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redicting allosteric mechanisms from protein sequence is an
important goal, yet very difficult because the molecular basis
for allostery in proteins is still not fully understood. Allosteric
regulation is the alteration of protein function through the
binding of an effector molecule elsewhere within the same
protein. This definition can be expanded to include amino acid
point mutations distal from the active site that can effectively
alter protein function (1). Allosteric regulation is well established in multidomain proteins (2, 3), but allosteric behavior in
single protein domains is less documented (for example, ref. 4),
and its mechanisms unclear. Nevertheless, the idea of allostery
without a (well defined) conformational change (5) has become
popular, and it has even been proposed that all dynamic proteins
are allosteric (6).
Lockless and Ranganathan (7) set out to investigate whether
allostery could be predicted from sequence conservation. They
found a coevolved network of residues in the PDZ domain family
of proteins, and these statistically coupled residues were confirmed by experiments on PSD95 PDZ3 to be energetically
coupled (7). This study has served as a classic example of
allostery in a single protein domain, with a ‘‘sparse network’’ of
energetically linked positions that could affect function, in this
case ligand binding. However, pathways of energetic connectivity
inferred from statistical analysis have been questioned because
the correlated mutation algorithm that was used finds pairs of
residues that are close in physical space in the protein structure
and it is therefore not surprising that the residues actually do
couple (8). Furthermore, other issues regarding the validity of
the statistical method used by Lockless and Ranganathan have
been raised: the algorithm used is not symmetric (9), does not
incorporate evolutionary noise (10), and performs less well than
other algorithms (8, 9, 11). From an experimental point of view,
previous work on PSD95 PDZ3 in our laboratory suggested that
this PDZ domain is conformationally rigid upon ligand binding
(12) in agreement with the crystal structure (13). Finally, for
PTP-BL PDZ2 the energetic coupling between two of the
network residues was found to be absent (14). In light of these
www.pnas.org兾cgi兾doi兾10.1073兾pnas.0711732105

uncertainties, we here reassess the network of residues proposed
to form a pathway of energetic connectivity in PDZ domains.
Our results reveal that the sparse energetic network in PSD95
PDZ3 is not affecting ligand binding more than non-network
residues. The observed coupling energies for binding can be
explained by a model where distance is correlated with coupling
(8), as shown previously for the barnase–barstar complex (15)
and Staphylococcal nuclease (8, 16). Thus, statistical coupling
inferred from multiple sequence alignment is not necessarily a
true reporter of functional coupling.
Results
To test whether the coevolved network of residues in PDZ
domains (7) is energetically coupled we performed doublemutant cycles (17–19) in conjunction with ligand binding and
stability experiments. In such experiments, two positions are
mutated singly and in concert. The effect of the first mutation on,
for example, ligand binding is measured first against the wildtype background and second against the second mutation. The
different effect (in free energy) of the mutation on the two
backgrounds is the coupling energy, ⌬⌬⌬GC, between the two
mutated residues (see Materials and Methods). In PSD95 PDZ3,
H372 is a network residue (7) that makes a hydrogen bond with
the ligand peptide (13). Therefore, this residue was chosen as the
reference position to probe the energetic connectivity of the
conserved network (7). We chose to use the same reference
mutation, H372Y, as in the previous study (7). The decrease in
affinity for the H372Y mutation (two orders of magnitude) was
similar to that for the deletion mutation H372A (20), suggesting
that the hydrogen bond present in the wild-type complex (13) is
not formed between the mutant H372Y and the peptide. It is
clear that the PDZ domain pays a thermodynamic penalty for
this functional His residue because mutation to either Ala or Tyr
stabilizes the protein by ⬇2 kcal䡠mol⫺1. Double-mutant cycle
analyses were performed for 10 positions using conservative
mutations (21) in PDZ3 (Fig. 1), with the His 3 Tyr at position
372 as the reference mutation. Six of the residues mutated in the
present study were from the 10 evolutionarily conserved network
positions previously identified (7), and four residues were nonnetwork positions in the protein core. In the binding studies, a
dansylated peptide was titrated with PDZ3 and the resulting
change in fluorescence was monitored. Fig. 2 illustrates two
examples of double mutant cycle binding experiments, for
positions 340 and 380: position 340 is a non-network position
whereas 380 is a network position, but none of the residues
couple with H372. The three positions 329, 362, and 376 yielded
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Understanding the molecular principles that govern allosteric communication is an important goal in protein science. One way
allostery could be transmitted is via sparse energetic networks of
residues, and one such evolutionary conserved network was identified in the PDZ domain family of proteins by multiple sequence
alignment [Lockless SW, Ranganathan R (1999) Science 286:295–
299]. We have reassessed the energetic coupling of these residues
by double mutant cycles together with ligand binding and stability
experiments and found that coupling is not a special property of
the coevolved network of residues in PDZ domains. The observed
coupling for ligand binding is better explained by a distance
relationship, where residues close in space are more likely to
couple than distal residues. Our study demonstrates that statistical
coupling from sequence analysis is not necessarily a reporter of
energetic coupling and allostery.
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Fig. 1. The crystal structure of PSD95 PDZ3 bound to its peptide ligand (thick
blue sticks) [PDB entry 1BE9 (Doyle)]. Residues mutated in the present study
are shown as spheres. (A) Residues located close and making direct contact
with H372. (B) Residues that are distal to H372 and not making direct contact.
Note that residue 328 is an Ile in this crystal structure but that in our construct
we have the wild-type residue, Val. This figure was drawn in PyMOL (47).
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coupling energies of 1.5 ⫾ 0.2, 0.6 ⫾ 0.3, and 0.7 ⫾ 0.4
kcal䡠mol⫺1, respectively, whereas the remaining seven positions
had coupling energies close to zero (Fig. 3A and Table 1). The
high coupling energy for position 329 is reasonable because the
backbone carbonyl of Gly makes a hydrogen bond to a side chain
nitrogen of H372. Mutation to Ala at this position prevents the
backbone from adopting the required conformation for formation of the hydrogen bond to H372. The hydrogen bond presumably stabilizes the peptide binding conformation of the H372
side chain, and mutation abolishes this preorganization of the
binding site. Position 362 is located in a turn on the opposite side
of helix 2, compared with H372. The coupling displayed may be
explained by loss of hydrophobic interactions with helix 2.
Removal of two methyl groups possibly enhances the flexibility
of the helix and thus distorts the position of H372, situated at the
end of helix 2. The loss of hydrophobic interaction by the Val 3
Ala mutation is also reflected as a destabilization of this protein
by 0.7 kcal䡠mol⫺1 (Table 1). Position 376 is situated in the middle
of helix 2 only one turn away from H372. The coupling free
energy calculated for position 376 depended on the type of

mutation: the (nonconservative) A376V mutation yielded a
coupling free energy of ⫺0.2 ⫾ 0.2 kcal䡠mol⫺1 and the A376G
mutation yielded a coupling free energy of 0.7 ⫾ 0.4 kcal䡠mol⫺1.
Alanine has the highest helix propensity of all residues whereas
glycine has a very low helix propensity (21). The Ala 3 Gly
mutation at this position destabilized the helix by 1.0 kcal䡠mol⫺1
(Table 1), and a likely cause of the coupling is that the backbone
nitrogen makes a weaker interaction with the backbone oxygen
of the H372, leading to a more flexible His side chain and again
a destabilization of the preorganized binding site. The helix is not
destabilized by the A376V mutation despite Val’s having lower
general helix propensity than Ala (Table 1). This result emphasizes how the choice of mutation affects the measured coupling
energies (0.7 and ⫺0.2 kcal䡠mol⫺1 for A 3 G and A 3 V,
respectively). Except for this A376V mutation (and the reference
H 3 Y), we used deletion mutations in this work because other
mutations will complicate the analysis (22). For binding coupling
energies, residues far away from H372 displayed less coupling
energy than close residues (Fig. 3B). We found no correlation
between the binding coupling energy (⌬⌬⌬GC) and the stability
coupling energy (⌬⌬⌬GD-N) (Fig. 3C). In other words, residues
that affect His-372’s contribution to stability cannot in general
be predicted to affect its contribution to the ligand binding
energy. To see whether there was any correlation between our
experimental coupling energies and the previously calculated
statistical coupling energies, we plotted the binding coupling
energy (兩⌬⌬⌬GC兩, absolute numbers) as a function of statistical
coupling energy (⌬⌬GSTAT) extracted from figure 2b of Lockless
and Ranganathan (7). We found a very weak linear correlation
(R2 ⫽ 0.18) between experimental coupling for ligand binding
and statistical coupling in the range 0.1–1.5 kcal䡠mol⫺1. The
correlation between coupling for stability and statistical coupling was also weak (R2 ⫽ 0.21), and statistical coupling can
therefore not be used to predict real thermodynamic coupling.
Finally, we investigated (i) the probabilities that the coupling
energies are greater than zero (Table 1) and (ii) the probability
that the coupling energies of distal network residues are different from those of the tested non-network residues. The G329
residue is clearly coupled to His-372 and was excluded from the
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Fig. 2. Equilibrium ligand binding experiments. Shown are equilibrium titrations of the wild-type PDZ3 (A), single mutants F340A (filled triangles) and K380A
(✸) (B), H372Y mutant (C), and double mutants F340A/H372Y (✕) and K380A/H372Y (filled circles) (D). K380 is a network residue, whereas F340 is a non-network
residue (7). (See Materials and Methods for experimental conditions.)
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Fig. 3. Plots of measured coupling energies. The coupling free energies were obtained by fitting KD values to Eq. 3. (A) Binding coupling energies in kcal䡠mol⫺1.
Error bars are propagated standard errors determined from at least three independent measurements of each KD (for V328A, A376G, and K380A) or propagated
fitting errors and standard errors of independent measurements. Note that the error bars thus depend on the individual errors of each of the four KD values used
to calculate the coupling energy. (B) C␣–C␣ distance (Å) as a function of binding coupling energy. (C and D) Binding coupling energy ⌬⌬⌬GC as a function of
stability coupling energy ⌬⌬⌬GD-N (C) and statistical coupling energy ⌬⌬GSTAT (D). Statistical coupling energies were extracted from figure 2b of ref. 7. The units
of ⌬⌬GSTAT are arbitrary. Note that the absolute values for the coupling energies are plotted in B and D.

analysis. A376 is also close to His-372 (backbone hydrogen
bond), but the probability that the distal network residues are
different from the tested non-network residues is 79% with and
73% without this residue. Hence, there is a low probability that
network and non-network residues have different coupling
energies. On the residue level, the probabilities for ⌬⌬⌬GC ⬎ 0
decrease almost linearly with distance between 5 and 20 Å
(Table 1) (R2 ⫽ 0.74; data not shown), if the outlier V328 is
omitted. This residue affects binding possibly through favorable
van der Waals interactions with the Gln(-4) of the peptide ligand
but has a very low coupling energy with His-372.
Discussion
We demonstrate here for a PDZ domain that the statistical
coupling energies of a proposed allosteric evolutionary conserved network of residues, deduced from statistical coupling
analysis (7, 23), cannot predict coupling energies from ligand
binding and stability experiments. Instead, residues that are close
in space tend to couple energetically. Allostery in single protein
domains is often discussed in the recent literature in terms of an
important functional property (24–26), but experimental data
are scarce. Indeed, all proteins including single domains are
dynamic on the picosecond-to-microsecond time scale as shown
by NMR experiments (27), and sometimes this property plays a
functional role. It has, for example, been shown by NMR
relaxation experiments that microsecond-time-scale backbone
dynamics correlate with enzyme activity for the peptidyl-prolyl
Chi et al.

cis-trans isomerase Cyclophilin A (28). Another recent example
is adenylate kinase, where multiple experimental techniques
together with molecular dynamics simulations demonstrate that
motions on the nano-millisecond time scales promote catalysis
(29, 30). There are also rare examples of allostery without a
conformational change. Binding of the first metal ion to calbindin D9k affects the affinity for the second ion via a stiffening
of the protein backbone (31). A second example is binding of
cAMP to catabolite activator protein, which displays dynamicsdriven negative cooperativity (32). However, in most cases, the
relevance of allostery for the function of isolated domains
appears negligible unless it is manifested as a well defined
conformational change, such as for the p38 MAP kinase (two
domains) (33), the signaling protein NtrC (4), and myoglobin
(34). One of the best examples of an allosteric protein domain
was found in the PDZ domain family where an evolutionary
conserved network of residues was identified using multiple
sequence alignment and confirmed by experiment to be a
‘‘sparse energetic network’’ (7, 23). Our present results, however,
demonstrate that this network of residues does not display
energetic coupling beyond a straightforward distance relationship. Allostery might be an intrinsic property of all proteins (6),
but its role in protein function should not be exaggerated in the
absence of solid experimental data. Instead, it appears likely that
allostery in single-domain proteins often works on short distances (8, 15, 16). Energetic coupling and allostery in its widest
meaning (35) is best tested experimentally by double mutant
PNAS 兩 March 25, 2008 兩 vol. 105 兩 no. 12 兩 4681
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Table 1. Binding constants and probability estimation of PDZ-mutants and peptide ligand
PDZ
WT
F325A
V328A
G329A
F340A
I341V
V362A
A376G
A376V
K380A
V386A
A390G
H372Y
F325A/H372Y
V328A/H372Y
G329A/H372Y
F340A/H372Y
I341V/H372Y
V362A/H372Y
A376G/H372Y
A376V/H372Y
K380A/H372Y
V386A/H372Y
A390G/H372Y

KD,* M

kon,† M⫺1䡠s⫺1

0.5 (0.1)
0.3
1.7 (0.1)
46 (4)
1.0
0.5
0.7 (0.1)
2.5 (0.7)
0.3 (0.02)
1.5 (0.1)
0.5
0.4
67 (4)
28 (8)
330 (130)
490
98
70
36
100 (5)
48
150 (6)
79 (21)
54

10 (0.3)
10 (0.2)
9 (0.1)
9 (0.7)
10 (0.1)
10 (0.1)
7 (0.1)
7 (0.1)
8 (0.1)
7 (0.1)
8 (0.1)
10 (0.1)
nd储
nd
nd
nd
nd
nd
nd
nd
nd
nd
nd
nd

⌬⌬⌬GC,‡ kcal䡠mol⫺1

0.3
⫺0.2 (0.5)
1.5
0.2
0.0
0.6
0.7 (0.4)
⫺0.2
0.2 (0.2)
⫺0.1
⫺0.1

Probability§

0.79
0.38
0.78
0.60
0.95
0.97
0.76
0.54
0.53

⌬⌬GD-N,¶ kcal䡠mol⫺1
3.0 (0.1)
0.2 (0.2)
0.5 (0.1)
0.2 (0.1)
⫺0.2 (0.1)
0.7 (0.1)
1.0 (0.1)
⫺0.7 (0.1)
⫺1.0 (0.1)
1.2 (0.1)
2.2 (0.1)
⫺2.1 (0.1)
3.6 (0.1)
0.4 (0.1)
⫺0.1 (0.1)
0.0 (0.1)
0.1 (0.1)
1.8 (0.1)
1.5 (0.1)
⫺1.0 (0.1)
⫺0.8 (0.1)
1.7 (0.1)
2.6 (0.1)

*KD values were obtained by fitting Eq. 1 to the equilibrium binding data. Errors are shown in parenthesis and were calculated from at
least three independent measurements.
†The association rate constant k
on was determined by fitting Eq. 2 to the plots of observed rate constants versus PDZ concentrations.
Errors shown in parenthesis are fitting errors.
‡⌬⌬⌬G is the coupling energy for ligand binding between tested positions and H372. Errors shown in parenthesis are propagated errors
C
in the KD values.
§The estimate of probability ⌬⌬⌬G ⬎ 0 is based on the posterior distribution of the mean among one to five measurements of
C
independent KD measurements. The model fitted is described in Materials and Methods.
¶⌬⌬⌬G
D-N is the difference in stability between the wild-type and the single mutants or between the H372Y mutant and the double
mutants. Errors shown in parenthesis are estimated from fitting errors of the denaturation constants.
储nd (not determined), no association rate constants were determined for the double mutants. Observed rate constants were too high
for the stopped-flow machine because of large off-rate constants.

cycles (17–19). In the double mutant cycles performed in our
study, we chose to make as conservative mutations as possible;
for example, Phe-325 was mutated to Ala, and Ala-376 was
mutated to Gly (rather than to Lys and Val, respectively, as in
the study by Lockless and Ranganathan). The reason is to avoid
adding new functional groups to the protein or changing the
structure by inserting a larger residue, because such mutations
will complicate analysis of the results (21, 22, 36). For most
positions tested, we obtained different coupling energies from
those in the previous study, even in two cases when we made
identical mutations (K380A and the nonconservative A376V).
The basis for this difference is unclear, but it stresses an
important point: depending on the type of experiment performed, the experimental error in measured coupling energies
could be high and the threshold for a reliable coupling energy
should therefore also be high. In our study, we used 12–20 data
points per binding isotherm (Fig. 2) including independent
measurements to account for the measurement error in the
dissociation constant KD. Furthermore, we performed a comprehensive statistical analysis of all experimental data. This
analysis showed that one can question strong conclusions from
coupling energies unless there is a clear coupling between
residues, such as the one found for G329 and H372, with a
⌬⌬⌬GC of 1.5 kcal䡠mol⫺1.
Thus, PSD95 PDZ3 is a rigid protein–protein interaction
module, which cannot be used as a paradigm for allostery
mediated by an evolutionary conserved network of residues. For
4682 兩 www.pnas.org兾cgi兾doi兾10.1073兾pnas.0711732105

PSD95 PDZ3, we did not observe the correlation between the
energetic barrier for association of ligand and overall stability as
for PTP-BL PDZ2 (37), but it should be mentioned that there
are several examples of conformational changes that relate to
function in the PDZ domain family. The CRIB domain induces
a conformational change in its adjacent PDZ domain in Par6
(38). In PTP-BL PDZ2, a small conformational change involving
helix 2 was found to be associated with ligand binding (12) and
a similar reorientation of helix 2 was found to depend on the
nature of the ligand for Syntenin PDZ2 (39). Note that none of
these examples relates to the evolutionarily conserved network
of residues in the PDZ family. Identifying coevolving residues
using multiple sequence alignment is an interesting tool (7, 23,
40), but for PDZ domains, this evolutionarily conserved network
of residues appears not to play a particular functional role. It is
clear from the results presented here that statistical coupling is
not necessarily a reporter of energetic coupling.
Materials and Methods
Cloning, Expression, and Purification of Proteins. The PSD95 PDZ3 used in this
study was similar to that in Chi et al. (20). The numbering of residues in this article
is in accordance with the crystal structure of PSD95 PDZ3 (13) (PDB entry 1BE9).
Eleven single mutants and double mutants were generated by inverted PCR using
Pfu Turbo polymerase (Stratagene) from the pseudo-wild-type PDZ3 cDNA (containing a Trp at position 331 as probe for folding and binding) (Fig. 1). All double
mutants contained H372Y as the reference mutation. Protein expression and
purification were as described in ref. 20. All purified samples were dialyzed
against 25 mM Tris䡠HCl (pH 7.5). MALDI-TOF mass spectrometry was used to

Chi et al.

confirm the identity of the purified proteins, and their concentrations were
determined by absorbance at 280 nm with an extinction coefficient determined
from amino acid analysis. All mutants were well folded and stable as judged by
urea denaturation experiments (data not shown).
Equilibrium and Pre-Steady-State Binding Experiments. All equilibrium-binding
measurements were performed at 25°C in 50 mM potassium phosphate (pH
7.5) in an SLM 4800 spectrofluorimeter (SLM Instruments). The peptides used
in the experiments, Dansyl-YKQTSVcoo- and Dansyl-KQSTVcoo-, correspond
to the C terminus of CRIPT and were of high grade (purity ⬎95%) (JPT Peptide
Technologies). To determine the equilibrium constants for the PDZ3–peptide
interaction, the concentration of PDZ wild-type and mutants were varied at
constant concentration of peptide (3 M), and the change in Dansyl fluorescence was measured. Excitation was at 345 nm, and emission was at 551 nm.
The pre-steady-state binding kinetics were measured at 10°C on an SX-20 MV
spectrometer (Applied Photophysics) as described in ref. 41. All stability
measurements were performed by urea-induced denaturation experiments at
25°C in 0.1 M sodium acetate (pH 2.85) (giving reliable denatured and native
baselines for most mutants) except for the F325A and F325A/H372Y mutants,
which were determined in 50 mM potassium phosphate (pH 7.5) to obtain a
good native baseline for F325A in the curve fitting. The change in tryptophan
fluorescence upon denaturation and subsequent stability estimation was as
described in ref. 42.
Data Analysis. Data from equilibrium binding experiments were fitted to Eq. 1:

excluded. The resulting posterior distribution is based on both the data and
the á-priori assumption about the distribution of the parameters, the ‘‘prior
distribution’’ (SI Table 3). Therefore, one can speak of distributions even with
a small set of data. With decreasing amounts of data, the influence of the prior
distribution on the resulting posterior distribution increases. We had no prior
information about plausible parameter values, which led us to use so-called
noninformative or ‘‘vague’’ priors. This is typical for Bayesian analysis. We
fitted the model by running three chains: after a ‘‘burn-in’’ of 1,000 iterations,
every 100th iteration was taken from a total of 200,000 iterations. Convergence was assessed by eye. For prior distributions and estimates of parameters, see SI Table 3.
The probability that the group-specific ⌬⌬⌬GC are different were calculated as
the proportion of the probability distribution of the difference, ⌬⌬⌬GCdiff, that
is ⬎0. For a description of this statistical testing approach, see, e.g., page 20 in ref.
45. This probability distribution of the difference in means between the groupspecific ⌬⌬⌬GC was calculated as follows. For each coupling energy for network
residues, i ⫽ 1, . . . , 5, and non-network residues, i ⫽ 6, . . . , 9,

⌬⌬⌬Gcdiff ⫽ ⌬⌬⌬G c关1–5兴 ⫺ ⌬⌬⌬G c关6 –9兴.
For each coupling energy, i,

⌬⌬⌬GC关i兴 ⫽ ⌬⌬G m1关i兴 ⫺ ⌬⌬G m1/m2关i兴,
where

F ⫽ 关关共关A兴 0 ⫹ K D ⫹ n兲/2 ⫺ sqrt共共关A兴 0 ⫹ K D ⫹ n兲 2/4
[1]

where F is the observed fluorescence signal, n and [A]0 are the total concentrations of the nonvaried and varied species, respectively, and KD is the
equilibrium dissociation constant. D is the correction factor that takes into
account the background fluorescence due to increase in protein concentration. B and C are the constants that take into account the total fluorescence
change and fluorescence at [A]0 ⫽ 0, respectively (41).
Data from pre-steady-state binding kinetics were fitted to the Eq. 2 (43):
2
kobs ⫽ sqrt共k 21共n ⫺ 关A兴 0兲 2 ⫹ k ⫺1
⫹ 2k 1k ⫺1共n ⫹ 关A兴 0兲兲,

[2]

where kobs is the observed rate constants, n and [A]0 are as mentioned above,
and k1 and k⫺1 are the on-rate constant and off-rate constant, respectively.
Coupling Free Energies. For calculation of the coupling free energy between
two positions, a double-mutant cycle was constructed. The effect of mutation
m1 is measured on two different species: first, against the wild-type background (⌬⌬Gm1) and second against a reference mutation m2 (⌬⌬Gm1/m2). The
difference between the two energies (⌬⌬Gm1 ⫺ ⌬⌬Gm1/m2) is the coupling
energy ⌬⌬⌬GC between the two sites 1 and 2. The equation for the calculation
of the coupling energy for binding is shown in Eq. 3:

m1/m2
m2
⌬⌬Gm1/m2关i兴 ⫽ ⫺RTln共K D
/K D
关i兴兲.
m1
m2
WT
m1/m2
KD
[i], KD
[i], KD
, and KD
are mean parameters.
m1
KD
[i] was estimated based on j measurements, j ⫽ 1, 2, or 3 as

m1
m1
ln共K D
关i , j兴兲 ⬃ Nor mal共ln共K D
关i兴兲,  K Dm1关i兴兲,

where Normal(a, b) is a normal distribution with mean a and precision b (⫽
variance⫺1). For mutants where less than three measurements j were availm1
[i, j] (44). These estimates were based on modeling the
able, we estimated KD
precision as

K Dm1关i兴 ⬃ Gamma共exp共  K Dm1关i兴兲,  K Dm1兲,
where Gamma() is a gamma distribution with shape a and scale b. We assumed
m1
[i]; hence,
that KDm1[i] increased linearly with KD
m1
m1
K Dm1关i兴 ⫽ ␤ m1共K D
关i兴 ⫺ mean共K D
关兴兲兲 ⫹ ␤ m1
0 ,

where ␤m1 and ␤0m1 are regression parameters.

WT
m1/m2
⌬⌬⌬GC ⫽ RT ⫻ ln关共K D
⫻ KD
兲/
m1
m2
⫻ KD
兲兴/1,000共kcal䡠mol⫺1兲,
共K D
WT
KD
,

[3]

m2
where R is the gas constant and T is the temperature in Kelvin.
KD
,
m1/m2
are the equilibrium dissociation constants for the wild-type and
and KD
respective mutants. To calculate the coupling energy for stability, the KD
values are replaced by the respective equilibrium constants for denaturation.

m2
KD
[i] was estimated using the same principle but based on k measurements, k ⫽ 1, 2, 3, 4, or 5, as

m2
m2
ln共K D
关i , k兴兲 ⬃ Nor mal共ln共K D
关i兴兲,  K Dm2关i兴兲.

m1
KD
,

Statistical Analysis. We calculated the probability that the two coupling
energies for network (group 1) and non-network (group 2) residues [supporting information (SI) Table 2] are different based on the difference in the
probability distributions of the mean coupling energies among the two
groups. We used the Bayesian statistical modeling approach because it provides the full (posterior) probability distribution of the parameters, and it is
convenient for fitting models based on data with missing observations. For
details on Bayesian model fitting and inference, see refs. 44 – 46. Briefly, the
Bayesian statistical modeling approach is different from the classic, so-called
‘‘frequentist’’ approach. One main difference is the fitting procedure. Bayesian models are typically fitted using numerical approximation methods such as
MCMC (e.g., ref. 46). This procedure essentially means finding the right part
of parameter space (the burn-in) and then sampling this part of parameter
space. The sample from parameter space constitutes the posterior distribution
of the parameters, and this distribution is used for inference. The burn-in is
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and

For mutant pairs where less than five measurements k were available, we
m2
estimated KD
[i, k]. These estimates were based on modeling the precision as

K Dm2关i兴 ⬃ Gamma共exp共  K Dm2关i兴兲,  K Dm2兲,
where
m2
m2
K Dm2关i兴 ⫽ ␤ m2共K D
关i兴 ⫺ mean共K D
关兴兲兲 ⫹ ␤ m2
0 ,

where ␤m2 and ␤0m2 are parameters.
We had problems with model convergence in estimating KDm2[i] because
m2
[V328,1]. This made it difficult to estimate
of a very high value of KD
m2
KD
[V328,3–5]. We therefore estimated KDm2[V328] as the precision among
m2
the two values KD
[V328,1–2].
WT
m1/m2
and KD
based on m measurements, m ⫽ 1, 2, 3, as
We estimated KD

WT
WT
ln共K D
关m兴兲 ⬃ Nor mal共ln共K D
兲,  K DW T兲
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⫺ 关A兴 0n兲 ⫹ n关A兴 0兴 ⫻ B兴 ⫹ C ⫹ D ⫻ 关A兴 0,

WT
m1
⌬⌬Gm1关i兴 ⫽ ⫺RTln共K D
/K D
关i兴兲

respectively.
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