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Table S1. Datasets for prediction of protein stability.

Dataset Stabilizing/Neutral Destabilizing Proteins Source

$238! 45 193 25 ProTherm (Feb 2013)
$16761 453 1,223 70 ProTherm (Feb 2013)
$26482 568 2,080 131 ProTherm
$3502 90 260 67 ProTherm
$21553 NA NA 79 ProTherm (Dec 2004)
$33664 836 2,530 NA Prethermut
$14805 464 1,016 NA NA

$18596 NA NA 64 NA

$12107 NA NA NA NA

$5958 NA NA NA NA

$918° NA NA 27 NA

$342110 NA NA 150 NA

$1615 462 1,153 42 ProTherm
$3881! 44 340 17 ProTherm
$157312 315 1,258 93 ProTherm
$192513 NA NA 55 NA

$346314 NA NA NA NA

$194815 NA NA NA NA

$176516 NA NA NA NA

$1538%7 NA NA NA NA

$1603%7 NA NA NA NA

$16264 461 1165 93 ProTherm (in part)
$239918 NA NA 113 ProTherm
Trudeau?? 34 231 1 Experimental

NA — information was not available in the article
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Table S2. Software tools for prediction of protein stability.

Method Basis of prediction | Availability | Input | Output | Mutations | Dataset Validation
Machine learning
EASE-MM! SVM web sequence ddG single S1676 10-fold crossvalidation
MuStab? SVM web sequence binary + single $1480 5-fold crossvalidation
(unavailable) confidence
ProMaya3 Random forest web structure ddG single $2648, S2155 5 and 10-fold
crossvalidation
mCSM4 Graph based web structure ddG single $2648, S350, 5 and 10-fold
51925 crossvalidation
ELASPICS SVM + HMM web structure ddG single/multiple S3463 20-fold crossvalidation
MuPro® SVM web seq/struct ddG single $1615 20-fold crossvalidation
I-Mutant2.07 SVM web seq/struct ddG single 51948 crossvalidation
TopologyNet?® Deep learning web structure ddG single 52648, S350 5-fold crossvalidation
PROTS-RF? Random forest SA structure ddG single/multiple S2155 5-fold crossvalidation
MAESTRQ?0 ANNs + SVM + SA/web structure ddG + single/multiple, $2648, S350, 5/10/20-fold
multiple linear confidence disulfide bridges $1925, 51765 crossvalidation and
regression + statistical performance test
potentials
Iptree-stab?? Decision tree web partial binary Single 51859 4/10/20-fold
(unavailable) sequence crossvalidation
INPS-MD12 Support Vector web sequence ddG Single S2648 10-fold crossvalidation
Regression
iStable!3 SVM web structure ddG Single $2648, 51948 5-fold crossvalidation
Prethermut?4 SVM + RF SA structure ddG single/multiple 53366 10-fold crossvalidation
Force field calculations
PopMusic!® SEEF web structure ddG single 52648 5-fold crossvalidation
Foldx16 SEEF SA structure ddG single NA NA
CUPSATY Atom potentials and web structure ddG single 51538, S1603 3/4/5-fold crossvalidation
torsion angles
Rosettal® PEEF SA structure ddG single/multiple $1210 20-fold crossvalidation
ERIS®? PEEF SA structure ddG single S595 crossvalidation
CC/PBSA20 PEEF SA structure ddG single NA 5-fold crossvalidation
DMutant?! Amino acid potentials | SA structure ddG single S918 independent
and torsion angles
SDM?22 SEEF web structure ddG single 52648, S350 independent
HotMusic?3 SEEF web structure dTm single 51626 5-fold crossvalidation
STRUM24 SEEF SA/web structure ddG single S3421 5-fold crossvalidation
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http://sparks-lab.org/server/ease/protein/
http://bioinfo.ggc.org/mustab/
http://bental.tau.ac.il/ProMaya
http://biosig.unimelb.edu.au/mcsm/
http://elaspic.kimlab.org/
http://mupro.proteomics.ics.uci.edu/
http://folding.biofold.org/i-mutant/i-mutant2.0.html
http://weilab.math.msu.edu/TDL/
https://biwww.che.sbg.ac.at/maestro/web
http://bioinformatics.myweb.hinet.net/
https://inpsmd.biocomp.unibo.it/inpsSuite
http://predictor.nchu.edu.tw/iStable/
http://dezyme.com/
http://cupsat.tu-bs.de/
http://marid.bioc.cam.ac.uk/sdm2/prediction
http://dezyme.com/
https://zhanglab.ccmb.med.umich.edu/STRUM/

AUTO-MUTE?S | SEEF/ML SA | structure | binary/ddG | single NA NA
Phylogenetic analysis
HotStopWizard?6 CA web seq/struct hotspots single/multiple NA NA
FastML?7 ML web MSA + tree seq multiple Protein NA
RaxML28 ML SA/web MSA phylogeny multiple sequence NA
MLGO? ML web MSA +tree | seq+ multiple databases such | NA
phylogeny as
Ancestors3? ML web MSA +tree | seq+ PP multiple UniProt NA
(unavailable)
PARANA3L MP SA MSA + tree biological multiple NA
networks
HandAlign32 BA SA MSA + tree seq+ PP+ multiple NA
phylogeny
TreeTime33 BA SA MSA + tree seq + PP + multiple NA
phylogeny
PAML34 ML SA MSA + tree seq + PP + multiple NA
phylogeny
PhyloBot3> ML web MSA seq + PP + multiple NA
phylogeny
MaxAlike36 ML web MSA + tree seq + PP + multiple NA
seq logo
Hybrid methods
FireProt3” Evolution + energy web structure mutations + multiple S1573 performance test
ddG
PROSS38 Evolution + energy web structure mutations multiple Trudeau NA
FRESCO3? Evolution + energy SA structure mutations multiple experimental Experimental
Other methods
pStab?0 Equilibrium web structure unfolding charged residues NA NA
thermodynamics curves
fitting on Wako—
Saito—Mufioz—Eaton
model
Encom#! Normal mode analysis | web structure ddG single
(unavailable)
Neemo#? Residue interaction web structure ddG single $2399 independent
networks

SA — Stand alone; CA — Conservation analysis; ML — Maximum likelihood; PEEF — Physical force-field; SEEF — Statistical force-field; MP — Maximum parsimony; BA — Bayessian; NA —
Information not available in the article; PP = Posterior Probabilities; Characteristics of datasets is provided in Table S1; Method — hyperlinks refer to the web pages of the method
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http://binf.gmu.edu/automute/AUTO-MUTE_Stability_ddG.html
https://loschmidt.chemi.muni.cz/hotspotwizard/
http://fastml.tau.ac.il/
https://raxml-ng.vital-it.ch/#/
http://www.geneorder.org/
http://ancestors.bioinfo.uqam.ca/ancestorWeb/
http://www.phylobot.com/
https://rth.dk/resources/maxalike/submit.php
https://loschmidt.chemi.muni.cz/fireprot/
http://pross.weizmann.ac.il/bin/steps
http://pbl.biotech.iitm.ac.in/pStab/
http://bcb.med.usherbrooke.ca/encom
http://protein.bio.unipd.it/neemo/

Table S3. Datasets for prediction of protein solubility.

Name Description Contents | AV | Advantages | Disadvantages Value Method PS
Protein sequences

eSQL20.21 Solubility of entire ensemble |4,132 proteins Y highly consistent dataset, | only E.coli proteins, in vitro system, 0-100 % Ratio of supernatant and non- |Y
E.coli proteins individually solubility value in %, low number of negative samples centrifuged protein fraction
synthesized by PURE system effect of chaperones (26 cytosolic proteins), especially after

chaperones added

TargetTrack?? | Data from Protein Structure |297,404 proteins, |Y the largest source of low-quality trial annotations, especially | No explicit value, Mixed N
Initiative project. Previously |961,548 trials experimental data, of unsuccessful trials, solubility might be | binary solubility
known as PepcDB or description of either over- or underestimated has to be deduced
TargetDB. experimental protocols | depending on extraction method, from trial status

used unreliable annotation of expression
system, strict database pre-processing
can significantly reduce database size

NESGZ3 Subset of TargetTrack. 9,644 proteins Y* | consistent data from created between 2001 and 2008 in the Integer score from | Yield in supernatant after low- |Y
Results from high- uniform protein first PSI project phase - the high Oto5 speed centrifugation
throughput platform production pipeline of throughput pipeline might not reflect
developed by North East the NESG current advances in experimental
Structural Genomics methods
Consortium.

HGPD?2> Data from genome-scale 5,100 proteins N consistent expression only human cDNA Binary Detection of specific activities |Y
experiment to assess the expressed in E.colli, and solubility data from of the 14 C-Leu and 35 S-Met
overexpression and the 2,932 proteins uniform pipeline, radioisotopes. Binary solubility
solubility of human full- expressed in wheat DNA-level information based on ratio of signal
length cDNA inaninvivo E. |germ cell-free intensity of soluble fraction
coli expression system and a | system, and signal intensity of whole
wheat germ cell-free 289 proteins sample
expression system expressed in

Brevibacillus

Periscope?® | Solubility of proteins 98 proteins Y unique data on very small dataset Three state: low, Literature search N
expressed in periplasm of E. expression in E. coli medium, high
coli. periplasm.

AMYPdb?7 Online database dedicated to | 12,069 proteins, Y amyloid sequence not actively maintained and enriched, Binary Literature search, keyword N

amyloid precursor families
and to their amino acid
sequence signatures.

6,454 patterns

patterns derived from
known amyloid families

result of database mining

mining in UniProtKB,
extraction of PROSITE motifs
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ftp://ftp.biosciencedbc.jp/archive/esol/LATEST/README_e.html
http://dx.doi.org/10.5281/zenodo.821654
http://hgpd.lifesciencedb.jp/
http://lightning.med.monash.edu/periscope/dataset.docx
http://amypdb.genouest.org/e107_plugins/amypdb_project/project.php

Protein fragments

AmylHex & A data set of six-residue 158 hexapeptides, one of the first sets of strong overrepresentation (51%) of Binary Literature search
AmylFrag?8 peptides including positive 45 amyloidogenic fibril-forming fragments | point mutations of the amyloidogenic
and negative examples of protein fragments hexapeptide STVIIE
fibril formation
WALTZ-DB?® |Experimentally verified 1089 peptides many samples only 244 amyloidogenic peptides Binary Fourier Transform Infrared
amyloidogenic hexapeptides experimentaly Spectroscopy, Proteostat Dye
validatated by authors Binding, Transmission Electron
Microscopy, FoldX Modelling
of Structural Zipper class
AmyLoad3° Amyloidogenic and non 1481 protein aggregated from various |only 444 amyloidogenic fragments Binary Data selected from WALTZ-DB,
amyloidogenic protein fragments datasets, AmylHex, AmylFrag and
fragments, experimentally or additional manual validation datasets of
computationally curation and references AGGRESCAN and TANGO,
characterized. detailed information obtained
by manual inspection of over
90 publications
HPA31 Data from high-throughput | 16,082 protein consistent high- only human protein fragments, Integer score from | Protein concentration after
screening of human protein | fragments ranging throughput expression fragmentation prevents folding into Oto5. separating protein precipitate
fragments used for antibody |from 20 to 150 and solubility data, globular protein using centrifugation
screening (Protein Epitope amino acids DNA-level information
Signature Tags - PrESTs). Part
of Human Protein Atlas
project.
CPAD3? Amyloid peptides and 1,681 peptides unique resource for no clear database structure, not easily Binary Literature search, other data
aggregation rates upon 2,356 agg. rate validating mutation downloadable amyloidogenicity, |taken from GAP dataset,
mutations. Amyloid peptides | changes upon effect on protein continuous WALTZ-DB, PDB

with known structure.
Verified aggregation prone
regions.

mutation,
76 agg. prone
regions (APR)

aggregation

aggregation rate

Protein variants

OptSolMut33

Mixed single-point and multi-
point protein variants.

137 variants of 19
proteins.

multi-point mutations,
nearly balanced amount
of positive and negative
samples

small dataset

Binary

Literature search

CamSol34 Mixed single-point and multi- | 56 variants of 19 multi-point mutations very small dataset, only three mutation | Three levels, '-', Literature search
point protein variants. proteins. decreasing solubility neutral, '+'
PON-Sol35 Single-point protein variants | 443 variants of 71 unique resource for small dataset, 222 mutations with no Five levels: '--', '-' Literature search

proteins

validating mutation
effect on protein
solubility

effect, only 85 increasing solubility and
136 decreasing solubility

’

neutral, '+', "++'

AV — Availability; PS — Primary source; *Available only at request; Name — hyperlinks refer to the web pages of the dataset
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https://www.ncbi.nlm.nih.gov/pmc/articles/PMC1449648/bin/pnas_0511295103_index.html
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC1449648/bin/pnas_0511295103_index.html
http://waltzdb.switchlab.org/
http://comprec-lin.iiar.pwr.edu.pl/amyload/
https://github.com/SBRG/Protein_ML
http://www.iitm.ac.in/bioinfo/CPAD/
http://www.math.wsu.edu/math/faculty/bkrishna/DT/OptSolMut/SolMut_Dataset.xls
https://ars.els-cdn.com/content/image/1-s2.0-S0022283614005312-mmc2.xlsx
http://structure.bmc.lu.se/VariBench/PON-Sol_data.xlsx

Table S4. Software tools for prediction of protein solubility.

Method Approach | Type? | Availability® | Input | Output | Dataset source | Dataset size Validation®
Protein sequence solubility
Revised Wilkinson- | Discriminant ML Equation Sequence Propensity own experiments 81 proteins no independent test set,
Harrison36:37 analysis ACC 88 %
SOLpro38 Two-layer SVM ML SA - Linux, Sequence Propensity TargetTrack, 17,408 proteins 10-fold crossvalidation,
web SwissProt, PDB MCC 0.487,
ACC 60%, MCC 0.20 on newer test set3?
PROSO [|40 Logistic regression, | ML, SS |web Sequence Propensity TargetTrack, PDB 82,299 proteins 10-fold cross-validation,
Parzen window MCC 0.421,
ACC 64%, MCC 0.34 on newer test set3?
ESPRESSO?* SVM ML, SP | web Sequence, expression | Propensity, HGPD 5,100 proteins (E. coli MCC 0.42 for property-based solubility
system binary decision, expression system) in E.coli
mutations 2,932 proteins (wheat germ
increasing cell-free expression system)
solubility 289 (Brevibacillus expression
system)
ccSOL omics?#142 SVM ML web Sequence Propensity, TargetTrack 36,990 proteins 10-fold cross-validation,
profile ACC 78%
Periscope?® SVM ML web Sequence Propensity literature 98 proteins expressed in independent test set of 15 proteins
periplasm of E. coli ACC 78%, PC0.77
Protein-Sol43 Linear regression ML web Sequence Propensity eSOL 2,395 proteins no independent solubility test set,
ACC 90% on train set
DeepSol*4 CNN ML SA - Python Sequence Propensity PROSO Il unfiltered | 69,420 proteins ACC 77%, MCC 0.55
set
SoluProtunderreview | Random forests ML SA - Python Sequence Propensity TargetTrack 10,912 proteins ACC 58% on independent balanced test
set of 3,788 proteins from NESG dataset
Solubility profile
Zyggregator>46 Linear regression ML web Sequence, pH Profile literature 79 variants of 15 proteins leave-one-out cross-validation, PC 0.91,
validated on several case studies
AGGRESCAN#7:48 Custom regression | ML web Sequence Profile own experiments |20 AB42 variants at position | validated on various protein sets from
19 literature
TANGO*® Custom regression | ML web, SA - Sequence, pH, Profile literature 179 fragments of 21 proteins | MCC 0.70 on 71 experimentally
and statistical Linux, temperature, ionic and 71 peptides from human | measured peptides
potentials Windows, strength, disease-related
Mac OS concentration, N-, C- proteins
term protection
BETASCANS0 Pairwise ML web, SA - Perl | Sequence Profile PDB not published validated on 120 protein fragments from
probabilistic TANGO dataset,
analysis ACC 80%
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http://scratch.proteomics.ics.uci.edu/
http://mbiljj45.bio.med.uni-muenchen.de:8888/prosoII/prosoII.seam
http://cblab.meiyaku.jp/ESPRESSO/Submission.php
http://s.tartaglialab.com/new_submission/ccsol_omics
http://lightning.med.monash.edu/periscope/
https://protein-sol.manchester.ac.uk/
https://github.com/sameerkhurana10/DSOL_rv0.2
https://loschmidt.chemi.muni.cz/soluprot/
http://bioinf.uab.es/aggrescan/
http://tango.crg.es/
http://cb.csail.mit.edu/cb/betascan/

ZipperDB>1 Threading FF web Sequence Profile own experiments | 16 hexapeptide zipper crystal | experimental validation on 12
structures hexapeptides, ACC 100%
WALTZ>? PSSM ML web Sequence, pH Segments own experiments, |278 hexapeptides cross-validation
AmylHex ACC 60-80%
FoldAmyloid53 Custom regression | ML web Sequence Profile PDB>* 3,769 protein structures validated on dataset derived from
and statistical TANGO and AmylHex (407 peptides),
potentials ACC 75%
PASTA 2.0% Custom regression | ML web Sequence Profile TANGO, httNT®¢, 424 peptides and 33 leave-one-out cross-validation,
and statistical AmylHex, PDB%4, amyloidogenic proteins AUCO0.85
potentials AmylPred2

ArchCandy>? Amino acid pairing | SP SA - Java Sequence Segments literature, DisProt®8 | 73 proteins no independent test set
ACC 95%

Amyl|Pred25° Majority MP web Sequence Segments literature 33 amyloidogenic proteins no independent test set as complete
dataset was used to optimize consensus
threshold
MCC 0.22

MetAmy|®0 Logistic 2*regression | MP web Sequence Profile WALTZ 278 hexapeptides leave-one-out cross-validation on
AmylPred2 dataset,

MCC0.23
Effect of mutations on solubility

OptSolMut33 Linear programming | ML SA - Binary Structure Propensity literature 137 variants of 19 proteins 10-fold cross-validation, ACC 76%, MCC
0.55

CamSol34 Custom regression | ML, SC | web Sequence or Profile, literature 56 variants of 19 proteins no independent test set

structure mutations 7 mutations verified experimentally with
increasing PC0.98
solubility
AGGRESCAN3DS®! Custom regression | ML, SC | web Structure Profile AGGRESCAN 20 AB42 variants at position | Validated on 129 variants of 29 proteins
19 from literature,
ACC 94%
SolubiS®2.63 Statistical and FF web, SA - Structure Profile, ddG of none none experimental validation on two proteins
physical potentials YASARA mutations to
(empirical force plugin selected
field) gatekeepers
PON-Sol35 Random forests ML web Sequence Propensity, literature 443 variants of 71 proteins 5-fold cross-validation,
mutation effect ACC 43% on blind test set (three-state
prediction)
SODA® Custom regression | ML, SC | web Sequence or Mutation PON-Sol 201 mutations 5-fold cross-validation,
structure landscape ACC 59-67%, ACC 100% on CamSol

dataset

aSC — spatial corrections; SP — sequence patterns; ML — machine learning; MP — meta predictor; SS — sequence similarity; PSA — stand-alone application; ACC — accuracy; PC — Pearson correlation; MCC —
Mathew's correlation coefficient; AUC — area under the ROC curve; Method — hyperlinks refer to the web pages of the method;
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https://services.mbi.ucla.edu/zipperdb/
http://waltz.switchlab.org/
http://bioinfo.protres.ru/fold-amyloid/
http://protein.bio.unipd.it/pasta2/
https://dali.crbm.cnrs.fr/index.php?route=tools&tool=7
http://aias.biol.uoa.gr/AMYLPRED2/
http://metamyl.genouest.org/e107_plugins/metamyl_aggregation/db_prediction_meta.php
http://www.math.wsu.edu/math/faculty/bkrishna/DT/OptSolMut/
http://www-mvsoftware.ch.cam.ac.uk/index.php
http://biocomp.chem.uw.edu.pl/A3D/
http://solubis.switchlab.org/
http://structure.bmc.lu.se/PON-Sol/
http://protein.bio.unipd.it/soda/

Table S5. Comparison of the existing tools using S350 dataset.

Method PCC RMSE
PopMusSiC 2.02 0.67 1.16
PEAT-SA®> 0.50 1.92
AUTO-MUTES® 0.46 1.42
CUPSAT?Y? 0.37 1.46
DMutant? 0.48 1.38
Eris8 0.35 1.49
I-Mutant 2.015 0.29 1.50
I-Mutant 3.097 0.53 1.35
MuPro®8 0.41 1.43
Neemo18 0.67 1.16
Pro-Maya3 0.79 0.96
Prethermut®® 0.72 1.12
SDMm70 0.52 1.80
mCSM13 0.73 1.08
INPS7! 0.68 1.26
STRUM10 0.79 0.98
TopologyNet 1.072 0.74 1.07
TopologyNet 2.072 0.81 0.94
MAESTRO16 0.70 1.13
SDM?270 0.61 1.29
iStable”3 0.68 1.39
Rosetta’ 0.69 0.72

PCC — Pearson Correlation Coefficient; RMSE — Root Mean Square Error
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