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SPECIAL TOPIC — Soft matter and biological physics

Optimizing the atom types of proteins through iterative
knowledge-based potentials∗
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Knowledge-based scoring functions have been widely used for protein structure prediction, protein–small molecule,
and protein–nucleic acid interactions, in which one critical step is to find an appropriate representation of protein structures.
A key issue is to determine the minimal protein representations, which is important not only for developing of scoring func-
tions but also for understanding the physics of protein folding. Despite significant progresses in simplifying residues into
alphabets, few studies have been done to address the optimal number of atom types for proteins. Here, we have investigated
the atom typing issue by classifying the 167 heavy atoms of proteins through 11 schemes with 1 to 20 atom types based on
their physicochemical and functional environments. For each atom typing scheme, a statistical mechanics-based iterative
method was used to extract atomic distance-dependent potentials from protein structures. The atomic distance-dependent
pair potentials for different schemes were illustrated by several typical atom pairs with different physicochemical proper-
ties. The derived potentials were also evaluated on a high-resolution test set of 148 diverse proteins for native structure
recognition. It was found that there was a crossover around the scheme of four atom types in terms of the success rate
as a function of the number of atom types, which means that four atom types may be used when investigating the basic
folding mechanism of proteins. However, it was revealed by a close examination of typical potentials that 14 atom types
were needed to describe the protein interactions at atomic level. The present study will be beneficial for the development
of protein related scoring functions and the understanding of folding mechanisms.

Keywords: atom types, knowledge-based potentials, statistical mechanics, iteration
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1. Introduction

Appropriate representation of protein structures is impor-
tant in computational structural biology. It is associated with
not only the development of scoring functions but also the
understanding of protein folding mechanism. Coarse-grained
model is one of the methods to represent protein structures
and often applied to reduce computational cost. A key fac-
tor in the model is to determine the minimal protein represen-
tations, residue-based or atom-based, without sacrificing es-
sential precision. Simplifying twenty amino acids into fewer
numbers of representative alphabets has been widely studied
in protein folding,[1–5] molecular docking,[6] protein structure
prediction,[7,8] protein design,[9] protein function,[10] protein
classification,[11–13] and protein sequence alignment.[14,15]

Baker et al. designed a 57-residues protein Src SH3 with a
reduced alphabet using five amino acid types.[5] Motivated
by their work, Wang and Wang obtained an optimal reduc-
tion with five types of residues that has the same form as the
simplified palette of Baker and coworkers based on the con-
cept of mismatch between a reduced interaction matrix and
the Miyazawa and Jernigan (MJ) matrix.[1] In coarse-grained
molecular simulations, lattice chain models of two residue

types or more (HP, HNP, IAGEK, etc.) provided a good under-
standing on the folding process of natural proteins.[4,9,16–18]

Although residue-based typing issues in protein modeling,
folding, and design have been studied by researchers,[1,3,19–23]

the optimal atom classification for proteins has received little
attention. In fact, during the scoring process of protein struc-
ture prediction, protein–protein, protein–ligand, and protein–
nucleic acid interactions, atom-based potentials are often re-
quired for the accurate evaluation of these interactions.[24–28]

For years, various protein atom typing schemes have been de-
veloped to characterize the interactions between atoms.[29–34]

However, the optimization about atom typing remains an im-
portant issue. Current approaches normally classify protein
atoms based on their physical and chemical properties. These
properties include atomic number, charge, polarity, hydropho-
bicity, hydrogen bond, local chemical and protein secondary
structure environment, etc.[35–39]

Despite the successes of current atom typing schemes on
some systems, their classification methods for atom types are
all kind of arbitrary and depend on specific systems studied.
Given the 167 heavy atoms of 20 amino acids, protein atoms
could be grouped into 1 to 167 types.[36,37] If a scheme has
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a small number of atom types, it will make the potentials of
scoring functions simple and fast, but the resolution of the po-
tentials will be sacrificed in characterizing the atomic interac-
tions. On the contrary, if a scheme has a large number of atom
types, the corresponding potentials will have a better resolu-
tion in describing the interactions, but the potentials may suf-
fer from the slow speed due to more possible interacting pairs
and more errors due to insufficient statistics in the derivation
of scoring functions.[32–35] Therefore, an appropriate typing
scheme is needed to achieve a good balance between accu-
racy and resolution, especially for knowledge-based scoring
functions.[27]

In this work, we have used 11 schemes to categorize pro-
tein atoms based on their physical and chemical environment
in proteins. The 11 schemes gave 1 to 20 atom types when
different levels of details for atoms’ environments were taken
into account. Using a statistical mechanics-based iterative
method[35] and a training set of 1225 proteins,[40] we have
derived 11 sets of knowledge-based pair potentials based on
the 11 protein atom typing schemes. The goodness of dif-
ferent atom typing schemes were assessed based on the abil-
ity of the developed scoring functions in discriminating na-
tive structures from decoys on a test set of 148 proteins with
500–1600 high resolution (HR) decoys for each protein.[40]

We have also examined the derived knowledge-based poten-
tials of some typical atom pairs to obtain a relation between

the accuracy of the potentials and the dimension of the param-
eters. The present work provides a reference on the optimal
number of atom types for proteins in the development of scor-
ing functions and will be useful for the study of protein design
and structure prediction.

2. Materials and methods
2.1. Eleven protein atom typing schemes

The 11 schemes have been used to classify the 167 heavy
atoms of proteins based on their physical, chemical, and func-
tional environment. The details of the atom typing schemes
are illustrated in Fig. 1. The number of atom types for each
scheme increases when more details are considered. In the
present study, the simplest atom typing scheme is to group all
the heavy atoms into one type. The most advanced scheme
is characterized with twenty protein atom types (Table 1
and Fig. 1), which has been used in our previous study and
demonstrated efficient in discriminating native structures from
decoys.[35] Starting from twenty protein atom types, “simi-
lar” atom types are gradually combined together according to
their similar properties, and thus the dimension of the atom
typing scheme becomes smaller and smaller, until all the atom
types are combined into one type.[27,35] The 11 schemes re-
sult in 1, 2, 4, 6, 8, 10, 12, 14, 16, 18, and 20 atom types,
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Fig. 1. (color online) Eleven typing schemes of protein heavy atoms based on their physical and chemical environments. The numbers
on the left stand for the numbers of grouped atom types. The definitions of the final 20 atom types are listed in Table 1.
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Table 1. List of the 20 atom types used in the iterative method for the heavy atoms in 20 standard amino acids. The symbol “*” stands for any residue.

No. Symbol Description Atom name

1 C2+ carbons bonded to a positively charged nitrogen ARG CZ

2 C2- carbons bonded to a negatively charged nitrogen * C (on terminal residues), ASP CG, GLU CD

3 C2M carbonyl carbons on the mainchain * C (not on terminal residues)

4 C2S carbonyl carbons on sidechains ASN CG, GLN CD

5 Car aromatic carbons HIS CD2, HIS CE1, HIS CG, PHE CD1, PHE CD2, PHE CE1,
PHE CE2, PHE CG, PHE CZ, TRP CD1, TRP CD2, TRP CE2,
TRP CE3, TRP CG, TRP CH2, TRP CZ2, TRP CZ3, TYR CD1,
TYR CD2, TYR CE1, TYR CE2, TYR CG, TYR CZ

6 C3C aliphatic carbons bonded to carbons or hydrogens
only

ALA CB, ARG CB, ARG CG, ASN CB, ASP CB, GLN CB,
GLN CG, GLU CB, GLU CG, HIS CB, ILE CB, ILE CD1,
ILE CG1, ILE CG2, LEU CB, LEU CD1, LEU CD2, LEU CG,
LYS CB, LYS CD, LYS CG, MET CB, PHE CB, PRO CB,
PRO CG, SER CB, THR CG2, TRP CB, TYR CB, VAL CB,
VAL CG1, VAL CG2

7 C3A Cα atoms * CA

8 C3X aliphatic carbons on sidechains bonded to a polar
atom

ARG CD, CYS CB, LYS CE, MET CE, MET CG, PRO CD,
THR CB

9 N2N amide nitrogens with one hydrogen * N (not on terminal residues)

10 N2X amide nitrogens with two hydrogens * N (on terminal residues), ASN ND2, GLN NE2

11 Nar aromatic nitrogens HIS ND1, HIS NE2, TRP NE1

12 N2+ guanidine nitrogens with two hydrogens ARG NH1, ARG NH2

13 N21 guanidine nitrogen with one hydrogen ARG NE

14 N3+ nitrogen with three hydrogens LYS NZ

15 O2M oxygens in carbonyl groups of the mainchain * O (not on terminal residues)

16 O2S oxygens in carbonyl groups of sidechains ASN OD1, GLN OE1

17 O3H oxgens in hydroxyl groups SER OG, THR OG1, TYR OH

18 O2- oxgens in carboxyl groups * O or * OXT (on terminal residues), ASP OD1, ASP OD2,
GLU OE1, GLU OE2

19 S31 sulfur with one hydrogen CYS SG

20 S32 sulfur without hydrogens MET SD

respectively. During the classification of the protein atoms,
one important aspect is to consider the effects of physi-
cal and chemical environments like van der Waals interac-
tions, electrostatics, hydrophobicity, entropy effect, and hy-
drogen bonding, but the ultimate goal of atom typing is to
develop an accurate scoring function based on the atom typ-
ing scheme.[25,26,35,41–43] Therefore, we have derived the cor-
responding scoring functions of pair potentials based on differ-
ent atom typing schemes through a statistical mechanics-based
iterative method.[35]

2.2. The iterative method to extract effective potentials

During our computations, a large training set of exper-
imentally determined protein structures and computationally
generated decoys was used to derive the scoring function of
pair potentials.[40] Through a statistical mechanics-based iter-
ative method, all the native structures are expected to have the
lowest energy scores compared with their respective decoys.

The basic idea of the iteration process is described by the fol-
lowing expressions:[35]

uk+1
i j (r) = uk

i j(r)+∆uk
i j(r), (1)

∆uk
i j(r) = λkBT [lngk

i j(r)− lngobs
i j (r)], (2)

where i and j represent the types of a protein atom pair, uk
i j(r)

is the statistical interaction potential of atom pair i j at a dis-
tance of r in the k-th iterative step, uk+1

i j (r) is the improved
potential through iteration in the (k+ 1)-th step, λ represents
a convergence parameter with 0 < λ 6 1, kB is the Boltz-
mann constant, and T is the absolute temperature. Without
loss of generality, kBT is set to unit one in the present study.
gobs

i j (r) is the pair distribution function for the experimentally
observed (i.e. native) structures. gk

i j(r) is the weighted av-
erage of the predicted pair distribution functions for the k-th
step based on a training set of experimentally determined na-
tive protein structures and computationally generated decoys
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according to the Boltzmann’s probability distribution. To re-
duce the local correlation effects of the covalent bonds and
obtain an unbiased scoring function, only the interatomic in-
teractions between non-neighboring residues were considered
in the calculation of pair distribution functions and interac-
tion potentials. During the iteration, the standard potentials of
mean force (PMF)[35,44] were used as the initial potentials,

u0
i j(r) =−kBT lngobs

i j (r). (3)

The statistical energy score of each native structure or
non-native/decoy structure at the k-th iterative step can be cal-
culated as follows:

Ek(Spq) =
N

∑
i=1

N

∑
j=i

∫ rcut

0
ni j

pq(r)u
k
i j(r)dr,

p ∈ [1,P], q ∈ [0,Dp], (4)

where P stands for the number of proteins in the training
set, Dp stands for the number of decoys for the p-th protein,
and Spq stands for the q-th decoy of the p-th protein, with
p ∈ [1,P], q ∈ [0,Dp], and the native structures correspond to
q = 0. ni j

pq(r) is the number density of atom pair i j at distance
r for the structure of Spq. As the size of each protein structure
is finite, there exists a distance cutoff rcut to consider the pairs
between atoms, which was set to be 12 Å in this work. N is
the number of protein atom types for a typing scheme (Fig. 1).
The iteration is repeated until a maximum number of native
structures are discriminated from decoys

Ek(Sp0)< Ek(Spq), ∀p ∈ [1,P], ∀q ∈ [1,Dp]. (5)

Thus, at the end of the iteration, we can obtain a set of
knowledge-based pair potentials ui j(r) = uk

i j(r) for each atom
typing scheme. The details on the pair distribution functions
and the statistical mechanics theory of the iteration method
have been described in our previous study.[35]

The iterative method is robust and has been widely used
in studying protein–protein interactions, protein–ligand inter-
actions, protein–RNA/DNA interactions, and protein structure
prediction.[32–35,42,45] The iterative method circumvents the
long-standing reference state problem in the development of
knowledge-based scoring functions by improving the pair po-
tentials iteratively through comparison of the physics-based
pair distribution functions. The scoring function ITScorePP,
that was derived by the similar iterative method, has proven to
be effective in past critical assessment of prediction of interac-
tions (CAPRI) experiments.[46,47]

2.3. Training and test data sets

In the present work, we have used the training set of 1225
proteins and the test set of 148 proteins that were generated
by Rajgaria et al.[40] All the proteins, that were selected by

Zhang and Skolnick, are nonredundant single domain proteins
with a maximum pairwise sequence similarity of 35%.[48] The
length of these proteins ranges from 41 to 200 amino acids.
This set also has a uniformly distribution of α , β , and α/β

protein structures.
Out of the 1225 proteins, we have randomly chosen 500

proteins as the training set for our iterative computation. The
similar iteration was run 10 times, and the final potentials were
the average values over all the resulting iterative potentials of
10 runs. For the sake of computational efficiency, we have se-
lected 400 decoys for each protein in the iteration. As our main
purpose is to obtain the relationship between the effectiveness
of the statistical interaction potentials and the dimension of
the atom typing schemes, we have focused on the comparison
between the effectiveness of different atom typing schemes in
protein structure prediction so as to obtain an optimal atom
typing scheme. Therefore, as long as the statistics for atom
pairs are sufficient, the quantity of proteins in the training set
and the number of decoys for each protein are relatively less
relevant factors in our calculations. Given the interaction pair
potentials for different atom typing schemes, we have closely
examined the potential energy curves of several typical atom
pairs with different physicochemical properties. All the de-
rived scoring functions of potentials were also evaluated in
terms of native structure recognition and five other parame-
ters on the test set of 148 proteins with 500–1600 HR decoys
for each protein.

Considering the set of randomly selected 500 nonhomol-
ogous proteins, our large training database results in signifi-
cant statistics of frequencies > 1000 for 209 of the 210 pos-
sible pairs in the case of 20 atom types. For example, the
frequency is 1454923 for C3C–C3C pair. It is expected that
the average frequencies will be higher when fewer atom types
are adopted. The high frequencies of most atom pairs occur-
ring in the training set warrant sufficient statistics to derive the
distance-dependent pair potentials. Therefore, the ensemble is
large enough in terms of atom pair frequencies for statistical
study.

3. Results and discussion
3.1. The potentials for different atom typing schemes

Through a statistical mechanics-based iterative method,
we have developed 11 sets of atomic distance-dependent pair
potentials corresponding to 11 atom typing schemes. To illus-
trate how the atom typing schemes impact the derived statisti-
cal interaction potentials and obtain an overall physical picture
of the atomic interactions, we have plot the potential energy
curves of several typical atom pairs with different physico-
chemical properties when the protein atoms were categorized
into one to 20 atom types, respectively. Similar to our previ-
ous study,[35] we have chosen several representative atom pairs
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for demonstration in the present work. They stand for electro-
static interactions [O2-]–[N2+] (e.g., ASP OD2–ARG NH1)
and [O2-]–[N3+] (e.g., ASP OD2–LYS NZ) (Figs. 2 and 3),
hydrogen bonding interactions [O2M]–[N2N] (e.g., * O–* N)
and [O3H]–[O3H] (e.g., SER OG–TYR OH) (Figs. 4 and
5), and hydrophobic interactions [Car]–[Car] (e.g., PHE CZ–
TRP CH2) and [C3C]–[C3C] (e.g., ILE CD1–LEU CD2)
(Figs. 6 and 7), respectively.
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Fig. 2. (color online) Comparison of the derived pair potentials of [O2–]–
[N2+] for different atom typing schemes with 1 to 20 atom types.
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Fig. 3. (color online) Comparison of the derived pair potentials of [O2–]–
[N3+] for different atom typing schemes with 1 to 20 atom types.
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Fig. 4. (color online) Comparison of the derived pair potentials of [O2M]–
[N2N] for different atom typing schemes with 1 to 20 atom types.
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Fig. 5. (color online) The comparison of the derived pair potentials
of [O3H]–[O3H] for different atom typing schemes with 1 to 20 atom
types.
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Fig. 6. (color online) The comparison of the derived pair potentials of
[Car]–[Car] for different atom typing schemes with 1 to 20 atom types.
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Fig. 7. (color online) The comparison of the derived pair potentials
of [C3C]–[C3C] for different atom typing schemes with 1 to 20 atom
types.

Several common trends can be observed from the pairs
of knowledge-based potentials under different atom typing
schemes. First, with the increasing number of classified atom
types, the equilibrium positions of the potentials tend to move
left. Second, the depths of the potential wells become deeper
with more atom types classified. For clarity, the equilibrium
positions and depths of the potential wells of all typical atom
pairs are listed in Table 2, and illustrated in Figs. 8 and 9.
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It can be seen from the figures that the equilibrium positions
and well depths become relatively stable at the alphabet of 14
atom types. Third, the pair potentials gradually converge into
a stable curve, though the converging speed depends on the
specific atom pairs. For electrostatic interactions, the derived
potentials become stable when the protein atoms are grouped
into eight or more atom types (Figs. 2 and 3). For hydrogen
bond interactions, the pair potentials converge at the scheme

of four atom types, and become consistent for the schemes of
eight or more atom types (Figs. 4 and 5). For hydrophobic in-
teractions, the potential curves start to merge together when 14
or more atom types are used (Figs. 6 and 7). Therefore, when
considering all the atom pair potentials of different atom typ-
ing schemes, categorizing protein heavy atoms into 14 atom
types seems to be the optimal choice in terms of atomic pair
potentials.

D
is

ta
n
c
e
 o

f 
m

in
im

u
m

 p
o
te

n
ti
a
l/
A

Atom typing number

S
ta

ti
st

ic
a
l 
p
o
te

n
ti
a
l 
d
e
p
th

Fig. 8. (color online) The equilibrium positions of six typical pair
potentials under different atom typing schemes.

Fig. 9. (color online) The well depths of six typical pair potentials
under different atom typing schemes.

Table 2. The equilibrium positions and well depths of several typical pair potentials for 1–20 atom tying schemes.

Scheme [Car]–[Car] [C3C]–[C3C] [O2–]–[N2+] [O2–]–[N3+] [O2M]–[N2N] [O3H]–[O3H]

1 (4.6, –0.475) (4.6, –0.475) (4.6, –0.475) (4.6, –0.475) (4.6, –0.475) (4.6, –0.475)
2 (4.8, –0.399) (4.8, –0.399) (3.0, –0.891) (3.0, –0.891) (3.0, –0.891) (3.0, –0.891)
4 (4.8, –0.290) (4.8, –0.290) (3.0, –1.263) (3.0, –1.263) (3.0, –1.263) (5.0, –0.566)
6 (4.8, –0.299) (4.8, –0.299) (2.8, –2.526) (2.8, –2.526) (3.2, –1.444) (2.6, –1.895)
8 (5.2, –0.197) (5.0, –0.457) (2.8, –3.078) (2.8, –3.078) (3.2, –1.379) (2.8, –1.433)
10 (5.2, –0.195) (5.0, –0.442) (2.8, –3.350) (2.8, –3.350) (3.2, –1.363) (2.8, –1.371)
12 (5.2, –0.200) (4.0, –0.447) (2.8, –3.200) (2.8, –3.200) (3.2, –1.340) (2.8, -1.337)
14 (4.2, –0.393) (4.0, –0.508) (2.8, –3.058) (3.0, –3.477) (3.0, –1.327) (2.8, –1.385)
16 (4.2, –0.394) (4.0, –0.518) (2.8, –3.041) (3.0, -3.470) (3.0, –1.343) (2.8, –1.399)
18 (4.2, –0.394) (4.0, –0.542) (2.8, –2.996) (3.0, –3.571) (3.0, –1.389) (2.8, –1.406)
20 (4.2, –0.398) (4.0, –0.552) (2.8, –3.054) (3.0, –3.603) (3.0, –1.436) (2.8, –1.365)

3.2. Performances in discriminating native structures

Atom typing is a critical aspect in the development of
knowledge-based scoring functions. Therefore, an important
criterion for the goodness of an atom typing scheme is the
ability of the scoring function with the atom typing scheme in
discriminating native structures from decoys. Therefore, we
have evaluated the performances of the 11 scoring functions
derived from the 11 atom typing schemes through a statisti-
cal mechanics-based iteration method on the high-resolution
(HR) decoy set of 148 proteins generated by Rajgaria et al.[40]

Table 3 lists the six assessment parameters for different atom
typing schemes, in which the success rate of identifying native
structures, the correlations between the energy scores and the
RMSDs of decoys, and the Z-score of native structures are
show in Figs. 10–12, respectively. Here, the success rate is

defined as the number of the proteins with native structures as
rank #1 divided by the total number of the proteins in the test
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Fig. 10. (color online) Success rates of the proteins with native struc-
tures as rank 1 for 11 atom typing schemes with 1 to 20 atom types.
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Fig. 11. (color online) The average Pearson correlation coefficients
(CC) between the energy scores and the RMSD of decoys for 11 atom
typing schemes with 1 to 20 atom types.

set. The Z-score is defined as

Z-score = (Eaverage−Enative)/σ , (6)

where Eaverage is the average energy score of all the decoys for

a protein, Enative is the energy score of the native structure, and
σ is the energy deviation of all the decoys. The Z-score mea-
sures the relative energy separation between the native struc-
ture of a protein and its decoys.
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Fig. 12. (color online) The average Z-score for native structures for 11
atom typing schemes with 1 to 20 atom types.

Table 3. Testing results for 11 atom typing schemes on HR decoy sets.[40]

Scheme Avg ranka No of firstsb Avg Z-scorec Avg CCd Avg Cα-RMSDe Avg Cα-RMSDf

1 1.644 94.60 4.144 0.703 0.269 2.365
2 1.090 97.90 4.481 0.780 0.058 1.926
4 1.017 98.78 4.560 0.792 0.033 1.729
6 1.017 98.71 4.254 0.799 0.034 1.743
8 1.023 98.92 4.355 0.803 0.027 1.682

10 1.028 98.65 4.325 0.804 0.033 1.658
12 1.039 98.72 4.352 0.808 0.030 1.644
14 1.024 99.19 4.383 0.811 0.015 1.628
16 1.028 99.05 4.427 0.810 0.018 1.618
18 1.045 98.98 4.456 0.808 0.019 1.630
20 1.072 98.38 4.432 0.808 0.033 1.625

aThe average (Avg) rank of the native structures. The best rank is 1.
bThe number of the proteins with native structures as rank #1 in terms of the calculated energy scores.
cThe average Z-score of natives, measuring the relative energetic separation of the native structure of a protein with respect to its decoys.
dThe average Pearson correlation coefficients (CC) between the energy scores and the RMSD of decoys.
eThe average RMSD of the best predicted structures with the lowest energy scores (native structures included).
fThe average RMSD of the best predicted structures with the lowest energy scores with native structures excluded.

One common feature can be found from five assessment
parameters (except Z-score) as a function of the number of
atom types. Namely, the values of the five parameters change
fast at the beginning and then become relatively stable with
the increasing number of atom types (Table 3). There is a
crossover between fast and slow changes at the scheme of
four atom types (Figs. 10 and 11). For example, there is a
maximum at the scheme of four atom types for the Z-score of
native structures, before which the Z-score increases fast and
after which the Z-score drops again (Fig. 12). Therefore, the
scheme of four atom types seems to give the best balance be-
tween the accuracy and resolution in terms of the success rate
of a scoring function in discriminating native structures. It can
also be seen from Fig. 10 that the scheme of 14 atom types

gives a slightly higher success rate than the other schemes. A
similar trend was also found in the work by Mintseris et al.[28]

Namely, the highest peak of effective mutual information (MI)
occurs at alphabet of size four, corresponding to hydrophobic,
polar, positive, and negative types, and the effectiveness of all
pair-wise potentials flattens out at alphabet of size 12.[28]

From the above assessments over different atom typing
schemes, we have found that the scheme of four atom types
did the best in low dimensions while the scheme of 14 atom
types obtained the best performance in high dimensions. The
four atom types correspond to the natural atom typing scheme
of C, N, O, and S. The scheme can give excellent average Z-
score and rank, and the other parameters are not far from the
maximum values in the high dimensions. Therefore, we may
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use the scheme of four atom types as rough screening (low pre-
cision) for protein structure prediction, as the simple scheme
can greatly cut down the computational cost. When accurate
prediction is needed, we can turn to the scheme of 14 atom
types to evaluate structures in high resolution.

4. Conclusion
In this work, we have addressed the protein atom typing

problem by categorizing protein heavy atoms into 11 atom
typing schemes. The knowledge-based pair potentials for
the 11 atom typing schemes were derived using a statistical
mechanics-based iterative method. The performances of dif-
ferent atom typing schemes were evaluated by the comparison
of the derived knowledge-based pair potentials and the ability
of the corresponding scoring functions in discriminating native
structures from decoys. It was found that the derived pair po-
tentials started to converge when 14 or more atom types were
used, while four types were enough to obtain a satisfactory
success rate in native structure recognition. The results sug-
gested that the number of atom types could range from 4 to
14 in practical applications depending on the studied systems.
The scheme of four atom types (i.e., C, N, O, and S) could
be used for assessing the overall quality of protein structures,
while an accurate description of interactions for protein struc-
tures at atomic level may require a finer scheme of 14 atom
types. The present study provides a basic guidance for the
classification of protein atoms, and is expected to benefit the
development of scoring functions and the understanding of in-
teraction mechanisms in proteins.
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