables, i.e.,
—ZZdij_l (negative sum of the reciprocals of the distances
of all the interacting atom pairs between the receptor and
ligand) and —) n; (negative sum of the atom contact
numbers between the receptor and ligand) in situation S2,

are recommended to be used in practice. It should be noted
that in situation S2, only the heavy atoms of standard amino
acids in the receptor are considered, and there are 415 atom-
type pairs between the receptor and ligand within a distance
cutoff of 10 A.

Performances of the representative pre-linear
models in affinity prediction

Several hundred thousand pre-linear models were generated
based on the distance-based and contact number-based vari-
ables. According to the performances, one representative
pre-linear model was selected for each power exponent,
each type of variable, and each situation. The coefficients
and constant terms of the selected pre-linear models are
stored in Data S3 and S4, and the scoring and ranking
powers of the selected pre-linear models are shown in
Fig. 3 (Data S5). There are some contact number-based
pre-linear models for which the coefficients are set to —1
and the constant term are set at 0 because of the weaker per-
formances of the trained pre-linear models based on the sta-
tistically selected training data (Data S4). The best
performances of the pre-linear models are R = 0.60 in
SET-1 (5171 complexes) (Fig. 3 A), R = 0.66 in SET-2
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FIGURE 2 Performances of two types of distance-based and contact number-based variables (7ZZd,-j’k and 7211,-") for different power exponents in
affinity prediction without any training. (A) R (Pearson’s correlation coefficient) in SET-1 (5171 complexes). (B) R in SET-2 (4958 complexes). (C) R in SET-3
(CASF-2016) (285 complexes). (D) Average p (Spearman’s rank correlation coefficient) in SET-3 (CASF-2016) (57 targets, 285 complexes). S1-S4 refer to

situations S1-S4, respectively.

(4958 complexes) (Fig. 3 B), R = 0.73 in SET-3 (CASF-
2016, 285 complexes) (Fig. 3 C), and average p = 0.57 in
CASF-2016 (Fig. 3 D). Except for the contact number-based
pre-linear models in situations 1 and 3, the scoring power
can be achieved by all the other types of pre-linear models
with adjusted power exponents. Although the scoring
powers are improved significantly with the use of the linear
regression technique (R = 0.39 — 0.60 in SET-1; R = 0.51
— 0.66 in SET-2; R = 0.63 — 0.73 in SET-3 (CASF-
2016)), the ranking powers decrease slightly (average p =
0.60 — 0.57 in CASF-2016). In view of the different im-
provements in scoring power and ranking power when the
linear regression technique is used, it is advised that more
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emphasis should be considered for improving the ranking
power, as improvements in the ranking often are of practical
utility.

Overall, the predictive powers of the pre-linear models
decrease when the power exponents (k) increase (Fig. 3).
The performances of the contact number-based pre-linear
models appear to decrease more rapidly than the perfor-
mances of the distance-based pre-linear models when the
values of the power exponents (k) are small (Fig. 2). With
the power exponent (k) increasing from 1 to 5, the dis-
tance-based variables are more robust and useful than the
contact number-based variables to evaluate the interacting
strength for affinity prediction.
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FIGURE 3 Performances of the representative pre-linear models in affinity prediction. (A) R (Pearson’s correlation coefficient) in SE7-1 (5171 complexes).
(B) R in SET-2 (4958 complexes). (C) R in SET-3 (CASF-2016) (285 complexes). (D) Average p (Spearman’s rank correlation coefficient) in SET-3 (CASF-
2016) (57 targets, 285 complexes). S1-S4 refer to situations S1-S4, respectively.

Performances of the representative linear models
in affinity prediction

To further improve their performance, a large number of
linear models were trained using the selected pre-linear
models. One representative linear model was selected for
each type of variable and each situation. The coefficients
and constant terms of the linear models are stored in Data
S6. The performances of the representative linear models
are shown in Table 1 (Data S5).

On average, from the single variable (=Y 3"d; ' or
—>"n;) to the pre-linear models, then to the linear models,
the best performances are: R = 0.39 — 0.60 — 0.61 in
SET-1; R = 0.51 — 0.66 — 0.67 in SET-2; R = 0.63 —

0.73 — 0.73 in SET-3 (CASF-2016); and average p =
0.60—0.57—0.60 in CASF-2016. Unfortunately, the per-
formances were not markedly improved as expected
from the pre-linear models to the linear models. Even so,
there are still two linear models with relatively good
performances, namely the linear models DS3 and NS2.
For the linear model DS3, R = 0.64 in SET-1, R = 0.70 in
SET-2, R = 0.75 in SET-3 (CASF-2016), and p = 0.62 *+
0.36 in CASF-2016; and for the linear model NS2, R =
0.60 in SET-1, R = 0.65 in SET-2, R = 0.73 in SET-3
(CASF-2016), and p = 0.63 = 0.40 in CASF-2016.
Although the performances have not caught up with
those of the machine-learning-based methods, the prac-
tical application value and explainable ability of the
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TABLE 1

Performances of the representative linear models for affinity prediction

Scoring power (Pearson’s correlation coefficient, R)

Ranking power (average Spearman’s rank
correlation coefficient, p)

R in SET-1 R in SET-2 R in SET-3 Mean R + std. Average p = std. p for the
Model name (5171 complexes) (4958 complexes) (285 complexes) R in the three sets 57 targets in CASF-2016 (SET-3)
Linear model DS1 0.64 0.70 0.75 0.70 = 0.06 0.58 = 0.38
Linear model DS2 0.61 0.68 0.75 0.68 = 0.07 0.59 + 043
Linear model DS3 0.64 0.70 0.75 0.70 = 0.06 0.62 = 0.36
Linear model DS4 0.61 0.67 0.75 0.68 = 0.07 0.58 = 047
Linear model NS1 0.61 0.67 0.70 0.66 = 0.05 0.60 = 0.41
Linear model NS2 0.60 0.65 0.73 0.66 = 0.07 0.63 = 0.40
Linear model NS3 0.60 0.65 0.64 0.63 = 0.02 0.57 = 0.46
Linear model NS4 0.59 0.65 0.73 0.66 = 0.07 0.58 = 041

non-machine-learning-based scoring functions are still
noteworthy and substantial.

Comparison with other non-machine-learning-
based scoring functions for protein-ligand
binding affinity prediction

In the past 30 years, many scoring functions have been
developed for protein-ligand binding affinity prediction
(4-9). The distance-based and contact number-based linear
models were compared with several sophisticated non-ma-
chine-learning-based methods such as X-Score (6),
APBScore (7), AA-Score (8), and PRODIGY-LIG (9).
Three methods, i.e., X-Score (6), APBScore (7) and AA-
Score (8), involve distance-based energy terms, and
PRODIGY-LIG (9) employs contact number-based terms.
The binding energies in the protein-ligand complexes used
in this work were calculated using X-Score (6). The binding
affinities of the protein-ligand complexes in CASF-2016
(SET-3) were also predicted using PRODIGY-LIG (9). The
performances of APBScore (7) and AA-Score (8) were
taken from the original studies (7,8) for comparison.
Overall, the scoring powers of the linear models (linear
model DS3: R = 0.64 in SET-1, R = 0.70 in SET-2,
R = 0.75 in SET-3 (CASF-2016), and p = 0.62 *= 0.36 in
CASF-2016); linear model NS2: R = 0.60 in SET-1,
R = 0.65 in SET-2, R = 0.73 in SET-3 (CASF-2016), and
p = 0.63 £ 0.40 in CASF-2016) are better than those of
the other four sophisticated non-machine-learning-based
methods, and the ranking powers are comparable to that
of the best one of them (Fig. 4). The performances of
X-Score (6) are R = 0.49 in SET-1 (Fig. 4 A), R = 0.54 in
SET-2 (Fig. 4 B), R = 0.64 in CASF-2016 (SET-3) (Fig. 4
C), and p = 0.62 = 0.39 in CASF-2016 (Fig. 4 D). The
performances of the other three methods in CASF-2016
are R = 0.67 and average p = 0.60 for APBScore (7),
R = 0.69 and average p = 0.62 for AA-Score (8), and
R = 0.53 and average p = 0.46 for PRODIGY-LIG (9). To
more conveniently compare the models of this work with
the other scoring functions that may be developed in the
future, the values of the negative sum (= d; ',
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—>"n;) and the predicted values of the representative pre-
linear and linear models X-Score (6) and PRODIGY-LIG
(9) are stored in Data S7.

DISCUSSION

Here, we briefly discuss some of the factors that affect the
overall ability of the computational methods for predicting
the protein-ligand binding affinity, which includes the quan-
titative X-affinity/energy relationships, the relationship be-
tween the protein-ligand binding affinity and the binding
process, and the influence of the data-set quality and
completeness on the predictive models being developed.
Here, the X refers to the basic variables (such as distance,
area, contact number, and number of rotatable bonds) or en-
ergy terms (such as van der Waals, electrostatic, and
hydrogen bonding energies).

Quantitative X-affinity/energy relationships

In certain ways, the structure of a protein-ligand complex
can be viewed mostly as geometric in nature, and the geo-
metric structures in biochemical environments are reflec-
tions of energy adaption for protein-ligand interaction.
The commonly used basic variables in the structure-based
scoring functions include distance, area, and atomic contact
numbers (4,6-9). The traditional non-covalent interacting
energy terms such as van der Waals and electrostatic inter-
actions were usually evaluated based on the variable dis-
tances (16). The contact numbers of different atom-type
pairs (i.e., hydrophobic, hydrophilic, polar, and non-polar)
were also frequently defined according to the distance cut-
offs (4,9,17). The solvent-accessible surface areas and the
buried polar surface areas between a protein and ligand
were adopted in several scoring functions (6,18-20). Nearly
all these basic variables are geometric in nature. Figuring
out the geometry-energy relationship remains a basic issue
in protein chemistry and biochemistry. At the core of the
binding affinity/energy prediction essentially are the quanti-
tative X-affinity/energy relationships as presented in
the scoring functions. It is, therefore, important to find the
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FIGURE 4 Performances of the representative linear models and other sophisticated non-machine-learning scoring functions in affinity prediction. (A) R
(Pearson’s correlation coefficient) in SET-1 (5171 complexes). (B) R in SET-2 (4958 complexes). (C) R in SET-3 (CASF-2016) (285 complexes). (D) Average
p (Spearman’s rank correlation coefficient) in SET-3 (CASF-2016) (57 targets, 285 complexes). S1-S4 refer to the situations S1-S4, respectively; DS1-DS4 are
the distance-based linear models in situations S1-S4, respectively; NS1-NS4 are the contact number-based linear models in situations S1-S4, respectively.

appropriate formation of scoring functions and select the
proper training methods to determine the coefficients and
constants in the scoring functions.

Some of the traditional scoring functions employ a single
class of variables, such as distance, contact numbers, and
areas. For example, a traditional physics-based scoring
function (D-Score@SYBYL) was used in early versions
of DOCK (21). It is the sum of the van der Waals and elec-
trostatic interaction energies between a protein and a ligand.

The formations of van der Waals and electrostatic energies
are expressed as 5 — ,% and ¢, respectively. Here, r is the
distance between the two atoms, and a, b, and ¢ are con-
stants. The distance-energy relationship is reflected in the
scoring function composed of distance-based energy terms.
In the “no-electrostatics protocol” of PRODIGY-LIG (9),
the binding energy (AGpelec) in the protein-ligand complex
is a linear combination of the number of atomic contacts.
It reflects the contact number-energy relationships. The
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present work sought to further explore the distance-energy
and contact number-energy relationships. The power expo-
nents (k) are beyond those used in the traditional formations.
Overall, the predictive powers of the pre-linear models are
decreased with the increase of power exponents (k)
(Fig. 3). The performances of the contact number-based
pre-linear models appear to decrease more rapidly than
the performances of the distance-based pre-linear models
when the values of the power exponents (k) are small
(Fig. 2). With the increase of the power exponents (k)
from 1 to 5, the distance-based variables are robust and use-
ful for evaluating the interaction strength for affinity predic-
tion compared to the contact number-based variables. Here,
it is of note that the information of interaction implied in the
distance-based variables is quite different from the informa-
tion implied in contact number-based variables. The contact
number is defined on the basis of a distance cutoff, which
discounts the varying contributions of different distances
within the cutoff. It is perhaps the affluent information
inherent to the distance-based variables that make the per-
formances decrease more slowly when the power exponents
(k) are small. Given the differential improvements in scoring
power versus ranking power with the linear regression tech-
niques (Figs. 2 and 3), it is advised that future emphasis
should be placed on improving the ranking power, as this
improvement often is of more practical utility.
Additionally, the area-energy relationship for protein-
ligand interactions has not been explored in detail in the
past. The buried solvent-accessible surface areas of the
ligand upon binding (ASAS) are effective in protein-ligand
binding affinity prediction (R = 0.63 and average p = 0.59
in CASF-2016) (4). Zhu et al. found that the buried solvent-
accessible surface areas (SASAs) are better correlated with
the binding affinities in a given set, and the performances of
the other complicated methods would be better in the same
set (22). In PDBbind (10,11), Pearson’s correlation coeffi-
cient (R) between the buried SASA and the experimentally
determined binding affinities is 0.39 (22). The area-energy
relationship for protein-protein interactions were tentatively
explored in our previous works about AREA-AFFINITY
(23-25). In the future, new area-based methods may be
developed for protein-ligand binding affinity prediction.

Explainability, generalization ability, and practical
usefulness

It should be noted that the linear models with explicit math-
ematical expressions developed in this study are just prelim-
inary explorations beyond the power exponents adopted in
the classical energy terms such as the electrostatic and van
der Waals energies. These preliminary explorations are
mostly intended to help shed light on the potential underly-
ing mechanisms of the predictive ability. The linear models
developed here may have an inherent potential of improved
explainability, as these linear models have relatively simple,
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explicit mathematical expressions, which may help explain
the principles and mechanisms associated with the predic-
tive ability. In comparison, the existing machine-learning-
based scoring functions are usually not associated with
explicit mathematical expressions and are, therefore, often
viewed as more opaque in mechanistic terms.

The linear models developed in this study also have
comparatively good practical values with acceptable predic-
tive powers. The best linear models developed in this study
are actually superior to the highly sophisticated non-ma-
chine-learning-based scoring functions developed previ-
ously. Notably, these traditional non-machine-learning-
based models are still very commonly used in present-day
virtual drug screening (7,8). As such, the best linear models
developed in this study may be useful in virtual drug
screening as a supplementary tool to the existing non-ma-
chine-learning-based scoring functions.

We find that the predictive ability of the existing machine-
learning models is better than that of the linear models
developed in this study. It is known that the existing ma-
chine-learning-based scoring functions usually exhibit bet-
ter performances with the data sets adopted in the original
studies, and they may not perform as well with new data
sets (22). In real-world applications, the universality or
generalization ability of a predictive model in various new
data sets is crucial. Comparatively speaking, the predictive
ability (performances) of the linear models with simple,
explicit mathematical expressions tends to be less affected
by data sets, as these models are based more on the under-
lying principles/mechanisms and thus may have an inherent
potential to perform in a data-set-independent fashion.
Based on the insights gained from this study, it is hoped
that in the future, the performances of the linear models
(with explicit mathematical expressions) may be further
improved when higher-quality training data sets become
available and when more exhaustive explorations are
adopted.

When a model is more complex, its generalization ability
on new targets often is reduced (22). The artificial intelli-
gence models are very complex and can predict the pro-
tein-ligand binding affinity accurately based on the ligands
only (26). Different protein-ligand complexes have different
ligand binding conformations and poses. The shapes of the
ligand conformations and the ligand binding poses in the
binding pocket can partially reflect the surrounding environ-
ment and the interactions between a protein and ligand. In
the pre-linear models of this work, there are 738 or 415 dis-
tance-based or contact number-based variables. In the final
linear models, there are thousands of variables. A larger
number of variables make the linear models more compli-
cated. How to determine the formations (appropriate power
exponents) and coefficients for each atom-type pair in the
whole background and environment of protein-ligand inter-
actions is a critical problem. Developing effective methods
to solve this problem may represent a research direction in



the field of developing more accurate computational
methods to predict protein-ligand interactions. Efficient
integration of the interacting energies of all the atom-type
pairs with effective formations and coefficients may present
a promising approach to improving the performances in pro-
tein-ligand binding affinity prediction.

The relatively strong performances of the linear models
DS3 and NS2 developed in this study likely are attributed
to three aspects: 1) the extension of the power exponents
beyond those used in the traditional energy terms; 2) the
different interatomic interactions in the binding pocket;
and 3) concomitant determinations of the coefficients (pa-
rameters) in the scoring functions, which may help take
into joint consideration the multibody interactions between
atoms in the affinity models. Additionally, we noted that the
differences between the performances of the best linear
models are actually rather small. The influences of solvation
(water) and metal ions may be further explored in the future
when a sufficient quantity of high-quality data becomes
readily available.

Lastly, it is of note that for prediction of the protein-
ligand binding affinity based on one-snapshot structures,
the computational speed is generally very fast and the cost
is usually not very expensive for both machine-learning-
based and non-machine-learning-based scoring functions.
After simple testing, we noted that prediction of the binding
affinity for a protein-ligand complex only takes ~1.5 s for
X-Score (6), ~2 s for PRODIGY-LIG (9), ~14 s for A;.
1aRF> (a machine-learning-based method) (27), and ~4 s
(on average) for each linear scoring function developed in
this study (Data S8).

Relationship between protein-ligand binding
affinity and the binding process

Protein-ligand binding is a biochemical process, during
which the protein-ligand interactions may have many
different conformations. Molecular dynamics (MD) simula-
tion can sample numerous conformations and simulate the
protein-ligand binding process. MD-based binding energy
calculation methods include molecular mechanics-Poisson
Boltzmann/generalized Born surface area (MM-PB/
GBSA) (28,29), free energy perturbation (FEP) (30,31),
thermodynamic integration (TI) (32-34), and amino-acid-
specific interaction entropy (ASIE) (35-37). While these
methods can calculate the binding energy with relatively
high accuracy, they usually consume a large amount of
computational resources. When virtual screening in a library
with a large number of ligands, these methods are not prac-
tical compared to the one-snapshot-based scoring functions.
The snapshot presented in the experimental structure is
likely the most stable conformation during the protein-
ligand binding process. Additionally, one-snapshot-based
scoring functions can also be employed to calculate the
binding energies of the MD-generated conformations.

Protein-ligand binding affinity prediction

There are three widely used conceptual models for
describing protein-ligand binding interactions (38). These
are the key-lock theory (39), induced-fit theory (40), and
conformational selection theory (41,42). The key-lock theory
underlines the geometric shape complementarity between the
protein and ligand. The induced-fit theory emphasizes the co-
adaptation and co-adjustment between the protein and ligand.
The conformational selection is that the ligand selects the
more appropriate conformation(s) to bind from the existing
multiple conformations of the receptor. These conceptual
models play different roles in the structural prediction of
the protein-ligand complexes. Their roles in affinity predic-
tion are still not adequately considered in the present study
and may need to be explored in the future.

Data quality and completeness

It is clear that the quality and completeness of the available
data sets have a significant influence on the development of
scoring functions with practical values and also on
improving the theory on protein-ligand interactions. Ac-
cording to the descriptions provided for PDBbind (10,11)
and CASF-2016 (4), the order of the data quality in the
three main sets are CASF-2016 > PDBbind refined
set > PDBbind general set. In this work, the data in SET-1
and SET-2 are from the PDBbind general set and refined
set, respectively. SET-3 is the CASF-2016. Overall, the
best performances of the “negative sum” (=>_3d; ' or
—>"n;), the pre-linear models, and the linear models are
R = 039 — 0.60 — 0.61 in SET-1, R = 0.51 — 0.66
— 0.67 in SET-2, and R = 0.63 — 0.73 — 0.73 in
SET-3. As expected, the data quality (i.e., the structural
quality and the reliability of the experimental binding affin-
ity data) affects the predictive power, and higher-quality
data correspond to better performances of the developed
models. Additionally, no single data set (SET-1, SET-2, or
SET-3) contains all the atom-type pairs. Based on the avail-
able experimental structures and binding affinity data, it is
recommended that the data sets should be as complete as
possible when training the effective models. In this study,
the training data sets for the pre-linear and linear models
were stochastically selected from the three sets, and the pro-
cess was repeated many times to improve the completeness
of the training data sets in terms of the atom-type pairs, the
structural diversity, and the range of the affinity values.
Even though the data in CASF-2016 (4) have higher qual-
ity, there are also several protein-ligand complexes with
potentially confusing information. In some complexes, there
are multiple ligands with the same kind in the neighboring
regions of the binding pocket in the experimental structures
(Fig. S1, A-J). The positions of the ligands defined in
CASF-2016 may be not reasonable for three protein-ligand
complexes (Fig. S1, J-L). In several cases, there are multi-
ple binding pockets with the same ligands (Fig. S1, I, M, and
N) because of the high degree of symmetry of the structures
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or the promiscuous specificity of the protein-ligand interac-
tions (Fig. S1 N). In another two cases, there is an additional
ligand bound to the surface of the protein (distant from the
binding pocket) (Fig. S1, O and P). Accordingly, the exis-
tence of multiple ligands may affect the binding affinities.
The lack of adequate consideration and treatments of the
multiple ligands would be a confounding factor that would
make the training or prediction less accurate.

Although a huge amount of experimental data on the pro-
tein structures and protein-ligand binding affinities have
been accumulated in the past several decades, the availabil-
ity of large sets of high-quality data with complete and
necessary information remains an unrealistic demand at pre-
sent. The availability of these high-quality data sets would
be essential to developing computational methods that can
accurately predict protein-ligand binding affinities.

CONCLUSIONS

In this study, the quantitative distance-energy and contact
number-energy relationships (E o« —d * and E o —n)
were further explored and extended toward improving the
ability to predict the binding affinity in protein-ligand com-
plexes. The new linear models are superior to the traditional
physics-based or experience-based scoring functions. It is
hoped that in the future when the quality of the structure
and binding affinity data of the protein-ligand complexes im-
proves and the explicit mathematical expressions of the linear
models are exhaustively explored, the performances of affin-
ity prediction will further improve accordingly through the
use of strategies and protocols developed in this work. The
interpretation of each term in the mathematical expressions
can be derived against the background of the protein-ligand
interactions at the atomic level. While the potential effective-
ness of the linear models has been validated in the present
preliminary explorations, further exploration and extension
of the quantitative distance-energy and contact number-en-
ergy relationships may offer new insights for future investiga-
tions of the molecular interactions. It is expected that the
affinity predictive powers of the distance or contact number
variables will also be explored in the future by employing
powerful artificial neural networks.

DATA AND CODE AVAILABILITY

All data of the study are described and presented in the results section.
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