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ABSTRACT
CUPSAT (Cologne University Protein Stability
Analysis Tool) is a web tool to analyse and predict
protein stability changes upon point mutations
(single amino acid mutations). This program uses
structural environment specific atom potentials and
torsion angle potentials to predict DDG, the difference
in free energy of unfolding between wild-type and
mutant proteins. It requires the protein structure in
Protein Data Bank format and the location of the residue to be mutated. The output consists information
about mutation site, its structural features (solvent
accessibility, secondary structure and torsion
angles), and comprehensive information about
changes in protein stability for 19 possible substitutions of a specific amino acid mutation. Additionally,
it also analyses the ability of the mutated amino acids
to adapt the observed torsion angles. Results were
tested on 1538 mutations from thermal denaturation
and 1603 mutations from chemical denaturation
experiments. Several validation tests (split-sample,
jack-knife and k-fold) were carried out to ensure the
reliability, accuracy and transferability of the prediction method that gives .80% prediction accuracy for
most of these validation tests. Thus, the program
serves as a valuable tool for the analysis of protein
design and stability. The tool is accessible from the
link http://cupsat.uni-koeln.de.

INTRODUCTION
Protein design and analysis techniques widely incorporate
point mutations with increased or decreased stability. These
mutations are carried out experimentally using site-directed
mutagenesis and similar techniques. This is time-consuming
and often requires the use of computational prediction
methods to select the best possible combinations. Random

mutations at a specified position may aid in designing thermostable or thermosensitive proteins so that the functionality of a
protein can be altered to suit favourable biological and industrial purposes. In industrial processes, protein molecules with
higher stability are exposed to non-physiological conditions
resulting in stress on their structural and chemical integrity
that eventually leads to covalent and non-covalent alteration
(1). On the other hand, point mutations are also employed for
constructing temperature sensitive mutants (2). Analysis of the
stability upon point mutations can also be used to identify a
wide spectrum of drug resistance conferring mutations.
Experimentally, protein architects often come up with point
mutations on multiple sites to design a protein with enhanced
stability and invest a lot of resources and time to finalize the
process (1). An online software tool can either suggest selective mutations or filter out unwanted combinations. Several
groups have already developed tools (3–7) for this purpose
with moderate prediction accuracy. CUPSAT (Cologne
University Protein Stability Analysis Tool) is a similar tool
with slightly better efficiency to analyse and predict stability
changes upon point mutations (single amino acid mutations)
in proteins.
This tool uses coarse-grained atom potentials and torsion
angle potentials to construct the prediction model. The
program has been tested on 1538 mutations from thermal
denaturation and 1603 mutations from chemical denaturation
experiments. Additionally, the model classifies the mutations
and mean-force potentials into different structural regions
using the solvent accessibility and secondary structure specificity of the mutation site. Several validation tests were carried
out that include split sample, jack-knife and k-fold cross validation tests. More than 80% prediction accuracy has been
observed. The split-sample and k-fold cross validation tests
showed a maximum correlation coefficient of 0.77 with a
standard error of <1.0 kcal/mol.

METHODOLOGY
We have developed a novel method for predicting the protein
stability changes upon point mutations. Major components
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RESULTS
The experimental point mutation data were derived from
ProTherm database (13) and literature (14–16). Totally,
1538 mutations were derived from thermal denaturation
experiments (with known DDG) and 1603 mutations were
derived from chemical (denaturants such as urea or guanidine
hydrochloride) denaturation experiments (with DDGH2O).
Separate prediction models were developed for these
experiments.
For the thermal denaturation experiments, the overall
correlation (Pearson’s correlation coefficient) between the
predicted and experimental energy values was observed to
be 0.87 for 1538 mutations with 85.3% of the mutations
correctly predicted to be either stabilizing or destabilizing.
However, the correlation was only 0.55 with 75% accuracy
before the classification of mutations according to their solvent
accessibility and secondary structure specificity. Same classification has been applied for mutations from chemical denaturation experiments which showed an overall correlation of
0.78 (SE 0.96 kcal/mol) with a prediction accuracy of 84.65%
for 1603 mutations.
Most of the validation tests showed >80% of the mutations
correctly predicted for both thermal and chemical stability
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Figure 1. Correlation coefficient (a) and prediction accuracy (b) between
experimental and predicted DDG from thermal (1518 mutations after the
removal of 20 outliers) and chemical denaturation experiments (1581 mutations
after the removal of 22 outliers). Three validation tests were carried out:
Split-sample (Train-Test), Jack-knife (JK) and k-fold (3-, 4-, 5-fold) cross
validation tests.

values (Figure 1b). For thermal DDG values, the split
sample and 5-fold cross validation tests showed a maximum
correlation coefficient of 0.77 respectively (Figure 1a). The
standard error of these tests remained to be <1 kcal/mol
for these tests. For the experimental DDGH2O values,
5-fold cross validation showed a correlation of 0.7 with
a standard error of 1.15 kcal/mol. Thus, the algorithm has
been tested for its reliability to accurately predict new
mutations.

COMPARISON WITH OTHER METHODS
Gilis and Rooman (5) developed statistical potentials to
predict the stability changes upon mutations, but the work
used only very few mutations due to scarcity of data.
Guerois et al. (6) developed a set of empirical energy functions
with known interactions and showed a correlation 0.75
between the experimental and predicted energy values for
1088 mutants from chemical denaturation experiments.
Capriotti et al. (3,17) developed neural networks and
support vector machines (SVMs) with a prediction accuracy
of 80%. Cheng et al. (4) also used SVMs and reported an
accuracy of 84%. Our previous method (18) based on
average assignment showed an accuracy, correlation and
standard error, respectively, in the range of 84–89%,
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that construct the prediction model are the atom potentials and
torsion angle potentials. These were derived from a set of 4024
non-redundant protein structures obtained from PISCES web
server (8). The atomic level organization of potentials exhibits
a wide coverage of local and non-local interactions. For the
atom potentials, a radial pair distribution function with an
atom classification system has been used. Here, the atoms
are classified into 40 different types (9) according to their
location, connectivity and chemical nature. Boltzmann’s
energy values were then calculated from the radial pair distribution of amino acid atoms (10).
Similarly, torsion angle potentials were derived from the
distribution of angles f and y for all the amino acids over 4024
protein chains. After calculating Boltzmann’ energy values, a
Gaussian apodization function (11) has been applied to assign
favourable energy values for the neighbouring orientations of
observed f–y combinations. This is useful for mutations that
adapt slightly altered orientations.
To improve accuracy and specificity of prediction, the mutations and mean-force potentials were classified according to
different structural regions. Initially, the secondary structure
specificity of mutations and mean-force potentials was implemented and the amino acids were classified into helices, sheets
and others. Later, the amino acids belonging to each of these
secondary structure elements were further subdivided according to their solvent accessibility (12). Thus, the prediction
model has been constructed.
The criteria to evaluate prediction model quality can be
divided into two principal steps: the ability to show high correlation (with minimized standard error) between the predicted
and experimental DDG of selected mutations with high accuracy to predict the change in stability, and the ability to satisfy
multiple validation tests to prove its reliability, accuracy
and transferability. Split-sample validation, jack-knife test
and k-fold cross validation tests (3-, 4- and 5-fold) were carried
out to prove these features.
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0.64–0.80 and 0.64–1.03 kcal/mol, and this method is applicable only to the pairs of mutants that are available in the
training dataset. The present method predicted the stability
of protein mutants with an accuracy in the range
of 80–87% with a standard error of 0.78–1.15 kcal/mol
which is comparable with or better than other methods in
the literature. In addition, CUPSAT is relatively faster than
many of the currently available algorithms. Usage of
neural networks or SVMs may exhibit bottlenecks in program
runtime for other cases.

The application server mainly includes two modules, accessible from the ‘Run CUPSAT’ menu item: predicting mutant
stability from already existing protein (Protein Data Bank,
PDB) structures and custom structures. For the latter, the
protein structure file must be formatted according to PDB
format and uploaded to the CUPSAT server. This module is
either needed for the proteins for which the structure has
not yet been submitted to PDB, or used for the modelled
structures.
Mutant stability from existing PDB structures
This module uses the structures available in the PDB. The
details of the mutation site needed for the input are the residue
number as well as the actual residue name present at that
position. The prediction model has been developed using
DDG or DDGH2O values, derived either from thermal or chemical denaturation experiments, respectively. So, an option
should additionally be selected by the user to deploy either
of these models for predicting mutant stability.
Upon submission, the details of the mutation site are
checked with the protein structure, accessing the PDB structure file. In some cases, the specified PDB structure may either
contain only one chain identifier or have no identifier explicitly present in the structure. Respectively, the algorithm
assumes that the specified residue ID belongs to the single
chain present in the structure. On the other hand, multiple
chains may be present in a protein structure with only one
chain having the specified residue at the specified position. In
this case, the algorithm assumes that the given mutation site
corresponds to that chain. For all other cases, chain ID must
be selected from the drop down menu populated in the next
screen.
Once the details of mutation site have been submitted to the
server, the server shows the structural details (solvent accessibility, secondary structure specificity and main torsion angles)
of the mutation site. These details were derived from the DSSP
(19) output generated for those PDB files. Upon clicking
‘Proceed’, the next screen shows comprehensive stability
information for 19 possible substitutions (Figure 2). These
include the overall stability change calculated using the
atom and torsion angle potentials together, the adaptation
(favourable or unfavourable) of the observed torsion angle
combination and the predicted DDG. The negative and positive
predicted DDG values mean the destabilizing and stabilizing
effect, respectively. Context specific reporting is available for
the PDB IDs that are either missing in the local repository or
erroneous.

Figure 2. The prediction results that show comprehensive information about
mutation site, secondary structural features and the information about stability
change.

Mutant stability from custom protein structures
When a protein structure is not available in the PDB, this
module can be used to upload a protein structure in PDB
format (20). The atom coordinates of the uploaded structure
must be formatted according to PDB file formats guide
(version 2.2). Once the upload is complete, the details, such
as file size and name of the uploaded structure are briefly
shown. Upon confirmation, the rest of process continues as
specified in the previous module (Figure 2).
The CUPSAT accesses the local PDB repository that is
updated once a month. Basic documentation has been given
in the help menu. The energy plots for the torsion angle potential have also been included with ‘Torsion angles’ menu item.
It includes the plots of Boltzmann’s energy values for 360*360
combinations of f and y. Limited support is also available for
the users through the feedback form.
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