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ABSTRACT The average contribution of indi-
vidual residue to folding stability and its depen-
dence on buried accessible surface area (ASA) are
obtained by two different approaches. One is based
on experimental mutation data, and the other uses
a new knowledge-based atom–atom potential of
mean force. We show that the contribution of a
residue has a significant correlation with buried
ASA and the regression slopes of 20 amino acid
residues (called the buriability) are all positive
(pro-burial). The buriability parameter provides a
quantitative measure of the driving force for the
burial of a residue. The large buriability gap
observed between hydrophobic and hydrophilic
residues is responsible for the burial of hydropho-
bic residues in soluble proteins. Possible factors
that contribute to the buriability gap are dis-
cussed. Proteins 2004;54:315–322.
© 2003 Wiley-Liss, Inc.
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INTRODUCTION

The aim of this work is to assess how individual residues
contribute to the stability of proteins. In the hydrophobic
model of stability, hydrophobic interaction is believed to be
the main driving force that stabilizes the native structures
of proteins.1,2 In this model, the contribution of a residue
to stability (the stability scale) is assumed to follow the
hydrophobicity scales obtained from oil-to-water free-
energy transfer experiments. These experiments sug-
gested that the contributions of hydrophilic residues to
stability should be marginal or negative, compared with
those of hydrophobic residues, and hydrophobicity drives
the burial of hydrophobic residues in the interior of soluble
proteins. On the other hand, the packing model of stabil-
ity3–5 proposes that the burial of either hydrophilic or
hydrophobic residues inside proteins makes similar contri-
bution. To shed new light on this fundamental issue, we
derived the stability scales of amino acid residues from a
large mutation database (�Gm) and from an atom–atom
potential of mean force (APMF) based on a new Distance-
scaled, Finite Ideal-gas REference (DFIRE) state6 (�Gs).
The results suggest a new concept of buriability that
provides a quantitative measure of the driving force for the
burial of an amino acid residue in proteins.

RESULTS

We first performed correlation analysis among the new
stability scales (�Gmand �Gs) and oil-to-water transfer
free energy scales that are shown in Table I. The correla-
tion coefficients between �Gm and �Gs are 0.91, 0.93, and
0.79 for all, hydrophobic, and hydrophilic residues, respec-
tively. The significant correlation indicates the overall
agreement between two different approaches and provides
a cross-validation of the two approaches.

The hydrophobic-residue portions of the new scales are
correlated strongly with many transfer scales. For ex-
ample, the correlation coefficient (R) for 10 hydrophobic
residues is 0.95 between �Gs and �Goctanol, the octanol-to-
water transfer free energy7 corrected with an additional
Flory–Huggins molar-volume term.8 This finding vali-
dates the stability scales derived from APMF and the
mutation database as well as the use of transfer experi-
ments of hydrophobic residues to interpret mutation-
induced change in stability.9 However, the hydrophilic-
residue portion of �Gs (or �Gm), does not correlate
significantly with any oil-to water transfer scales. An
example is shown in Figure 1. Instead, the hydrophilic
portion and the entire scale are correlated significantly
with the average buried solvent accessible surface area
(ASA) A0–�A� (Fig. 2). The correlation coefficients be-
tween �Gs and A0–�A� are 0.95, 0.95, and 0.92 for all 19
residues (except Cys; see Fig. 2 caption), hydrophobic
residues, and hydrophilic residues, respectively. The corre-
lation coefficients between �Gm and A0–�A� are 0.96,
0.96, and 0.84, for all 20 residues, hydrophobic residues,
and hydrophilic residues, respectively. This finding vali-
dates the use of the average buried ASA as a “hydrophobic-
ity” scale.10,11. The previous use of A0–�A� was largely
due to its correlation with the oil-to-water transfer experi-
ments of hydrophobic residues.

The dependence of �Gs(I) from APMF on burial ASA is
generally linear for all 20 amino acid residues. (R � 0.79
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for Cys and R � 0.88 for other 19 residues.) The regression
intercepts for all 20 residues are similar in magnitude (1.9
kcal/mol for Cys and 0.4–1.4 kcal/mol for the rest). This is
because fully exposed side-chains do not interact strongly
with the rest of proteins (except the bonded part); thus,
their contributions to stability will not strongly depend on
the details of their side-chains. However, the regression
slopes are very different. For example, Figure 3 shows the
APMF results of Leu and Thr. A hydrophobic residue (Leu)
has a much steeper slope than a hydrophilic residue (Thr)
does. We shall call the slope the buriability B(I) of an
amino acid residue (Table I) because it is the change in
stability as buried area increases. This parameter pro-
vides a quantitative measure of the driving force for the
burial of a residue. The results from mutations, on the
other hand, yielded fewer and more scattered data points
[�Gm(I), Fig. 3]. Only five residues (Tyr, Phe, Met, Ala, and
Thr) have a strong correlation (R � 0.7) with a correlation
slope in a good quantitative agreement with that from
APMF. A larger mutation database is clearly needed for
more accurate comparison. It is of interest to note that
�Gs(I) obtained from other two all-atom knowledge-based
potentials12,13 have much weaker or no significant correla-
tion with A0–�A� for hydrophilic residues (Table II). This

Fig. 1. The correlation between the corrected octanol to water transfer
free energy and �Gs. The line is regression line for all residues. There is
no significant correlation for hydrophilic residues (R � 0.51, open circles).

TABLE I. The Stability Scales, Buriability, and Average Buried Accessible
Surface Area of 20 Amino Acid Residues

Residue name
�Gs

a

(kcal/mol)
�Gm

b(�e)
(kcal/mol)

A0 � �A�c

(Å2)
�Goctanol

d

(kcal/mol)
Buriability (�e)

(cal/mol/Å2)

TRPf 6.46 5.64(0.34) 226 7.14 24.5 (1.5)
TYRf 5.01 4.46(0.14) 192 4.90 19.5 (1.3)
PHEf 5.88 4.84(0.15) 193 6.03 23.9 (1.5)
ILEf 4.50 4.59(0.11) 170 5.87 20.3 (1.7)
LEUf 4.71 4.72(0.11) 171 5.89 20.8 (1.5)
METf 3.63 3.91(0.15) 182 4.80 15.7 (1.6)
VALf 3.77 3.67(0.11) 146 4.51 19.5 (1.9)
ALAf 2.18 1.79(0.09) 97 2.03 13.4 (2.6)
CYSf 3.89 2.22(0.19) 78 4.19 22.6 (4.3)
GLYf 1.17 0.70(-) 64 1.01 7.0 (4.1)
HIS 2.51 3.06(0.20) 144 2.95 11.3 (1.5)
ARG 2.71 3.20(0.20) 150 1.78 8.5 (1.0)
GLN 2.16 2.37(0.18) 119 2.48 8.5 (1.4)
GLU 1.89 2.52(0.14) 110 1.78 7.3 (1.4)
THR 2.18 2.45(0.12) 107 2.53 10.3 (2.0)
ASN 1.85 2.83(0.16) 103 1.40 7.6 (1.7)
LYS 2.12 2.50(0.14) 109 2.01 6.1 (1.1)
PRO 2.09 2.45(0.17) 95 3.51 9.9 (1.9)
ASP 1.75 2.33(0.14) 95 1.09 8.2 (1.8)
SER 1.66 1.82(0.13) 87 1.59 8.2 (2.5)

aThe stability scale from the knowledge-based atom–atom potential.
bThe relative stability scale extracted from mutation experiments. Because this is a relative scale, the
scale is shifted by a constant value of 0.703 kcal/mol so that the average of �Gm is the same as that of �Gs.
The correlation coefficients between �Gm and �Gs are 0.91, 0.93, and 0.79 for all, hydrophobic, and
hydrophilic residues, respectively. However, the hydrophilic-residue portion of �Gm has no significant
correlation with that of the stability scales based on the octanol scale (R � 0.14), other knowledge-based
potentials,38 and contact energies.39

cA0 is from Ref. 36. �A� is the average ASA of randomly picked 200 structures. They are strongly
correlated with �A� values from 23 proteins11 and 35 proteins.21

dVolume-corrected transfer free energy from octanol to water.8
eThe estimated standard deviation (from program lfit37).
fHydrophobic residues.
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result further distinguishes the new DFIRE-based APMF
from previously developed methods (see Discussion).

Buriability reproduces the fact that hydrophobic resi-
dues tend to be buried in soluble proteins. It has a
significant correlation with the average fraction of buried
accessible surface area (ASA) (1–�A�/A0, also called

burial propensity14), which is the probability that a particu-
lar type of a residue is buried calculated from a database of
200 protein structures (see Table I and Fig. 4). R � 0.91,
0.86, and 0.84 for all 20 residues, hydrophobic, and hydro-
philic residues, respectively. In contrast, there is no statis-
tically significant correlation between hydrophilic portions
of 1–�A�/A0 and the measured transfer free energy

Fig. 2. Significant correlations are observed between the average
buried accessible surface area (A0–�A�) and the new stability scales
(�Gs in filled and �Gm in open circles). For �Gs, there is an obvious outlier
(Cys). This is perhaps due to inability of the knowledge-based potential to
describe accurately the formation of disulfide bonds. The correlation
coefficient is 0.95 without Cys. For �Gm, R � 0.96. The lines are from
regression analysis.

Fig. 3. The contribution of Leu and Thr to stability as a function of their
buried accessible surface area (A0–A). Both results from APMF (in filled
circles) and mutation data (in open circles) are shown. Lines are from
linear regression of APMF results. R �0.95 and 0.95 for Leu and Thr,
respectively. In this figure, to have a clear comparison of the slope
(buriability), �Gm (Thr) was shifted slightly downward because �Gm(Thr)
is slightly higher than �Gs(Thr) (Table I). �Gm(Leu) was not shifted.

TABLE II. Correlation Coefficients Between the Buried
ASA and the Average Contribution of a Residue to the
Stability of a Protein (�Gs) for Three Different APMF

Residue RAPDFa Atomic KBPb DFIREc

Trp 0.63 0.83 0.90
Tyr 0.70 0.86 0.94
Phe 0.55 0.81 0.90
Ile 0.61 0.80 0.91
Leu 0.71 0.86 0.95
Met 0.48 0.78 0.88
Val 0.70 0.86 0.94
Ala 0.54 0.89 0.97
Cys 0.26 0.63 0.79
His 0.43 0.46 0.90
Arg 0.34 �0.70 0.90
Gln 0.28 �0.88 0.93
Glu 0.51 �0.90 0.92
Thr 0.55 0.46 0.95
Asn 0.28 �0.89 0.95
Lys 0.07 �0.93 0.88
Pro �0.10 �0.76 0.96
Ser 0.35 �0.57 0.95
Asp 0.55 �0.94 0.94
Gly �0.37 0.43 0.96

aRef. 12.
bRef. 13.
cRef. 6.

Fig. 4. The buriability of amino acid residues versus the average
fractions of buried accessible surface area of 20 amino acid residues from
200 soluble proteins (1 � �A�/A0). R � 0.91, 0.86, and 0.84 for all,
hydrophobic (filled circles), and hydrophilic (open circles) residues,
respectively. Line is from linear regression of 20 residues.
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�Goctanol. Thus, hydrophobic residues are buried because
their burial will lead to a larger gain in stability than the
burial of hydrophilic residues. Figure 4 shows a large gap
between the buriability of hydrophilic residues and those
of hydrophobic residues (except the smallest residue Gly).
The average buriability of hydrophilic residues is 10.1 cal
mol�1Å�2 lower than that of hydrophobic residues.

DISCUSSION

In this article, two totally different approaches were
used to characterize the contributions of individual resi-
dues to folding stability. The knowledge-based APMF,
which was derived with a physical ideal-gas reference
state and the fundamental equations of statistical mechan-
ics,6 can provide a reasonably accurate prediction of the
mutation-induced change in stability.6 The APMF does not
take into account the contributions of backbone en-
tropy,6,15 multiple-body effects of solvation,16 and the
structures of denatured states17,18 and possible other
terms.19 These effects either cannot be dissected into the
contribution of individual residues (thus are not important
for the purpose of this article) or are taken into account
implicitly in the mutation approach. The latter extracted
the average contribution to stability of an amino acid
residue using experimentally measured stabilities as in-
put. Therefore, the good agreement between the results of
stability scale obtained from the mutation database and
that from APMF support the overall picture presented
here. However, more quantitative comparison on buriabil-
ity will require a substantially large mutation database so
that there are sufficient mutation data on different values
of buried ASA.

The stability scale obtained from APMF and mutation
data has a significant correlation with the average buried
ASA for both hydrophobic and hydrophilic portions of the
scales. However, it only correlates with hydrophobic por-
tion of many water-to-oil transfer scales including the new
scale from Jayasinghe et al.20 This is true whether the
backbone contribution to stability is removed in our calcu-
lations because the backbone contribution is more or less a
constant, as expected. The result suggests that organic
solvent is not a good approximation as the interior of
proteins for hydrophilic residues,21 as indicated by the fact
that different solvents produce different scales for hydro-
philic residues.22,23

There is a question regarding whether the positive
linear correlation between the contribution to stability and
buried ASA has resulted from trivial consequence of
statistical analysis of structural database. Intuitively,
more burial means more contacts and, therefore, higher
APMF. We found that although it is true that more burial
means more contacts, more contacts do not always lead to
higher APMF. This is because APMF is obtained from the
number of contacts (Nobs) relative to the number of con-
tacts in the reference state (Nexp). It is possible that
although the number of contacts increases as a residue is
buried deeper, the increment may be smaller than the
increment from the number of contacts in the reference
state. The latter will yield a lower APMF as buried ASA

increases. Figure 5 illustrates one example from atomic
KBP potential13 for residue Asn where the APMF poten-
tial leads to a significant negative correlation between the
contribution to stability and buried ASA (anti-burial) [Fig.
5B], despite the fact that the average number of contacts
for reference state and that observed from protein struc-
tures both increase as buried ASA increases. Figure 5 also
shows that the contribution to stability, �Gs (�fRT ln Nobs

� fRT ln Nexp) is only about 2% of the value of either fRT
ln Nexp or fRT ln Nobs. Thus, APMF is very sensitive to
small changes in the reference state.6 In fact, among three
knowledge-based potentials (RAPDF,12 atomic KBP,13 and
DFIRE), DFIRE is the only method that has consistently
significant positive correlation (Table II). There are many
residues whose correlations between the buried ASA and
the average contribution of a residue to the stability of a
protein (�Gs) are insignificant for the RAPDF method.
Negative and insignificant correlations are found for some
hydrophilic residues in the atomic KBP. Thus, the observa-

Fig. 5. A: fRT ln Nobs and fRT ln Nexp for Asn as a function of buried
ASA obtained from APMF by atomic KBP method. B: The contribution of
residue Asn to stability as a function of the buried accessible surface area
(A0–A) for the same method. The solid line is from linear regression of the
APMF results.
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tion of positive correlation in DFIRE-based APMF is a
nontrivial result.

Buriability suggests that the burial of hydrophilic resi-
dues contribute less to stability than the burial of hydropho-
bic residues. This is the result based on analyzing 200
known structures using DFIRE-based APMF as well as
the approximate result extracted from mutations. How-
ever, this finding appears to contradict the recent work by
Pace5 who made an opposite conclusion based on eight
mutations of mostly buried Asn to Ala. To understand the
origin of this discrepancy, we show the contribution of
residue Asn to stability as a function of the buried ASA in
Figure 6. Most data points from mutation agree with the
APMF results within 1 kcal/mol boundary. The most
significant outlier (at the highest buried ASA) was the
result extracted from only one mutation involving Asn,
whereas the other significant outlier (at the second highest
buried ASA) was from only two mutations. These two
outliers appear to agree more with Pace’s statement that
polar group burial contributes more to protein stability
than nonpolar group burial. Because the number of muta-
tions at these two points are too small, we added eight Asn
to Ala mutations as well as five Asn to Ser and Asp
mutations to our database (Table 5 of Ref. 24). This
produces three and six more mutations for extraction at
the highest and the second highest burial ASA, respec-
tively. The total number of mutations for extracting �Gm

ASN

are four and eight mutations at the highest and the second
highest burial ASA, respectively. It is of interest that the
inclusion of more experimental data makes the outlier at
the second highest burial ASA within 1 kcal/mol boundary

from the APMF regression line. The value at the highest
burial ASA also shifts slightly downward. This finding
suggests that the conclusion of larger stability contribu-
tion from polar group than from hydrophobic group by
Pace heavily depended on the mutation data at 100%
burial. Indeed, there are two Asn to Ala mutations at 100%
burial that causes a change of 5 kcal/mol in stability. This
number is significantly �1.7–2.9 kcal/mol for six other
mutation data. It is not yet certain if the significant spike
at 100% burial shown in Figure 6 is due to a small number
of data points or reflected something more fundamental, as
suggested by Pace. Nevertheless, the agreement between
APMF results and the results from mutation data is
reasonable at all other smaller percentages of burial.

The buriability scale obtained here is contributed by
both residue–residue and residue-solvent interactions.
Thus, it does not provide specific evidence for supporting
either a hydrophobic model or a packing model for protein
stability. Rather, it suggests a combination of the two
models. On one hand, buriability has a significant correla-
tion with the corrected octanol-to-water transfer scale.8

R � 0.92, 0.89, and 0.68 for all 20 residues, hydrophobic,
and hydrophilic residues, respectively. This finding sug-
gests that hydrophobicity plays an important role in
determining buriability. On the other hand, we also found
a significant correlation between buriability and the melt-
ing points of the crystals of 20 amino acids25 (R � 0.66 with
a p value of 1.5 � 10�3). The melting point of an amino acid
represents the overall stability of its solid phase or the
overall strength of its packing interaction with itself in the
absence of solvent. Moreover, it was shown that the
composition in the core of membrane proteins is similar to
that of soluble proteins, and the solvent effect of hydropho-
bic lipid bilayers is limited to the composition on the
surface of membrane proteins.26 Thus, the intrinsic prop-
erty of an amino acid residue, in addition to its hydropho-
bicity, also affects its buriability.

There is an intrinsic difference between polar/charged
and nonpolar interactions, which contributes to high buri-
ability of hydrophobic residues. Polar interactions are
orientationally dependent; thus, specific ordering is re-
quired for energy-optimized burial. For charged residues,
the tendency to make a specific salt bridge for energy
minimization also makes burial in the interior more
difficult. The same restriction does not apply to hydropho-
bic residues because their interactions are isotropic. Water
is a good example to illustrate the difficulty of the packing
(or deep burial) of polar molecules. The density of ice has to
be decreased to satisfy hydrogen bonding. In addition, it
has been shown that the volume of polar residues in-
creases, whereas that of nonpolar residues decreases on
folding.3 Moreover, Gekko and Noguchi27 found that water
around nonpolar groups has greater compressibility than
water around polar and charged groups. Their results
suggest that even with water, nonpolar groups are more
packable (thus, higher buriability) than polar and charged
ones.

The large buriability gap between hydrophobic and
hydrophilic residues may also be contributed by the struc-

Fig. 6. The contribution of residue Asn to stability as a function of the
buried accessible surface area (A0–A). Results from DFIRE-based APMF
(�Gs, in filled circles) and mutation data (�Gm, in open circles) are shown.
The solid line is from linear regression of the APMF results (R � 0.95).
The dashed lines denote the upper and lower boundaries of 1 kcal/mol
from the regression line. The filled diamond is �Gm after the inclusion of
mutation results for highly buried Asn listed in Ref. 24.
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tural diffierence among 20 natural amino acid residues.
All side-chains of hydrophilic residues are made of linear
alkanes, whereas side-chains of hydrophobic residues can
be made of linear or branched alkanes, or of aromatic
groups. Charged residues Lys and Arg have the longest
linear portions of side-chains (5 heavy atoms) among 20
amino acids. In contrast, the longest linear portion of
hydrophobic side-chains (except Met) is only two. (The
linear portion of side-chains is defined as the portion of a
side-chain that has no branch except the last heavy atom.)
The aromatic group in some hydrophobic residues also
makes their side-chains more isotropically accessible. In
other words, hydrophobic residues are entropically more
favorable for burial. Indeed, an empirical scale for the loss
of side-chain conformational entropy developed by Pickett
and Sternberg28 showed a marked difference between
hydrophobic and hydrophilic residues. The average loss of
entropy for nine hydrophobic residues (except Gly) is 0.76
kcal/mol, whereas the corresponding number for nine
hydrophilic residues (except Pro) is 1.67 kcal/mol. Thus,
we speculate that the shapes of naturally occurring hydro-
philic residues were evolutionally optimized to enhance
anisotropy of their interactions, whereas the opposite is
true for hydrophobic residues. That is, evolution of natural
amino acid residues seems to facilitate the tight and strong
packing of hydrophobic residues while making the burial
of hydrophilic residues inside the dense core of proteins
more difficult. One possible explanation is that evolution
optimizes for solubility, which requires the surface of
globular proteins to be made of mostly hydrophilic resi-
dues. However, shape is certainly not the only factor that
determines buriability. For example, the buriability of
hydrophilic Arg is larger than the other two hydrophilic
residues Asp and Asn although the former has a longer
chain than either Asp or Asn. More studies are certainly
needed to further address these issues.

The buriability parameter with a built-in partitioning of
hydrophilic and hydrophobic residues offers a simple
residue-based potential for folding and binding studies.
Possible applications include structure selections from
decoys, structure prediction, and predictions of mutation-
induced change in stability. The use of the buriability
parameter has led to an efficient, accurate folding recogni-
tion method called SPARKS (http://theory.med.buffalo.
edu).29

METHODS
Extracting Atom–Atom Potential of Mean Force

A knowledge-based atom–atom potential of mean force
(APMF) u� (i, j, r) between atom types i and j that are
distance r apart is all extracted from a common equation
given by

u� �i, j, r	 � � �fRT ln
Nobs�i, j, r	

Nexp�i, j, r	
, r � rcut,

0, r � rcut,
(1)

where f is a constant scaling factor, R is the gas constant,
T � 300K, Nobs(i, j, r) is the number of (i, j) pairs within the
distance shell r observed in folded proteins, and Nexp(i, j, r)

is the expected number of atomic pairs (i, j) in the same
distance shell if there were no interactions between atoms
(the reference state). Clearly, an accurate description of
the zero-interaction reference state is required to obtain
the net effect of residue–residue and residue-solvent inter-
actions.

In a recent article, we used a distance-scaled, finite
ideal-gas state as the reference state6 in which the ex-
pected number of atomic pairs Nexp(i, j, r) satisfies

Nexp�i, j, r	 � � r
rcut

�
� �r
�rcut

�Nobs�i, j, rcut	 (2)

where rcut � 15 Å, and �r/�rcut is the correction factor for
different bin widths at r and rcut. For a detailed derivation,
see Ref. 6. Although 
 is equal to 2 exactly for an infinite
ideal-gas system, we found that setting 
 to 1.61 is best
suited for finite proteins.6 The potential was generated by
using a nonhomologous (�30% homology) structural data-
base of 1011 soluble proteins with resolution � 2 Å.30

Residue-specific atomic types were used (167 atomic
types).12,13 The bin width �r � 2 Å, for r � 2 Å; � 0.5 Å for
2 Å � r �8 Å; � 1 Å for 8 Å � r �15 Å. The constant scaling
factor was determined so that the regression slope be-
tween predicted and experimentally measured changes in
stability due to mutation is equal to 1.6 The constant
prefactor f is needed because temperature is a free param-
eter in knowledge-based potentials derived from static
structures.

The new potential was shown to recognize more native
proteins from multiple decoy sets and provide more accu-
rate prediction of mutation-induced changes in protein
stability than two previously developed, residue-specific,
all-atom knowledge-based potentials.12,13 The latter used
a statistically averaged reference state.31 On the other
hand, the new reference state (Eq. 2) is based on a
noninteracting ideal-gas reference state commonly used in
liquid-state statistical mechanical theories.32 This physi-
cal reference state unifies the structure-derived potential
of mean force for folding and binding studies,33 as indi-
cated by the successful direct application of this “mono-
mer” potential for prediction of binding free energy and
selection of native complex structures from docking de-
coys.

Stability Scale and Buriability

The stability contribution of each residue (stability
scale) was calculated from APMF as follows:

�Gs�I	 � ��Gs�I	� � ��1
2 �

i � I,j�I

u� �i, j, rij	� (3)

where the summation is over all the pairs between atom i
of residue I and atom j of other residues, �� denotes the
average over all residue type “Is” of proteins, and a
negative sign in Eq. 3 was used to make a positive value as
stabilizing. Here a factor of 1/2 is used so that the
contribution of each pair to the total potential [ � ¥I

nI�Gs(I) with nI, the number of residue I] is counted only
once.34 This results in a prefactor f of 0.0314. (This value is
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doubled from 0.0157 used in Ref. 6 as the result of 1/2 in
Eq. 3.) We only used 200 randomly selected structures
from the 1011 protein structures for the calculations of
�Gs(I) to reduce the computational requirement for evalu-
ating accessible surface. Increasing the number of struc-
tures yielded essentially the same scale. The accessible
surface area (ASA) of a residue was calculated by the
Lee-Richards algorithm with 1.4 Å probe.35 The buried
ASA is equal to A0 �A where A0 is the solvent accessible
area of the unfolded state due to Shrake and Rupley.36

The dependence of the stability contribution on the
buried ASA, A0 � A, was obtained by calculating the
buried ASA and the contribution to total APMF for each
residue of a protein, �Gs(I). The results were averaged
over a 1 Å2 bin. Buriability is defined as the slope
determined by linear regression.

Mutation-Based Results

We extracted �Gm from mutation data by minimizing
the quantity s, which is defined by

s � � ���Gexp � ��Gm	2 (4)

where ��Gexp is from experimentally measured change in
free energy [� �G(mutant) � �G(wild)], ��Gm(I 3 J) �
�Gm(J) � �Gm(I) with �Gm(J), the average free energy of
transfer of residue J from protein interior to water. The
minimization was done by the simple linear least squares
fitting method. (The term linear refers to the linear
relation between the fitting parameter and data to be
fitted.)37 Because only relative values are entered in Eq. 4,
we set �Gm(Gly) � 0 in order to determine the values for
other residues. That is, there are 19 free parameters. A
database of 1023 large to small point mutations of 35
proteins was collected to extract �Gm. The database
contains 7 all-
, 7 all-
, and 21 mixed 
/
 proteins. The
values of pairwise sequence identity are �20% for the top
10 proteins, each of which have �30 mutations. The
details can be found in Ref. 21, and a complete list of 1023
mutations is shown in http://theory.med.buffalo.edu

The dependence of �Gm as a function of burial ASA was
obtained by grouping I3 X mutations based on the value
of buried ASA of residue I with a bin width of 10 Å2. A
smaller mutation database was constructed by one group
of I3 X mutations and the mutations that do not involve
residue I. The result of �Gm(I) from the smaller database
is one data point in the plot of �Gm(I) versus burial ASA.
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