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Abstract
The stability of membrane proteins differs from globular proteins due to the presence of nonpolar
membrane-spanning regions. Using a dataset of 929 membrane protein mutations whose effects on thermal stability (DTm) were experimentally determined, we found that the average DTm due to 190 stabilizing
and 232 destabilizing mutations occurring in membrane-spanning regions are 2.43(3.1) °C and 5.48
(5.5) °C, respectively. The DTm values for mutations occurring in solvent-exposed regions are 2.56
(2.82) and 6.8(7.2) °C. We have systematically analyzed the factors influencing the stability of mutants
and observed that changes in hydrophobicity, number of contacts between Ca atoms and frequency of
aliphatic residues are important determinants of the stability change induced by mutations occurring in
membrane-spanning regions. We have developed structure- and sequence-based machine learning predictors of DTm due to mutations specifically for membrane proteins. They showed a correlation and mean
absolute error (MAE) of 0.72 and 2.85 °C, respectively, between experimental and predicted DTm for
mutations in membrane-spanning regions on 10-fold group-wise cross-validation. The average correlation
and MAE for mutations in aqueous regions are 0.73 and 3.7 °C, respectively. These MAE values are
about 50% lower than standard deviations from the mean DTm values. The reliability of the method
was affirmed on a test set of mutations occurring in evolutionary independent protein sequences. The
developed MPTherm-pred server for predicting thermal stability changes upon mutations in membrane
proteins is available at https://web.iitm.ac.in/bioinfo2/mpthermpred/. Our results provide insights into factors influencing the stability of membrane proteins and can aid in designing mutants that are more resistant to thermal stress.
Ó 2020 Elsevier Ltd. All rights reserved.

Introduction
Transmembrane proteins have unique structural
features that interact with both lipid bilayers and
the aqueous environment. These proteins adopt
either an a-helical (single or multi-pass) or a bbarrel (in the case of porins) structural
conformation across the lipid bilayer and are
0022-2836/Ó 2020 Elsevier Ltd. All rights reserved.

involved in different biological processes including
signal transduction, transporting ions and
molecules across the cell or organelle membrane
and intercellular communication [1,2]. The stability
of membrane proteins is important for maintaining
the ability to fulfill their biological roles. The native
state of a protein is generally affected by several
internal and external factors such as mutations,
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pH, temperature, ion concentration and many
others [3–6]. Among them, missense mutations
(also known as single amino acid variants) play a
major role in altering folding, stability and functions
of membrane proteins, thus leading to different diseases including cancer and cystic fibrosis, among
many others [7–11]. For example, the F508S mutation in the cystic fibrosis transmembrane conductance regulator (CFTR) protein, which is
associated with the cystic fibrosis disease
decreases the thermal stability of the protein by
1.8 °C [12,13].
The stability of membrane proteins and their
mutants is experimentally determined by the
combination of site-directed mutagenesis and
equilibrium
unfolding
studies.
Specifically,
biophysical methods such as differential scanning
calorimetry, circular dichroism spectroscopy and
fluorescence spectroscopy are used to determine
the thermodynamic stability parameters such as
melting temperature (Tm), enthalpy change, heat
capacity change and Gibbs free energy (DG)
[6,14–18]. These experimentally measured stability
data for globular and membrane proteins are accumulated in ProTherm, the thermodynamic database
for proteins and mutants [19]. Recently, we have
constructed a thermodynamic database specifically
for membrane proteins and their mutants,
MPTherm (https://www.iitm.ac.in/bioinfo/mptherm/)
[20].
Several investigations have been carried out to
understand the factors influencing the stability of
proteins upon mutations as well as predicting their
induced changes in stability [21–36]. These methods are based on physicochemical properties, secondary structure, solvent accessibility, conservation
scores, position specific scoring matrices, noncovalent interactions, atomic contacts, statistical
potentials, knowledge-based potentials and different force field parameters. Saraboji et al. [33] proposed an average assignment method for
predicting the thermal stability (DTm) of globular proteins upon mutations. HoTMuSiC [34] and AUTOMUTE [35] use temperature-dependent statistical
potentials and residue environment scores, respectively, for their prediction. Most of the currently available stability prediction methods are generalpurpose, developed primarily for globular proteins,
and large-scale studies of membrane protein mutations are scarce. Kroncke et al. [37] predicted the
changes in free energy of 223 membrane protein
mutations and reported that the performance all
the methods is poor with the maximum correlation
of 0.37. Recently, however, a notable advancement
has been achieved. Pires et al., [36] developed a
method for predicting the Gibbs free energy change
(DDG) of membrane protein upon mutations using
sequence- and structure-based features, obtaining
a correlation of 0.72. Nevertheless, up until now,
there existed no methods for predicting the thermal

stability changes of membrane proteins expressed
in terms of altered melting temperatures DTm. With
our suite of machine learning predictors MPThermpred, we fill this gap and provide a complementary
approach to predicting DDG.
In particular, we have systematically analyzed the
thermal stability changes of missense mutations in
different types of membrane proteins and
developed topology-specific regression models for
predicting the changes in stabilities upon
mutations by utilizing various sequence- and
structure-based features, including sequence
conservation, physicochemical properties, contact
potentials, atomic contacts and interaction
energies. For mutations in membrane-spanning
and aqueous regions, we achieved a correlation of
0.73 and 0.77 and a mean absolute error (MAE)
of 3.1 °C and 2.2 °C, respectively using a blind
test set of 43 and 51 mutants. Further, our method
is able to distinguish between stabilizing and
destabilizing mutants with an accuracy of 77%.
We have developed a web server for predicting
the change in thermal stability of membrane
proteins upon mutations, which is freely available
at https://web.iitm.ac.in/bioinfo2/mpthermpred/.

Materials and Methods
Data collection and curation
The thermal stability data for membrane protein
mutations
with
known
three-dimensional
structures, measured in terms of the melting
temperature (DTm) were collected from the
MPTherm database [20]. To ensure comparable
physiological conditions, we considered the data
obtained within the pH range of 6–9. For the same
mutant with multiple DTm measurements we have
taken their average. A positive and negative sign
of DTm, represents stabilizing and destabilizing
mutations, respectively.
Non-redundant dataset
To avoid biases in the model, we constructed a
non-redundant dataset by removing redundancies
according to the following conditions [38]: (i) using
CD-HIT, we clustered protein sequences based
on their sequence identity, with cut-off of <40%,
and we included the representative protein mutations in the dataset (ii) for rest of the mutations,
we computed the residue conservation at the
mutated site by obtaining a multiple sequence alignments within a cluster and non-conservative mutations were included in the dataset (iii) in case of
conservative mutations, we looked up the type of
amino acid changes and only the mutations with different changes were included. The same strategy
has been used in our previous study [38]. These
stringent criteria yielded a final dataset of 929 mis2

Journal of Molecular Biology 433 (2021) 166646

A. Kulandaisamy, J. Zaucha, D. Frishman, et al.

sense mutations from 144 membrane proteins. The
complete data set with details on protein name, UniProt ID, mutation, topology, function, affected secondary structure element and solvent accessibility,
PubMed ID, experimental DTm, MPTherm database
accession number and variants used for group wise
cross-validation/test are provided in Table S1 as
well as at https://web.iitm.ac.in/bioinfo2/mpthermpred/dataset.html.

Amino acid substitution matrices and contact
potentials
We have collected a set of 94 amino acid
substitution matrices from the AAindex2 database
[39] and used these data directly for each mutation.
We used the immediate N-/C-terminal neighbor
residue information for calculating the changes in
amino acid contact potentials due to the mutation
from 47 contact potentials available in AAindex3
[41].

Computation of features for model
development

Conservation score and PSSM profile

We have derived several sequence and structurebased features for developing prediction methods,
which are discussed below.

We used a set of 18 types of conservation scores
for each mutation site obtained from the AACon tool
[42,43]. In addition, the position-specific scoring
matrix (PSSM) profile was constructed by using
PSI-BLAST with three iterations and an E-value cutoff of 0.001 [44]. From the PSSM matrix, we have
extracted the PSSM profiles of the wild-type residue,
mutant residue and the difference between them.

Sequence-based features
Sequence-based features were grouped into four
categories: (i) physicochemical properties, (ii)
neighboring residues, (iii) substitution matrices
and contact potentials, and (iv) conservation
scores and PSSM profiles.

Structure-based features.
Inter-atomic and
inter-residue contacts. We have computed various

parameters based on atomic and residue contacts
of wild-type and mutant structures, which are
listed below:

Physicochemical properties
A set of 253 physicochemical, energetic and
conformational properties of amino acid residues
was collected from the AAindex database and
literature [38–40]. The impact of mutations on each
property (DPmutation) was computed as the difference between the respective property values in
mutant and wild-type residues. It is given by
DP mutation ¼ P mutant

P wild

(i) Number of residue contacts between Ca and Cb
atoms between the wild-type residue and other
residues in the protein within a distance of 8 and
12 
A;
(ii) Normalized residue contacts by the length of the
protein;
(iii) Number of contacts made by 12 different types of
atoms used in AMBER [45] within a distance of
5
A;
(iv) Number of heavy atom contacts;
(v) Number of contacts between polar-polar, polarnonpolar, nonpolar-nonpolar and charged atoms;
(vi) Number of short, medium and long-range interactions [46];
(vii) Surrounding hydrophobicity of wild-type residue
and the whole protein [47];
(viii) Long-range order of wild-type residue and whole
protein [48];
(ix) Contact order of the protein [49];
(x) Total contact distance of the protein, normalized
by the protein’s size [50];

ð1Þ

type

where Pmutant and Pwild-type are the property values of the
mutant and wild-type residue, respectively.

Neighboring residue-based features
We have included the information on neighboring
residue features for the mutants using the equation:
DP local ¼ P i ðmutantÞ

Piþj

ðwild
2j þ 1

n¼i j P n

typeÞ

ð2Þ

where j = 1, 2 and 3 represent window lengths of 3, 5 and
7, respectively. 2j + 1 is the total window length, and ‘i’ is
the mutant position in the sequence.

Further, the 20 amino acid residues were
classified into six groups namely, aliphatic-small
(G, A), aliphatic-large (I, L, V and P), aromatic (F,
W, Y), sulfur-containing (C, M), polar (N, Q, S, T)
and charged (D, E, K, R, H). We considered the
distribution of amino acid residues belonging to
these classes around the mutated site using a
window length of 15 residues. Further, the
information about the wild-type, mutant and two
neighboring residues of the affected site were also
considered in our prediction method.

Impact of mutations due to surrounding
residues at the mutation site
We have included the influence of surrounding
residues using the following equation:
P str ðiÞ ¼ P mut P sur ðiÞ
P sur ðiÞ ¼

X

j

n ij :P j

ð3Þ
ð4Þ

where nij is the total number of residues of type j
surrounded by wild-type residue (i) of the protein within
3
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During the model development, the dataset was
grouped based on sequence identity and thus, we
have used the evolutionary independent mutations
in the training and test datasets. Further, the
model was validated by 10-fold group-wise and
leave-one-group-out
(ensuring
evolutionary
independence of sequences in each fold) cross
validation. We have considered each sequence
cluster as an individual group in the 10-fold groupwise cross-validation procedure. Moreover, the
performance of each model was tested with a
blind test set of data.

a distance of 8 
A, and Pj is the property value of residue
type j; Pmut is the property value of the mutant residue.

Contact potentials from protein structures
Generic contact potential matrices were collected
from the AAindex3 database [39]. We have identified the contacts between the wild-type residue
and other residues in the protein within a distance
of 8 
A and for each contact, the respective value
was retrieved from the contact potential matrix.
Energy terms

Assessment of prediction performance

The FoldX program was used to compute
energetic parameters including electrostatic, van
der Waals, hydrogen bond and entropic solvation
energies as well as the total energy for the wildtype and mutant protein structures [28]. We have
also considered the energy of the interactions
between different types of atoms and the total
energy obtained with the dDFIRE platform [51].

We have evaluated the performance of our
prediction methods using the Pearson correlation
coefficient (r) and MAE when comparing
experimental and predicted DTm values. Further,
sensitivity, specificity and accuracy were used to
assess the performance of distinguishing between
stabilizing and destabilizing mutants.

Other structural features

MAE ¼

The residue depth (Rd) and secondary structure
annotation of the wild-type residue were computed
using the DEPTH and DSSP programs,
respectively [52,53]. The wild-type residue solvent
accessibility was obtained from the NACCESS program using a probe size of 1.4 
A (H2O) for watersoluble regions. Similarly, the lipid accessibility of
mutations in the membrane regions was determined by setting the size of the probe to 2.0 
A
(-CH2) [54].

Pn

i¼1

j x pred ði Þ
n

x exp ði Þ j

ð5Þ

where xexp(i) and xpred(i) represent the experimental and
predicted DTm for ith mutant, respectively; n is the total
number of mutants.
P
P
P
n ð xy Þ ð x Þð y Þ
r ¼ rffihffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiiffiffiffihffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiiffiffi
P
P
P
P
n x 2 ð x Þ2 n y 2 ð y Þ2

Membrane protein-based features
Further, we have also obtained membrane
protein-specific features including the number of
membrane-spanning segments and topology
information (inside/outside) from the PDBTM
database [55].

ð6Þ

Sensitivity ðSNÞ ¼

TP
TP þ FN

ð7Þ

Specificity ðSPÞ ¼

TN
TN þ FP

ð8Þ

Accuracy ðACCÞ ¼

TP þ TN
TP þ TN þ FP þ FN

Balanced accuracy ðBACÞ ¼

SN þ SP
2

ð9Þ

ð10Þ

where, TN, TP, FP and FN represent true negatives, true
positives, false positives and false negatives,
respectively.

Feature selection and model validation
We have used the following procedure to select
the features and develop the prediction model
[56]: (i) from a systematic search of all possible
combinations of two features, we selected the top
50 unique pairs, which showed the highest correlation with the experimentally-determined thermal
stability change; (ii) utilizing the top ranked features
in these 50 pairs, we have carried out a systematic
search across all possible combinations of 5 features; (iii) we implemented the forward feature
selection method in which each single feature is
included along with the best combination of other
features and examined the performance (correlation and MAE; see below); and (iv) extended the forward selection until there was no increase in
correlation or decrease in MAE during 10-fold
group-wise cross-validation procedure.

Results and Discussion
Distribution of thermal stability data for
membrane protein mutations
The distribution of experimental thermal stability
values of 929 membrane protein mutations (DTm)
at different intervals is shown in Figure 1. We
observed that 42% mutants stabilize membrane
proteins, whereas an opposite trend was observed
for 58% mutants. Further, 16% and 34% of the
mutants have a change in thermal stability of less
than ±1 and ±2 °C, respectively. Interestingly,
11% of mutants drastically alter the stability of
membrane proteins yielding a DTm of more than
4
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Figure 1. Distribution of thermal stability (DTm) changes caused by membrane protein mutations.

10 °C. The two most extreme cases are for the
mutant G149V in the Copper-transporting ATPase
2 protein, which decreases the stability by 38 °C
[57] and the T61I in the Envelope glycoprotein
gp160 from the Simian immunodeficiency virus,
which increases the stability by 21 °C [58].

aqueous regions, 33 mutations in viral proteins
decrease the Tm by about 15°, which is 2- to 3fold stronger than the respective effects in
eukaryotes and prokaryotes. A similar tendency
was also observed for stabilizing mutants.
Stability of mutations based on structural and
functional classes

Stability of mutations in membrane spanning
and aqueous regions of membrane proteins

We have compared the effects of mutations on
the stability of a-helical and b-barrel membrane
protein structures. We observed that in a-helical
proteins, 187 stabilizing mutations in membrane
spanning regions increase the average Tm by 3 °
C, whereas 223 destabilizing mutations showed
an average decrease in Tm of 5.4 °C. Further,
the effect of destabilizing mutations is higher in
aqueous regions ( 6.99 °C) than the membrane
spanning regions ( 5.41 °C). On the contrary, in
b-barrel membrane proteins, the effect of
destabilizing mutations in membrane spanning
regions ( 7.4 °C) is stronger than in the aqueous
regions ( 4.99 °C).
Based on functions, receptor mutations in
transmembrane regions enhance the average
stability by 4 °C, which is higher than the
respective change in aqueous regions (2.8 °C). In
addition, transporter mutations have similar
average DTm for both stabilizing (2.6 °C) and
destabilizing mutations (6.5 to 6.8 °C) in
membrane-spanning and aqueous regions.
Finally, mutations of multi-pass proteins, on
average, increase the protein stability by 3 and
2.5 °C in membrane and aqueous regions,
respectively(Table S2).

We have classified the location of mutations into
two groups, namely membrane and aqueous
(including the both cytoplasmic and extracellular)
regions based on the protein’s topology. We
observed that 44% of mutations in membranespanning regions and 40% in aqueous regions
stabilize membrane proteins. Further, we have
classified the mutations based on different
kingdoms of life as well as structure and function
of membrane proteins, and analyzed the stability.
Table S2 presents the average DTm of stabilizing
and destabilizing mutations in membranespanning and aqueous regions of membrane
proteins
distinguished
based
on
various
classifications.
Mutations in membrane-spanning regions of
eukaryotes have similar magnitudes of effects on
stability, regardless of the direction of change: the
average Tm for stabilizing and destabilizing
mutations is 3.24 °C and 3.46 °C, respectively.
Further, the Tm of stabilizing mutations is similar in
both transmembrane and aqueous regions, within
a deviation of 2 °C. In prokaryotes, the average
increase in Tm of stabilizing mutations in
membrane-spanning regions is half (1.82 °C) of
the respective value for eukaryotic proteins (3.24 °
C). Interestingly, the average DTm for destabilizing
mutations in eukaryotes and prokaryotes are
3.5 °C and 8.9 °C, respectively, suggesting
that prokaryotic proteins are more prone to
become destabilized upon mutations. Further, in

Comparison of mutations in topologically
similar regions of proteins
We compared the thermal stability of mutations in
the transmembrane and aqueous regions of
5
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membrane proteins against buried and exposed
regions of globular proteins, respectively. The
thermal stability data of globular protein mutations
were retrieved from the ProTherm database [56],
and we have considered the mutations, which have
at least 10 data on stability in the respective regions.
The percentage of common stabilizing mutations in
membrane-spanning regions versus buried mutations as well as exposed mutations in aqueous
regions of membrane and globular proteins are presented in Table S3. Interestingly, we observed that
more than 80% of V ? A and I ? A mutations in
transmembrane regions stabilize membrane proteins, whereas this is true for less than 10% of cases
in the buried regions of globular proteins. A similar
tendency was observed for L ? A (Table S3a).
We have analyzed the structural implications of
these mutations and observed that membrane
protein stability upon changes from large to small
hydrophobic residues are attributed with increased
packing at helix–helix interfaces, reduction in
flexibility and enhanced energetic contribution due
to hydrophobic and van der Waals interactions.
Notably, this is in stark contrast to the effects
observed in globular proteins. Specifically, (i)
small aliphatic residues (Ala, Gly) and small
hydroxyl-containing residues (Ser, Thr) exhibit a
high packing tendency in membrane regions,
primarily at helix–helix interfaces [59,60], (ii) mutation of Leu to Val and Ile to Ala diminishes steric
interactions in transmembrane helix associations
[61,62] while (iii) large hydrophobic (Leu, Ile, Val)
and aromatic (Phe, Tyr, Trp) residues are major
contributors of protein stability in the hydrophobic
cores of globular proteins [59].
In aqueous regions, 75% of K ? A mutations are
stabilizing in membrane proteins, whereas only
25% of mutations in exposed regions of globular
proteins show a similar trend (Table S3b). The
effect of R ? A is also more pronounced in
membrane proteins than in globular proteins. E ?
A has a similar tendency in both membrane and
globular proteins.

environment were grouped into three categories:
(i) buried mutations in regular secondary structures
(helices and strands), (ii) exposed mutations in regular secondary structures and (iii) coil mutations. In
each group, the experimental thermal stability
change is related with sequence and structurebased features of membrane protein mutants using
multiple linear regression and the details are provided in Tables S4–S8.

Mutations in membrane spanning regions of
transporters and other proteins
We have developed a specific method for
mutations, which are located in membranespanning regions of transporters and enzymes.
This dataset comprises of 286 mutations from 34
proteins and the thermal stability changes
encompass a wide range from 28.1 to 11.4 °C
(Figure S1a). We developed a regression model
using 12 sequence and structure based features,
which showed a correlation and MAE of 0.75 with
3.2 °C, respectively, between the experimental
and the predicted thermal stability change on 10fold group-wise cross-validation (Figure 2(a)).
Further, the method was also validated with leaveone-group-out and we obtained a correlation of
0.75 (Table S9).
The selected structure-based features are
primarily based on the change in the backbone
hydrogen bond energy and the total energy from
the FoldX program, the difference in van der
Waals contacts and the number of carbon atoms
within a 5 
A distance, the surrounding
hydrophobicity of the wild-type residue and the
average number of Ca atom contacts of the wildtype residue. The selected sequence-based
features include the bulkiness of the residue,
transmembrane-helix forming tendency, interresidue protein contact energies (MIYS990101),
the conservation score obtained by the TAYLOR
method, residue depth-dependent amino acid
substitution matrices and the number of aliphatic
small-sized residues (Gly and Ala) (Table S10).

Prediction on thermal stability of membrane
protein mutations
We have developed machine learning predictors
of the change in stability of membrane proteins
upon mutations, separately for two topological
environments: (i) membrane and (ii) aqueous.
Mutations in membrane-spanning regions were
classified into two groups based on their functions:
(i) receptors and (ii) others, which include
transporters and enzymes. The functional
information on membrane proteins were retrieved
from the UniProt database. Saraboji et al. (2006)
showed that the classification of mutations based
on their secondary structure and solvent
accessibility improved the prediction performance
of the stability change of globular proteins upon
mutations [33]. Hence, mutations in the aqueous

Mutations in membrane spanning regions of
receptors
In receptors, 136 mutations are located in
transmembrane segments of 17 proteins and their
induced thermal stability change varies from 9.4
to 13.8 °C. In this dataset, 52% of mutations are
destabilizing and their average change in thermal
stability is 3.6(2.5) °C. We used 12 sequence
and structure-based features (Table S10) and
developed a method for predicting the thermal
stability change upon mutation. Our method
showed a correlation of 0.68 with MAE of 2.5 °C in
10-fold group-wise cross-validation between
experimental and predicted DTm (Figure S1b).
6
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Figure 2. Performance of MPTherm-pred in 10-fold group-wise cross-validation and on the blind test dataset for
each model. (a) Membrane-spanning; : 10-fold group-wise cross-validation, transporters; d: 10-fold group-wise
cross-validation, receptors; ◻: blind test, transporters; j: blind test, receptors. (b) Aqueous regions: : 10-fold groupwise cross-validation, exposed; ◻: 10-fold group-wise cross-validation, buried; 4: 10-fold group-wise crossvalidation, coil; d: blind test, exposed; j: blind test, buried; ▲: blind test, coil.

within a MAE of 4.3 °C on 10-fold group-wise
cross-validation (Figure S1d).

Buried mutations in regular secondary
structures
The dataset of buried mutations in helical and
strand segments contains 127 mutations from 40
proteins. Among them, 43% are stabilizing with an
average DTm of 2.9(2.6) °C and 57% are
destabilizing and DTm vary from 35 to 10.13 °C.
We have developed a multiple regression model
using 11 sequence and structural features to
predict the change in thermal stability. The
selected features include van der Waals energy,
solvent accessibility of non-polar atoms, torsional
angles, contact potentials, polarizability, frequency
of polar residues around the mutation site and
conservation score (Table S10). Our method
achieved a correlation of 0.74 and MAE of 3.6 °C
between experimental and predicted change in
thermal stability on leave-one-group out cross
validation (Figure S1c).

Coil mutations in aqueous regions
The thermal stability change (DTm) of coil
mutations in aqueous regions varies from 38 to
8.2 °C. The dataset consists of 199 mutations
across 63 proteins. We have used 11 sequence
and structure-based features for predicting the
change in the thermal stability, which are
presented in Table S10. We obtained a correlation
of 0.73 and 0.79 on 10-fold group-wise crossvalidation and test set, respectively (Figure S1e).
The MAEs of 10-fold group-wise cross-validation
are 3.2 °C (Figure 2(b)).
Validation on a blind test set of mutants
We have constructed a test set comprising 94
mutations
that
occurred
in
evolutionarily
independent sequences. The number of mutants
in five categories based on topology and location
is presented in Table S11. The performance of
our methods for predicting the change in thermal
stability and distinguishing between stabilizing and
destabilizing mutations is also included in this
table. We observed that our method is capable of
distinguishing
between
stabilizing
and
destabilizing mutants in membrane spanning
regions of receptors and transporters at an
accuracy of 100% and 76%, respectively. Further,
our method predicted the change in thermal
stability of receptors and transporters with a
correlation and MAE of 0.7 and 2.4 °C, and 0.76
and 3.7 °C, respectively.
For buried and exposed mutations, which are
located in regular secondary structural elements,
we achieved an accuracy of 72% and 88%,

Exposed mutations in helical and strand
segments
One hundred eighty mutations occurred in
secondary structures (helical or strand) of solventexposed segments across 58 membrane proteins.
The changes in thermal stability (DTm) imposed by
these mutations are scattered between 35 to
21 °C and their mean is 3.8 °C. We employed
15 different features, including electrostatic
energy, contact potentials, change in solvent
accessibility of polar atoms, change in
hydrophobicity, number of heavy atomic contacts
of the wild-type residue and the PSSM profile, to
predict the change in thermal stability (DTm) of the
proteins upon these mutations. These resultant
model predicts the change in thermal stability
7
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respectively. Further, our method showed a
correlation of 0.79 and MAE of 1.4 °C for a set of
20 mutations in coil regions with a classification
accuracy of 85%. Overall, our method predicted
the stability of 94 evolutionary independent
membrane protein mutations with a correlation,
MAE and accuracy of 0.70, 2.7 °C and 83%,
respectively.

mutations using eight different methods available in
the literature. All existing methods are developed for
globular proteins except mCSM-membrane and for
predicting the free energy change upon mutation
[36]. The discrimination results are included in
Table 1. We observed that mCSM-membrane distinguished between stabilizing and destabilizing
mutants at an accuracy of 67%. In comparison,
our method showed an accuracy of 83%, which
makes it better than all other existing methods in
the literature.
In addition, we have examined the performance
of our method in predicting the effects of the
previously discussed large to small residue
replacements (Val to Ala, Leu to Ala and Ile to
Ala) mutations. Our method showed a balanced
accuracy of 76% in distinguishing between the
stabilizing and destabilizing mutants. Further, 69%
of mutants were predicted within the MAE of 3 °C.
On the other hand, the performance of the
methods FoldX, AUTOMUTE and HOTMuSiC,
which were developed for globular proteins,
showed a balanced accuracy of 47%, 50% and
57% respectively. Furthermore, only 9% and 46%
of mutants were predicted within the MAE of 3 °C
using AUTOMUTE and HOTMuSIC, respectively.

Comparison with existing methods
We have compared the performance of our
method with other existing methods in the
literature with respect to two aspects: (i) predicting
the change in thermal stability and (ii)
distinguishing
between
stabilizing
and
destabilizing mutations. We noticed that only two
methods, namely, AUTOMUTE [35] and HoTMuSiC [34] are available in the literature for predicting
the change in thermal stability upon mutation and
both of the methods were developed as generalpurpose predictors trained primarily on globular proteins. The correlation and MAE of our method on a
test set of 94 mutations along with the results
obtained with AUTOMUTE [35] and HoTMuSiC
[34] are presented in Table 1. Our method predicted
the change in thermal stability within a MAE of 2.7 °
C, whereas it is 4.2 °C and 4 °C using AUTOMUTE
and HoTMuSiC, respectively. This comparison
showed that the performance of our method is
higher than that of the other methods existing in
the literature, most likely due to the fact that our
method is specifically designed for membrane proteins. Further, we have examined the capability of
distinguishing between stabilizing and destabilizing

Web server development
We have developed a web server for predicting
the change in thermal stability (DTm) of membrane
protein mutations and it is freely available at
https://web.iitm.ac.in/bioinfo2/mpthermpred/. The
web server takes the PDB code, mutation
information and the functional class of the protein

Table 1 Comparison of MPTherm-pred with other existing methods on a test set of 94 mutations
Methods

Prediction performance
Correlation (r)

MAE (°C)

AUTOMUTE SVM [35]
AUTOMUTE_REPT [35]
HoTMuSiC [34]
MPTherm-pred

0.02
0.15
0.12
0.73

4.0
4.5
4.0
2.7

DynaMut [24]
ENCoM (DynaMut) [24]
mCSM [26]
SDM [63]
DUET [27]
SDM2 [64]
I-MUTANT 3 [21]
FoldX [28]
MAESTRO [29]
MuPro [22]
CUPSAT_Denaturation [30]
CUPSAT_Thermal [30]
PoPMuSiC [31]
INSP [32]
mCSM-membrane [36]
MPTherm-pred

Discrimination performance
Accuracy (%)
51.6
60.4
63.7
54.9
59.3
54.9
72.8
50.0
55.3
72.3
39.8
59.0
37.3
67.8
67.0
83.0

Balanced accuracy (%)
48.5
52.6
46.4
55.2
50.7
50.0
53.1
59.5
51.3
51.1
51.8
59.0
56.0
53.4
52.2
77.6
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(receptor or others) as inputs. It automatically
retrieves the membrane topology information from
the PDBTM database [55]. Further, based on the
membrane topology and structural conformation, it
chooses the appropriate method and displays the
output results in a table format, which contains the
information about PDB accession, mutations and
their effect on the membrane protein’s stability. A
detailed tutorial is also provided on the web page.

manuscript; J.Z., D.F. and M.M.G. refined the
manuscript; All authors read and finalized the
manuscript.

Appendix A. Supplementary data
Supplementary data to this article can be found
online at https://doi.org/10.1016/j.jmb.2020.09.005.
Received 15 August 2020;
Accepted 4 September 2020;

Conclusions
In this study, we have constructed a nonredundant dataset comprising changes in thermal
stability (DTm) of membrane proteins upon
mutations, taken from the MPTherm database and
analyzed the importance of sequence and
structure-based features for predicting the change
in stability. We have developed topology-specific
multiple linear regression models for predicting
DTm, which showed a correlation and MAE of 0.73
and 3.2 °C, respectively, between experimental
and predicted stabilities on 10-fold group-wise
cross-validation. It could also successfully
distinguish between stabilizing and destabilizing
mutants at an accuracy of 77%. The performance
of our method is better than other tools that are
currently available. The developed models are
provided in a web server, which can be used for
large-scale stability predictions on membrane
protein mutations. The tool is useful for designing
new stable mutants, understanding the factors
influencing the stability of membrane proteins and
exploring the complex relationships between
membrane protein structure, stability and function.

Keywords:
membrane proteins;
thermal stability;
missense mutations;
stabilizing and destabilizing;
disease-causing mutations

Abbreviations:
PSSM, position-specific scoring matrix; MAE, mean
absolute error
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