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Abstract

d-Values provide an important benchmark for the comparison of experimental protein folding studies
to computer simulations and theories of the folding process. Despite the growing importance of ¢
measurements, however, formulas to quantify the precision with which ¢ is measured have seen little
significant discussion. Moreover, a commonly employed method for the determination of standard
errors on ¢ estimates assumes that estimates of the changes in free energy of the transition and folded
states are independent. Here we demonstrate that this assumption is usually incorrect and that this
typically leads to the underestimation of ¢ precision. We derive an analytical expression for the
precision of ¢ estimates (assuming linear chevron behavior) that explicitly takes this dependence into
account. We also describe an alternative method that implicitly corrects for the effect. By simulating
experimental chevron data, we show that both methods accurately estimate ¢ confidence intervals. We
also explore the effects of the commonly employed techniques of calculating ¢ from kinetics estimated
at non-zero denaturant concentrations and via the assumption of parallel chevron arms. We find that
these approaches can produce significantly different estimates for ¢ (again, even for truly linear chevron
behavior), indicating that they are not equivalent, interchangeable measures of transition state structure.
Lastly, we describe a Web-based implementation of the above algorithms for general use by the protein
folding community.
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Amino acid substitutions often affect the stability of both
a protein’s native state and the transition state that defines
the rate with which it forms. A commonly employed
experimental measure of these effects, &, represents the
ratio of these variation-induced changes in relative free
energies. As such, ¢ is thought to indicate the extent to
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which a given amino acid participates in native-like
interactions in the folding transition state. Since its
introduction more than fifteen years ago (Garvey and
Matthews 1989; Goldenberg et al. 1989; Matouschek
et al. 1989), ¢-value analysis has been applied with varying
levels of completeness to more than two dozen proteins and
has become a benchmark experimental method for charac-
terizing folding transition states (Daggett and Fersht 2003).
Recently, significant controversy has emerged over the
precision that can be assigned to measures of this important
experimental parameter (Sanchez and Kiefhaber 2003;
Fersht and Sato 2004; Garcia-Mira et al. 2004; Settanni
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et al. 2005). For example, we have previously used blind,
replicate studies performed in three independent laborato-
ries to ascertain the precision with which ¢ can be
estimated, and found that the reproducibility of ¢ under
these circumstances is significantly poorer than is generally
claimed in the literature (de los Rios et al. 2006).

As we have previously noted, the discrepancy between
our observations and earlier reports of ¢ precision may
stem in part from widely differing and perhaps inappro-
priate methods for estimating confidence intervals for this
parameter. Although many authors report “‘error bars’’ for
their estimates of ¢, rarely, if ever, do they describe the
error analysis in sufficient detail to allow for reproduction
(see discussion in de los Rios et al. 2006). Moreover, even
assuming that proper error propagation is employed
(Zarrine-Afsar and Davidson 2004), typical propagation
methods assume independent errors in the estimates of
the change in the relative free energy of the folding
transition state (AAGy) and the native state (AAGy) (for
example, see Fersht 1999; Sanchez and Kiefhaber 2003),
an assumption that has not previously been tested in the
literature. Critically, the failure of this assumption could
significantly affect the accuracy of confidence intervals
estimated via this or other, similar approaches.

Here we explore the validity of the above-described
independence assumption and the impact that this as-
sumption has on ¢-value precision estimates. We do so
via numerical simulations based on authentic experimen-
tal data collected from more than a dozen different
laboratories. We derive an analytical solution to the esti-
mation of ¢-value confidence intervals that explicitly
corrects for correlations between the estimates of AAGy
and AAGy, and also describe an alternative analysis ap-
proach that corrects for this effect implicitly. We find that
both methods produce accurate estimates of the precision
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when validated against numerical simulations. We also
discuss the effects of the commonly employed techniques
of calculating ¢ from folding/unfolding rates estimated at
non-zero denaturant concentrations, and via the assump-
tion of parallel chevron arms. Lastly, we describe and
publish a Web-based implementation of these algorithms
for use by the general folding community.

Results

The independence assumption is false

The parameter ¢ is given by the ratio of the variation-
induced change in the stability of the native and transition
states: & = AAG4/AAGy (where the former is the free
energy difference between the transition state and the
unfolded state, and the latter is the free energy difference
between the native and the unfolded state). Because both
the numerator and denominator in the ¢-value expression
are functions of common kinetic parameters [such as the
log of the folding and unfolding rates, In(ky) and In(k,)]
estimated from the same two chevron plots (plots of
experimentally observed log relaxation rates versus de-
naturant concentration; see Fig. 1), the estimates of these
two changes in relative free energy are correlated; across
a data set of 24 two-state chevron curves collected in
three laboratories (de los Rios et al. 2006), we observe
correlations as great as 0.83 (mean correlation 0.30), with
all correlations being positive.

Effect of the correlation on confidence intervals

To illustrate the point that the assumption of indepen-
dence may lead to substantial differences in the confi-
dence intervals, we have simulated data for a typical
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Figure 1. In order to test our proposed methods for the determination of confidence intervals on ¢, we have generated a data set of
10,000 simulated experimental chevron curves by adding noise to points on two ideal curves. (Left) For these ideal curves, the log
folding (unfolding) rates of the wild type and variant are 1 and 1.5 (—4 and —4.25), respectively, which yields ¢ = 2/3. (Right) An
example of the simulated experimental chevron curves obtained by adding random Gaussian noise of a magnitude typical of that

reported in the literature (e.g., Maxwell et al. 2005).
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kinetic experiment. Using ‘‘synthetic’’ chevron curves for
both wild-type (Fig. 1, black) and variant (Fig. 1, gray)
proteins, we simulated data sets by adding random
Gaussian noise with a mean of zero and a standard
deviation of 0.05 (which is a typical root-mean-squared
error observed in actual chevron experiments; see Figure
2 in de los Rios et al. 2006; data also available at http://
www.foldeomics.org), at equally spaced denaturant con-
centrations. We simulated a total of 10,000 such inde-
pendent data sets (see Fig. 1, for one realization of such
a simulation) and used this large data set of ‘“‘replicate”
chevrons to calculate confidence intervals on ¢ with and
without taking the correlation between the free energy
estimates into account. For each pair of chevrons (e.g., for
the wild-type and variant protein), the kinetic parameters
were fit (allowing for different m-values in the two
chevrons), and estimates of ¢ and a pair of confidence
intervals were obtained. In this simulation we find that
the confidence interval derived by taking the dependence
of the estimates in free energy changes into account is
always smaller than the one derived using the *“‘tradi-
tional” error propagation method (the confidence inter-

vals for the first 10 simulations are shown in Figure 2; all
confidence intervals in this manuscript are at the 95%
level). For this synthetic data set, the average difference
in confidence interval lengths is 0.27, which means that
the incorrectly estimated confidence intervals are, on
average, 70% larger than the true confidence intervals
(Fig. 2).

An analytical solution

As the specific details of the analytical solution for the
¢d-value confidence intervals is not, presumably, of great
interest to the general practitioner, here we provide only
a brief outline and state the key results. The complete
details of the relevant derivation are provided in the
Supplemental Materials.

Given the experimental error typically observed in the
chevron plots, we infer that the parameter estimates
obtained in the chevron curve fits follow (approximately)
a multivariate normal distribution. Some standard linear
model theory then immediately leads to the joint distri-
bution of the estimates for the changes in free energy (for
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Figure 2. The data from each of the 10,000 simulated experimental chevron curves were used to estimate ¢ along with a pair of 95%
confidence intervals, assuming that AAGy and AAGy are either correlated or uncorrelated. (Top) shown are the resulting pairs of
confidence intervals for the first ten simulations. Accounting for the correlation between AAGy and AAGy estimates yielded shorter
confidence intervals (light gray bar) than ignoring the correlation (dark gray bar). The estimated ¢ is indicated by the dot between the
respective confidence intervals. The average confidence intervals are shown on the right, centered around the mean estimated ¢ (u =
0.66). The distribution of the ¢ estimates is shown as a histogram on the right side. Comparison between the confidence intervals
derived with and without taking the correlation into account shows that the latter invariably produces a larger confidence interval for
this data set (absolute differences between the confidence intervals derived without and with taking the correlation into account, bottom
left; relative differences, bottom right). Indicated are the mean, minimum, and maximum differences between the interval pairs.
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example, see Seber 1977). A Taylor expansion around the
true value of ¢ then gives an approximation for the
distribution of the estimate of ¢. The latter is valid when
the estimate of the change in free energy in the folded
state is large compared to its standard error (a good rule
of thumb is about three times larger; for example, see
Marsaglia 1965; Hinkley 1969). The standard error for
the estimate of ¢ is then given by

2 2
. A _ O-T - U’T oy oy
se((b) =[] < \/(AAG) % (AAG) (AAGU> * (AAGU> M

where o4 and oy denote the respective standard errors of
the estimates of AAG; and AAGy, and paac denotes the
correlation between the estimates of AAG; and AAGy.
The above is, in principle, standard error propagation for
a function in two terms. In the relevant published
literature, however, the cross term that accounts for the
dependence between the arguments is often omitted (for
example, see Fersht 1999). Relying on such an approach
for error propagation leads to a formulation for the stan-
dard error that is lacking the middle term in the square
root above (for example, see Sanchez and Kiefhaber
2003). As seen above, however, omitting this term can
(but does not necessarily have to) lead to significantly
inflated confidence intervals. The correlation between
AAG; and AAGy is given by

pasac = corr(AAG,, AAG,)

2 * 2 * k%
(o) "+ () —poyor — p'aor, o
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where o, and o, denote the standard errors of the
estimates of the folding and unfolding rates of the wild
type, p denotes the correlation between the estimates
of the folding and unfolding rate in the wild type, and
the asterisks refer to the values associated with the variant
protein. It is noteworthy that there are two types of
correlations in Equation 2 that have traditionally been
ignored in ¢ error analysis: the correlations between the
estimates of the folding and unfolding rates [In(ks) and
In(k,)] in the two chevron curves, and the correlation
between the changes in the free energies AAGy and
AAGy (with the former correlation contributing to the
latter correlation). For example, in the data set of 24 two-
state chevron curves collected in three laboratories (de los
Rios et al. 2006), the observed correlations between In(ky)
and In(k,) range from 0.30 to 0.56 (mean 0.38). A positive
correlation between the estimates of AAG; and AAGy
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means that errors in the numerator and the denominator
tend to cancel one another, thus leading to a decrease in
the size of the confidence intervals on ¢. It appears worth
noting that, in principle, the correlation between AAGy
and AAGy in Equation 2 could be negative and thus, in
some circumstances, ignoring this term could instead lead
to underestimated confidence intervals. In particular, this
possibility could result from longer extrapolations re-
quired in order to estimate In(k,) at 0 M denaturant, or if
many more data points are available on the folding arms
compared to the unfolding arms, leading to lower stan-
dard errors for the folding rates. The latter possibility is
not relevant to the data sets we have employed in this
study. Further discussion of the effect of ignoring paag on
the absolute and relative differences between the confi-
dence intervals is given in the Supplemental Materials.

The analytical solution described above correctly esti-
mates d¢-confidence intervals: when this approach is
applied to the 10,000 independently generated data sets
described above, we find that, as expected, 95.8% of the
calculated “95% confidence intervals” encompass the
true ¢. In contrast, ignoring the correlation between
AAG; and AAGy generates inappropriately large confi-
dence intervals: under these circumstances 99.8% of the
putative “95%"’ confidence intervals encompass the true
&. While this discrepancy may appear small, it is very
significant; when we equivalently estimate =1 standard
error intervals (which should correspond to ~67% con-
fidence intervals) we find that, whereas 68% of the
confidence intervals cover the true ¢ when we take the
correlation into account, 90% of the intervals encom-
pass & when we ignore this correlation (i.e., the putative
67% confidence interval is, in fact, a 90% confidence
interval).

We must also stress that the rule of thumb “95% con-
fidence interval is estimate plus minus two standard errors”
can be overly optimistic. If the number of observed rates
obtained in the experiments is small, the use of a t-quantile
(which adjusts the “rule of thumb” value of 2 by the
number of degrees of freedom available) is more appropri-
ate than the factor of 2 usually employed (which itself is the
rounded version of the normal quantile 1.96). We find that,
for our simulations, nominal coverage is obtained by setting
the degrees of freedom equal to n — 10, where n is the total
number of data points in the fit (from both chevron curves),
and 10 is the total number of parameters fitted (four kinetic
parameters plus the variance for the error in each of the two
chevron plots).

An alternative analysis method

The analytical approach described above (in which the
two chevron curves are fit separately and the confidence
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interval is calculated from the relevant parameter esti-
mates) explicitly accounts for the correlation between
AAG; and AAGy. This approach, however, presents two
potential drawbacks to the practitioner. First, the relevant
formulas are somewhat complicated and their use can be
tedious. Second, many commonly employed commercial
software packages do not return the requisite parameters.
In particular, an estimate for the correlation between the
folding and the unfolding rates, which is necessary to
obtain valid standard errors for the estimate of ¢, is often
omitted (which might also be an explanation why formu-
las that incorrectly lack this term are apparently widely
employed).

The inconvenience of the above implementation can be
avoided by the parameterization of a single model where
both chevron curves are fit simultaneously, with ¢ being
one of the fit parameters. To fit the data from wild type
and variant simultaneously, one has to create a Boolean
indicator variable Iyp, equal to zero or one if an obser-
vation is from the wild-type or variant protein, respec-
tively. Then one can fit the following model (which
includes the denaturant concentration and the indicator
variable as predictors) to the raw chevron data:

ln(kobs)
d
=In [eXp (ln (kr) + Ailvp + (my + Aslvp) %)
d
+exp <1n(ku) ¥ Aslyp + (my + Aglyp) [emRt;mnt}ﬂ

3

In the above parameterization A; and Az denote the
differences in the logarithms of the folding and unfolding
rates respectively between the wild-type and variant
proteins. Equivalently, A, and A, denote, respectively,
the differences in the logarithms of the folding and
unfolding m-values between the wild-type and variant
proteins. The fact that & = A/(A; — Ay), i.e., that A; =
—A (1 — &)/, leads to the model

In(Kops)
=M [exp (ln(kf) + AiTyp + (my + Aalyp) W)
+exp <ln(ku) —Ailve -9 + (my + Aylyp) M)}

“)

In case ¢ is close to zero, however, the above
parameterization might lead to numerical instability.
The following, equivalent model can be used in all
instances when ¢ is not close to one:

ln(kobs)
¢ [denaturant]
=In |:6Xp <ln(kf) — A3IVP m + (I’l’lf + A2IVP) T
d
+ exp (ln(ku) + Aslyp + (my, + Aglyp) %ﬂ
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The above models can generally be fit with any
statistical software package that can also fit chevron
curves, and the output should return the standard error
for &. This standard error is usually derived numerically:
the optimization procedure finds the global optimum of
the function implemented, i.e., the highest or lowest
peak in the “landscape” on the parameter space, and the
standard errors are derived by investigating the curvature of
said landscape around the optimum.

The underlying assumptions differ slightly from the
first described approach. For example, fitting two separate
chevron curves allows for experimental errors (spread of
the data around the chevron curve) of different magnitude
(i.e., standard deviation), while the latter approach fits only
one parameter for the magnitude. Given, however, that
these data are usually collected by a single practitioner on
a single device, this assumption may be reasonable (and, if
the assumption is actually met, a degree of freedom for the
error estimation is gained).

Using the aforementioned data (de los Rios et al. 2006),
we find that the estimates for ¢ and their respective
standard errors, as expected, were virtually identical to
those obtained using our analytical solution (with corre-
lations >0.999). We note, however, that if the experimen-
tal error on the two chevron curves differs, the standard
errors estimated by this approach can significantly de-
viate from the true precision. This approach also suffers
from a potential inconvenience: the estimate of the pre-
cision, for example, on a specific kinetic parameter (such
as the wild-type my) can vary depending on which variant
is employed in the above equation. Further, this imple-
mentation does not explicitly estimate standard errors for
many parameters that may be of interest to the practi-
tioner, such as AAGy, without re-parameterization. These
issues can be avoided if one employs the explicit
approach described above (and, as described below,
available online).

Error estimation at non-zero denaturant concentrations or
with parallel chevron arms

The above implementations estimate ¢ using the esti-
mated folding and unfolding rates expected in the absence
of denaturant. Because these values represent long
extrapolations from the observed data (which are neces-
sarily collected at non-zero denaturant concentrations)
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the errors associated with them can be rather large. In an
effort to reduce the impact of such errors on ¢ precision,
many authors employ folding and unfolding rates esti-
mated at non-zero denaturant concentrations. This refer-
encing is readily implemented in the above algorithms by
substituting the term ‘‘([denaturant] — ¢)”’ for the term
“[denaturant]” in the respective formulas, where ¢ re-
presents the denaturant concentration at which the fold-
ing or unfolding rates are defined. When we employ this
approach we find that, indeed, confidence intervals can
be reduced significantly. For example, using experimen-
tal data collected for several variations of the protein
common-type acylphosphatase (ctAcP), we find that the
breadth of the confidence intervals can be more than three
times greater if extrapolations to zero denaturant are
employed, compared to calculations employing folding
and unfolding rates estimated at 1 M and 4 M denaturant
(Fig. 3).

An important cautionary note, however, is in order with
regard to this approach. Namely, ¢-values estimated at
non-zero denaturant values are not equivalent to ¢-values
obtained in the absence of denaturant. For example, the
d-values we derive for ctAcP using folding and unfolding
rates obtained at 1 M and 4 M denaturant respectively are
statistically significantly different than those derived via
extrapolation to zero denaturant (Fig. 3, right). Thus,
while this analysis method may improve the confidence

2 FoaL

F94A WT

intervals on ¢, it does so at the expense of arbitrarily
introducing a potentially significant bias into ¢ analysis.
Alternatively, the precision on ¢ estimates can be
improved by assuming that the m-values of the wild-type
and variant proteins are identical (i.e., that the relevant
chevron arms are parallel). This identity is achieved with
the above algorithms simply by fitting a single parameter
for the slope of the folding arms and a second, single
parameter for the slope of the unfolding arms. Under
these constraints, the same value of ¢ will be returned at
any denaturant concentration. Unfortunately, however,
the assumption that m is invariant upon variation may
be unwarranted. Indeed, for several variants in the protein
ctAcP we find that the estimate of ¢ produced via this
assumption of parallel chevron arms differs significantly
from the estimate produced in the absence of such
a constraint and thus this approach can also introduce
potentially significant bias into ¢ analysis (Fig. 3). It also
appears that in this example the true chevron arms are not
parallel, and as a result, the precision is not improved.

A Web-based implementation

We have implemented the above calculations in scripts
that run from a Web site, accessible through the software
section of the first author’s home page (http://biostat.jhsph.
edu/~iruczins/software/phi/). Chevron data can be uploaded
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Figure 3. Because estimates of the folding and unfolding rate in the absence of denaturant require long extrapolations from the
observed data (necessarily collected at non-zero denaturant concentrations), the errors associated with such estimates are often rather
large. In an effort to reduce the impact of such errors on ¢ precision, many authors estimate ¢ using the estimated folding and
unfolding rates at non-zero denaturant concentrations. This approach can significantly reduce the confidence intervals on ¢. For
example, using data from the positions in the protein ctAcP (A. Pandit and T.R. Sosnick, unpubl.), we find that the 95% confidence
intervals and standard errors on ¢ are about three times larger when estimated in the absence of denaturant than when estimated using
folding and unfolding rates estimated at 1 M and 4 M denaturant, respectively. However, this comes at a price: the ¢-value estimates so
produced differ significantly from the estimate produced in the absence of these constraints. (Leff) The kinetic data obtained on the
wild-type ctAcP and two variants (F94L, F94A), and the individual chevron fits. (Center) The kinetic data and the chevron fits,
assuming parallel chevron arms. (Right) Estimates and confidence intervals for the ¢-values estimated in the absence of denaturant
(0-0), using folding and unfolding rates estimated at 1 M and 4 M denaturant (/—4), and assuming parallel chevron arms (parallel).
Thus while the latter approaches can improve the precision with which ¢ is reported, they do so at the cost of introducing significant

and difficult to interpret bias into ¢-value analysis.
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as a spreadsheet or as tab-delimited text file, and the
simultaneous analysis of any number of variants is possible.
Several user options are available, including the possibility
of fitting parallel chevron arms, and the option to measure
the folding and unfolding rates at non-zero denaturant
concentrations. Once executed, the script creates a Web
page with tabulations of the relevant kinetic parameters and
their standard errors, as well as estimates of the changes in
free energy between variants, and the estimate for ¢
(including its standard error and confidence interval). These
tables can also be downloaded in spreadsheet format. In
order to ensure confidentiality, the uploaded data are
automatically deleted after the calculations are completed.

Discussion

The large majority of published ¢-value papers lack
detailed descriptions of how the reported confidence
intervals on ¢ were derived, or fail to report any measure
of uncertainty at all. In addition, when this information is
given, it appears that often the methods employed were
suboptimal, as they do not take into account important
correlations between the changes in the free energies of
the native and transition states. In this manuscript, we
presented two rigorous statistical approaches to obtaining
accurate standard errors and confidence intervals for ¢
derived using kinetic data obtained from fitted chevron
curves. Assuming that the proteins exhibit truly linear
chevron curves, our approaches explicitly or implicitly
correct for the relevant correlations between the various
fitted parameters. As these calculations are somewhat
tedious, we have also implemented a Web-based server to
perform these analysis methods for the general community.

The results and discussion presented here highlight
a number of important issues that have seen relatively
little discussion in the literature. For example, it does not
appear to be widely appreciated that the precision of ¢
(Equation 1) depends on the magnitude of the free energy
changes of the transition and folded states relative to their
standard errors. As previously noted (de los Rios et al.
2006), this emphasizes that claims of AAGy cutoffs above
which ¢ can be estimated precisely are misplaced; while
the absolute value of AAGy factors into the estimate for
the standard error ¢, other factors are also critical.
Conversely, it is possible (in theory) to obtain any desired
precision for the estimate of ¢, even if AAGy is arbitrarily
low (but not zero, i.e., no change in free energy between
the folded structures): the standard errors of the changes
in free energy can be made arbitrarily small by increasing
the number of measurements on the chevron curves, and
therefore, the standard error as given (Equation 1) can be
made arbitrarily small (de los Rios et al. 2006). Whether
this is feasible in practice however, appears less likely

due to limitations in time and resources as well as other
constraints.

A second concern regards the effects of employing
different fitting procedures for the estimation of ¢. As we
have shown, the three approaches widely employed in the
literature (including the determination of the kinetic
parameters at denaturant concentrations other than zero,
and the assumption of parallel chevron arms) sometimes
produce wildly differing estimates (Fig. 3). Which of
these nonequivalent estimates is the most appropriate for
comparison to theory or simulation is unclear.

Finally, a distinction needs to be made between pre-
cision and accuracy. Whereas precision means low vari-
ability, accuracy refers to a lack of bias. The calculations
presented in this manuscript only address the issue of
precision; while the standard error of the estimate of ¢
can be made arbitrarily small, this statistic is derived only
from the experimental error around the given chevron
curves. In order to obtain estimates that are not only
precise but also accurate, utmost care must be employed
to avoid systematic experimental biases (although they
are always present, if one looks closely enough). Due to
inevitably differing experimental conditions, however,
different laboratories might obtain different estimates.
This behavior has been observed in many settings and
fields, including physics (Youden 1972), biology (Irizarry
et al. 2005), and even in &-value analysis (de los Rios
et al. 2006). Hopefully, though, this variance component
is small (at least, in comparison to the variability due to
the unavoidable measurement error). It is important to
keep in mind that the magnitude of this variance compo-
nent cannot be established from a single experiment, not
even (necessarily) from replicate experiments in the same
laboratory. Reproducibility, by definition, means that
another scientist can repeat the experiment and arrive at
the same conclusions.
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