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ABSTRACT: Statistical modeling provides the mathematics to use data from large numbers of mutant proteins
to generate information about hypotheses concerning protein structure not easily obtained from anecdotal
studies on small numbers of mutants. Here we use the unfolding free energies of 303 unique eglin c
mutant proteins obtained from high-precision, high-throughput chemical denaturation measurements to
assess models concerning helix stability. A model with helix propensity as the sole determinant of stability
accounts for 83% of the mutant-to-mutant variation in stability for 99% of the mutant proteins (three
outliers). When position effects and side chain-side chain interactions are added to the model, the fraction
of variation explained increases to 92%. The propensity parameters in this model are identical to helix
propensity values derived from other approaches. Measurement error accounts for another 1% of the
mutant-to-mutant variation in stability. While the data support terms for several of the expected stabilizing/
destabilizing effects, it does not support terms for several others, includingi, i + 3 effects in the center
of the helix and helix-dipole effects. In addition, the model does better with terms for several stabilizing/
destabilizing effects for which we cannot identify the physical basis. The precision of our unfolding stability
measurements ((0.087 kcal/mol) allows us to conclude that the 7% of variation in stabilities of the mutant
proteins not accounted for by the model or by measurement variation is both real and large with respect
to the nonpropensity terms in the model. The analysis also shows that the common practice of using
Cmmav instead ofCmmmut to calculate∆GHOH,N-D values for each mutant protein results in a loss of
information. We see no correlation between the residuals derived from the full model andmmut - mwt,
and hence it is unlikely ourmmut values reflect mutant-to-mutant differences in the denatured state.

One approach to deal with the “fold problem”, that is,
predicting tertiary structure from amino acid sequence, is to
identify the various molecular forces that underlie the
physical basis of conformational stability and then to
determine the contribution to stability of each in the residue-
residue interactions of a protein. Site-directed mutagenesis
(1) has been used extensively to investigate the effects of
individual amino acid mutations on the folded and unfolded
state, the stability of proteins, and their binding activities
(2-7). Effects of mutations on protein stability can be
measured by the free energy change between the denatured
state (or the state of the protein in high denaturant) and the
native state,∆GHOH,N-D. While site-directed mutagenesis is
a powerful tool for decomposing stabilizing effects, the
complexity of the interactions of single residues in proteins
and the frequency of thermodynamic coupling means that
an experimentally obtained∆GHOH,N-D value for a given
amino acid change may not be derived solely from the energy
effect of interest. This complexity implies that characterizing
a few tens of mutants is at root anecdotal.

A common way to rise above anecdotal analyses and deal
with complexity is to use a more formal approach for
hypothesis testing, that is, statistical modeling or regression
analysis. Statistical modeling decomposes the observable of
interest, here the denaturation free energy, into component
parts and uses data from large numbers of cases to determine
model parameters that best fit the data. While this divide
and conquer approach is attractive, Mark and van Gunsteren
(8) made a compelling argument that decomposing the free
energy into terms for specific interactions or specific groups
may not correctly account for entropic effects. On the other
hand, others (9, 10) have reassessed the same data and
asserted that free energy decompositionis possible. Whatever
the resolution of this controversy, there seems to be a general
agreement that the approach has, at minimum, empirical
predictive utility (8-10).

Many studies have focused on developing empirical
relationships to predict the denaturation free energy of a
protein or the free energy consequences of mutation (11-
15). With the exception of the recent work of Serrano and
colleagues (16) involving ∼1000 mutants, those studies are
based on fitting the behavior of modest numbers of mutants
from modest numbers of model proteins. We extend this
approach, focusing on data from large numbers of mutants
from specially designed combinatorial libraries. We showed
previously that helix propensities can be determined by using
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a model for stability that contains only helix propensity terms
or descriptors, parametrized with specific activity data from
455 isolates from three combinatorial mutant libraries (17).
The best fit parameters correlated well (Pearson correlation
coefficient, R ) 0.85) with the helix propensity values
derived from traditional approaches, but the model accounted
for only 31% of the mutant-to-mutant variation in activity
(17). This observation is not surprising because the model
is about stability, but the metric was specific activity.
Additionally, our specific activity data were relatively
imprecise (coefficient of variation∼12%). Here we use a
more structure-relevant metric,∆GHOH,N-D, derived from the
same set of mutants to reassess the analysis.

Any protein could be chosen as a model for these studies,
but to obtain accurate stability data that can be interpreted
in a straightforward way, monomeric proteins that denature
by a reversible two-state reaction at equilibrium are preferred.
To facilitate high-throughput determinations of∆GHOH,N-D

by chemical denaturation we also need a protein that folds
rapidly. Eglin c is a small (70 residue) monomeric protein
from the potato inhibitor I family of serine proteinase
inhibitors (18). The structure of eglin c is known from both
NMR (19) and X-ray crystallography (20) studies. Eglin c
consists of a four-strandedâ-sheet flanked on one side by
anR-helix and a binding loop on the other. The helical region
of wild-type eglin c corresponds to valine 19 through tyrosine
29 in the intact protein. Its denaturation thermodynamics are
well established as following a two-state mechanism (21).
Its structural homologue, chymotrypsin inhibitor 2 (CI2), has
been a useful model protein for folding and mutagenesis
studies (22-24). To parametrize a helix propensity model,
we constructed three combinatorial libraries in which four
solvent-exposed sites (R22, E23, T26, L27) in theR-helix
of eglin c (Figure 1) were mutated to any of seven possible
amino acids. Six of the amino acids (E, K, Q, D, N, H) are
hydrophilic and common to all three patterned libraries, while
the seventh is P for one library (114 variants), G for another
(154 variants), and A for the third (187 variants) (17). A
F10W mutation was introduced into the synthetic eglin c
gene prior to library construction to allow fluorescence-

monitored chemical denaturation measurements. To facilitate
high-precision, high-throughput measurements of∆GHOH,N-D,
we used robotics to prepare the proteins and solutions for
chemical denaturation and a semiautomated dual channel
titrating fluorometer to monitor denaturation (26).

EXPERIMENTAL PROCEDURES

Construction of the Combinatorial Library and Clone
Isolation.The library construction and clone isolation have
been described (17).

Full-Length DNA Sequencing.In our previous study of
455 eglin c mutants, codons 1 through 55 were sequenced
for 211 isolates, and codons 10 through 33 were sequenced
for the other 244 mutants (17). For this study, we sequenced
the entire gene for all 455 mutants. Double-stranded DNA
was prepared and sequenced at the University of North
Carolina DNA Sequencing Facility. We were unable to
obtain a full-length sequence from 51 of the clones due to
low DNA yields. Of the remaining 404 mutants 32 have
mutations at sites other than those at the four desired
positions (R22, E23, T26, L27). These 83 mutants were not
included in this study. In addition, 18 of the mutants were
removed from the analysis because they were duplicates.

High-Throughput Mutant Protein Purification. His-tagged
mutant proteins were purified from 12 mL of culture by using
nickel affinity resin disks (Pierce) in 96-well microtiter plates
as described in the companion paper (26). We were unable
to obtain adequate protein for∆GHOH,N-D measurements from
47 of the variants, and hence they were excluded from the
analysis.

High-Throughput Protein Stability Determination. Stabili-
ties were determined by fluorescence-monitored denaturation
induced by guanidine hydrochloride at 25°C in 50 mM Tris
and 100 mM NaCl, pH 8.5, as described in the companion
paper (26). The sequences, the available measured stabilities,
and the predicted stabilities are provided in the Supporting
Information. Four of the proteins gave denaturation profiles
that could not be fit to a two-state model and hence were
excluded from the analysis.

Parametrizing Helix Propensity Determinants with Re-
gression Analysis.Helix propensity represents the idiosyn-
cratic position and context-independent component of helix
stability contributed by each amino acid. Hence a single
amino acid specific parameter for each amino acid is used
to represent the helix propensity portion of helix stability.
The change in stability caused by the mutant amino acids in
each protein can be represented as the sum of the contribu-
tions for each of the nine amino acid types in the four
mutable sites, that is, the number of each of the nine possible
amino acids in the four sites times its amino acid specific
helix propensity parameter:

whereki is the amino acid helix propensity parameter for
the ith amino acid type,ni is the specific number of theith
amino acid type in the four mutable sites and hence can range
from 0 to 4, and the amino acid types,i, are A, D, E, G, H,
K, N, P, and Q.

The helix propensity parameters are then determined by
regression analysis to best fit the stability data. Regression

FIGURE 1: Ribbon diagram of wild-type eglin c. The diagram was
generated by using SPOCK (25) and the crystal structure coordi-
nates (Protein Data Bank entry 1CSE). The four solvent-exposed
residues in theR-helix that are varied in the libraries (R22, E23,
T26, L27) are shown in stick format as is D19.

∆(∆GHOH,N-D) ) ∑
i

kini (1)
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analysis models in which the sum of the descriptor values is
fixed (in this case, the sum of the number of each of the
amino acid types in a given mutant protein is always four)
is called a “mixture” model (27) and must be fitted with no
intercept. For linear regression analysis we used the JMP
software package (version 5; SAS Institute, Cary, NC). The
standard least-squares method was used to minimize the
difference between predicted and measured∆GHOH,N-D

values and to obtain best fit estimates for the parameters.
Descriptor Format. The models used for regression

analysis have parameters or descriptors that represent ob-
servables or things in the mutant proteins that we can count.
In the text and tables these parameters are described with a
shorthand best defined by an example. The descriptor DE/
Ki (22, 23), DE/Ki + 4 is incremented if theith position in
the mutant protein, which can be either 22 or 23, is a D or
E and thei + 4 position is also a D or an E or if theith
position is a K and thei + 4 position is also a K. For any
given mutant protein this particular descriptor can take on
the values 0 (if none of the conditions are met), 1 (if the
conditions are met for position 22 or 23), or 2 (if the
conditions are met for both positions 22 and 23).

Assessing the Maximal Energetic Contributions of Effects
Other than Propensity.In the construction of the full model,
described below, it turned out that the data did not support
several interactions that were expected to affect stability.
Some of these effects had small numbers of cases in our
library of mutant proteins, and hence an issue arises as to
whether the effect is truly missing or simply not significant
due to the small number of cases. We used an analysis of
simulated data sets to assess the smallest parameter value
for the effect that could have been detected with our
particular set of mutants. The simulated data sets had exactly
the same properties as the real mutant proteins with the
exception that an energy term was added to the mutant
proteins that would have the expected effect if it were
present. In the simulated data sets the stability of each mutant
protein was determined by the equation:

where ∆GN-D,predicted is the stability predicted by the full
model (minus the effect to be tested),∆Grandomis a number
drawn from a normal distribution with the mean and standard
deviation of the residuals (measured denaturation free energy
minus denaturation free energy predicted by the full model)
for the entire mutant protein population, and∆Geffect to testis
the energetic contribution of the effect (effect contribution
per instance times the number of instances in the mutant
protein).

To test how strong the effect would need to be to be
detected by the actual number of cases in our mutant protein
library, we carried out regression analysis on simulated data
sets with the effect having various magnitudes (0.4, 0.3, 0.2,
0.1, 0.075, 0.05, 0.025, and 0.01 kcal/mol per instance). The
smallest parameter that had aP value (probability of
observing an even greatert-statistic given the hypothesis that
the parameter is zero) of less than 0.05 in the regression
analysis was reported as the upper limit that the effect could
have and still not show up in the regression analysis using
the measured stability values instead of the simulated data.

RESULTS

GdnHCl-Induced Chemical Denaturation.On resequenc-
ing the DNA from the original library of 455 eglin c mutants,
32 were found to have second site mutations and 18 were
duplicates. We were unable to get a good DNA sequence
from 51 other mutants, usually due to low yields of plasmid
DNA. Mutant proteins were prepared from the remaining
354 mutant-containing strains and 12 different isolates
containing wild-type eglin c. Yields of protein ranged from
2 to 70µg/mL of culture and are approximately proportionate
to protein stability. Forty-seven of the strains gave too little
protein for chemical denaturation analysis. GdnHCl dena-
turation data were acquired with a dual channel semiauto-
mated titrating fluorometer (ATF105, Protein Solutions Inc.)
from the remaining 307 mutant proteins. Since wild-type
eglin c denatures via a two-state, equilibrium-reversible
process (21), we analyzed all of the mutant proteins with a
two-state model. Four of the mutant proteins gave denatur-
ation profiles that could not be fit to a two-state model and
were excluded from the analysis. Typical normalized Gdn-
HCl-induced denaturation curves for the wild-type and
several mutant proteins can be seen in the companion paper
(Figure 5 in ref26). Fluorescence intensity data were fitted
to a six-parameter model (26) to obtain values for [GdnHCl]1/2,
the midpoint of the denaturation curve,mN-D, the dependence
of the denaturation free energy on molar GdnHCl concentra-
tion, and the standard fitting errors of each. Using the linear
extrapolation method (28), ∆GHOH,N-D is the product of
[GdnHCl]1/2 andmN-D.

Accuracy of Stability Values. There are three types of
reportable errors associated with∆GHOH,N-D determinations.
One is the error calculated from fitting the data from a single
measurement to the two-state model. This error is usually
very small. In our case, the standard errors for [GdnHCl]1/2

andmN-D from curve fitting are(0.0026 M and(0.01 kcal
mol-1 M-1, respectively, resulting in a standard error for
∆GHOH,N-D of (0.03 kcal/mol from error propagation
analysis. The other two errors reflect repeatability. This can
be obtained from multiple measurements from a single
protein preparation or from measurements from multiple
protein measurements. Our measurements for∆GHOH,N-D

from a single preparation of wild-type eglin c is 6.14( 0.04
kcal/mol. Measurements from 19 different preparations of
wild-type eglin c gave 6.12( 0.05 kcal/mol. The error for
reproducibility from different protein preparations most
directly represents one’s capacity to know the∆GHOH,N-D

values, and that is what we would like to report for our
measurements. However, this approach is not practical for
303 mutant proteins. So, we determined reproducibility from
four different protein preparations for each of 14 mutant
proteins selected to represent the range of∆GHOH,N-D values
in the full set. The standard errors for∆GHOH,N-D from these
56 protein preparations average(0.087 kcal/mol. If these
values apply to all of the mutant proteins, these measure-
ments will contribute only 1.3% to the variance of otherwise
perfect models (26).

Regression Analysis To Parametrize the Helix Propensity
Model. The propensity component of helix stability is the
residue intrinsic, context-free, contribution, and hence there
is a single parameter for each residue in the model.
Regression analysis was used to find parameters that provide

∆GN-D,simulated) ∆GN-D,predicted+ ∆Grandom+
∆Geffect to test (2)
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the best fit to the measured∆GHOH,N-D values from the 303
mutant proteins. The fit for the entire set of 303 mutant
proteins has anR2 of 0.79 (R2 is the square of the correlation
between actual and predicted response and represents the
proportion of the variation in response around the mean that
can be attributed to terms in the model rather than random
error). However, the distribution of residuals (measured
∆GHOH,N-D minus predicted∆GHOH,N-D) shows the presence
of three outliers (Figure 2). It is not the presence of mutant
proteins with large residuals that indicate the presence of
outliers but rather the presence of mutant proteins whose
residuals have such low probabilities that they would be
unlikely to be present in a population size of 303. Three
mutant proteins appear to belong to a different population
of proteins based on the capacity of the propensity model to
predict their stability. We can therefore pull the two
populations apart and analyze each separately using the
propensity model. The major population of 300 mutant
proteins is predicted well by the propensity model. The
parameters derived from this subset (Table 1) account for
83% of the measured variance in∆GHOH,N-D for 99% of the
mutant proteins. As would be expected, fitting a nine-
parameter model to the smaller population of three mutant
proteins gives a very good fit (R2 ) 0.93), but the derived
parameters have no correlation with those determined either
from the bulk population of 300 mutant proteins or from
previous determinations of helix propensities.

The use of regression analysis to parametrize any particular
dissection of the free energy into contributions of specific
groups or interactions is subject to statistical and experimental
errors. One measure of adequate sampling of a combinatorial
library is that the regression parameters do not change
significantly with increasing sample size. The parameters for
the helix propensity model become stable when the sample
size becomes larger than 100 (Figure 3).

Interestingly, the parameters in this model become statisti-
cally significant before they become stable. That is, the

propensity parameters derived from the smallest of the
∆GHOH,N-D subsets haveP values less than 0.05. This test
for robustness is similar to the test for overfitting, where
parameters are derived from a “training” set and the
performance of those parameters is then tested on a
completely unrelated set of samples. In a similar fashion we
divided the 300∆GHOH,N-D values into two subsets of 150
with equal numbers of A-, G-, and P-containing mutant
proteins and derived the parameters from each. The param-
eters for each subset account for almost the same fraction
of variance (R2 ) 0.82 andR2 ) 0.83). The parameters from
the two subsets were essentially identical (R ) 0.98).

There Is Useful Information in IndiVidual mN-D Values.
The rate of the change of∆GN-D as a function of denaturant

FIGURE 2: Distribution of∆(∆GHOH,N-D) residuals from the simple
propensity model. Thex-axis is in units of standard deviations from
zero residual. The three filled boxes represent single mutant proteins
with residuals so large as to be unlikely to be from the same
population as the bulk population and hence are defined as outliers.
The dotted line represents a normal distribution fitted to the data.

Table 1: R-Helix Propensity Parameters Determined by Regression
Analysis from the∆(∆GHOH,N-D) Effects of Amino Acid
Composition in Four Solvent-Exposed Helical Positions in Eglin c

amino
acid

parameter
estimatea SE P valueb

K 0.955 0.022 <0.0011
A 0.801 0.038 0.0347
Q 0.735 0.019 <0.0001
E 0.578 0.019 <0.0001
H 0.472 0.020 <0.0001
N 0.414 0.024 <0.0001
D 0.348 0.021 <0.0001
G 0 0.021 <0.0001
P -1.160 0.129 <0.0001

a The parameters for each of the nine amino acids were derived from
the regression analysis of∆GHOH,N-D values for 300 eglin c variants
using the JMP software package, version 5 (SAS Institute, Cary, NC).
The parameters (kcal/mol per instance) were normalized to set the
glycine parameter at zero by subtracting the glycine value (-1.037
kcal/mol) from all of the parameters.b The probability of getting an
even greatert-statistic given the hypothesis that the parameter is zero.

FIGURE 3: Parameter values versus library size. Regression
parameters were calculated from subsets of mutant proteins. The
subsets contained an equal number of∆GHOH,N-D values from the
three libraries (6 hydrophilics plus A, or G, or P) until a subset
size of 132, at which point the 44 mutant proteins with∆GHOH,N-D
values in the proline library were exhausted; after that point, only
variants from the alanine- and glycine-containing libraries were
sampled.
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concentration,mN-D, varies significantly from the wild-type
value for many mutant proteins in many protein systems
(29-33). However, the determination ofmN-D is less precise
than the determination ofCm, the midpoint of the transition.
Consequently, in many studies, an averagemN-D value
derived from wild type or all of the mutant proteins in the
study has been used for calculating∆GHOH,N-D. The assump-
tion is that most of the variation in measuredmN-D values
is from measurement imprecision. ThemN-D values for the
303 mutant eglin c proteins in our data set vary over an
approximately 3-fold range (Figure 4), similar to what is seen
in staphylococcal nuclease mutants (33). The standard
deviation for themN-D value distribution ((0.20 kcal mol-1

M-1) for the entire population is four times larger than the
experimental error ((0.05 kcal mol-1 M-1) for any particular
mN-D value, suggesting that the observed mutant-to-mutant
variation in ourmN-D values contains information about the
mutant proteins. When individually determinedmN-D values
are used to calculate∆GHOH,N-D, the propensity model
accounts for 83% of the mutant-to-mutant variation in
∆GHOH,N-D. When the meanmN-D is used to calculate the
∆GHOH,N-D values for all of the mutant proteins, the
propensity model accounts for only 77% of the data variance,
and parameters for each amino acid in the propensity model
are smaller than those calculated using themN-D values from
each individual mutant protein.

Building a More Complete Model for Helix Stability.For
a model to be parametrized by regression analysis, we seek
variables, terms, or descriptors that represent things we can
count in each mutant protein [e.g., the sum of prolines in
the four mutable sites (0-4), the number of alanines at
position 27 (0 or 1), the number of glutamic acids at position
22 when there is a lysine at position 26 (0 or 1)]. To build
a more complete model, we used a two-pass approach. We
first tested every candidate descriptor as a single term added
to the propensity model. All of the descriptors that had

individualP values better than 0.05 when tested by regression
analysis against the stability values of the 300 mutant proteins
were then added to a candidate full model. That candidate
model was used in regression analysis, and all of the
descriptors withP values greater than 0.05 were removed
from the model. Each of the rejected descriptors was then
tested one at a time as an alternative to an existing descriptor
(e.g., a stabilizing position effect for alanine at position 22
instead of the destabilizing effect for alanine at position 27).
This was done by removing the descriptor that seemed the
likely alternative from the full model, adding the alternative
descriptor, and assessing its fit and theP value in this
alternative “full” model. If theP value was greater than 0.05,
the alternative was rejected. If the alternative replaced more
than one other descriptor and passed all of the other tests,
then it was chosen because a model with fewer descriptors
is better than one with more. If there was a physical basis to
select a descriptor over its alternative, it was chosen; if not,
the descriptor that gave the best fit to the data (largestR2)
was chosen, but this is a weak basis for a choice. Ultimately,
one needs to identify a physical basis for the choices.

Position Effects.Amino acid helix propensities are defined
as the position-independent helix-stabilizing effects of in-
dividual amino acids. The simple propensity model had a
separate descriptor for each amino acid, representing the
number of that amino acid in the four mutable sites.
However, there are several known position-dependent effects
in R-helices, i.e., capping (34-36), helix-dipole (37, 38),
and side chain-side chain effects (39, 40). To assess the
utility of a position-dependent descriptor for a given amino
acid, above and beyond its propensity, we added a single
term for that amino acid at the position of interest to the
simple propensity model and used regression analysis of the
300 stability values to parametrize context effect descriptors.
This procedure was repeated for all of the nine amino acids
involved in this study, one by one, for each of the four sites
subject to mutation. Table 2 lists the position effects withP
values greater than 0.05.

Histidine and proline have no significant position param-
eters. There were too few proline-containing mutant proteins
with stability data to assess position effects. Most of the
proline-containing mutant proteins gave insufficient yields
due to proteolysis inEscherichia coli. Only glutamine has a
single, significant, nonzero position effect parameter. The
remainder of the residues tested have multiple position effect
parameters that pass theP < 0.05 test. When all of the
position effect descriptors that pass theP value test are added
together to the candidate full model, only aspartic acid has
multiple descriptors that again pass theP value test (D at
22 and D at 23). For the remaining cases of multiple position
effect descriptors for a single amino acid, regression analysis
by itself does not indicate whether it is the stabilizing or the
destabilizing effect that should go into the full model. So,
we are left with eight position effect descriptors, most as
alternatives: a destabilizing effect of Q at 23; a stabilizing
effect of K at 22 or a destabilizing effect at 23 or 26; a
destabilizing effect of D at 22; a stabilizing effect of D at
23; a destabilizing effect of E at 22 or a stabilizing effect at
27; a destabilizing effect of N at 22 or a stabilizing effect at
27; a stabilizing effect of G at 22 and 26 or a destabilizing
effect at 23 and 27; and a stabilizing effect of A at 22 or 26
or a destabilizing effect at 27.

FIGURE 4: Distribution of mN-D values for 303 eglin c mutant
proteins. This distribution has a median of 1.86 kcal mol-1 M-1

and an average of 1.92 kcal mol-1 M-1. The wild-typemN-D value,
indicated by the bar in the figure, is 1.86( 0.03 kcal mol-1 M-1

(average and standard deviation from different protein preparations).
The three mutant protein outliers excluded from the propensity
analysis model are indicated as black filled bars.
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Side Chain-Side Chain Interactions.We chose to evaluate
two types of sequence-dependent side chain interactions,
steric clashes and charge-charge interactions. In eglin c, the
sequence of the helical region (residues 19-29) is DQAREY-
FTLHY, where the four underlined residues (R22, E23, T26,
L27) are mutated to any of the six amino acids (Q, E, K, D,
N, H) plus P or G or A. Side chains containing residues of
opposite charges at (i, i + 3) and (i, i + 4) positions so that
they face each other on the surface of the helix can contribute
to helical stability by forming ion pairs (38). Destabilization
can arise from residues at these positions with the same
charge or via steric clashes. Interactions of this nature
between mutated residues with residues at nonmutable
positions would appear in our analysis as position effects
for that residue in that position. For example, the position
effects of K, D, and E at mutable position 22 (Table 3) are
presumably due to side chain interactions with the nonmu-
tated aspartic acid at position 19 (Figure 1). Hence, to derive
side chain-side chain interaction parameters involving only
the mutable positions, we looked ati, i + 4 interactions (22
with 26 and 23 with 27) andi, i + 3 interaction (23 with
26). We enumerate for each mutant the number of interac-

tions that meet the criteria and then evaluate these as potential
descriptors in the full model as described in the previous
section. Six side chain-side chain interaction descriptors
survived theP value test when tested as a single addition to
the propensity model (Table 2). Descriptors that were tested
but did not survive theP value test when added to the helix
propensity model test are addressed in the Discussion.

The Full Model. Of the six side chain-side chain
descriptors (bottom of Table 2) that were significant in the
simple model (propensity descriptors plus the single descrip-
tor to be tested), only three (Table 3) were also significant
in the full model (propensity descriptors plus all of the single
descriptors significant in the simple model). Among these
were several alternative descriptors for side chain effects.
The fractions of variation in stability of the mutant proteins
accounted for by the various alternative stabilizingi, i + 4
models were approximately the same so we chose the model
with fewer parameters. For the same reason we chose a single
descriptor for the destabilizingi, i + 4 effects. The resulting
19-parameter model (Table 3) accounts for 92% of the
variation in stabilities of the 300 mutant proteins (Figure 5).
This is 9% more than the model with parameters for helix
propensities only. It is worth noting that while the propensity
terms account for a large fraction of the predictive capacity
of the model (Table 3, column 4), there are notable
exceptions. The fraction of the variability accounted for in
the full model that is accounted for by both the alanine and
lysine descriptors is smaller than the position effects involv-
ing alanine and lysine.

Other Predictors.To test the adequacy of our descriptors
for helix stability, we tested whether adding existing models

Table 2: Position Effects

descriptora casesb
in full
model

parameter
valuec

incre-
mental

R2 d P valuee

A at 22 16 0.236 0.004 0.0099
A at 26 14 0.222 0.004 0.0140
A at 27 20 yes -0.431 0.016 <0.0001
K at 22 43 yes 0.335 0.023<0.0001
K at 23 37 -0.197 0.007 0.0007
K at 26 32 -0.165 0.004 0.0059
Q at 23 50 -0.103 0.002 0.0417
E at 22 60 -0.104 0.003 0.0278
E at 23 46 0.117 0.003 0.0336
E at 26 47 -0.105 0.002 0.0499
E at 27 39 0.145 0.004 0.0107
N at 22 34 yes -0.266 0.015 <0.0001
N at 27 41 0.171 0.005 0.0031
D at 22 43 -0.183 0.007 0.0006
D at 23 46 yes 0.266 0.013<0.0001
G at 22 34 0.158 0.003 0.0149
G at 23 37 -0.219 0.005 0.0036
G at 26 27 0.202 0.004 0.0089
G at 27 16 -0.249 0.005 0.0043
D/E (22) 103 yes -0.183 0.012 <0.0001
G (22, 26) 61 yes 0.300 0.012<0.0001
G (23, 27) 43 -0.300 0.012 <0.0001
Ki (23), DEi + 3 8 -0.205 0.002 0.0523
Ki (23), DHKi + 3 19 -0.143 0.002 0.0529
Ni (22, 23), NDi + 4 20 yes -0.156 0.002 0.0404
Di (22, 23), NDEi + 4 39 -0.130 0.003 0.0140
DE/Ki (22, 23),

DE/Ki + 4
65 yes -0.154 0.006 0.0013

DE/Ki (22, 23),
K/DEi + 4

53 yes 0.215 0.010 <0.0001

AGADIR 300 0.129 0.001 0.1924
FOLD-X 300 -0.119 0.013 <0.0001

a See Experimental Procedures for the descriptor format.b Number
of cases of the descriptor in the 300 mutant proteins.c The parameter
value (kcal/mol per instance at pH 8.5 and 25°C in the absence of
denaturant) where positive values represent stabilizing effects in a model
comprising the propensity descriptors plus the single descriptor in
column 1.d The increase inR2 attained by adding the descriptor in
column 1 to the propensity model which has anR2 of 0.828.e The P
value (probability of observing an even greatert-statistic given the
hypothesis that the parameter is zero) for the model comprising the
propensity descriptors plus the single column 1 descriptor.

Table 3: Full Model Descriptors and Contributions toR-Helix
Stability

descriptora

presumed
physical

basis parameterb

fraction
response

explainedc P valued

G at 22 or 26 unknown 0.289 0.0097 <0.0001
K at 22 charge-charge

with D at 19
0.286 0.0127 <0.0001

DE/Ki (22, 23),
K/DEi + 4

charge-charge 0.176 0.0041 <0.0001

D at 23 unknown 0.136 0.0041 0.0010
A at 22, 23, 26, 27 propensity 0.064 0.0011 0.0641
K at 22, 23, 26, 27 propensity -0.067 0.0016 0.0064
DE/Ki (22, 23),

DE/Ki + 4
charge-charge -0.068 0.0012 0.0847

Q at 22, 23, 26, 27 propensity -0.104 0.0081 <0.0001
Ni (22, 23),

NDi + 4
steric clashi

with i+4
-0.114 0.0010 0.0431

Qi (22, 23),
Qi + 4

steric clashi
with i+4

-0.121 0.0013 0.0355

DE at 22 charge-charge
with D at 19

-0.127 0.0040 0.0003

E at 22, 23, 26, 27 propensity -0.250 0.0319 <0.0001
N at 22 unknown -0.265 0.0093 <0.0001
N at 22, 23, 26, 27 propensity -0.379 0.0756 <0.0001
A at 27 unknown -0.396 0.0121 <0.0001
H at 22, 23, 26, 27 propensity -0.423 0.2273 <0.0001
D at 22, 23, 26, 27 propensity -0.541 0.1243 <0.0001
G at 22, 23, 26, 27 propensity -1.037 0.3423 <0.0001
P at 22, 23, 26, 27 propensity -1.974 0.1292 <0.0001

a See Experimental Procedures for the descriptor format.b In kcal/
mol per descriptor at pH 8.5 and 25°C in the absence of denaturant.
Positive terms are stabilizing.c Fraction of the variability accounted
for by the full model that is accounted for by this descriptor.
d Probability of getting an even greatert-statistic given the hypothesis
that the parameter is zero.
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for protein stability or helicity to the full model increases
the fraction of mutant-to-mutant variation in stability pre-
dicted by the model. FOLD-X is a computer algorithm (16)
that estimates the energetic contribution of mutations to
proteins and complexes. FOLD-X considers van der Waals
interactions, hydrogen bonds, side chain-side chain interac-
tions, solvation energy, water stabilization, and charge-
charge interactions. Although we have included terms for
position effects and side chain-side chain interactions, we
expect that if FOLD-X includes neglected or underestimated
interactions, inclusion of the FOLD-X predicted term should
increase the fraction of stability variation explained by the
enhanced model. FOLD-X adds 1.3% to theR2 over and
above the propensity descriptors (Table 2) and adds 0.1%
to the full model, indicating that there are effects in FOLD-X
that are relevant to our mutant proteins that are not already
in our full model. When we used FOLD-X alone to predict
the ∆(∆GN-D) values for our mutant protein population, it
accounts for only 40% of the variation in stabilities of the
mutant proteins as compared to 92% for our full model.

We also tested the Web assessable version of AGADIR
(13) to assess whether that program brings to bear stabilizing
effects not present in our full model. The peptide helicity
calculated by AGADIR adds 0.1% to theR2 over and above
the propensity descriptors, but the resulting parameter has a
very high P value (Table 2), indicating that there are no
stabilizing effects relevant to our mutant proteins in the
AGADIR helicity numbers that are absent from our full
model. When we used AGADIR helicity values alone to
predict the∆(∆GN-D) values for our mutant proteins, it
accounts for only 6% of the variation in stabilities of the
mutant population as compared to 92% for our full model.

Reference State and mN-D Values.The denaturation slope,
mN-D, reflects the sensitivity of the protein unfolding free
energy to denaturant concentration. Formally, themN-D value
is simply one of the parameters in the equation used to
describe the two-state denaturation reaction. One assertion
for its physical correlate is the amount of protein surface
exposed to solvent upon unfolding (2, 42). Hence one might

expect that mutant proteins withmN-D values significantly
different from that of the wild-type protein would have an
altered reference state that could account for some of the
change in free energy of unfolding. If the mutant proteins
with mN-D values most different from wild type have some
of their ∆GN-D difference from wild type due to an altered
reference state, then they would be the mutant proteins least
well explained by the model since it is based solely on native
state considerations. ThemN-D values for the 300 eglin c
variants vary over an approximately 3-fold range (Figure 4),
indicating a potentially significant impact on the reference
state for some of the mutant proteins. However, there is no
correlation (Figure 6) between the normalized change in
mN-D values of the mutant proteins from wild type and their
residuals (the difference between predicted and measured
stabilities). If anything, there is a larger spread of residuals
for the mutant proteins with more wild-typemN-D values.

DISCUSSION

Comparing Helix Propensity Values from Regression
Analysis to Those from Other Studies.The parameters for
each of the nine amino acids varied in the experiment were
scaled to set glycine to zero (by subtracting the glycine
parameter derived from regression analysis from all nine
parameters) to facilitate the comparison of our parameters
with the helix propensities obtained from other studies (43-
46). The propensity values derived from this study agree well
with these other scales of helix propensities (Table 4), which
include those based on∆∆GHOH,N-D values measured in a
synthetic coiled coil peptide (43), at residue 44 in T4
lysozyme (44), at residue 32 in barnase (45), and at residue
21 in ribonuclease T1 (46).

The propensity values from the full model (Table 3)
correlate better with helix propensity values determined from
other systems than propensity values derived from a model
with only propensity terms (Table 1). In the model with only

FIGURE 5: Measured versus predicted stability values for 300
mutant eglin c proteins. Predicted values were calculated using the
19-parameter full model from Table 3. FIGURE 6: Normalized residuals versus normalized denaturation

slopes. The maximum value of thex-axis has been truncated
slightly, eliminating a few values to show more clearly the lack of
relationship between the residuals and the denaturation slope,mN-D.
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propensity parameters the parameter for lysine (0.955 kcal/
mol per instance) was larger than that for alanine (0.801 kcal/
mol per instance) while the model that includes position
effects (Table 3) gives a parameter for lysine that is smaller
(0.970 kcal/mol per instance) than that for alanine (1.101
kcal/mol per instance). This discrepancy is due to covariation
between the descriptor for the position-independent lysine
descriptor and the descriptor representing the extra stabilizing
effect of lysine at position 22 from its interaction with the
aspartic acid at position 19. That is, in a model with
propensity descriptors alone the parameter for lysine includes
the stabilizing effects of propensity and the effects of the
interaction with aspartic acid 19.

Physical Correlates with Descriptors.Our position analysis
shows that there are alternative effects supported by the data.
Regression analysis by itself does not provide a mechanism
to decide between various alternative descriptors that deal
with position effects. However, aspartic acid 19 provides a
sensible physical correlate, charge-charge interactions, for
descriptors involving charged residues at position 22, and
hence we chosei, i + 3 descriptors involving position 22
rather than the alternatives involving position 27. The
parameters for those descriptors are consistent with a
stabilizing contribution from ani, i + 3 charge-charge
interaction between the aspartic acid at position 19 and the
lysine at position 22 and a destabilizing contribution from
interactions with either glutamic or aspartic acid at position
22 with the aspartic acid at position 19. The descriptors
involving i, i + 4 effects are consistent with expected
interaction effects between charged residues.

We expected some effects that were not supported by the
data. We see no position effects associated withi, i + 4
charge-charge effects involving positions 19 and 23. We
see noi, i + 3 charge-charge effects involving positions
23 and 26. We see no position effects due to the interaction
of charged residues with the helix dipole which should show
up as position effects for charged residues in position 27
(Table 2). In addition, we see effects without an obvious
physical correlate: a stabilizing effect of asparagine at
position 22 (or destabilizing at position 27), a stabilizing
effect of aspartic acid at position 23, a stabilizing effect of
glycine at positions 22 or 26 (or destabilizing at positions
23 or 27), and a destabilizing effect of alanine at position
27.

Descriptors That Do Not Show Significant Effects on
Stability.Many of the descriptors tested have parameters that
are not significantly different from zero. For some descriptors
this is because the number of cases for the descriptor is small.

The numbers of cases with a proline at any position, with
alanine at position 23, and with lysine at position 23
associated with a negative charge at position 26 are poorly
represented in the library, and hence the absence of position
effects involving these descriptors is expected. We were
surprised to find that our data does not support the presence
of i, i + 3 charge-charge effects between residues 23 and
26. Since the number of these cases in our library is relatively
small, we determined how small the effects could be and
still be detected with the small number of instances (Table
5). The maini, i + 3 effects in the eglin c helix [DE/Ki
(23), DE/Ki + 3 and DE/Ki (23), K/DEi + 3] must be
smaller than 0.1 kcal/mol per instance to not be seen in our
data set. Thei, i + 3 effects supported by the stability data
involving the D at 19 and K, D, or E at 22 have effects of
0.29,-0.13, and-0.13 kcal/mol, respectively (Table 3).

Applicability to Other Proteins.There is a risk in
parametrizing models with data from a single protein, that
the parameters will be idiosyncratic to that protein. Clearly,
the propensity parameters derived here are applicable to other
proteins, but it is not clear that this is true for the other effects
in our model. On the other hand, all of the effects in our
full model are expressed as descriptors that would be
expected to be applicable in other proteins, and at least the
signs of the parameters are all what are expected for all
proteins. We see in eglin c strongi, i + 3 charge-charge
effects involving residues 19 and 22, but we observe no such
effects involving positions 23 and 26. We see a strong

Table 4: Comparison of Regression Parameters with Helix
Propensity Values from Other Systems

model system intercepta slopea
correlation

coeffa

T4 lysozymeb 0.06 0.97 0.92
barnasec -0.11 0.96 0.88
coiled coil peptided -0.15 0.87 0.86
RNase Te 0.06 0.73 0.95
a The intercept (kcal/mol per instance), slope, and correlation

coefficient in comparisons of the regression parameters derived in this
study and theR-helix propensities from biophysical studies of the
indicated model systems.b Reference44. c Reference45. d Reference
43. e Reference46.

Table 5: Upper Limit on Contributions of Effects Not Supported by
the Data

descriptora casesb
upper limit on

parameter valuec

Ki (23), Di + 3 5 0.3
Ki (23), Ei + 3 3 0.4
Ki (23), DEi + 3 8 0.2
Ki (23), Ki + 3 6 0.3
Ki (23), HKi + 3 8 0.2
Ki (23), DHKi + 3 19 0.2
Di (23), Ki + 3 3 0.3
Di (23), HKi + 3 12 0.3
Di (23), Ei + 3 6 0.2
Di (23), Di + 3 5 0.3
Di (23), DEi + 3 11 0.1
DEi (23), DEi + 3 28 0.05
DEi (23), Ki + 3 7 0.2
DE/Ki (23),DE/Ki + 3 34 0.03
DE/Ki (23), K/DEi + 3 15 0.1
Ei (23), Ki + 3 4 0.3
Ei (23), HKi + 3 12 0.1
Ei (23), Ei + 3 10 0.2
Ei (23), Di + 3 7 0.1
Ei (23), DEi + 3 17 0.2
Hi (23), Ei + 3 7 0.1
Hi (23), HKi + 3 14 0.1
Qi (23), HKi + 3 19 0.2
Qi (23),Qi + 3 53 0.1
Ki (22, 23), HKi + 4 15 0.3
Hi (22, 23), DQEi + 4 30 0.1
Hi (22, 23), HKi + 4 25 0.1
QNi (23), QNi + 4 18 0.2
Qi (22, 23), NDEHKi + 4 55 0.1
QN (22, 23), QNDi + 4 69 0.1
a See Experimental Procedure section for the descriptor format.

b Number of cases for the descriptor in the 300 mutant proteins.c Upper
limit on the kcal/mol/instance of the effect. See Experimental Procedure
section for how these values are calculated.
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destabilizing effect of asparagine at position 22 relative to
position 27. We see a strong destabilizing effect of glycine
at positions 23 and 27 relative to positions 22 and 26. We
see a strong destabilizing effect of alanine at position 27
relative to positions 22 and 26. However, such effects cannot
yet be said to represent portable descriptors until the effects
can be rationalized in terms of some structurally and
chemically sensible numerable features and the parameters
verified in other proteins.

CONCLUSIONS

Statistical modeling or regression analysis increases the
formalism of mutational studies of proteins at the expense
of the need for characterizing large numbers of mutant
proteins. Our implementation of a high-throughput procedure
to process large numbers of mutant proteins has a downside
in that low stability mutant proteins tend to be underrepre-
sented. An upside is that the stability measurements are
unusually precise ((0.087 kcal/mol). What does one get from
the increased formalism? We found a satisfying level of
robustness in the approach in the sense that we can extract
helix propensity values from both relatively imprecise
specific activity data (17) and precise stability measurements.
Regression analysis generates model-independent parameters
only when the descriptors in the model are independent of
each other, and this requirement could easily limit its utility
for obtaining parameters applicable to many proteins. Hence
it is satisfying that while we see this issue at work, in that
the calculation of the helix propensity for lysine is model
dependent due to stabilizing charge-charge effects, the
covariance effect is small.

An attractive feature of statistical modeling is its capacity
to quantify the completeness of the models tested. Here we
show that the propensity component of the model accounts
for 83% of the mutant-to-mutant variation in stability for
99% of the mutant proteins. Position and side chain-side
chain effects bring the fraction of variation in stability
accounted for by the model up to 92%. Measurement error
accounts for another 1.3% of the variation in stability. This
degree of precision means that the 7% of variation in stability
values of the mutant proteins not explained by the full model
and measurement variation is both real and large in that all
of the nonpropensity effects in the full model account for
only 9% of the mutant-to-mutant variation in stabilities. At
this point we have no idea if the effects responsible for the
missing 7% are uninteresting (i.e., arising from experimental
methods) or interesting (i.e., arising from structural effects).

This method has allowed us to partition the effects from
our population of 300 mutant proteins into four classes:
expected effects supported by the data, expected effects not
supported by the data, effects of unknown physical basis
supported by the data, and effects missing from the model
necessary to account for 7% of the variation in stability
values. In addition, there is a small class of outliers that is
badly predicted by the model. This is a surprisingly rich array
of classes given that the determinants ofR-helix stability
are the most well-known.
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