7594 Biochemistry2003,42, 7594-7603

Testing Hypotheses about Determinants of Protein Structure with High-Precision,
High-Throughput Stability Measurements and Statistical Modéling

Fang Yi} Dorothy A. Sims$ Gary J. Pielak}' and Marshall Hall Edgell*$

Departments of Biochemistry and Biophysics, Microbiology and Immunology, and Chemistrgrdityiof North Carolina,
Chapel Hill, North Carolina 27599

Receied January 13, 2003; Résed Manuscript Receed April 1, 2003

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 ¢
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 chaside 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, incliding 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
measurementsH0.087 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
Cnmyy, instead of Cympmyt to calculateAGronn-p Values for each mutant protein results in a loss of
information. We see no correlation between the residuals derived from the full modehane my,

and hence it is unlikely oumm, values reflect mutant-to-mutant differences in the denatured state.

One approach to deal with the “fold problem”, that is, A common way to rise above anecdotal analyses and deal
predicting tertiary structure from amino acid sequence, is to with complexity is to use a more formal approach for
identify the various molecular forces that underlie the hypothesis testing, that is, statistical modeling or regression
physical basis of conformational stability and then to analysis. Statistical modeling decomposes the observable of
determine the contribution to stability of each in the residlue interest, here the denaturation free energy, into component
residue interactions of a protein. Site-directed mutagenesisparts and uses data from large numbers of cases to determine
(1) has been used extensively to investigate the effects ofmodel parameters that best fit the data. While this divide
individual amino acid mutations on the folded and unfolded and conquer approach is attractive, Mark and van Gunsteren
state, the stability of proteins, and their binding activities (8) made a compelling argument that decomposing the free
(2—7). Effects of mutations on protein stability can be energy into terms for specific interactions or specific groups
measured by the free energy change between the denaturethay not correctly account for entropic effects. On the other
state (or the state of the protein in high denaturant) and thehand, others g, 10) have reassessed the same data and
native stateAGnonn-p. While site-directed mutagenesis is  asserted that free energy decompositsypossible. Whatever
a powerful tool for decomposing stabilizing effects, the the resolution of this controversy, there seems to be a general
complexity of the interactions of single residues in proteins agreement that the approach has, at minimum, empirical
and the frequency of thermodynamic coupling means that predictive utility 8—10).

an experimentally obtainedGonn-p value for a given Many studies have focused on developing empirical
amino acid change may not be derived solely from the energy o |qtionships to predict the denaturation free energy of a

effect of interest. This complexity implies that characterizing protein or the free energy consequences of mutatidn- (

a few tens of mutants is at root anecdotal. 15). With the exception of the recent work of Serrano and
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NSF Grant MCB0212939. based on fitting the behavior of modest numbers of mutants
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monitored chemical denaturation measurements. To facilitate
high-precision, high-throughput measurementAGf,on n-p,
= we used robotics to prepare the proteins and solutions for
chemical denaturation and a semiautomated dual channel
titrating fluorometer to monitor denaturatiog).

EXPERIMENTAL PROCEDURES

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

Full-Length DNA Sequencindn our previous study of
455 eglin ¢ mutants, codons 1 through 55 were sequenced
for 211 isolates, and codons 10 through 33 were sequenced
for the other 244 mutant4.7). 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

generated by using SPOCRSY) and the crystal structure coordi- obtain a full-length sequence from 51 of the clones due to

nates (Protein Data Bank entry 1CSE). The four solvent-exposeleW D_NA yields_. Of the remaining 404 mutants 32 haye
residues in thexr-helix that are varied in the libraries (R22, E23, Mutations at sites other than those at the four desired

T26, L27) are shown in stick format as is D19. positions (R22, E23, T26, L27). These 83 mutants were not
included in this study. In addition, 18 of the mutants were
a model for stability that contains only helix propensity terms removed from the analysis because they were duplicates.
or descriptors, parametrized with specific activity data from  High-Throughput Mutant Protein Purificatiotis-tagged
455 isolates from three combinatorial mutant librarigg)(  muytant proteins were purified from 12 mL of culture by using
The best fit parameters correlated well (Pearson correlationnjckel affinity resin disks (Pierce) in 96-well microtiter plates
coefficient, R = 0.85) with the helix propensity values a5 described in the companion pap28)( We were unable
derived from traditional approaches, but the model accountediq gptain adequate protein f&iGron n_o Measurements from
for only 31% of the mutant-to-mutant variation in activity 47 of the variants, and hence they were excluded from the
(17). This observation is not surprising because the model analysis.
is about stability, but the metric was specific activity.  High-Throughput Protein Stability DeterminatioStabili-
Additionally, our specific activity data were relatively ties were determined by fluorescence-monitored denaturation
imprecise (coefficient of variation-12%). Here we use a  induced by guanidine hydrochloride at 25 in 50 mM Tris
more structure-relevant metridGponn-p, derived from the and 100 mM NaCl, pH 8.5, as described in the companion
same set of mutants to reassess the analysis. ~ paper £6). The sequences, the available measured stabilities,
Any protein could be chosen as a model for these studies,and the predicted stabilities are provided in the Supporting
but to obtain accurate stability data that can be interpreted nformation. Four of the proteins gave denaturation profiles
in a straightforward way, monomeric proteins that denature that could not be fit to a two-state model and hence were
by a reversible two-state reaction at equilibrium are preferred. excluded from the analysis.
To facilitate high-throughput determinations A+on n-b Parametrizing Helix Propensity Determinants with Re-
by chemical denaturation we also need a protein that folds gression AnalysisHelix propensity represents the idiosyn-
rapidly. Eglin c is a small (70 residue) monomeric protein cratic position and context-independent component of helix
from the potato inhibitor | family of serine proteinase stapility contributed by each amino acid. Hence a single
inhibitors (18). The structure of eglin ¢ is known from both  amino acid specific parameter for each amino acid is used
NMR (19) and X-ray crystallography2() studies. Eglin ¢ to represent the helix propensity portion of helix stability.
consists of a four-strandgttsheet flanked on one side by  The change in stability caused by the mutant amino acids in
ano-helix and a binding loop on the other. The helical region each protein can be represented as the sum of the contribu-
of wild-type eglin ¢ corresponds to valine 19 through tyrosine tjons for each of the nine amino acid types in the four
29 in the intact protein. Its denaturation thermodynamics are mytable sites, that is, the number of each of the nine possible

well established as following a two-state mechani2®).(  amino acids in the four sites times its amino acid specific
Its structural homologue, chymotrypsin inhibitor 2 (CI2), has helix propensity parameter:

been a useful model protein for folding and mutagenesis

studies 22—24). To parametrize a hel_lx propensity .model, A(AGyonn-p) = Zkini (1)

we constructed three combinatorial libraries in which four ,

solvent-exposed sites (R22, E23, T26, L27) in thbelix

of eglin c (Figure 1) were mutated to any of seven possible wherek; is the amino acid helix propensity parameter for
amino acids. Six of the amino acids (E, K, Q, D, N, H) are theith amino acid typen; is the specific number of thith
hydrophilic and common to all three patterned libraries, while amino acid type in the four mutable sites and hence can range
the seventh is P for one library (114 variants), G for another from 0 to 4, and the amino acid typesare A, D, E, G, H,
(154 variants), and A for the third (187 variant9)7). A K, N, P, and Q.

F10W mutation was introduced into the synthetic eglin ¢ = The helix propensity parameters are then determined by
gene prior to library construction to allow fluorescence- regression analysis to best fit the stability data. Regression

Ficure 1: Ribbon diagram of wild-type eglin c. The diagram was
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analysis models in which the sum of the descriptor values is RESULTS

fixed (in this case, the sum of the number of each of the ] )
amino acid types in a given mutant protein is always four) =~ GdnHCl-Induced Chemical Denaturatio®n resequenc-

is called a “mixture” modelZ7) and must be fitted with no N9 the DNA from the original Iibrar_y of 455 gglin ¢ mutants,
intercept. For linear regression analysis we used the JMp32 were found to have second site mutations and 18 were
software package (version 5; SAS Institute, Cary, NC). The duplicates. We were unable to get a good DNA sequence
standard least-squares method was used to minimize thdfom 51 other mutants, usually due to low yields of plasmid
difference between predicted and measur®Bronn-o DNA. Mutant proteins Were.prepared from the remaining
values and to obtain best fit estimates for the parameters.354 mutant-containing strains and 12 different isolates
Descriptor Format. The models used for regression containing wild-type eglin c. Yields of_proteln ranged_ from
analysis have parameters or descriptors that represent ob t0 70ug/mL of culture and are approximately proportionate
servables or things in the mutant proteins that we can count.!© Protein stability. Forty-seven of the strains gave too little
In the text and tables these parameters are described with £7otein for chemical denaturation analysis. GdnHCI dena-
shorthand best defined by an example. The descriptor DE/turatlon. da’ga were acquired with a dual channel 'semlauto-
Ki (22, 23), DE/K + 4 is incremented if théth position in mated titrating fluorometer (ATF105, Protein Solutions Inc.)
the mutant protein, which can be either 22 or 23, is a D or from the remaining 307 mutant proteins. Since wild-type
E and thei + 4 position is ale a D or an E or if thdth eglin c denatures via a two-state, equilibrium-reversible
position & a K and thé -+ 4 position is also a K. For any ~ Process 21), we analyzed all of the mutant proteins with a
given mutant protein this particular descriptor can take on Wo-state model. Four of the mutant proteins gave denatur-
the values 0 (if none of the conditions are met), 1 (if the ation profiles that could not be fit to a two-state model and

conditions are met for position 22 or 23), or 2 (if the Were excluded from the_ analysis. Typical normalized Gdn-
conditions are met for both positions 22 and 23). HCl-induced denaturation curves for the wild-type and
Assessing the Maximal Energetic Contributions of Effects S€veral mutant proteins can be seen in the companion paper
Other than Propensityin the construction of the full model, (Flgure 5 in ref26). Fluorescence'lntensny data were fitted
described below, it turned out that the data did not support {0 @ Six-parameter mode2§) to obtain values for [GdnHGI},
several interactions that were expected to affect stability. the midpoint of the denaturation curvey-p, the dependence
Some of these effects had small numbers of cases in ourPf the denaturation free energy on molar GdnHCI concentra-
library of mutant proteins, and hence an issue arises as totion, and t_he standard fitting errors of gach. Using the linear
whether the effect is truly missing or simply not significant €xtrapolation method2g), AGuoun-o is the product of
due to the small number of cases. We used an analysis ol @dnHCll2 andmy—o.
simulated data sets to assess the smallest parameter value Accuracy of Stability ValuesThere are three types of
for the effect that could have been detected with our reportable errors associated wiliGHon n-p determinations.
particular set of mutants. The simulated data sets had exactlyOne is the error calculated from fitting the data from a single
the same properties as the real mutant proteins with themeasurement to the two-state model. This error is usually
exception that an energy term was added to the mutantvery small. In our case, the standard errors for [GdnkiCI]
proteins that would have the expected effect if it were andmy-p from curve fitting are0.0026 M andt-0.01 kcal
present. In the simulated data sets the stability of each mutantmol™ M™%, respectively, resulting in a standard error for

protein was determined by the equation: AGponn-p Of +0.03 kcal/mol from error propagation
analysis. The other two errors reflect repeatability. This can
AG\_p simulated™ AGN_D,predicted—F AG, 3ngom™T be o_btained fro_m multiple measurements from a sir]gle
AGgttect to test (2) protein preparation or from measurements from multiple

protein measurements. Our measurementsAfG¥ion N-b

where AGn_p predicted IS the stability predicted by the full ~ from a single preparation of wild-type eglin ¢ is 6.340.04
model (minus the effect to be tested)GrandomiS @ NUMber kcal/mol. Measurements from 19 different preparations of
drawn from a normal distribution with the mean and standard Wwild-type eglin ¢ gave 6.12 0.05 kcal/mol. The error for
deviation of the residuals (measured denaturation free energyr€producibility from  different protein preparations most
minus denaturation free energy predicted by the full model) directly represents one’s capacity to know th&onn-p
for the entire mutant protein popu|ation’ aAd;effecttotestis values, and that is what we would like to report for our
the energetic contribution of the effect (effect contribution Measurements. However, this approach is not practical for
per instance times the number of instances in the mutant303 mutant proteins. So, we determined reproducibility from
protein). four different protein preparations for each of 14 mutant

To test how strong the effect would need to be to be Proteins selected to represent the rangA@Gfion,n-o values
detected by the actual number of cases in our mutant proteinin the full set. The standard errors fAGon,n-o from these
library, we carried out regression analysis on simulated data®6 protein preparations average.087 kcal/mol. If these
sets with the effect having various magnitudes (0.4, 0.3, 0.2, values apply to all of the mutant proteins, these measure-
0.1, 0.075, 0.05, 0.025, and 0.01 kcal/mol per instance). Thements will contribute only 1.3% to the variance of otherwise
smallest parameter that had R value (probability of  perfect modelsZ6).
observing an even greatiestatistic given the hypothesis that Regression Analysis To Parametrize the Helix Propensity
the parameter is zero) of less than 0.05 in the regressionModel The propensity component of helix stability is the
analysis was reported as the upper limit that the effect could residue intrinsic, context-free, contribution, and hence there
have and still not show up in the regression analysis usingis a single parameter for each residue in the model.
the measured stability values instead of the simulated data.Regression analysis was used to find parameters that provide
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100 Table 1: a-Helix Propensity Parameters Determined by Regression
»n — Analysis from theA(AGponn-p) Effects of Amino Acid
= A Composition in Four Solvent-Exposed Helical Positions in Eglin ¢
..q_.’ 11\ amino parameter
O 75 K acid estimate SE P value
o K 0.955 0.022 <0.0011
€ A 0.801 0.038 0.0347
© [| \ Q 0.735 0.019 <0.0001
5 50 b \ E 0.578 0.019 <0.0001
s 1 H 0.472 0.020 <0.0001
— B N 0.414 0.024 <0.0001
o / D 0.348 0.021 <0.0001
. ‘ G 0 0.021 <0.0001
2L | \ P —~1.160 0.129 <0.0001
S \ 2 The parameters for each of the nine amino acids were derived from
=) \ the regression analysis &Guonn-p Values for 300 eglin ¢ variants
Z using the JMP software package, version 5 (SAS Institute, Cary, NC).
—l\ The parameters (kcal/mol per instance) were normalized to set the
(e i \F—H- glycine parameter at zero by subtracting the glycine valug.@37
-2 1 0 1 2 kcal/mol) from all of the parametersThe probability of getting an

Standard Deviations even greatet-statistic given the hypothesis that the parameter is zero.
Ficure 2: Distribution of A(AGuown n-p) residuals from the simple 200
propensity model. The-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 T ———
population as the bulk population and hence are defined as outliers. 1.50 | - I..--0-“-*‘““--—-0----.----.._.. N

The dotted line represents a normal distribution fitted to the data.

OZIMO> x

the best fit to the measuresGyonn_p values from the 303 ol e

mutant proteins. The fit for the entire set of 303 mutant §

proteins has aR? of 0.79 2 is the square of the correlation % e e e =l — R —@ G
between actual and predicted response and represents the> [ ™ ]
proportion of the variation in response around the mean that 31:»

can be attributed to terms in the model rather than random “E’

error). However, the distribution of residuals (measured & o0 | a
AGponn-p Minus predicted\Gronn-p) Shows the presence  §

of three outliers (Figure 2). It is not the presence of mutant
proteins with large residuals that indicate the presence of -0.50 | —_— T P ]
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 -1.00 : : : : : L
mutant proteins appear to belong to a different population 0 0 10 1802000 2850 800
of proteins based on the capacity of the propensity model to Library Size

predict their stability. We can therefore pull the tWO Fgure 3: Parameter values versus library size. Regression
populations apart and analyze each separately using theparameters were calculated from subsets of mutant proteins. The
propensity model. The major population of 300 mutant subsets contained an equal numbeAGonn-o values from the
proteins is predicted well by the propensity model. The three libraries (6 hydrophilics plus A, or G, or P) until a subset

; ; size of 132, at which point the 44 mutant proteins WiBon4 n-b
parameters derived from this subset (Table 1) account forvalues in the proline library were exhausted; after that point, only

83% of the measured varianceAGuonn-o for 99% of the  yariants from the alanine and glycine-containing libraries were
mutant proteins. As would be expected, fitting a nine- sampled.
parameter model to the smaller population of three mutant
proteins gives a very good fiRg = 0.93), but the derived  propensity parameters derived from the smallest of the
parameters have no correlation with those determined eitherAGuonn-p Subsets hav® values less than 0.05. This test
from the bulk population of 300 mutant proteins or from for robustness is similar to the test for overfitting, where
previous determinations of helix propensities. parameters are derived from a “training” set and the
The use of regression analysis to parametrize any particularperformance of those parameters is then tested on a
dissection of the free energy into contributions of specific completely unrelated set of samples. In a similar fashion we
groups or interactions is subject to statistical and experimentaldivided the 300AGponn-p Values into two subsets of 150
errors. One measure of adequate sampling of a combinatoriawith equal numbers of A-, G-, and P-containing mutant
library is that the regression parameters do not changeproteins and derived the parameters from each. The param-
significantly with increasing sample size. The parameters for eters for each subset account for almost the same fraction
the helix propensity model become stable when the sampleof variance R? = 0.82 andR? = 0.83). The parameters from
size becomes larger than 100 (Figure 3). the two subsets were essentially identidal= 0.98).
Interestingly, the parameters in this model become statisti- There Is Useful Information in Indidual my-p Values.
cally significant before they become stable. That is, the The rate of the change &Gy-p as a function of denaturant
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60 individual P values better than 0.05 when tested by regression
| analysis against the stability values of the 300 mutant proteins
M were then added to a candidate full model. That candidate
0T ) 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
30 [ . 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
20 - 7 descriptor, and assessing its fit and tRevalue 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,

40 2 .

Number of Mutant Proteins

10 - =

J then it was chosen because a model with fewer descriptors

0 L8 il | I h . is better than one with more. If ther_e was a physical ba_S|s to
05 1.0 15 2.0 25 30 35 select a descriptor over its alternative, it was chosen; if not,

m,, p (kealimol/M) the descriptor that gave the best fit to the data (larg@st

Ficure 4: Distribution of my_p values for 303 eglin ¢ mutant was chosen, b,l"t thi; is aweak basis f_or a choice. Qltimately,

proteins. This distribution has a median of 1.86 kcal Tha¥l—1 one needs to identify a physical basis for the choices.

and an average of 1.92 kcal méM 2. The wild-typemy—_p value, Position EffectsAmino acid helix propensities are defined

indicated by the bar in the figure, is 1.860.03 kcal mof* M~* as the position-independent helix-stabilizing effects of in-

(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.

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.
concentrationmy-p, varies significantly from the wild-type ~ However, there are several known position-dependent effects
value for many mutant proteins in many protein systems in a-helices, i.e., capping3¢—36), helix—dipole 37, 38),
(29—33). However, the determination afy-p is less precise  and side chairside chain effects3Q9, 40). To assess the
than the determination @, the midpoint of the transition.  utility of a position-dependent descriptor for a given amino
Consequently, in many studies, an averagep value acid, above and beyond its propensity, we added a single
derived from wild type or all of the mutant proteins in the term for that amino acid at the position of interest to the
study has been used for calculatit@Gronn-p. The assump-  simple propensity model and used regression analysis of the
tion is that most of the variation in measurey_p values 300 stability values to parametrize context effect descriptors.
is from measurement imprecision. Thig_p values for the This procedure was repeated for all of the nine amino acids
303 mutant eglin ¢ proteins in our data set vary over an involved in this study, one by one, for each of the four sites
approximately 3-fold range (Figure 4), similar to what is seen subject to mutation. Table 2 lists the position effects With
in staphylococcal nuclease mutant33)( The standard  values greater than 0.05.
deviation for themy_p value distribution £0.20 kcal mot? Histidine and proline have no significant position param-
M~1) for the entire population is four times larger than the eters. There were too few proline-containing mutant proteins
experimental error#£0.05 kcal mot* M) for any particular with stability data to assess position effects. Most of the
mn-p Value, suggesting that the observed mutant-to-mutant proline-containing mutant proteins gave insufficient yields
variation in ourmy—p values contains information about the due to proteolysis itEscherichia coli Only glutamine has a
mutant proteins. When individually determined_p values single, significant, nonzero position effect parameter. The
are used to calculatAGponn-p, the propensity model  remainder of the residues tested have multiple position effect
accounts for 83% of the mutant-to-mutant variation in parameters that pass tie < 0.05 test. When all of the
AGponn-p- When the meamny—p is used to calculate the  position effect descriptors that pass thealue test are added
AGhonn-p Values for all of the mutant proteins, the together to the candidate full model, only aspartic acid has
propensity model accounts for only 77% of the data variance, multiple descriptors that again pass tRevalue test (D at
and parameters for each amino acid in the propensity model22 and D at 23). For the remaining cases of multiple position
are smaller than those calculated usingrthep values from effect descriptors for a single amino acid, regression analysis
each individual mutant protein. by itself does not indicate whether it is the stabilizing or the
Building a More Complete Model for Helix Stabilitifor destabilizing effect that should go into the full model. So,
a model to be parametrized by regression analysis, we seekve are left with eight position effect descriptors, most as
variables, terms, or descriptors that represent things we caralternatives: a destabilizing effect of Q at 23; a stabilizing
count in each mutant protein [e.g., the sum of prolines in effect of K at 22 or a destabilizing effect at 23 or 26; a
the four mutable sites (84), the number of alanines at destabilizing effect of D at 22; a stabilizing effect of D at
position 27 (0 or 1), the number of glutamic acids at position 23; a destabilizing effect of E at 22 or a stabilizing effect at
22 when there is a lysine at position 26 (0 or 1)]. To build 27; a destabilizing effect of N at 22 or a stabilizing effect at
a more complete model, we used a two-pass approach. We27; a stabilizing effect of G at 22 and 26 or a destabilizing
first tested every candidate descriptor as a single term addeceffect at 23 and 27; and a stabilizing effect of A at 22 or 26
to the propensity model. All of the descriptors that had or a destabilizing effect at 27.
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Table 2: Position Effects Table 3: Full Model Descriptors and ContributionsaeHelix
incre- Stability
in full parameter mental presumed fraction
descriptot cases model valug R4 Pvalue ) physical response
descriptot basis parameter explained P value

Aat2z 16 0.236  0.004 0.0099 G at 22 or 26 unknown 0.289 0.0097 <0.0001
Aat 26 14 0.222  0.004  0.0140 - - :
Aat27 20 yes -0431 0016 <0.0001 ~ Kat22 chargecharge  0.286 00127 <0.0001
Kat22 43 yes 0.335 0.023<0.0001 :
K at 23 37 0197  0.007 0.0007 DEI£|/<IID(E2iZ—i-243)' charge-charge 0.176 0.0041 <0.0001
Kat26 32 —0.165  0.004  0.0059  pat23 unknown 0.136  0.0041  0.0010
Qat23 50 —0.103 0.002  0.0417  Aat22,23,26,27 propensity 0.064  0.0011  0.0641
Eat22 60 —0.104  0.003  0.0278 K at 22, 23, 26,27 propensity —0.067 0.0016 0.0064
Eat23 46 0.117 0.003  0.0336  DE/Ki(22,23), charge-charge —0.068 0.0012 0.0847
E at 26 47 —0.105 0.002 0.0499 DE/Ki + 4
E at 27 39 0.145 0.004 0.0107 Qat 22, 23, 26, 27 propensity —0.104 0.0081 <0.0001
N at 22 34 yes —0.266 0.015 <0.0001 Ni (22, 23), steric clash —0.114 0.0010 0.0431
N at 27 41 0.171 0.005  0.0031 NDi + 4 with i+4
D at 22 43 —0.183 0.007 0.0006 Qi (2_2, 23), steri_c Cl_ash —-0.121 0.0013 0.0355
D at 23 46 yes 0.266  0.013<0.0001 Qi+4 with i+4
G at23 37 —0.219 0.005 0.0036 -
7 G702 0ova GO0 §AZ%526.27 popersly | 020 pome 0%
G at 27 16 —0.249 0005 ~ 0.0043  \ 555 23 26,27 propensity =~ —0.379  0.0756 <0.0001
DIE (22) 103 yes —0.183 0.012 <0.0001 Aat27  unknown ~0396 00121 <0.0001
G (22, 26) 61 yes 0300 0.012<0.0001 4417 326,27 propensity ~ —0.423  0.2273 <0.0001
G (23, 27) 43 —0.300  0.012 <0.0001 Dat22,23,26,27 propensity ~ —0.541  0.1243 <0.0001
Ki (23), DE + 3 8 —0.205  0.002  0.0523  Gat22 23,26,27 propensity =~ —1.037  0.3423 <0.0001
Ki (23), DHKi + 3 19 —0.143  0.002  0.0529  pgat22,23,26,27 propensity ~ —1.974  0.1292 <0.0001
Ni (22, 23), ND + 4 20 yes —0.156 0.002 0.0404 - -
Di (22, 23), NDE+4 39 ~0.130 0.003 0.0140 aSee Experimental Procedures for the descriptor forfatkcal/
DE/Ki (22, 23), 65 yes —0.154 0.006 0.0013 mol_per descriptor at pH 8.5 and 28 in the abse_nce_ _of denaturant.

DE/Ki + 4 Positive terms are stabilizingFraction of the variability accounted
DE/Ki (22, 23), 53  vyes 0.215 0.010 <0.0001 for by the full model that is accounted for by this descriptor.

K/DEi + 4 4 Probability of getting an even greatestatistic given the hypothesis
AGADIR 300 0.129 0.001 0.1924 thatthe parameter is zero.
FOLD-X 300 —0.119 0.013 <0.0001

® See Experimental Procedures for the descriptor forfildimber — tjons that meet the criteria and then evaluate these as potential
of cases of the descriptor in the 300 mutant proteii$hie parameter descriptors in the full model as described in the previous
value (kcal/mol per instance at pH 8.5 and 45 in the absence of ;i - L L . .
denaturant) where positive values represent stabilizing effects in a modelS€Ction. Six side chainside chain interaction descriptors
comprising the propensity descriptors plus the single descriptor in Survived theP value test when tested as a single addition to
column 1.9 The increase irR? attained by adding the descriptor in  the propensity model (Table 2). Descriptors that were tested
column 1 to the propensity model which has &hof 0.828.° The P but did not survive th@ value test when added to the helix

value (probability of observing an even greatestatistic given the - - . .
hypothesis that the parameter is zero) for the model comprising the propensity model test are addressed in the Discussion.

propensity descriptors plus the single column 1 descriptor. The Full Model. Of the six side chairside chain
descriptors (bottom of Table 2) that were significant in the
Side Chain-Side Chain InteractiondVe chose to evaluate  Simple model (propensity descriptors plus the single descrip-
two types of sequence-dependent side chain interactionsor to be tested), only three (Table 3) were also significant
steric clashes and chargeharge interactions. In eglin ¢, the  in the full model (propensity descriptors plus all of the single
sequence of the helical region (residues-29) is DQAREY- descriptors significant in the simple model). Among these
FTLHY, where the four underlined residues (R22, E23, T26, were several alternative descriptors for side chain effects.
L27) are mutated to any of the six amino acids (Q, E, K, D, The fractions of variation in stability of the mutant proteins
N, H) plus P or G or A. Side chains containing residues of accounted for by the various alternative stabilizing+ 4
opposite charges ait, { + 3) and {, i + 4) positions so that ~ models were approximately the same so we chose the model
they face each other on the surface of the helix can contributewith fewer parameters. For the same reason we chose a single
to helical stability by forming ion pairs3@). Destabilization descriptor for the destabilizingi + 4 effects. The resulting
can arise from residues at these positions with the samel9-parameter model (Table 3) accounts for 92% of the
charge or via steric clashes. Interactions of this nature variation in stabilities of the 300 mutant proteins (Figure 5).
between mutated residues with residues at nonmutableThis is 9% more than the model with parameters for helix
positions would appear in our analysis as position effects propensities only. It is worth noting that while the propensity
for that residue in that position. For example, the position terms account for a large fraction of the predictive capacity
effects of K, D, and E at mutable position 22 (Table 3) are of the model (Table 3, column 4), there are notable
presumably due to side chain interactions with the nonmu- exceptions. The fraction of the variability accounted for in
tated aspartic acid at position 19 (Figure 1). Hence, to derive the full model that is accounted for by both the alanine and
side chain-side chain interaction parameters involving only lysine descriptors is smaller than the position effects involv-
the mutable positions, we lookediat + 4 interactions (22  ing alanine and lysine.
with 26 and 23 with 27) and, i + 3 interaction (23 with Other PredictorsTo test the adequacy of our descriptors
26). We enumerate for each mutant the number of interac- for helix stability, we tested whether adding existing models
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Ficure 5: Measured versus predicted stability values for 300 ABS[ (m -m )/m
mutant eglin ¢ proteins. Predicted values were calculated using the ND,mut NDwt N-D, mut
19-parameter full model from Table 3. Ficure 6: Normalized residuals versus normalized denaturation

slopes. The maximum value of theaxis has been truncated
for protein stability or helicity to the full model increases slightly, eliminating a few values to show more clearly the lack of
the fraction of mutant-to-mutant variation in stability pre- elationship between the residuals and the denaturation stapg,
dicted by the model. FOLD-X is a computer algorithird)
that estimates the energetic contribution of mutations to
proteins and complexes. FOLD-X considers van der Waals
interactions, hydrogen bonds, side chadide chain interac-
tions, solvation energy, water stabilization, and charge
charge interactions. Although we have included terms for
position effects and side chatiside chain interactions, we
expect that if FOLD-X includes neglected or underestimate

expect that mutant proteins withy_p 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 my—p values most different from wild type have some
of their AGy—p difference from wild type due to an altered

d reference state, then they would be the mutant proteins least

interactions, inclusion of the FOLD-X predicted term should WEll €xplained by the model since it is based solely on native

increase the fraction of stability variation explained by the state considerations. Tma”"? values for the 300 eglin ¢

enhanced model. FOLD-X adds 1.3% to tR&over and yar_lant.s vary over an appro>g_matel_y 3-fold range (Figure 4),
above the propensity descriptors (Table 2) and adds 0_1%|nd|cat|ng a potentially significant impact on the refere_nce
to the full model, indicating that there are effects in FOLD-X state for some of the mutant proteins. However, there is no

that are relevant to our mutant proteins that are not alreadycorre'atlon (Figure 6) between_ the norm_ahzed change n
in our full model. When we used FOLD-X alone to predict MN-p values of the mutant proteins from .W”d type and their
the A(AGy_o) values for our mutant protein population, it residuals (the difference between predicted and measured

accounts for only 40% of the variation in stabilities of the stabilities). If anythin'g, thgre isa Iarger spread of residuals
mutant proteins as compared to 92% for our full model. for the mutant proteins with more wild-typey-—p values.

We also tested the Web assessable version of AGADIR piscussIiON
(13) to assess whether that program brings to bear stabilizing
effects not present in our full model. The peptide helicity = Comparing Helix Propensity Values from Regression
calculated by AGADIR adds 0.1% to tfR over and above  Analysis to Those from Other Studidhe parameters for
the propensity descriptors, but the resulting parameter has aeach of the nine amino acids varied in the experiment were
very high P value (Table 2), indicating that there are no scaled to set glycine to zero (by subtracting the glycine
stabilizing effects relevant to our mutant proteins in the parameter derived from regression analysis from all nine
AGADIR helicity numbers that are absent from our full parameters) to facilitate the comparison of our parameters
model. When we used AGADIR helicity values alone to with the helix propensities obtained from other stud&3
predict the A(AGn-p) values for our mutant proteins, it  46). The propensity values derived from this study agree well
accounts for only 6% of the variation in stabilities of the with these other scales of helix propensities (Table 4), which
mutant population as compared to 92% for our full model. include those based ANAGyonn-p Values measured in a

Reference State andym Values The denaturation slope, ~ Synthetic coiled coil peptide4@), at residue 44 in T4
Mu-p, reflects the sensitivity of the protein unfolding free lysozyme g4), at residue 32 in barnasés), and at residue
energy to denaturant concentration. Formally,thep value 21 in ribonuclease T146).
is simply one of the parameters in the equation used to The propensity values from the full model (Table 3)
describe the two-state denaturation reaction. One assertiorcorrelate better with helix propensity values determined from
for its physical correlate is the amount of protein surface other systems than propensity values derived from a model
exposed to solvent upon unfolding, @2). Hence one might  with only propensity terms (Table 1). In the model with only
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Table 4: Comparison of Regression Parameters with Helix

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

Propensity Values from Other Systems the Data
correlation upper limit on
model system intercept slopé coefft descriptot case% parameter valife

T4 lysozymé 0.06 0.97 0.92 Ki (23),Di + 3 5 0.3
barnase -0.11 0.96 0.88 Ki (23),B + 3 3 0.4
coiled coil peptidé -0.15 0.87 0.86 Ki (23), DE + 3 8 0.2
RNase T 0.06 0.73 0.95 Ki (23),Ki + 3 6 0.3
aThe intercept (kcal/mol per instance), slope, and correlation ﬁ! (23), HKi +3 8 02
e . ) RS i (23), DHKi + 3 19 0.2
coefficient in comparisons of thg regression parameters dgrlved in this Di (23), Ki + 3 3 0.3
_stu_dy and theo-helix propensities from biophysical studies of the Di (23)’ HKi + 3 12 0.3
indicated model system&Referencet4. © References. 9 Reference Di (23): B+3 6 02
43. ¢ Referencet6. Di (23), Di + 3 5 03
Di (23), DE + 3 11 0.1

propensity parameters the parameter for lysine (0.955 kcal/ SE: ggg EiE++33 2? 8'25

mol per instance) was larger than that for alanine (0.801 kcal/  pg/ki (25),DE/N +3 34 0.03
mol per instance) while the model that includes position  DE/Ki (23), K/DE + 3 15 0.1
effects (Table 3) gives a parameter for lysine that is smaller ~ Ei (23),Ki +3 4 0.3
(0.970 kcal/mol per instance) than that for alanine (1.101 E: gg; E'KJ'FJ§3 1(2) 8'%
kcal/mol per instance). This discrepancy is due to covariation  gj (23) pi + 3 7 01
between the descriptor for the position-independent lysine Ei (23), DE + 3 17 0.2
descriptor and the descriptor representing the extra stabilizing Hi (23), 6 +3 7 01
effect of lysine at position 22 from its interaction with the g: ggg :2 ig ig 8'%
aspartic acid at position 19. That is, in a model with  &j (23)q + 3 53 o1
propensity descriptors alone the parameter for lysine includes  Ki (22, 23), HK + 4 15 0.3
the stabilizing effects of propensity and the effects of the  Hi (22, 23), DQE+ 4 30 0.1
interaction with aspartic acid 19. Hi (22, 23), HK + 4 25 0.1
) . i . . QNi (23), QN + 4 18 0.2
Physical Correlates with Descriptor@ur position analysis Qi (22, 23), NDEHK + 4 55 0.1
shows that there are alternative effects supported by the data. QN (22, 23), QND + 4 69 0.1

Regression analysis by itself does not provide a mechanism

aSee Experimental Procedure section for the descriptor format.

to decide between various alternative descriptors that deal® Number of cases for the descriptor in the 300 mutant protéidpper
with position effects. However, aspartic acid 19 provides a limit on the kcal/mol/instance of the effect. See Experimental Procedure

sensible physical correlate, chargeharge interactions, for

section for how these values are calculated.

descriptors involving charged residues at position 22, and
hence we chosg i + 3 descriptors involving position 22

The numbers of cases with a proline at any position, with

rather than the alternatives involving position 27. The alanine at position 23, and with lysine at position 23

parameters for those descriptors are consistent with aassociated with a negative charge at position 26 are poorly
stabilizing contribution from an, i + 3 charge-charge represented in the library, and hence the absence of position
interaction between the aspartic acid at position 19 and theeffects involving these descriptors is expected. We were
lysine at position 22 and a destabilizing contribution from surprised to find that our data does not support the presence
interactions with either glutamic or aspartic acid at position of i, i + 3 charge-charge effects between residues 23 and
22 with the aspartic acid at position 19. The descriptors 26. Since the number of these cases in our library is relatively
involving i, i + 4 effects are consistent with expected small, we determined how small the effects could be and
interaction effects between charged residues. still be detected with the small number of instances (Table
We expected some effects that were not supported by the5). The maini, i + 3 effects in the eglin ¢ helix [DE/K
data. We see no position effects associated with+ 4 (23), DE/Ki + 3 and DE/K (23), K/IDE + 3] must be
charge-charge effects involving positions 19 and 23. We smaller than 0.1 kcal/mol per instance to not be seen in our
see noi, i + 3 charge-charge effects involving positions data set. The, i + 3 effects supported by the stability data
23 and 26. We see no position effects due to the interactioninvolving the D at 19 and K, D, or E at 22 have effects of
of charged residues with the helix dipole which should show 0.29,—0.13, and—0.13 kcal/mol, respectively (Table 3).
up as position effects for charged residues in position 27  Applicability to Other Proteins.There is a risk in
(Table 2). In addition, we see effects without an obvious parametrizing models with data from a single protein, that
physical correlate: a stabilizing effect of asparagine at the parameters will be idiosyncratic to that protein. Clearly,
position 22 (or destabilizing at position 27), a stabilizing the propensity parameters derived here are applicable to other
effect of aspartic acid at position 23, a stabilizing effect of proteins, but it is not clear that this is true for the other effects
glycine at positions 22 or 26 (or destabilizing at positions in our model. On the other hand, all of the effects in our
23 or 27), and a destabilizing effect of alanine at position full model are expressed as descriptors that would be
27. expected to be applicable in other proteins, and at least the
Descriptors That Do Not Show Significant Effects on signs of the parameters are all what are expected for all
Stability. Many of the descriptors tested have parameters thatproteins. We see in eglin ¢ stromgi + 3 charge-charge
are not significantly different from zero. For some descriptors effects involving residues 19 and 22, but we observe no such
this is because the number of cases for the descriptor is smalleffects involving positions 23 and 26. We see a strong
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destabilizing effect of asparagine at position 22 relative to Temple, Director of the UNC Structural Bioinformatics
position 27. We see a strong destabilizing effect of glycine Facility, for help with graphics.

at positions 23 and 27 relative to positions 22 and 26. We

see a strong destabilizing effect of alanine at position 27 SUPPORTING INFORMATION AVAILABLE

relative to positions 22 and 26. However, such effects cannot
yet be said to represent portable descriptors until the effectsd
can be rationalized in terms of some structurally and
chemically sensible numerable features and the parameter
verified in other proteins.

CONCLUSIONS

One table of stability data for the 303 mutant proteins
escribed and one table of predicted stabilities for 51 mutant
roteins recovered at low yield or that did not have chemical
enaturation transitions that could be fit to a two-state model.
This material is available free of charge via the Internet at
http://pubs.acs.org.
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