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ABSTRACT: The stability of serine proteases is of major
importance for their application in industrial processes. Here
we study the determinants of the stability of a Nocardiopsis
prasina serine protease using fast residual activity assays, a
feature classification algorithm, and structure-based energy
calculation algorithms for 121 micropurified mutant enzyme
clones containing multiple point mutations. Using a multi-
variate regression analysis, we deconvolute the data for the
mutant clones and find that mutations of residues Asn47 and
Pro124 are deleterious to the stability of the enzyme. Both of
these residues are situated in loops that are known to be important for the stability of the highly homologous α-lytic protease.
Structure-based energy calculations with PEATSA give a good general agreement with the trend of experimentally measured
values but also identify a number of clones that the algorithm fails to predict correctly. We discuss the significance of the results
in relation to the structure and function of closely related proteases, comment on the optimal experimental design when
performing high-throughput experiments for characterizing the determinants of protein stability, and discuss the performance of
structure-based energy calculations with complex data sets such as the one presented here.

The engineering of protein stability continues to be of
major importance for the use of enzymes in a wide range

of industrial applications,1 including starch liquefaction,2

biomass conversion,3 bread baking,4 and laundering.5 While
efficient strategies for engineering protein stability have been
established over the past 30 years, it is nevertheless still
challenging to increase the stability of a very stable protein. In
particular, it is often difficult to increase the stability of an
enzyme while maintaining or increasing the catalytic activity of
the enzyme,6 although notable successes have been produced in
this area using rational protein engineering techniques.7,8 In the
past two decades, enzyme engineering and optimization studies
have increasingly been performed using directed evolution
strategies.9,10 With such strategies, stabilized mutant enzymes
are identified using screening or selection-based assays, and
enzymes with impressive increases in both stability and activity
have been developed in this way.9

In contrast to the well-behaved model proteins frequently
studied in academic laboratories, industrially relevant enzymes
are often much larger, cofactor-dependent, highly stable
proteins that unfold irreversibly and are kinetically stable,11

with the production of aggregates or partially degraded species
in the case of proteases. Irreversibly unfolding proteins typically
unfold via a three-step [native (N) ⇆ unfolded (U) → final

(F)] process, where the rate-limiting step can be either the
initial (often partial) unfolding (N ⇆ U) or the final
irreversible step (N → F). Indeed, for a highly stable
thermolysin-like protease, it has been found that the partial
unfolding of a single loop constitutes the main determinant of
stability, and that stabilization of other regions in the protein
has a negligible effect.7 This presents a problem when
engineering the stability of kinetically stable proteins because
one has to specifically stabilize the region that is rate-
determining for the deactivation of the enzyme. In this paper,
we investigate the use of fast stability measurements for
determining protein stability hot spots for an industrially
relevant, kinetically stable, irreversibly unfolding, 188-residue
serine protease from Nocardiopsis prasina [N. prasina serine
protease SP1 (NCPP)].12

The NCPP is a chymotrypsin-like (trypsin-like type S1)
serine protease, whose structure adopts the typical two-domain
β-barrel fold.13 The active site is situated in a shallow cleft on
the surface of the enzyme with the catalytic triad being formed
by residues Asp 61, His 35, and Ser 143. The melting
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temperature of the wild-type enzyme is 73 °C at pH 7, as
measured by circular dichroism (CD)−temperature denatura-
tion scans (see Materials and Methods), and NCPP is thus a
highly thermostable enzyme.
We use this protease as a model system because an extensive

data set was available to us from a previous protein
optimization study, and because there is significant interest in
understanding the determinants of protease stability in general.
NCPP and its close homologues, such as Nocardiopsis alba

protease (NAPase) and α-lytic protease (αLP), have evolved to
be active under harsh, proteolytic conditions. The proposed
stability model for these proteases13,14 states that the unfolding
process is kinetically controlled. Even when the native state is
thermodynamically favored, irreversible processes can lead the
protein into a terminal unfolded state. This scenario is
described by the Lumry−Eyring model.15 To prevent
irreversible unfolding, the enzyme employs a large kinetic
barrier separating its unfolded (U) and final (F) states or native
(N) and unfolded (U) states. In some cases, the native state is
not energetically favored and folding requires a pro-region (a
distinct polypeptide chain synthesized along with the protein
precursor). When the pro-region is cleaved off the polypeptide,
the protein is trapped in the native state because of the large
energy barrier for the unfolding reaction. Thus, the folding−
unfolding reactions of the kinetically stable enzyme are no
longer in equilibrium, and classic thermodynamic relations for
protein stability do not apply.11,16

The acid stability of NAPase17 has been discussed in detail13

as being partly due to the intradomain-only location of salt
bridges providing acid kinetic stability. The high structural
similarity with NAPase means that the arguments put forth for
kinetic stability are likely to apply to NCPP, and that the
catalytically active state of NCPP therefore is a kinetically
stabilized state that is not in equilibrium with its unfolded state.
We employ fast residual activity assays on 121 micropurified

clones at pH 7 for measuring the effect of mutations on the
residual activity of NCPP. We analyze the resulting ΔT50 values
using a simple feature selection method to identify residues in
the data set that are of particular importance for the stability of
the enzyme. We continue to compare the measured residual
activity ΔT50 values of 72 clones to the predictions produced by
a typical structure-based protein stability prediction method.
Finally, we discuss the implications of our results for the
construction of algorithms for predicting protein stability and
suggest experimental and theoretical procedures that should be
used for determining stability hot spot maps of industrial
enzymes.

■ MATERIALS AND METHODS
Directed Evolution Strategy. Mutant clones were

constructed using error prone polymerase chain reaction and
a library-based combination of mutations designed using visual
structural analysis with randomly chosen mutations in loops 2
and 3. The libraries were constructed using standard molecular
biology techniques or purchased from Morphosys AG as a
Slonomics library and transformed into Bacillus subtilis using
standard procedures. Following plating and colony picking, all
5500 picked clones were sequenced to uniquely identify the
mutations present in each clone.
Fermentation. Clones containing mutant enzymes were

stored in 96-well plates containing 200 μL of TB glycerol and
100 μM CAM. Each variant was stored in triplicate in the same
well position on three different 96-well plates to ensure three

biological replicates. Each plate contained wild-type (WT)
samples and controls for a comparison of the assays. Plates
were covered with porous covers and incubated at 30 °C for 96
h with shaking at 250 rpm. Following incubation, plates were
stored at −80 °C.

Selection of the 121 Variants. We measured the catalytic
activity of each clone in triplicate using the casein-based
EnzChek protease assay kits at pH 8.0 and 5.6. We used a final
concentration of the casein substrate in the activity assay of 4.9
μg/mL and measured the increase in fluorescence at 590 nm.
We selected 121 variants from a pool of 5500 variants using
two selection strategies as outlined below.

Selection Method 1: pH−Activity Ratio. Two-thirds of the
121 variants were selected on the basis of an (actpH 5.6)/
(actpH 8.0) ratio (r) calculated from the two EnzChek activity
measurements described above; we chose the 40 variants with
the highest value of r and the 40 variants with the lowest value
of r. In all cases, we required the relative activity of a clone to be
at least 20% of that of the WT for it to be selected.

Selection Method 2: Calculated ΔpKa Values. We chose a
further 41 variants on the basis of ΔpKa calculations using
PEATSA.18,19 We performed the calculations using a protein
dielectric constant of 8 and an ionic strength of 0.144 M and
selected the 41 variants that displayed an absolute calculated
ΔpKa of His 35 of >0.4 unit. We preferentially selected clones
containing single-point mutations that had not been selected
using the first selection strategy and furthermore ensured that
we sampled as many different mutations as possible.
The selection of variants using both methods was completely

nonbiased in terms of stability.
Fermentation of Selected Clones. The 121 selected

variants were refermented in 10 mL well plates containing 4 mL
of TB glycerol and 100 μM CAM. Each variant was fermented
in four separate wells to ensure a sufficient yield. Plates were
covered with porous covers and incubated at 30 °C for 96 h
while being shaken at 250 rpm. Plates were removed and the
four wells pooled. Pooled fermentations were centrifuged at
4500 rpm for 15 min, and the supernatant was filtered using 0.2
μm filters and the cell pellet discarded.

Micropurification. MEP HyperCel chromatographic me-
dium (100 μL) was suspended in 20% ethanol and added to
each well of a Whatman Unifilter plate. The liquid was removed
by vacuum. The MEP HyperCel was washed using a 100 mM
Tris/10 mM CaCl2/1 mM Triton mixture (pH 8.5). The
protease supernatant (2 × 400 μL) was bound to the MEP
HyperCel in two steps using 0.5 M Tris (pH 8.5). The plate
was left to incubate at room temperature for 1 h while being
vigorously shaken at 1200 rpm. Following incubation, the MEP
HyperCel chromatographic medium was washed several times
using Tris (pH 8.5), and the unbound material was removed by
vacuum. The micropurified protease was eluted from the
medium using 50 mM sodium acetate (pH 4.3).

Residual Activity. Variants were incubated at pH 7.0 for 15
min at five temperatures (room temperature and 60, 65, 70, and
75 °C). Following incubation, suc-AAPF-pNA was diluted to
0.48 mM in a 100 mM Tris/10 mM CaCl2/1 mM Triton
mixture (pH 8); 180 μL of the substrate dilution was added to
20 μL of the incubated variants, and the residual activity was
immediately read every 10 s for 3 min at 405 nm. The final
concentration of suc-AAPF-pNA in the activity assay was 0.43
mM.

CD Spectroscopy. WT NCPP was dissolved in 2.5 mM
potassium phosphate (pH 7.0) to a final concentration of 0.1
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mg/mL. The conditions were as follows: temperature range of
25−90 °C, wavelength range of 180−280 nm, scan rate of 0.25
s/nm, and wait time of 0.3 s/°C. The protease sample was then
cooled to 25 °C for a final wavelength scan.
Differential Scanning Calorimetry. WT NCPP was

dissolved in a 100 mM Tris/10 mM CaCl2/1 mM Triton
mixture (pH 7.0) to a final concentration of 1 mg/mL. The
sample was degassed for approximately 40 min. The sample
temperature was increased from 20 to 90 °C at a rate of 1 °C/
min. The protease sample was then cooled to 20 °C, and the
temperature scan was repeated.

■ ANALYSIS
Initial Analysis of Thermal Inactivation Data. The loss

of enzyme activity normalized to the room-temperature (25
°C) value provides the residual activity as a function of
temperature. These data were fit to the following general
sigmoid:

=
+ ( )

activity
1

1 T
T

mobs

50 (1)

where m is the slope, T is the temperature, and T50 is the
midpoint of thermal inactivation, the temperature at which the
activity is 50% of the activity at room temperature. Note that
this equation merely provides a reasonable empirical fit to the
normalized data for the small number of data points and has no
physical basis. Changes in stability are estimated by subtracting
the clone T50 from the wild-type T50. All curves, in duplicate, at
all pH values were automatically fit using a specially written
software pipeline in PEATDB.20 Filtering of the clones
according to fit quality was then performed to extract the
most reliable T50 values. Figure S5 of the Supporting
Information shows a selection of curve fits for some of the
variants.
Obtaining ΔEa Values from Residual Activity Data.

The deactivation of NCPP is irreversible as shown in Figure S1
of the Supporting Information, and the deactivation process can
therefore be considered a first-order reaction described by

= −[N] [N] e kt
0 (2)

where [N] is the concentration of the native state at time t,
[N]0 is the concentration of the native state at time zero, and t
is the incubation time for the assay. We now assume that k
follows classic Arrhenius behavior and eq 2 can thus be
rewritten as

= − −
[N] [N] e A t

0
e E RTa/

(3)

where Ea is the activation energy, A is the Arrhenius pre-
exponential factor, T is the temperature, and R is the gas
constant. Residual activity curves can readily be fit to eq 3, with
A and Ea being the only two unknown variables. We
determined A and Ea from three separate WT residual activity
curves and used the WT value of A in fits of all mutant residual
activity curves. We thus assume that the chemical nature of the
transition state for the process remains relatively unperturbed
by the mutations and that only the height of the transition state
barrier changes.
The error in the Ea values was determined by fitting to data

for both replicates and finding the standard error of the mean
value. The experimental error was deemed well below the error
in the calculated stability values.

In the following, we assume that the ΔEa values (Ea,mutant −
Ea,WT) originate from energy changes in the ground state for the
rate-limiting step and that the energy of the transition state thus
does not change.

Structure-Based Stability Predictions. We compare the
ΔEa values determined by eq 3 to calculated stability values
from PEATSA (Protein Engineering Analysis Tool-Structural
Analysis).18 PEATSA uses the mutant-induced changes in the
protein structure to determine the differences between the
reference and mutant for each energy term. These are summed
to find a free energy difference for both folded states. The
mutant structure is modeled without backbone relaxation using
a rotamer-based optimization as detailed previously.18

It is not immediately obvious that we can hope to achieve a
good correlation between ΔΔGfold values calculated with
PEATSA and the ΔEa values derived from the analysis
described above. However, if the terminal inactivation is
limited by the rate of unfolding, then ΔΔGfold and ΔEa will be
correlated as discussed in the following.
A mutation can change the activation energy for the

unfolding reaction by perturbing the energy difference between
the transition state (TS) and the native (N) state. If there is a
low degree of structural similarity between the N state and the
TS, a mutation is most likely to do so by destabilizing the native
state without changing the energy of the transition state. If the
N state and the TS are very similar, a mutation is likely to affect
both states equally, and it is also possible to have mutations
affect only the TS. Mutations that selectively destabilize the
folded state will change ΔGfold and Ea by the same amount, thus
giving an overall 1:1 correlation between ΔEa and ΔΔGfold.
In the following, we assume that mutations change only the

energy of the folded state and not the energy of the transition
state and the unfolded state. In such a scenario, the change in
the activation barrier for unfolding will be equivalent to the
change in ΔGfold. Only if mutations target regions that play a
role in transition state stabilization or in stabilization of the
unfolded state will this correlation break down.

■ RESULTS
In the following, we analyze the residual activity T50 data from
the suc-AAPF-pNA experiment for NCPP to identify residues
that are important for the stability of the enzyme. Our
secondary object is to evaluate how well a classic structure-
based stability prediction algorithm (PEATSA) performs on a
data set from a kinetically stable enzyme such as NCPP. We
begin our analysis by examining the data acquired for the
unfolding of wt NCPP to establish the characteristics of the
inactivation process. We then describe the effect of the NCPP
mutations and use a feature classification algorithm to identify
residues that are particularly important for the stability of
NCPP. We conclude our analysis by examining the ability of
PEATSA to predict the change in T50 for the mutant NCPP
clones examined.

Stability of wt NCPP. DSC measurements and CD thermal
denaturation scans demonstrated that NCPP unfolds irrever-
sibly at pH 7.0 (see Figures S1 and S2 of the Supporting
Information). The wild-type transition midpoint temperature,
T50, was found to be 69 °C when measured using the thermal
inactivation assay, 80 °C using DSC, and 73 °C using CD. The
difference in these numbers presumably reflects the effect that
the experimental conditions (heating rate and buffer
composition) have on the unfolding process of NCPP. We
found an irreversible model to be the best fit to the DSC
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melting scans.21 This particular model incorporates terms for
both calorimetric and van’t Hoff heat changes and yields a
ΔHcal of 953 kJ/mol.
NCPP and NAPase are highly similar enzymes (87%

identical sequences, Cα root-mean-square deviation (rmsd)
from X-ray structure of 0.31 Å), and the unfolding mechanism
of NCPP is thus likely to be identical to the kinetically
controlled unfolding of NAPase.
Stability Changes of Mutant NCPP Clones. We selected

121 mutant clones of NCPP from an initial pool of 5500
mutant clones produced as part of a directed evolution study
(see Materials and Methods). After regrowing and micro-
purification, 72 clones yielded experimental stability data of
sufficient quality for the data analysis. Denaturation curves for
65 of the clones were of sufficient quality to obtain accurate
ΔT50 values (estimated standard error of 1.5 °C), whereas the
seven remaining curves yielded only a lower limit for T50. The
mutations are all neutral or destabilizing with ΔT50 values of
less than −12 °C (below which it was determined that an
accurate value cannot be measured, as illustrated in Figure S6 of
the Supporting Information). The most destabilized clones are
listed in Table 1.

The average number of mutations per clone is 2.8 with 67 of
72 clones (93%) containing multiple mutations. The data set
contains a total of 100 unique single mutations amounting to a
coverage of 2.7% compared to a full single-mutant saturation
mutagenesis experiment. In total, 48 of 188 residue positions
(26%) have been mutated, with the distribution of mutations
skewed toward mutating loops 1, 3, and 4 (Figures 1 and 2).
Pinpointing Stability Hot Spots Using Mutational

Data. The NCPP data set consists primarily of clones with
multiple point mutations, and it is therefore not immediately
possible to pinpoint mutations that cause large changes in T50.
To identify the effect of mutating specific residues, we apply a
multivariate fitting analysis. All 48 residues mutated in the data
set are treated as dichotomous (having two possible values,
present or not) variables. For each sample (representing a
mutation and corresponding stability), the variable is set to 1 or
0 depending on whether the residue is mutated or not mutated
in the clone. Thus, each sample consists of a set of features
(residues) associated with a response variable (stability). When

the data are cast in this form, they can be fit using a linear
model with multiple variables:

α α α αΔ = + + + +T r r r... n n50 0 1 1 2 2 (4)

where rn is 1 or 0 based on its presence in the mutant and αn is
the coefficient or weight for this feature. The fitted weights
correspond to the importance of each residue for stability.
Obtaining accurate weights is essentially a feature selection
problem,22 which is often encountered in supervised machine
learning algorithms. There are various approaches to feature
selection, and in this case, we applied a linear regression
algorithm to fit the data and to find the weights for each residue
(i.e., each feature). We used the least angle regression
(LARS)23 algorithm as implemented using the pyMVPA
toolkit24 because this algorithm is optimized to give robust
variable weights for a low ratio of the number observations to
the number of variables. See section III of the Supporting
Information for a more detailed explanation of the method.
In applying eq 4, we make the assumption that any mutation

of a specific residue has the same effect on the stability of
NCPP. This is not the case as demonstrated by many studies of
protein stability, but this assumption provides a useful first
approximation that allows us to identify positions that strongly
influence the stability of NCPP.
To estimate the general reliability of our algorithm in

connection with eq 4 for selecting important features, we tested

Table 1. Ten Most Destabilizing Variants in the Data Seta

mutations
ΔT50(mutant−wild type)

(°C)

A12GH/A38RA/A47NL/A165RH −19.0
A12GH/A22TV/A38RT/A47NA/A54QM/
A165RH

−16.5

A22TV/A23ND/A38RQ/A47NR/A54QT/
A165RH

−13.8

A17VA/A42QR −13.3
A88VA/A122SR/A125ES −13.2
A38RH/A47NI/A165RH −12.8
A123YR/A124PR/A125ET −12.5
A122SN/A123YT/A125EH −11.1
A38RH/A47NQ/A54QE/A165RH −10.1
A47NH/A48GD/A165RH −10.0
aNote that the reliable detection limit of ΔT50 is approximately −12
°C. Therefore, a lower limit of −12 °C was applied to the first seven
mutants in the calculation of weights to avoid biasing the results. See
Figure S6 of the Supporting Information and section IV of the
Supporting Information for further discussion.

Figure 1. Frequency of each residue (the number of times it is present
in all mutants) for the 121 clones analyzed in this paper. Mutations in
loops 1, 3, and 4 are heavily over-represented in the data set. In total,
48 of 188 (26%) residues in the protein are mutated, with the average
number of mutations per clone being 2.8.

Figure 2. Location of loop regions and the “domain bridge” mapped
on the structure, color-coded according to Figure 1. Active site
residues are colored purple.
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the procedure on a simulated data set. The test results show
that the fitting can reproduce a set of weighted features, and we
can furthermore use the feature weights to reconstruct
stabilities for unknown mutants. Conclusions from this
simulated testing are given in Discussion and detailed in
section III of the Supporting Information.
The algorithm identified 30 residues with non-zero weights;

three residues stood out as having very high negative values and
hence were found to have a large influence on the stability of
NCPP.
Table 2 lists the weights for the 10 most negatively weighted

residues, and Figure 3 shows that all ΔT50 values in the data set

can be reconstructed using eq 4 with an rmsd of 1.7 °C
(correlation coefficient of 0.87) using only the 30 weights
determined above. Figure 3 contains four mutant enzymes that

have a residual (observed T50 − reconstructed T50) that is >2
times greater than the rmsd. These four outliers do not
represent a consistent pattern of mutations.
Note that 22 of the original 48 mutated positions appear only

once in the data set and contribute much less than the
remaining residues. Removal of the 22 residues followed by
linear regression to optimize the weights of the 26 remaining
residues yields an rmsd of 2.3 °C and a correlation coefficient of
0.76.
The feature classification method is thus able to pinpoint

specific residues that are important for the stability of NCPP in
the current data set. However, the particular variables selected
and the weights to which they are assigned are dependent on
the data set used. To test the reliability of the identified weights,
we performed a cross validation by random subsampling.
Specifically, we repeated the fitting process 50 times with a
random 20% of the original mutants removed per iteration.
This analysis yields a measure of the variability in the residue
position weights for our particular data set. Features that show
high variability in detection and weight are less reliable, and
features that show little variability are robust descriptions of the
characteristics of the data set. The errors for the features in
Table 2 are calculated from the standard error of the mean
weight from the 50 runs and show that the descriptors for
positions 47, 88, and 124 are robust and that these residues
therefore can be trusted to be of major importance for the
stability of NCPP.

Hot Spot Residues. The residues identified from the
analysis described above are Asn 47, Val 88, and Pro 124, which
all are located in the surface loops shown in Figure 2.
Asn 47 is situated at the bend of the hairpin of loop 2 and

makes hydrogen bonds to the side chain of Asn 70 and to the
N-terminus of the protein (Ala 1). Loop 2 is involved in the
enhanced stability of αLP and Thermobif ida fusca protease A
(TFPA), an extreme thermophile.17 The loop consists of three
residues in TFPA and contains a very tight turn facilitated by a
cis-proline, which limits the conformational flexibility of the
loop and is thought to be a major determinant of the increased
thermostability of TFPA compared to that of αLP. In NCPP
and αLP, the loop consists of three additional residues (Gly 46-
Asn 47-Gly 48), and the loop residues display significantly
above-average B factors in the X-ray structure of αLP (Protein
Data Bank entry 1SSX25) and slightly higher B factors in the X-
ray structure of NCPP (K. Wilson, unpublished data).
Val 88 is located close to the domain bridge loop,17 which

very likely plays a role in kinetic stability. However, the residue
is only present in two mutants and always in combination with
two other residues (Ser 122 and Glu 125). We cannot therefore
rule out the possibility that the weight attributed to Val 88 is
due to mutations of Ser 122 and Glu 125, further strengthening
the notion that loop 3 plays an important role in determining
the stability of NCPP. This illustrates a limitation with the use
of automated methods for analyzing mutational data, the
inability of the algorithms to consider structural arguments
when identifying hot spots.
The last residue, Pro 124, is in loop 3, a β-hairpin loop in the

C-terminal domain that is known in closely related proteases to
be important in pro-region binding.26 However, there is only
one sample of this residue present in several of the most
destabilized mutants (see Table 1). In contrast, other residues
in this loop (Ser 122 and Glu 125) are sampled better but do
not appear with significant weights in our analysis. Pro 124 is

Table 2. Residue Weights Derived from the Feature
Classification Algorithm for the Three Most Negative
Weightsa

residue
weight
(pH 7) errorb coveragec

total residue
frequency

conservation
score loop

Pro
124

−8.1 1.3 1 3 1.5 3

Val 88 −5.2 0.6 1 2 −0.68 db
Asn 47 −7.4 0.37 7 9 −0.38 2
aOf a total of 30 features, 20 of which occur more than once in the
mutations. The frequency column shows how many times the residue
appears in all mutations. A mean weight, including other available pH
data, is also given. Also given are the conservation scores found using
the ConSurf server.34 bError derived from the cross validation test.
cCoverage refers to the number of possible substitutions sampled for
that residue.

Figure 3. Stabilities reconstructed using the classifier algorithm plotted
vs the experimental values. In cases of reasonable agreement,
mutations either are having an additive effect or are dominated by
one mutation (with the largest weight). Note that if the weights exactly
reflected each (linear) contribution to stability, the correlation would
be 1:1, within the baseline error. Where there is poor agreement, this
may indicate that the mutations have a cooperative effect on the
stability that is not considered by the linear model. The dashed line
shows the rmsd of 1.7. Outliers in circles are those for which the error
> 2 × rmsd.
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therefore likely to stabilize NCPP by reducing the entropy loss
as loop 3 adopts its native conformation.
Despite extensive sampling, we do not find destabilizing

residues in loops 1 and 4 and therefore conclude that these
loops are not important for the stability of NCPP.
Deducing the Effect of Individual Positions and

Mutations Using a Reductive Algorithm. The regression
algorithm yields fitted weights for each position in the protein,
but these weights simply represent the best fit to the
experimental data and can incorrectly identify residues as
shown above. To further validate the weights found by the
LARS fit, we analyzed the NCPP mutant clones using a simple
reductive algorithm. The NCPP data set contains seven single-
point mutations that yield information about the ΔT50 values of
six positions. (The single-site mutations are Pro 58 → Asp, Glu
125 → Arg, Gln 173 → His, His 35 → Asp, Gly 12 → Glu, Gly
167 → Asp, and Glu 125 → Met.) Using these six ΔT50 values,
we can now deduce the ΔT50 for a further 26 positions by using
the argument that if mutation of position A gives a ΔT50 of −5
°C and mutation of positions A and B gives a ΔT50 of −7 °C,
then mutation of position B must give a ΔT50 of −12 °C. This
argument breaks down if the mutated positions interact in the
wild-type or mutant proteins and depends on the accuracy of
the ΔT50 measurements, but the procedure is analogous to the
classic deductive reasoning used when analyzing sets of point
mutations in proteins. If we plot the ΔT50 values from this
analysis against the weights from our regression algorithm, we
obtain a very good correlation [correlation coefficient of 0.78
(Figure S13 of the Supporting Information)] with the most
destabilizing position identified as Asn 47. Position 124 cannot
be isolated using the deductive algorithm as it occurs in the 15
mutant proteins that cannot be successfully decomposed using
the deductive analysis. Overall, this analysis lends strong
support to the use of our regression technique in the analysis of
protein stability data sets.
Predicting ΔEa Values Using a Structure-Based

Thermodynamic Energy Function. PEATSA is a struc-
ture-based energy function optimized to predict mutant-
induced ΔΔGfold values for two-state folding proteins. PEATSA
yields a standard error of 4−6 kJ/mol (correlation coefficient of
0.52−0.76) for currently available protein stability data sets.18

While the kinetically determined ΔEa values for NCPP are not
strictly comparable to the ΔΔGfold values calculated by
PEATSA, it is nevertheless interesting to examine the ability
of PEATSA to reproduce such values. Figure 4 shows the
correlation for predicted and fitted experimental ΔEa values and
illustrates that although PEATSA is able to provide accurate
predictions (within error) for a number of clones, the ΔEa
values are generally underestimated in comparison to the
predicted value.
When Is PEATSA Wrong? The prediction error is defined

as predicted ΔΔG − experimentally fit ΔEa; there are two kinds
of outlier clones in Figure 4 (those marked with empty circles).
(1) Those predicted to be destabilizing but are actually not will
have a large positive error, and (2) those that experimentally
are destabilized but not predicted to be, will have a large
negative error. In either case, this means that the mutation
either cannot be described as a pure thermodynamic effect or
reflects the limitations of the mutational model. The majority of
the outliers contain mutations in loops 1 (residues 11−13) and
2 (residues 47−49). Both loops contain multiple glycines: Thr-
Met-Gly-Gly-Arg and Ile-Gly-Asn-Gly-Arg-Gly. Mutations of
glycine residues are known to be difficult to model27 because

the backbone geometry is likely to change significantly upon
the insertion of a new residue. G13K/A138G, predicted to be
very destabilizing but with no measured change from that of the
wild type, is a good example.
To provide an indication of which residues, if any, contribute

consistently to high positive or negative errors, the feature
classifier was applied to the error values. However, no residue
had a significant weight in this analysis.
Two clones, N47H/G48D/A165H and G12H/N47H/

G48D, were omitted from the correlation plot, as there are
significant clashes in the mutated side chains as modeled by
PEATSA. As discussed above, any changes to the glycines in
this loop (loop 2) are likely to be disruptive, though
surprisingly both of these clones are active. There are likely
to be structural rearrangements in the backbone taking place
that cannot be modeled because of the current limitations with
PEATSA.

■ DISCUSSION
The engineering of protein stability continues to be of major
importance for the application of enzymes in industrial
processes, and it is therefore of interest to develop novel fast
methods for obtaining a better understanding of the
determinants of protein stability. In this work, we investigate
the possibility of analyzing complex mutational data sets to
obtain a detailed understanding of stability “hot spot” residues
in a given protein. For a kinetically stabilized protein with a
high T50, the majority of point mutations identified will be
destabilizing, and one may ask how the identification of such
“negative” protein stability hot spots can aid in engineering a
more stable protein. The answer to this question is connected
with the deactivation processes governing the kinetically
stabilized proteins, namely, that these proteins are deactivated
irreversibly via a set of specific reaction pathways. For a
kinetically stable protein, we will observe an effect for a
mutation if it affects one of these deactivation pathways or if it
opens a new deactivation pathway with a flow higher than or
comparable to that of the other pathways.28 It is reasonable to

Figure 4. Correlation between predicted ΔEa and ΔΔG values as
predicted by PEATSA. The rmsd is 5.3 kJ/mol, and the correlation
coefficient is 0.32. Outlier points marked with empty circles are those
for which the residual is greater than the rmsd.
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assume that the latter possibility is significantly less likely than
the former, and consequently, stability hot spot residues
identified by the approach put forth in this paper will therefore
aid in identifying the structural elements that are involved
deactivation steps. If we stabilize these structural elements by
protein engineering, we can block or reduce the flow through
one or more deactivation pathways and thus stabilize the
protein further. Our analysis shows that loops 2 and 3 are major
determinants of the stability of NCPP, and although our data
set heavily oversamples loop 3 (see Figure 1) and we therefore
can expect some bias toward residues in this loop, the method
is nevertheless sensitive enough to identify Asn 47 in loop 2
that, on the basis of data from the αLP and TFPA systems, is
very likely to be a major determinant of NCPP stability.
Sampling Error. Because our regression-based analysis uses

data from multiple-mutation variants to determine a set of
residue-specific weights, the robustness of the analysis will
depend upon the characteristics of the particular variants that
are analyzed. To ascertain that our method is able to identify
meaningful weights, we studied its performance using a
simulated experimental data set. In this data set, we know the
residue-specific weights and can therefore generate data sets of
any size to study the size dependence of the performance of the
regression-based analysis. The results show that a given number
of artificial weights (we used five significantly high weights of
40) can be reconstructed consistently by applying the fitting
algorithm over multiple runs, each run representing a different
set of random mutations. The standard error in weight
estimates is typically ∼3.5% for a simulated data set with 120
samples and 40 features, though this will vary depending on (1)
the relative significance of the true weight, (2) the amount of
noise in the data, and (3) the number of samples and/or
features (see Figure S9 of the Supporting Information). See
section III of Supporting Information for further details. The
results from true experimental data will be more complex, with
nonlinear contributions for certain combinations of residues
and/or amino acid substitutions. Nevertheless, we expect the
method to be robust enough to successfully identify structural
elements that are important for protein stability.
Constructing Structure-Based Protein Stability Hot

Spot Maps. In this study, we have analyzed a data set that
predominantly samples residues in surface loops of NCPP.
However, in the general case, one can choose any subset of
residues for hot spot analysis. Typically, one would choose only
residues that are located in surface loops or areas that generally
are thought to be potentially destabilizing. Indeed, selecting all
the residues in a protein may mask the effect of a residue of
interest by having too many highly destabilizing core mutations
in the data set. In addition, choosing too many residues creates
the problem of having to create a sufficient number of mutants
to cover the whole protein. We therefore suggest the following
rule of thumb for choosing a selection of variants when
generating protein stability hot spot maps as outlined in this
work.
Given that m is some algorithm to randomly generate a set of

variants for a particular protein, it is a function of the following
parameters:

=m f N M S R( , , , )max min

≥ × ≥N R M2; 3max

where N is the number of variants (i.e., mutants produced), R is
the subset of residues sampled (should be less than N for useful

feature selection), Mmax is the number of mutations per variant
(should be allowed to vary among single, double, and triple
mutations randomly up to a maximum of Mmax; we
recommended that this value should be at least 3 but lower
than 8), and Smin is the minimum number of amino acid
substitutions sampled per residue. This value will be limited for
realistic experiments but should at least be 3−4 to avoid bias
introduced by sampling only a specific substitution.
Additionally, the positions mutated in a single clone should

be far from each other in the structure to minimize the chance
of mutations affecting each other. Once the data set has been
produced and characterized, the fitting and feature selection can
be applied as described in the text. It may be useful to introduce
a penalty to account for the effect of the particular set of amino
acid substitutions sampled for each residue.
Note that this technique is not designed as a predictor of the

effect of unknown mutations, but rather as a measure of the
general effect of individual residues. We believe that the
method can be a fast alternative to saturation mutagenesis
experiments29 or alanine scans, because the use of multiple
mutations results in a significant decrease in the number of
clones one has to characterize. An alanine scan of 100 residues
requires characterization of as many clones, whereas a linear
regression analysis using six mutant clones with an average of
three samples per residue will require the characterization of
only 50 clones [(100/6) × 3]. For saturation mutagenesis
experiments, the possibility of the reduction being much larger
depends on the exact nature of mutations chosen for each
position. It should be mentioned that the method proposed
here has some parallels to the ProSAR30 methodology, and
other regression-based QSAR methods for studying protein
function.31

Using SPAs for Kinetically Stable Proteins. All current
stability prediction algorithms (SPAs) predict mutational
stability effects by calculating free energy changes between
the folded states of wild-type and mutant proteins. The
unfolded state is assumed to be unchanged, and thermody-
namic stability is assumed. For kinetically stable proteins, this
approach is clearly not valid, and we need to use a description
of the protein that explicitly models different partial unfolding
processes. In this respect, the COREX model of Hilser and co-
workers32 or a variant thereof can likely be used to identify
likely unfolding intermediates, and the effect of mutations on
the local unfolding equilibrium can then be assessed with
current SPAs. In some cases, such an approach might, however,
not be sufficient because some mutations inevitably would
affect the activation barrier, and in these cases, it would
therefore be necessary to model the transition state33 of the
inactivation process. There are thus significant obstacles to
overcome in modeling the stability effects of mutations in
kinetically stabilized proteins

■ CONCLUSION
We analyzed 121 mutants from thermal inactivation studies of
the NCP protease and identify two surface loops that play a
significant role in determining the stability of this enzyme. The
identification of these two loops is corroborated by comparative
studies of α-lytic protease and TFPA,17 and they remain highly
likely candidates for early unfolding events after visual
inspection of the X-ray structure of NCP. This study shows
that the analysis of 72 clones with an average of 2.8 mutations
spread over a specific region of a 188-residue protein can yield a
protein stability map from which likely early unfolding events
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can be identified. Such maps may be generated for areas of
proteins using a relatively small number of mutants in
comparison to a full saturation mutagenesis experiment. Even
given the simplistic assumptions of linearly additive stabilities,
our method can give a convenient indication of the general
stability of specific protein regions. We also demonstrate the
performance of a structure prediction algorithm, PEATSA, on
the same data set and find that although the correlation is
significantly worse than for well-behaved proteins, the
algorithm is still able to deliver predictions that indicate
relative stabilities of many mutant clones.
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