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INTRODUCTION

Proteins are synthesized in the cell as unstructured, random-coil polymer

chains that then rapidly and spontaneously fold into their functional, native

structures. In the late 1960s, Cyrus Levinthal noted that this process embodies an

apparent paradox: the number of configurations available to the unfolded,

unstructured chain is so great that a random search to find the single, correct

native structure should require greater than the age of the Universe to reach

completion.1 The means by which evolution has solved this so-called ‘‘Levinthal

Paradox’’ and folds proteins in a biologically relevant timeframe remains one of

the most important unanswered questions in biochemistry; despite more than 40

years effort there is no widely accepted theory of folding kinetics that, for exam-

ple, can predict even relative protein folding rates (reviewed in Ref. 2).

Because it is difficult to study the folding of proteins as they are synthesized

in the cell, the dominant experimental approach to folding kinetics is to harvest

already folded proteins, unfold them via the use of chemical denaturants (such

as guanidine hydrochloride or urea) and then monitor the rate with which the

system re-equilibrates after folding is initiated by dilution of the denaturant

(reviewed in Ref. 3). Similarly, it is common to measure the rate with which a

folded protein unfolds by rapidly introducing it to high concentration of the

denaturant. A limitation of these experiments, however, is that they measure

folding and unfolding rates in the presence of denaturant (even the refolding

measurement takes place in the presence of denaturant because the denaturant

cannot be diluted to zero concentration), and both refolding and unfolding rates

are sensitive functions of denaturant concentration. Because of this, it is common

to measure multiple re-equilibration rates over a range of denaturant concentra-

tions and then to extrapolate these observations to estimate the rates that would

be observed in the absence of denaturant.4 Because a plot of the logarithm of

the observed re-equilibration rate versus denaturant concentration approximates

a ‘‘V’’, this experimental approach is commonly referred to as ‘‘chevron analysis.’’

Of particular interest to the community of protein folding aficionados is the

structure that the protein adopts in the folding transition state (the state with

highest free energy), as that state forms the barrier that ultimately defines the

folding pathway. Unlike the structure in the initial, unfolded state and the final,
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ABSTRACT

The mechanism by which proteins

fold from an initially random con-

formation into a functional, native

structure remains a major unsolved

question in molecular biology. Of

particular interest to the protein

folding community is the structure

that the protein adopts in the fold-

ing transition state (the highest free

energy state on the pathway from

unfolded to folded), as that state

forms the barrier that defines the

folding pathway. Unfortunately,

however, unlike those of the initial,

unfolded state and the final, folded

state of the protein, the structure

in the transition state cannot be

directly assessed via experiment. In-

stead, experimentalists infer the

structure of the transition state, of-

ten by estimating changes in its free

energy by measuring the effects of

amino acid substitutions on folding

and unfolding rates (F-value analy-

sis). In this article we show how to

obtain more efficient estimates of

these important quantities via im-

proved experimental designs, and

how to avoid common pitfalls in the

analysis of kinetic data during the

extraction of these parameters.

Proteins 2009; 74:461–474.
VVC 2008 Wiley-Liss, Inc.

Key words: protein folding; transi-

tion state; F-value; free energy;

estimate; standard error.

VVC 2008 WILEY-LISS, INC. PROTEINS 461



folded state however, the structure in the transition state

cannot directly be assessed by experimental means such

as X-ray crystallography or nuclear magnetic resonance

spectroscopy (NMR).3 Instead researchers typically rely

on an indirect approach, termed F-value analysis, which

provides a means of defining the structure of the transi-

tion state using parameters obtained via chevron analysis.

In this approach, one (or, rarely, more) amino acid in

the naturally occurring, ‘‘wild-type’’ sequence of the pro-

tein is mutated. This has the effect of removing atoms

from (or, more rarely, adding atoms to) the protein. By

measuring the relative folding (and unfolding) rates of

the wild type and variant protein, one can define a quan-

titative measure of the extent to which the ablated atoms

contribute to the free energy (and thus, presumably,

structure) of the folding transition state. Specifically, the

F-value is given by the ratio of the change in the relative

free energy of the folding transition state (DDG{) versus

the change in the equilibrium free energy (DDGU) engen-

dered by the mutation. As such, a F value of 1 denotes a

side chain that is contributing as much to the stability of

the transition state as it is to the well-folded native state,

suggesting that this region of the polypeptide chain is

well-ordered in the folding transition state. Likewise, a F
value of 0 is often taken to imply a side chain that is as

unstructured in the folding transition state as it is in the

unfolded state (but see interpretational caveats listed in,

for example, Ref. 5).

Over the last three decades, the folding rates of hun-

dreds of proteins and the F-values of thousands of muta-

tions have been characterized and reported using chevron

analysis.4,6,7 Despite the important role that these

experiments have played in our understanding of protein

folding, however, neither the experimental approach nor

analysis have been optimized in terms of the precision

and accuracy with which the relevant kinetic parameters

can be estimated.7–9 Indeed, as we show here, the cur-

rently standard experimental methods lead to unnecessa-

rily large imprecision in these estimates. Here we discuss

methods by which the key kinetic parameters can be esti-

mated with improved precision and accuracy, and how

to avoid common pitfalls in the analysis of kinetic data

during the extraction of these parameters.

RESULTS

As noted earlier, it is generally assumed that, for small

proteins (less than about 120 amino acids in length), a

plot of the logarithm of the folding and unfolding rates

(more precisely the observed relaxation rate, which is the

sum of the folding and unfolding rates under the given set

of conditions) forms a chevron-shaped curve with linear

or near-linear folding and unfolding arms at low and high

denaturant concentrations, respectively (Fig. 1). Although

the origins of this behavior remains controversial,10 it is

widely assumed in the community that significant devia-

tions from linearity are the exception,4 and the usual

method for estimating the rates expected to be observed

in the absence of denaturant from experiments necessar-

ily conducted at non-zero denaturant concentrations is

to fit observed relaxation kinetics to a linear ‘‘chevron

relationship’’:

lnðkobsÞ ¼ ln½expðlnðkf Þ þmf ½denaturant�=RTÞ
þ expðlnðkuÞ þmu ½denaturant�=RTÞ� ð1Þ

where ln(kobs) represents the experimentally observed

relaxation rate at a given denaturant concentration

(denoted [denaturant]), and ln(kf) and ln(ku) represent

the estimated folding and unfolding rates in the absence

of denaturant, respectively. The final two terms, mf and

mu, represent the slopes of the folding and unfolding

arms of the chevron plot.

The traditional method for performing chevron analy-

sis entails the collection of rate data at numerous,

approximately evenly spaced denaturant concentrations

and the fitting of these data to Eq. (1) in order to esti-

mate the folding and unfolding rates that would be

observed in the absence of denaturant and, from them,

the above-described F-values are calculated. We find

here, however, that the efficiency of this traditional ex-

perimental design is far from optimal, and that the preci-

sion in the estimates for the kinetic parameters can easily

be improved. If the chevron arms are known to be linear,

we propose a practical and efficient experimental design

that assesses folding and unfolding rates at the extreme

values of the range for the denaturant concentrations

and the inflection point. If the linearity of the chevron

arms is not known and also of interest to the investiga-

tor, we propose a second experimental design that looses

very little in efficiency, and has sufficient power to detect

the departure from linearity. We also find that several

commonly employed methods to make inference about

the kinetic parameters (e.g., to calculate F-values) are

not correct and can lead to invalid conclusions. We illus-

trate this via some simulated examples, and describe sim-

ple, valid methods for correct inference.

Simple experimental design considerations
can lead to improved estimates

Selecting denaturant concentrations

The traditional experimental approach to obtaining

chevron plots is to monitor relaxation kinetics at 10–20

denaturant concentrations (over a range from near zero

to 6 to 8 or even 10M, the latter two values representing

near saturated solutions of guanidine hydrochloride and

urea, respectively) approximately evenly spaced along the

gradient of denaturant concentrations.4 We have simu-

lated the effects of non-uniform distributions of data

points, however, and find that the traditionally employed
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‘‘even distribution’’ approach is far from optimal and

that basic experimental design considerations can signifi-

cantly improve the precision of the estimates of the ki-

netic parameters.

To study the effect of experimental design on the preci-

sion with which kinetic parameters are estimated we gen-

erated three synthetic chevrons (rows 1–3), typical of

small proteins and differing mainly in the location of the

inflection point of the chevron. Three different designs

(columns 1–3) were considered for these three simulated

proteins. The first design, in which relaxation rates are

monitored at evenly spaced denaturant concentrations, is

typical of experiments reported in the literature.4 The

second design is derived from standard linear model

theory: as the folding and unfolding arm are in essence

linear (and curvature only arises near the inflection

point), more precision for the kinetic parameters should

be achievable by placing an equal number of design

points at the extremes of the folding and unfolding arms.

However, as the point of inflection might not be known

a priory (but the possible extremes of the denaturant con-

centrations are limited by experimental considerations

and are generally well-defined), our third design places

observations points at the extrema of the possible dena-

turant concentrations, and infer the point of inflection

using a small range of likely denaturant concentrations.

For each of the nine scenarios (three synthetic chev-

rons times three experimental designs), we simulated

10,000 kinetic data sets around the ‘‘true’’ chevron using

a Gaussian error with mean zero and standard deviation

0.05 (a value typical of those observed in the literature4;)

and estimated the variability in the fitted kinetic parame-

Figure 1
Three different experimental designs (columns 1–3) to gather kinetic chevron data for three different chevrons (rows 1–3), typical of small two-

state folding proteins. Qualitatively, the chevrons differ mainly in the location of the inflection point. In the first design, the relaxation rates are

monitored at evenly spaced denaturant concentrations, between 0.5 and 7M denaturant concentration. In the second design, an equal number of
design points are placed at the extremes of the folding and unfolding arms, defined here as 1M denaturant concentration away from the location of

the inflection point, and 0.5 and 7M, respectively. In the third design, the design points that were near the inflection points in the previous design

are spread around the respective inflection points. Per panel, 16 kinetic measurements are simulated, using Gaussian error with mean zero, and

standard deviation typical for such experiments.
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ters for each data set. In doing so we find that the preci-

sion in the estimates of the kinetic parameters can be

substantially improved relative to the precision obtained

using the traditional experimental approach of evenly

spaced denaturant concentrations (Table I). In specific,

the efficiency (defined as the ratio of the variances of the

estimates) obtained using experimental designs 2 and 3 is

always improved, for all kinetic parameters, over that

obtained using the traditional approach, with improve-

ments in precision of up to 2- to 3-fold being observed

in several cases. As a measure of the importance of such

large changes in efficiency, we note that a variance ratio

of 2.25 implies a ratio of standard errors of 1.5, and thus

the precision of a kinetic parameter defined using the

‘‘traditional’’ experimental design is 50% poorer than

that produced by the competing design.

Protein folding and unfolding rates can, in turn, be

used to calculate a number of other parameters of inter-

est to the aficionado. These include F-values (which are,

as described above, a measure of the structure of the

folding transition state) and the equilibrium free energy

of folding. Using kinetic parameters, the free energy of

folding is defined as:

DGU ¼ RT 3 ðlnðkf Þ � lnðkuÞÞ ð2Þ

where ln(kf) and ln(ku) represent the estimated folding

and unfolding rates of the protein, respectively, R is the

gas constant and T is the temperature in kelvins (note

that under typical experimental conditions the scaling

factor RT equals approximately 0.6 kcal/mol). From these

parameters we can also define the F-value associated

with a given mutation by:

U ¼ DDGz
DDGU

ð3Þ

where DDGz ¼ RT 3 ðlnðkf Þ � lnðk0f ÞÞ represents the

change that the mutation imparts on the relative free

energy of the folding transition state, and DDGU

¼ RT 3 ðlnðkf Þ � lnðkuÞ � lnðk0f Þ þ lnðk0uÞÞ denotes the

mutation-linked change in the equilibrium unfolding free

energy of the protein. We find that, not surprisingly, the

improvement seen for the precision of the kinetic chev-

ron parameters also translates into an improvement in

the precision of the changes in both of these important

measurements.

To test the effects of experimental design on the preci-

sion with which F-values and folding free energies are

defined, we generated sets of ‘‘mutant’’ chevron curves

based on our initial set of three chevron curves (Fig. 2).

These mutant chevron curves differ from the original

(wild-type) chevron curve by being displaced such that

they result in F-values of 0, 0.5, or 1. We consider two

cases: one in which the change in free energy of the

folded state (DDGU) is relatively large (1.8 kcal/mol; Fig.

2, upper row) and one in which the change in free

energy is relatively small (0.6 kcal/mol; Fig. 2, lower

row). For each of these settings, we simulated 10,000 ki-

netic data sets around the chevrons using a random

Gaussian error with mean zero and standard deviation

typical of those observed in the literature. Using these

10,000 simulated data sets we estimated the variability in

the fitted kinetic parameters, the changes in free energy,

and the resulting F-values for each of these settings.

In general we find that the precision available via the

traditional experimental approach (design 1) is much

poorer than that obtained using our modified experi-

mental approaches (designs 2 and 3) for the estimates of

the kinetic parameters, the estimates of the relative

change in free energy, and the estimates of F (Tables II

and III). We also find that the precision of the kinetic

parameters depends on the range of denaturant concen-

trations selected in the experimental design. In particular,

improved precision is obtained by setting lower limiting

denaturant concentration as close to zero as is practical,

and the upper limiting concentration as high as is practi-

cal (see supplementary material at http://biostat.jhsph.

edu/�iruczins/publications/sm/).

We have demonstrated that the traditional approach to

experimental chevron analysis earlier, which is to mea-

sure folding and unfolding kinetics over a range of

more-or-less equally spaced denaturant concentrations,

Table I
Variance Ratios (Efficiencies) of the Estimates Obtained from the Traditional Design (Design 1) Over the Variances of the Estimates Obtained from

the Other Designs (Design 2 and 3) and Reported for all Chevrons in this Study (Chevrons 1–3)

log(kf) mf log(ku) mu meq DG

Chevron 1 : design 1 versus design 2 2.6 2.1 1.3 1.5 1.8 1.2
Chevron 1 : design 1 versus design 3 2.6 1.7 1.2 1.5 1.9 1.4
Chevron 2 : design 1 versus design 2 2.2 2.1 1.3 1.4 1.5 1.1
Chevron 2 : design 1 versus design 3 2.2 1.5 1.4 1.7 1.7 1.4
Chevron 3 : design 1 versus design 2 2.0 1.9 1.2 1.3 1.2 1.1
Chevron 3 : design 1 versus design 3 1.9 1.3 1.5 1.7 1.9 1.4

For each chevron/design combination, 10,000 replicates of kinetic data were simulated according to the scheme in Figure 1, and the kinetic parameters were estimated

in each simulation. The variances between the simulations were recorded, and are reported here as fractions, comparing the traditional design to the other designs. As

all values are larger than one, this indicates that both alternative designs have smaller variability in the parameter estimates as the traditional design.
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Figure 2
For each of the three chevrons, we generate shifted chevron curves with parallel folding and unfolding arms, corresponding to three different F
values (0, 0.5, and 1). Two different shifts are considered, corresponding to small (0.6 kcal/mol, lower row) and large (1.8 kcal/mol, upper row)

changes in free energy of the folded state (DDGU).

Table II
Variance Ratios (Efficiencies) of the Kinetic Parameter Estimates, Obtained from Simulations as Indicated in Figure 2

DDGU 5 1.8 kcal/mol

F 5 0 F 5 0.5 F 5 1

log(kf) mf log(ku) mu log(kf) mf log(ku) mu log(kf) mf log(ku) mu

Chevron 1 : design 1 versus design 2 2.4 2.3 1.4 1.8 2.1 1.7 1.4 1.4 2.2 2.1 1.3 1.5
Chevron 1 : design 1 versus design 3 3.0 2.2 1.2 1.5 2.7 2.1 1.3 1.5 3.0 2.0 1.0 1.2
Chevron 2 : design 1 versus design 2 2.0 2.3 1.6 1.6 1.7 2.2 1.5 1.5 2.3 2.6 1.7 1.9
Chevron 2 : design 1 versus design 3 2.3 2.1 1.1 1.2 1.8 1.7 1.2 1.3 2.4 1.8 1.3 1.4
Chevron 3 : design 1 versus design 2 2.0 2.1 1.1 1.3 2.4 2.2 0.9 1.0 2.3 2.6 1.4 1.6
Chevron 3 : design 1 versus design 3 1.9 1.5 1.0 1.2 2.3 1.5 0.9 1.1 2.6 1.7 1.5 1.7

DDGU 5 0.6 kcal/mol log(kf) mf log(ku) mu log(kf) mf log(ku) mu log(kf) mf log(ku) mu

Chevron 1 : design 1 versus design 2 2.4 1.8 1.3 1.5 2.5 1.9 1.3 1.5 2.5 1.9 1.3 1.5
Chevron 1 : design 1 versus design 3 2.8 1.8 1.1 1.4 2.7 1.8 1.2 1.5 2.8 1.8 1.1 1.5
Chevron 2 : design 1 versus design 2 2.4 2.1 1.2 1.4 2.4 2.1 1.3 1.5 2.4 2.2 1.3 1.5
Chevron 2 : design 1 versus design 3 2.4 1.6 1.3 1.6 2.4 1.7 1.3 1.6 2.4 1.7 1.3 1.5
Chevron 3 : design 1 versus design 2 2.1 2.1 1.3 1.4 2.1 2.1 1.2 1.4 2.1 2.1 1.3 1.4
Chevron 3 : design 1 versus design 3 2.0 1.4 1.5 1.7 2.1 1.4 1.5 1.7 2.1 1.5 1.5 1.7
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exhibits poorer efficiency than other, easy to implement

alternatives. We note, however, that we do not imply

optimality here—for this, a criterion for optimization

must be established and, at a minimum, the location of

the inflection point must be known. But knowledge of

the location of the inflection point is typically lacking,

and thus, adaptive designs such as the ones proposed

here are needed. Even if the inflection point was known,

it is unclear what criterion for optimality should be cho-

sen. Ultimately, we are interested in minimizing the

standard error on the F-value estimate, which depends

on two chevrons (one for the wild-type protein, and one

for the mutant). To select an optimality criterion that

guides the choice of denaturant concentrations for a sin-

gle chevron, a somewhat arbitrary choice about a func-

tion of the errors in the kinetic parameter estimates had

to be made. A function to be minimized could for exam-

ple be the term ðrf Þ2 þ ðruÞ2 � 2qrfru, which is the

contribution of the individual chevron to the variability

in the estimate for DDGU, see Eq. (A13). What we have

demonstrated is that the traditional design is far from

optimal, and that simple alterations to standard experi-

mental designs can significantly improve the precision in

the estimates of the kinetic parameters.

A second commonly employed experimental feature

also degrades experimental efficiency, and is equally easily

rectified. Specifically, although practitioners almost invar-

iably collected multiple observations at a single denatur-

ant concentration, these observations are typically aver-

aged and used as a single data point for chevron analysis.

While extremely commonly employed, however, this

approach relies on two major assumptions: (1) the same

number of rate determinations are performed at each

denaturant concentration and (2) the variability in the

estimate for the folding rate at any particular non-zero

concentration is constant across all experiments.

Although it does not create a bias, the near universal de-

parture of true experimental conditions from these

assumptions4 reduces the efficiency with which the rele-

vant kinetic parameters are estimated. Of course, while

this is rarely done, assumption (1) can be readily

enforced by the experimentalist. Assumption (2), in con-

trast, cannot be enforced and is always violated to vary-

ing degrees: in truth, all the folding rate estimates have

different standard errors. Both of these issues can be

addressed, however, by not averaging the estimates for

the folding rates and instead fitting the chevron curves to

the ‘‘raw’’ data (for violations of assumption (1), that is

if a different number of experiments is run for each

denaturant concentration), and by using case weights

(defined as the inverse of the standard error of the esti-

mates) in the fitting procedure for the chevron curves

(for violations of assumption (2), that is if the variability

in the folding rate estimates varies).

Likelihood ratio tests to assess linearity

All of the above considerations assume that the folding

and unfolding arms of the chevron are linear. And whil-

set this generally appears to be true for small proteins, is

not universally true and well known departures from lin-

earity have been documented and are thought to report

on important aspects of the folding mechanism.10 In

this case, an alternative model using quadratic terms for

the folding and unfolding arms has been suggested,4

although the physical justification of this model, like that

of the linear model, is unclear:

lnðkobsÞ ¼ ln½expðlnðkf Þ þmf ½denaturant�=RT
þmf 2 ½denaturant�

2Þ þ expðlnðkuÞ
þmu½denaturant�=RT þmu2 ½denaturant�

2Þ� ð4Þ

Table III
Variance Ratios (Efficiencies) of the Estimates, for the Changes in Free Energy and F, Obtained from Simulations as Indicated in Figure 2

DDGU 5 1.8 kcal/mol

F 5 0 F 5 0.5 F 5 1

F DDG{ DDGU F DDG{ DDGU F DDG{ DDGU

Chevron 1 : design 1 versus design 2 2.1 2.2 1.4 1.9 2.3 1.4 1.2 2.5 1.3
Chevron 1 : design 1 versus design 3 2.9 2.8 1.4 2.0 3.6 1.8 1.1 2.9 1.8
Chevron 2 : design 1 versus design 2 2.4 2.2 1.2 2.3 1.6 1.2 2.0 1.9 1.1
Chevron 2 : design 1 versus design 3 2.5 2.5 1.3 1.4 2.1 1.4 1.2 2.1 1.0
Chevron 3 : design 1 versus design 2 1.8 1.9 1.0 1.6 2.2 1.1 1.4 2.1 1.4
Chevron 3 : design 1 versus design 3 1.8 1.8 1.2 1.2 1.9 1.2 2.1 2.3 1.9

DDGU 5 0.6 kcal/mol F DDG{ DDGU F DDG{ DDGU F DDG{ DDGU

Chevron 1 : design 1 versus design 2 2.5 2.5 1.3 1.9 2.5 1.3 1.3 2.5 1.3
Chevron 1 : design 1 versus design 3 2.7 2.7 1.5 1.6 2.7 1.5 1.2 2.7 1.5
Chevron 2 : design 1 versus design 2 2.3 2.3 1.1 1.7 2.3 1.2 1.3 2.3 1.1
Chevron 2 : design 1 versus design 3 2.3 2.2 1.3 1.7 2.2 1.4 1.4 2.3 1.3
Chevron 3 : design 1 versus design 2 2.0 2.0 1.1 1.4 1.9 1.1 1.2 2.0 1.1
Chevron 3 : design 1 versus design 3 2.0 1.9 1.4 1.7 2.0 1.4 1.7 2.0 1.4
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Given the potential importance of nonlinear behavior,

it is clearly desirable to define a test to systematically

determine whether or not a departure from linearity is

present. The departure from linearity can formally be

tested using a likelihood ratio test because the linear

model is nested in the quadratic model (i.e., the linear

model can be derived by setting the quadratic parameters

mf 2 and mu2 equal to zero). The linear and quadratic

equations are fit to the observed data, and the ratio of

the two likelihoods is calculated. If the chevron arms are

truly linear, then the test statistic (defined as two times

the natural logarithm of this likelihood ratio) follows a

v22 distribution, and P-values that quantify the evidence

against the assumption of linearity are calculated using

this distribution. For example, the protein CI-2 exhibits

linear behavior, whereas the protein U1A clearly does

not,4 (Fig. 3, upper panels). For these two cases, the like-

lihood ratio tests for linearity yield P-values of 0.60, and

about 10�30, respectively.

When conducting such a kinetic experiment, it may or

may not be know a priori whether the data derived for a

particular protein will exhibit linear behavior or not: for

example, if a study is carried out to replicate some previ-

ous experiment, then the shape of the chevrons will be

known; conversely the shape of the chevrons for a newly

studied protein is typically unknown. If the objective of

the experimentalists includes an assessment whether the

kinetic data indeed follow a linear chevron or not, we

find that it is of advantage to choose a few concentra-

tions on the folding and unfolding arms. Although there

is a small price to pay in terms of the efficiency with

which the kinetic parameters are defined, the use of such

intermediate points greatly increases the power to detect

departures from linearity. We compared three experimen-

tal designs for a synthetic nonlinear chevron (Fig. 3,

lower panel). The chevron was a weighted linear combi-

nation of the linear (weight 1.0) and quadratic (weight

0.15) chevrons fits to protein U1A (Fig. 3, upper right),

resulting in a slight nonlinear shape of the chevron. In

addition to the traditional and previously recommended

choices for the denaturant concentrations (designs 1 and

3, respectively), we also considered a design where some

of the denaturant concentrations were chosen on the

folding and unfolding arms (design 4). In practice, the

experimentalist can first derive the observed folding rates

for an equally spaced set of denaturant concentrations

relatively far apart, and then augment the design points

at the extremes (near 0M and saturation) as well as the

inferred inflection point. For these three designs, we ana-

lyzed data from 10,000 simulated synthetic chevrons

using Gaussian distributions to generate the experimental

error typically seen in laboratories. The power to detect

the departure from linearity was 92% for design 1 and

90% for design 4, but only 29% for design 3. Thus, if the

shape of the chevrons is not known and the assessment

of linearity is of concern as well, it is important to also

choose some denaturant concentrations away from the

extremes (i.e., the lowest and highest possible denaturant

concentrations, as well as the inflection point).

Typical F error analysis is not optimal

In the previous paragraphs we have demonstrated that

simple experimental design considerations can signifi-

cantly improve the precision of estimates of the kinetic

parameters of interest in the field. We also find, however,

that the methods commonly employed to make inference

based on these kinetic parameters (and functions thereof,

such as the F-value) are not correct, and can lead to in-

valid conclusions.

Making valid inference

Methods for the determination of standard errors on

F-value estimates often assume that the estimates of the

changes in free energy of the transition and folded states

are independent. It has previously been demonstrated,

however, that this assumption is usually incorrect and

that, in turn, this can severely affect estimates of F preci-

sion.9 The derivation of an analytical expression for the

precision of F estimates (assuming linear chevron behav-

ior) that explicitly takes this dependence into account

(given in the Appendix) yields:

se Û
� �

¼ jUj

3

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
rz

DDGz

� �2

�2qD
rz

DDGz

� �
rU

DDGU

� �
þ rU

DDGU

� �2
s

ð5Þ

As the changes in free energy (DDG{ and DDGU) are

usually non-negative and the correlation between their

estimates from the chevron is typically positive, ignoring

qD typically leads to an over-estimation of the above var-

iability (though this is not necessarily so: for example, F
5 0 implies DDG{ 5 0, and the estimate of this change

in free energy can easily be negative). The ratio of those

two variances is bounded above by 1 2 qD/(1 2 qD),
which is achieved when the estimates of the changes of

free energy relative to their standard errors, that is the

ratios r{/DDG{ and rU/DDGU, are equal (see Appendix).

For example, if qD 5 0.5 (a value of 0.5 and larger is

quite common in chevron experiments), the variability

ignoring the correlation between the estimates of the free

energy changes is twice as large as necessary if r{/DDG{

5 rU/DDGU, and therefore is a substantial waste of

information.

Of note, a recently published manuscript11 recognizes

that the estimates of DDG{ and DDGU are not independ-

ent variables because both are derived using the term

lnðk0f Þ � lnðkf Þ, and that an assumption of independence

would lead to incorrect error estimates on F. In an
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attempt to alleviate this problem and derive an accurate

estimation of the F error, the authors rewrote F as the

ratio 1=ð1� b=aÞ, where a ¼ lnðk0f Þ � lnðkf Þ, and

b ¼ lnðk0uÞ � lnðkuÞ. Unfortunately, however, a and b are

still dependent as they are both obtained from estimates

that are derived using the same, single set of data (each

chevron yields an estimate for the folding and for the

unfolding rate, and the former contributes to the term a,

Figure 3
Upper panels: the observed kinetic data and fitted chevron curves for the proteins CI-2 and U1A (www.foldeomics.org). The linear chevron fits are

indicated by dashed lines, the quadratic fits are indicated by solid lines. Lower panel: the setup for the simulation to investigate the statistical power

to detect the departure from linearity. The assumed quadratic chevron, simulated as a mixture between the two curves in the upper right U1A

panel, is shown as a solid line, the linear chevron is shown as a dashed line. Three experimental setups defined by the locations of the 32

denaturant concentrations are considered. Design 1 refers to the traditional design of equally spaced denaturant concentrations, design 3 refers to

the previously described choice of denaturant concentrations (in this case, 8 measurements each at the extrema, and another 16 measurements are

taken around the inflection point). The denaturant concentrations in design 4 are chosen in two stages: first a set of equally spaced denaturant

concentrations are chosen (12 in this case), and then this set is augmented by design points at the extremes (near 0M and saturation, here 5 points

each) as well as the inferred inflection point (10 points). The variability of the assumed measurement errors was chosen as a standard Gaussian

distribution with mean zero and standard deviation typically seen in laboratories, indicated by the bell shaped curve next to the label for design 1.
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and the latter contributes to the term b). In fact, linear

model theory yields that the covariance between a and b

is equal to the sum of the covariances between the esti-

mates of the folding and unfolding rates from the respec-

tive chevrons (see Appendix). The fact that this covari-

ance was neglected in Ref. 11, unfortunately, renders

their reported algorithm for error analysis incorrect.

Sato et al.11 further argue that the estimates for F at

the extremes (F 5 0 and F 5 1) should be the most

precise and accurate. The standard error of the F esti-

mate (which defines the precision) is, however, a func-

tion in several parameters [see Eq. (5)]. Therefore com-

parisons such as the above can only make sense (if at all)

if all but the parameter of interest (here, F) are consid-

ered constant. The above equation can be re-written (see

Appendix) as

se Û
� �

¼ rU

DDGU

���� ���� 3
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
U� qD

rz
rU

� �2

þð1� q2DÞ
rz
rU

� �2
s

ð6Þ

which contains the term DDG{ implicitly (in F). Assum-

ing that the parameters r{, rU, DDGU, qD are constant,

the above as a function of F is minimized if F 5 qD 3

r{/rU, which is not equal to zero or one in general.

Moreover, if the correlation between the estimates of the

changes in free energy qD is ignored (or is zero in truth),

the above simplifies to

se Û
� �

¼ rU

DDGU

���� ���� 3
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
U2 þ rz

rU

� �2
s

ð7Þ

This term is indeed minimized if F 5 0, however maxi-

mized if F 5 1. Moreover, the considerations of the vari-

abilities in the parameter estimates (and the ‘‘propagated

errors’’) alone do not allow for any conclusions about

the accuracy (i.e. the potential bias of the estimator). In

fact, in many estimation procedures there is a bias/var-

iance trade-off: higher precision in the estimates can of-

ten be obtained at the price of incurring a bias (see for

example the following chapter on estimation at non-zero

denaturant concentrations).

Thus, in short, the commonly asserted notion that

estimates for F at the extrema are the most accurate and

precise is significantly misplaced.

Estimating kinetic parameters at non-zero concentrations

To decrease the standard error in the estimate of F,
some scientists estimate the kinetic parameters at non-

zero concentrations; that is, they do not extrapolate the

chevron arms to 0M denaturant concentration. As was

previously pointed out,9 this is only valid if the chevron

arms of the wild-type and variant proteins are parallel,

and the data are fitted accordingly. Otherwise, this proce-

dure results in a bias in the estimates of the kinetic pa-

rameters, whose magnitude obviously depends (among

others) on the differences in the slopes of the folding

and unfolding arms respectively, and on the denaturant

concentration where the estimates are determined. To

demonstrate this effect more clearly, we augmented the

results obtained in the analysis of the kinetic data from

the protein common-type acylphosphatase (ctAcP) with

a simulation. Previously, the kinetic parameters were esti-

mated at 0M/0M as well as 1M/4M denaturant concen-

trations for the folding/unfolding arms of the wildtype,

and the F94A and F94L variant chevrons. These two

approaches yielded wildly different results, in particular

for the estimates for F.9 To show the trade-off between

bias and variability, we simulated 5001 synthetic chevrons

for the wildtype and the two variants, and derived the F-
values at 5001 equally spaced denaturant concentration

pairs between 0/0 and 1/4 M (one set of chevrons was

analyzed for one pair of denaturant concentration to

obtain independent results). As expected, the further

away from 0M denaturant we estimate F, the smaller the

variability around the estimates, but also, the larger the

incurred bias (Fig. 4). Thus, although the common prac-

tice of estimating kinetic parameters away from 0M

denaturant typically results in improved precision, it

does so at the cost of introducing biases, some of which

can significantly degrade accuracy (see discussion later).

DISCUSSION

In this manuscript we have described simple altera-

tions to chevron analysis, a mainstay of experimental

protein folding studies, that lead to much improved pre-

cision in the key parameters of interest. Moreover, as

they only involve the selection of the denaturant concen-

trations chosen by the experimentalist no additional

resources are required and the suggested changes are

readily implemented.

Our conclusions are consistent with previous studies

of the effect of design point choice on the precision of

the parameter estimates in linear models, in which closed

form solutions for the standard errors (as functions of

the predictors) have been described. One of the key

results of linear model theory is the observation that

placing 50% of the design points at the each of the

extremes of a region of linear behavior yields, for exam-

ple the best precision on estimates of the slope of the

regression line. Because the two arms of a chevron plot

are typically linear, the conclusions drawn from linear

model theory obviously appear to hold for some aspects

of chevron analysis as well. Also similar to the case of

chevron curves, departure from linearity cannot be

detected if the design points are placed at the extremes,
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Figure 4
Upper panel: The kinetic data obtained on the wild type of common-type acylphosphatase protein (ctAcP) and the two variants F94L and F94A,
published in Ruczinski et al.9 (Lower panels) Simulated F value estimates for the F94A (left) and F94L (right) variants of ctAcP. The F-values were
estimated at 5001 equally spaced denaturant concentration pairs ranging from 0M for both the folding and unfolding arm to 1M for the folding

and 4M for the unfolding arm. One set of chevrons was analyzed for one pair of denaturant concentration to obtain independent results. The

horizontal lines indicate the values of F when estimated at 0M denaturant for both folding and unfolding arm. The gray areas and the lines

decreasing in denaturant concentration (i.e. folding and unfolding arms ‘‘offset’’) are non-parametric estimates of the mean F and its standard

deviation, indicating the decrease in the variability of the F estimate and the increase in bias.

I. Ruczinski and K.W. Plaxco

470 PROTEINS



and alternative strategies have to be explored if the na-

ture of the relationship between predictors and response

is to be investigated. In this manuscript, we have pro-

posed such a strategy for chevrons that allows for detec-

tion of nonlinear features, and introduced a statistical

test based on the likelihoods of the linear and the quad-

ratic model. The power to detect a departure from line-

arity obviously depends on the magnitude of the curva-

ture in the chevron, the number of measurements taken,

the experimental error, and the location of the denatur-

ant concentrations chosen. In our analysis and simulation

(based on typical laboratory settings), slight changes in

the selection of the design points yielded very powerful

tests to detect very small departures from linearity.

In addition to the experimental design, we also dis-

cussed several statistical issues with regard to the analysis

of kinetic data. For example, various estimates derived

from kinetic experiments, such as the estimates of folding

and unfolding rates derived from the same chevron, the

estimates of the changes of free energy comparing native

and transition states, are dependent quantities, and

ignoring these dependencies can yield incorrect estimates

of standard errors and confidence intervals on these im-

portant parameters. We also showed that the dependen-

cies of the estimates of the changes in free energy per-

sisted after variable transformations, despite claims in the

literature that this particular approach yields independent

quantities (and subsequently assumed in the error analy-

sis for F). In fact, no variable transformation for this

purpose is necessary, as relatively straightforward algebra

leads to a closed-form solution for the standard error of

F (as described in detail in Ref. 9). For convenience, we

have developed a web server (http://biostat.jhsph.edu/

�iruczins/software/phi/) that accepts kinetic data as a

spreadsheet and lets the user calculate rigorous confi-

dence intervals on F. It is emphasized again that the var-

iability in the estimate of F foremost depends on the

magnitude of DDGU relative to its standard error, not on

the absolute value of DDGU. The debate in the literature

on how large DDGU has to be to derive a reasonably pre-

cise estimate of F has been extensive,8,12–14 but largely

missing the point (in particular, by simply collecting

more kinetic data and thus increasing the number of

data points, the estimates of all parameters, including F,
can be made arbitrarily small). We have also shown that

the notion of ‘‘estimates of F are most accurate and pre-

cise at the extreme values’’11 is unfounded, or even

incorrect.

Finally, we have shown that although the common

practice of estimating kinetic parameters away from 0M

denaturant typically results in improved precision, it

does so at the cost of introducing biases. Critically, at

best these biases lead to difficulty in interpreting F and

at worst they significantly degrade its accuracy. For exam-

ple, if the bias arises due to the failure of the assumption

of parallel folding arms the calculated F value will differ

from the F value that would be observed at zero dena-

turant. This, perhaps, may not be critical (if the structure

of the transition state at non-zero denaturant is of inter-

est), but it will complicate interpretation of F if the goal

is to understand the folding transition state in the ab-

sence of perturbative co-solvents. A perhaps more dam-

aging bias arises, however, when the assumption of paral-

lel unfolding arms is violated. Under these circumstances

the denominator in the F-value relationship (DDGU)

does not accurately represent the equilibrium free energy

of the protein at the denaturant concentration at which

the numerator (DDG{) is defined, leading to a calculated

F value that differs not only from the F value at zero

denaturant, but that also differ from the true F value at

the selected, non-zero denaturant concentration. Thus, if

the assumption of parallel chevron arms breaks down,

the common practice of estimating kinetic parameters

away from 0M denaturant will lead to improved preci-

sion, but at the cost of reduced accuracy.

In summary, we hope that we have provided some

useful experimental guidelines for the practitioner to

improve his or her kinetic analysis, and that we clarified

some misconceptions, particularly about F-value analysis,
that exist in the literature. We also hope that this manu-

script might provide a useful introduction for quantita-

tively oriented researchers who develop an interest in

protein folding kinetics.
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APPENDIX

Distributions of the Kinetic Parameters

Using least squares or maximum likelihood methods,

we infer that the estimates of the kinetic parameters fol-

low approximately a multivariate normal distribution.15

As the chevron curves for the two amino acid sequences

are fit separately, kinetic parameter estimates from the

same chevron fit will be correlated, while kinetic parame-

ter estimates from different chevron fits will be inde-

pendent. Mathematically, this means that

Y ¼

dlnðkf ÞdlnðkuÞdlnðk0f Þdlnðk0uÞ

2666664

3777775

� N

lnðkf Þ
lnðkuÞ
lnðk0f Þ
lnðk0uÞ

26664
37775;

ðrf Þ2 qrfru 0 0

qrfru ðruÞ2 0 0

0 0 ðr0
f Þ

2 q0r0
fr

0
u

0 0 q0r0
fr

0
u ðr0

uÞ
2

266664
377775

0BBBB@
1CCCCA

ðA1Þ

Here, ln(kf) denotes the logarithm of the folding rate

of the wild type, ln(ku) denotes the logarithm of the

unfolding rate of the wild type, and lnðk0f Þ and lnðk0uÞ
denote the respective parameters for the mutant. The

symbol r is used for the respective standard errors, and

q is used for the respective correlations.

An elementary result of linear model theory16 states

that if Y is a random vector of length n following a mul-

tivariate normal distribution, that is Y � Nn(l,S), and C

is a matrix with n columns and p rows, then CY �
Np(Cl,CSC

T). We use this theorem to derive the joint

distribution of dlnðkf Þ � dlnðk0f Þ and dlnðkuÞ � dlnðk0uÞ, and

the joint distribution of the estimates in the changes in

free energy, as all of these are linear functions of the kinetic

parameters (dDDGz ¼ RT 3 ½ dlnðkf Þ � dlnðk0f Þ�, and dDDGU

¼ RT 3 ½ dlnðkf Þ � dlnðk0f Þ � dlnðkuÞ þ dlnðk0uÞ�: Choosing
C ¼ þ1 0 �1 0

0 þ1 0 �1

� �
; ðA2Þ

yields

CY ¼
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3
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Hence the covariance between dlnðkf Þ � dlnðk0f Þ anddlnðkuÞ � dlnðk0uÞ is equal to the sum of the covariances

between the estimates of the folding and unfolding rates

from the respective chevrons. In particular, they are not

independent, as stated in Ref. 11.

The Standard Error of bU
To derive the distribution of dDDGz and dDDGU, we

choose

C ¼ RT 3
þ1 0 �1 0

þ1 �1 �1 þ1

� �
; ðA4Þ

where R is the gas constant, and T is the absolute tem-

perature. Therefore

CY ¼RT 3
þ1 0 �1 0

þ1 �1 �1 þ1

� �
3

dlnðkf ÞdlnðkuÞdlnðk0f Þdlnðk0uÞ

2666664

3777775
¼RT 3
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" #
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where

r2
z ¼ varð dDDGzÞ

¼ ðRTÞ2 3 ½ðrf Þ2þðr0
f Þ

2�;r2
U ¼ varð dDDGUÞ

¼ ðRTÞ2 3
	
ðrf Þ2þðr0

f Þ
2

þðruÞ2þðr0
uÞ

2� 2qrfru� 2qr0
fr

0
u



;

qDrzrU ¼ covð dDDGz; dDDGUÞ

¼ corrð dDDGz; dDDGUÞ3 seð dDDGzÞ3 seð dDDGUÞ
¼ ðRTÞ2 3 ½ðrf Þ2þðr0

f Þ
2�qrfru�qr0

fr
0
u�: ðA6Þ

Here, var() denotes the variance, cov() the covariance,

corr() the correlation, and se() the standard error of the

respective arguments. As the F-value estimate is not a

linear function of the estimates of the changes in free

energy, we use standard error propagation (based on a

Taylor-series expansion) to derive an approximate distri-

bution: in essence, if we have an estimator û for a pa-

rameter y, following a multivariate normal distribution

with mean y and variance covariance matrix S, then for

a non-constant and differentiable function f,

f ðûÞ � Nðf ðuÞ;V Þ: ðA7Þ

where

V ¼ df

du

� �T

R
df

du

� �
ju¼û: ðA8Þ

In this context, the above approximation holds if the

absolute values of the estimates of the changes in free

energy are large compared to their standard errors (see

for example the discussions in Refs. 17 and 18). To use

this result to derive a distribution for bU, consider

f ðuÞ ¼ f ðDDGz;DDGUÞ ¼ DDGz=DDGU. Since

df

dDDGz
¼ 1

DDGU

and
df

dDDGU

¼ � DDGz
DDG2

U

; ðA9Þ

it follows that

Û ¼
dDDGzdDDGU

� N U; varðÛÞ
� �

; ðA10Þ

and the variance of the estimate of F is given by

varðÛÞ ¼ 1
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Effects of Ignoring the Correlation Between
the Free Energy Estimates

When qD is ignored (i.e. assumed to be zero), the esti-

mate for the variability in bU is simply

varqD¼0ðÛÞ ¼ U2 3
rz

DDGz

� �2

þ rU

DDGU

� �2
" #

: ðA12Þ

The absolute difference in those variabilities is

varqD¼0ðÛÞ � varðÛÞ ¼ U2 3 2qD
rz

DDGz

� �
rU

DDGU

� �
¼ 2U 3

qDrzrU

DDGUð Þ2
: ðA13Þ

This formula states that the smaller qD, r{, rU, and F
(for a given DDGU), the smaller the absolute difference

in the estimated variabilities. Also, the larger DDGU (for

a given F), the smaller that difference. To investigate the

relative increase in the estimate of the variability of bU
when qD is ignored, we simplify the notation by writing

V1 ¼ U2 ða2 � 2qab þ b2Þ;
V2 ¼ U2 ða2 þ b2Þ;

ðA14Þ

where a ¼ rz=DDGz and b ¼ rU=DDGU. Using b 5 c 3

a, we define

V1

V2

¼ 1� 2qDab
a2 þ b2

¼ 1� 2qDca
2

a2 þ c2a2
¼ 1� 2qDc

1þ c2
¼: f ðcÞ

ðA15Þ
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The first derivative of this function f is

f 0ðcÞ ¼ � 2qDð1� cÞ
ð1þ c2Þ2

; ðA16Þ

which is equal to zero iff c 5 1. The function f attains a

global minimum at c 5 1, that is when rz=DDGz
¼ rU=DDGU. Hence V1/V2 is bounded below by f(1) 5

1 2 qD, and converges to 1 (i.e. towards equal variance

estimates) as c moves away from this point in either

direction. Equivalently, V2/V1 is bounded above by 1 2

qD/(1 2 qD). The lengths of the confidence intervals

scales with the standard errors of the free energy estimates,

and therefore the ratio of confidence intervals is bounded

by
ffiffiffiffiffi
V2

p
=
ffiffiffiffiffi
V1

p
¼

ffiffiffiffiffiffiffiffiffiffiffiffiffi
V2=V1

p
¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1� qD=ð1� qDÞ

p
.

Precision of the Estimate of F in the
Extremes

To investigate the precision of the estimate of F as a

function of F (and, of course, other kinetic parameters),

we re-write Eq. (18) as

seðÛÞ ¼ Uj j 3
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