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Abstract: In the biological sciences, one of the most fundamental operations is that of comparison. As we strive to fur-

ther understand the constituent parts of living tissue, we need to examine proteins and their many mutations.

Indeed, characterising mutations is an important part of proteomics, because a seemingly trivial mutation can

sometimes stand between creating a life-saving drug on one hand, or blocking a vital receptor inactivating

that same drug on the other. In this work we examined single point mutations to characterise their effects on

outwardly expanding neighbourhood ranges. As the shape of a protein is very important, we examined how

mutations can make subtle changes to the protein shape as well as investigated the implications both for back-

bone and side-chain residues. Our findings suggest that structural changes upon a mutation are significantly

influenced by the protein shape, which allows for the prediction of the impact brought about the mutation by

looking only into the protein shape. Surprisingly, we found that there was very little variation between wild

type and mutant protein structures close to the mutation site. Also, in contrast with what was expected, the

largest structural variations were found when deleted and introduced residues had similar hydrophobicity.

1 INTRODUCTION

Proteomics is one of the most exciting and important
areas of study in the biological sciences. It is of im-
portance to areas as diverse as pathology, medicine,
and drug design amongst others. With proteins being
the building block of living tissue, the need to under-
stand how they operate and inter-operate is of the ut-
most importance. Over the past several decades, there
have been many algorithms introduced which allow
us to analyse residue chains on both local and global
basis. The International CASP (Critical Assessment
of protein Structure Prediction) competition was initi-
ated in 1994. Protein structure prediction methods are
competing in CASP and then, prediction results are
evaluated using different scoring algorithms. While
some scoring algorithms have only lasted one CASP
cycle (2 years) and then been superseded, others like
TM-score (Zhang and Skolnick, 2004) are still be-
ing used. However, the Root Mean Square Devia-
tion (RMSD) algorithm predates the CASP compe-
tition. It was first described back in 1972 by McLach-
lan (McLachlan, 1972) and then further elucidated by
Kabsch in (Kabsch, 1976). Later, Kabsch corrected
the calculation in (Kabsch, 1978) where it was used
in minimising the distances between aligned atoms
using least square minimisation when superimposing

two residue chains. Indeed, the whole concept of least
squared deviation has been used in standard statistics
for standard deviations and for regression line analy-
sis since first applied by Sir Francis Galton (Moore,
2004).

While there have been various attempts to mod-
ify the RMSD algorithm for various related purposes
(e.g., URMS (Kedem et al., 1999), normalised RMSD
(Carugo and Pongor, 2001), URMS-RMS (Yona and
Kedem, 2005), iRMSD (Armougom et al., 2006)), the
original algorithm has never been replaced because of
its simplicity, and because it gives a simple distance-
based result (generally in Ångstroms (Å)) describing
the deviation of one structure from the other. This
deviation-based result is much more informative than
many of the more recent RMSD variants and other
scoring algorithms which are deriving probability-
based results, with the most well-known example be-
ing TM-score (Zhang and Skolnick, 2004). To fur-
ther confirm this trend, we examined the CASP 9 pro-
ceedings, and found that of 17 papers which dealt
with algorithms relevant to this work, nine mentioned
RMSD, five mentioned TM-score, and no other rele-
vant algorithm was mentioned more than twice.

In this work we examined single point mutations
to characterise their effects on outwardly expanding
neighbourhood ranges. As the shape of a protein
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is very important, we examined how mutations can
make subtle changes to the protein three-dimensional
shape as well as investigated the implications both
for the backbone and side-chain residues. By using
the Root Mean Square Deviation (RMSD) we exam-
ined mutation neighbourhoods. Furthermore, we de-
rived custom statistics Shape Ratio (SR), Cubic Vol-
ume (CV), and Ring of the Sums (RoS) to beneficially
describe protein conformational shapes.

Our findings indicate that the mutation has big-
ger influence in cases when the differences in SR and
RoS for the wild type and mutant protein structures
are bigger, which allows prediction of structural in-
fluence upon a mutation by looking only into the pro-
tein shape—the value of SR or RoS. Surprisingly, we
found that there was little RMSD variation between
the wild type and mutant close to the mutation site.
Also, in contrast with what was expected, the largest
structural variations were found when deleted and in-
troduced residues had similar hydrophobicity.

2 METHODS

2.1 Data Sets

We employed the data set compiled previously in
(Bordner and Abagyan, 2004). This data set in-
cludes 2141 pairs of protein structures which differ
in a single amino acid position. Protein structures
were downloaded from the Protein Data Bank (PDB)
(Berman et al., 2000). After removing a small num-
ber of pairs with missing atoms, ligand and extrane-
ous proteins, and a few with multiple mutations, the
data set contained 2,067 pairs of protein structures.

To investigate how a single mutation influences a
protein structure, and if the influence is dependent on
the length of the protein, we initially grouped proteins
as small, medium, and large, where every group had
approximately the same number of proteins. As can
be seen in Table 1, we ensured that a sufficient gap
existed between these classes. It must be noted how-
ever that in our results, only Figures 2, and 3 represent
these size divisions. For all other results, the entire
data set was used.

Table 1: Three groups of proteins with different sequence
lengths.

Group Length Count Std. deviation

Small 29–100 170 17.02

Medium 165–210 170 12.62

Large 450+ 159 119.65

2.2 Software

The proprietary programs for calculating the RMSDs
of different neighbourhood ranges were developed us-
ing Python v2.7.3 (van Rossum, 2007) and Open-
Structure framework v1.3.1 (Biasini et al., 2010).
The analysis of the results was done on a 3.4GHz
Intel Core i7 8GB RAM Apple iMac running OS
X v10.8.2. For alignment purposes, we used the
Smith-Waterman algorithm, with SVD superposition
as available in OpenStructure. This worked well
given our structures varied mainly due to the effect
of the mutation site side chains.

2.3 Calculation of Different RMSD
Variants

We analysed the structural changes in protein mutants
using the Root Mean Square Deviation (RMSD). In
Equation 1, wild type and mutant structures are de-
noted as M and WT, respectively:

RMSD =

√
1

N

N

∑
i=1

||Matom(i)−WTatom(i)||2 (1)

To determine which variants of the RMSD calcu-
lation were best-suited for analysis of the structural
changes in protein mutants, we considered six differ-
ent RMSD variants:

• all-atom RMSD

• side-chain RMSD

• range all-atom RMSD

• range side-chain RMSD

• range Cα RMSD

• range Cα/Cβ RMSD

All-atom RMSD involved calculating the devia-
tions between all wild type and mutant atoms pairs,
whereas side-chain RMSD involved side-chain atoms
only. In the case of Cα and Cα/Cβ RMSDs, we calcu-
lated the deviations between the Cα and Cα/Cβ atom
pairs, respectively. In the last four RMSD variants
listed above, the range refers to the spatial extent in
which RMSD was calculated. We considered differ-
ent neighbourhood ranges (e.g., 0–5 Å, 5–10 Å, . . . )
centred on the mutation site. The smallest range was
within 5 Å which is slightly larger than the mean Cα-
Cα distance in a protein chain (3.84 Å) (Kedem et al.,
1999). We created a set containing all residues within
the given neighbourhood range in the wild type struc-
ture and calculated the RMSD to the matching atoms
in the mutant structure. In our implementation, each
range was treated discretely. This means that when
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we examined residues in any given RMSD range (e.g.,
10–15 Å), the residues in the ranges closer to the mu-
tation site were not included (0–5 Å and 5–10 Å).

2.4 Shape Statistics

We introduced three shape statistics which we re-
fer to as the Shape Ratio (SR), Cubic Volume (CV),
and Ring of the Sums (RoS). To calculate the SR, we
calculated the minimum bounding box for the struc-
ture in a three-dimensional coordinate space (e.g.,
8 Å×4 Å×2 Å). We then took the largest dimension
and divided it by the shortest dimension ( 8

2 = 4).
The SR statistic exploits the observation that pro-
teins which are spherical have equal-sided bounding
boxes, thus, resulting in an SR of ∼1. The longer
(and narrower) the bounding box, the larger the SR
will become. In calculating the bounding boxes as
described above, we excluded hetamer, ligand, and
solvent atoms. The CV statistic is simply the cubic
volume of the minimum bounding box of the protein
structure.

Finally, the third statistic is the Ring of the Sums
(RoS). It considers a protein as an undirected com-
plete graph having Cα atoms as its vertices, and edges
between every possible Cα atoms pairs. From each
vertex, we determine the Euclidean distance (Deza,
2009) to every other vertex (as can be seen in Figure
1). We then sum all distances and divide the result
by the number of edges including the given vertex ar-
riving at a mean distance. The number of edges is
dependent on the number of residues (n) (in Figure 1,
n is 4). Equation 2 gives the formal definition of the
RoS statistic (WT refers to the wild type structure).

RoS =
2

n(n−1)

n

∑
i=1

n

∑
j=1

||WTresidue(i)−WTresidue( j)||
(2)

The RoS is in units of ‘Ångstroms per residue’,
and it contains information about the density of the
given protein structure. We also considered the radius
of gyration vector as another possible shape analogue,
but did not proceed with it since it cannot be straight-
forwardly reduced to a single-number value. For the
same reason we also dismissed statistics involving the
superposition rotation and translation vector.

3 RMSD AND NEIGHBOURHOOD
RANGES

We commenced our investigation by examining how
the structural effects of single point mutations in pro-
teins of different lengths could be quantified. For

Figure 1: Ring of the Sums (RoS). For the RoS calculation,
the protein structure is represented as an undirected com-
plete graph.

this purpose, we studied the RMSDs for proteins be-
longing to three different groups: small, medium, and
large (Table 1). We examined how the range Cα
RMSD and range side-chain RMSD vary for a num-
ber of discrete outwardly extending neighbourhoods
with a radius of 5 Å.

Figure 2 shows the mean range Cα RMSD as the
function of the distance from the mutation site (dis-
crete intervals of 5 Å). Surprisingly we found that
when we examined directly next to the mutation site
(0–5 Å range), there was little deviation between the
wild type and mutant proteins. This is likely due to
the small volume of the first neighbourhood range.
More significant deviation can be observed in the
neighbourhood ranges which were situated further
from the mutation site (neighbourhood ranges 10–15
and 15–20 Å).

Figure 2: Mean range Cα RMSD as the function of the dis-
tance from the mutation site for small, medium, large, and
all proteins.

To get a comparison for our data set as a whole,
we also plotted a weighted mean of the range Cα
RMSDs for proteins in all three groups (Figure 2).
The weighted mean was calculated as the sum of
range Cα RMSDs over all structure pairs for each
neighbourhood range divided by the total number of
residues found in the given neighbourhood. We ob-
served that there is a characteristic bi-peaked curve in
common to all three groups as well as to the weighted
mean results in Figure 2. The initial peak is relatively
close to the mutation site, followed by a smaller peak
situated further.

g
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Figure 3: Mean range side-chain RMSD as the function of
the distance from the mutation site for small, medium, and
large proteins.

Figure 4: Mean range RMSDs for different atom types as
the function of the distance from the mutation site.

The same bi-peaked curve can be seen also in Fig-
ure 3 which shows the mean range side-chain RMSD
as the function of the distance from the mutation site.
The most significant structural changes occur in the
neighbourhood ranges between 10 and 35 Å. It seems
that the longer the protein chain, the further from
the mutation site these significant changes occur (for
the small group it was 10–15 Å neighbourhood range,
while for the large group 25–30 Å range).

Since we had found that the weighted mean devi-
ations for proteins of all lengths can closely approx-
imate the individual curves for each protein group
(Figure 2), we examined how the deviations varied
depending on whether we calculated the range all-
atom, range side-chain, range Cα, or range Cα/Cβ
RMSD. As we expected, when we considered more
atom types in the calculation, the RMSD values in-
creased. This is apparent from the Figure 4 which
shows the RMSD as a function of the distance from
the mutation site for different types of range RMSD
calculations.

Upon further examining Figure 4, the main peak
in the plot occurs slightly further out than the muta-
tion site. We believe that this peak is caused by a

strain in the protein structure brought about the muta-
tion. Then, in a flexible region of the protein structure
(possibly further away from the mutation site), the
strain is released via structural reconfiguration. To ex-
amine the significance of this, we produced three plots
which shows the different types of range RMSDs as a
function of the change in hydrophobicity. The change
in hydrophobicity, denoted as Δ hydrophobicity, is
equal to the difference in the hydrophobicity of the
introduced and deleted amino acids (Kyte and Doolit-
tle, 1982). We inspected Δ hydrophobicity at three
different neighbourhood ranges: 0–5, 10–15, and 25–
30 Å (Figures 5, 6, and 7, respectively). These were
selected to inspect the mutation site as well as each
side of the main peak in Figure 4.

Surprisingly, as can be seen in Figures 5 and 6,
the largest structural deviations were in cases when
introduced amino acid had similar hydrophobicity to
the deleted amino acid. Furthermore, as the absolute
value of Δ hydrophobicity increased, the RMSD de-
creased. This trend is obvious for all four types of
range RMSD calculations considered.

When we look at the 25–30 Å neighbourhood
range shown in Figure 7 where we are now on the de-
creasing side of the peak (the main peak from Figure

Figure 5: RMSDs for different atom types in the 0–5 Å
range as a function of Δ hydrophobicity.

Figure 6: RMSDs for different atom types in the 10–15 Å
range as a function of Δ hydrophobicity.
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e distance from the mutation site for small, medium, and
rge proteins.
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Figure 7: RMSDs for different atom types in the 25–30 Å
range as a function of Δ hydrophobicity.

4), we see that the 0 Δ hydrophobicity point is in fact
a local maximum. Here we find that on either side
of the 0 Δ hydrophobicity point, we have a decrease
to ±1 Δ hydrophobicity, and a flat section out to ±2
Δ hydrophobicity. This represents a reversal of what
we had found in Figures 5 and 6.

Next, we inspected the relationship between the
structural deviations and the statistics that we pro-
posed in this study (Section 2). Figures 8, 9, and 10
show the all-atom RMSD as a function of the Ring of
the Sums (RoS), Delta Shape Ratio (ΔSR), and Delta
Cubic Volume (ΔCV), respectively. We defined the
ΔSR and ΔCV as the difference of the mutant and wild
type values for the SR and CV, respectively. Our re-
sults indicate that a mutation has bigger influence in
cases when RoS, ΔSR, and ΔCV are bigger, particu-
larly in the case of ΔSR. This is a significant finding
meaning that just from inspecting the protein shape
or the value of ΔSR, we can predict the impact of a
single-site amino acid substitution.

Table 2 gives a summary of the shape statistics and
the mean values for the data set used in this study. To
relatively compare RoS with ΔSR and ΔCV, we calcu-
lated ΔRoS which refers to the difference between the

Figure 8: All-atom RMSD as a function of the Ring of the
Sums (RoS).

Figure 9: All-atom RMSD as a function of the Delta Shape
Ratio (ΔSR).

Figure 10: All-atom RMSD as a function of the Delta Cubic
Volume (ΔCV).

RoS of the mutant and wild type structures. Thus, a
positive mean value implies that the mutation caused
an increase in the given statistic.

3.1 Protein Shape Statistics

The second goal of this paper was to find one or more
ways of numerically describing the shape of a pro-
tein conformation. Such numerical statistic could be
then used to effectively describe the conformational
change caused by an amino acid substitution. More-
over, knowing the overall shape of a protein is very
important because it determines the surface accessible
area. Also, shape statistics could be used to compare
and classify proteins.

Table 2: Changes in the shape statistics upon a mutation.

Statistic Mean value

ΔCV 12.06

ΔSR 0.46

ΔRoS -0.004

igure 7: RMSDs for different atom types in the 25–5–5–3303 Å̊̊
nge as a function of Δ hydrophobicity.
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(a)

(b)

Figure 11: Ring of the Sums (RoS) as a function of (a) the
number of residues and (b) the Shape Ratio (SR).

First, we compared the Ring of the Sums (RoS)
with the number of residues. As can be seen in Fig-
ure 11(a) by the polynomial regression (a correlation
coefficient of R2 = 0.866), there is a strong correla-
tion. It was also noticeable that the lower edge of the
data plot has a characteristic curve very much like the
polynomial regression line plotted in the same graph
which indicates how good the fit is.

Analysing the Shape Ratio (SR) statistic, we
found that the SR mean value is 1.37 for our data
set. Since an SR of 1.0 implies a spherical protein,
we can infer that a ‘mean’ structure of the data set
was slightly oblong in shape. The minimum SR was
1.003, and the maximum was 3.95. This implies that
the most oblong structure had its maximum dimen-
sion almost four times its minimum bounding dimen-
sion.

We then examined the relationship between the
RoS and SR. In Figure 11(b) we can see a propor-
tional relationship: as the RoS increases, the SR in-
creases slightly. However, it is apparent from this
figure that most of the data used in this study had
predominantly spherical shape. Therefore, the pre-
dictive power of the RoS and SR was quite limited
(R2 = 0.0424)

(a)

(b) (c)

Figure 12: Three different protein structures with a length
of 129 residues. (a) Protein 1EY8 with an SR of 1.08, RoS
of 35.91, (b) protein 1E6T with an SR of 1.80 and RoS of
46.31, and (c) protein 1M0D with an SR of 3.95 and RoS of
57.56.

Finally, let us examine visually three representa-
tive protein structures which were chosen on the basis
that they all have 129 residues (Figure 12). Figure
12(a) shows a structure which is visually fairly spher-
ical with an SR of 1.08. This fairly compact structure
with a small number of residues has a RoS of 35.91.
Figure 12(b) depicts a structure which is slightly more
elongated with an SR of 1.80. Compared with Figure
12(a) we see a more spread out and sparse arrange-
ment, which results in a larger RoS value of 46.31. Fi-
nally, the structure in Figure 12(c) is long and stringy.
Hence, it has SR and RoS values of 3.95 and 57.56,
respectively.

Comparing the two extreme structures (Figure
12(a) and 12(c)), we have a difference in the SR
of 365%, which is indicative of the increased gross
size of the bounding boxes required to encompass the
structures. Also, there is a difference in the RoS of
160%.

(a)

(b)

igure 11: Ring of the Sums (RoS) as a function of (a) the
umber of residues and (b) the Shape Ratio (SR).

Fi t d th Ri f th S (R S)

(a)

((b) (c)

FiFiFigugugurerere 1211 : Thrrree ddifferent protein structures with a length
of 12229 r99 esidddues. (((a) Protein 1EY8 with an SR of 1.08, RoS
of 35.91, (b(b(b) p) p) prorootein 1E6T with an SR of 1.80 and RoS of
46.31, and (c) protein 1M0D with an SR of 3.95 and RoS of
57 56
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4 CONCLUSIONS

In this paper we set out to examine structural de-
viations and changes in the overall shape of a pro-
tein upon a single amino acid substitution. We intro-
duced three shape statistics which we referred to as
the Shape Ratio (SR), Cubic Volume (CV), and Ring
of the Sums (RoS).

We showed that there is a good relationship be-
tween the SR and RoS. While the SR is signifi-
cantly easier to calculate, the RoS gives us density
of residues as part of its value which may be useful
in some cases. We have also seen 86.6% correlation
between the number of residues and the RoS statistic.

Furthermore, we have demonstrated that there is a
characteristic curve that is shared for all range RMSD
variants that we investigated, regardless of the size of
the protein.

Our results indicate that the mutation has bigger
influence in cases when the ΔSR, ΔCV, and RoS are
bigger. This finding implies that the prediction of
structural impact upon a mutation might be possible
simply by inspecting protein shape—the value of ΔSR
or RoS.

Surprisingly, we found that there was very little
variation between wild type and mutant protein struc-
tures close to the mutation site. Also, in contrast with
what was expected, the largest structural variations
were found when deleted and introduced residues had
similar hydrophobicity.
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