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Abstract

New thermodynamic and functional studies have been recently conducted to evaluate the impact of amino acid substitutions
on the Mitogen Activated Protein Kinases 1 and 3 (MAPK1/3). The Critical Assessment of Genome Interpretation (CAGI)
data provider, at Sapienza University of Rome, measured the unfolding free energy and the enzymatic activity of a set of
variants (MAPK challenge dataset). Thermodynamic measurements for the denaturant-induced equilibrium unfolding of
the phosphorylated and unphosphorylated forms of the MAPKSs were obtained by monitoring the far-UV circular dichroism
and intrinsic fluorescence changes as a function of denaturant concentration. These values have been used to calculate the
change in unfolding free energy between the variant and wild-type proteins at zero concentration of denaturant (AAGH:0),
The enzymatic activity of the phosphorylated MAPKSs variants was also measured using Chelation-Enhanced Fluorescence
to monitor the phosphorylation of a peptide substrate. The MAPK challenge dataset, composed of a total of 23 single amino
acid substitutions (11 and 12 for MAPK1 and MAPK3, respectively), was used to assess the effectiveness of the compu-
tational methods in predicting the AAG™0 values, associated with the variants, and categorize them as destabilizing and
not destabilizing. The data on the enzymatic activity of the MAPKSs mutants were used to assess the performance of the
methods for predicting the functional impact of the variants. For the sixth edition of CAGI, thirteen independent research
groups from four continents (Asia, Australia, Europe and North America) submitted > 80 sets of predictions, obtained from
different approaches. In this manuscript, we summarized the results of our assessment to highlight the possible limitations
of the available algorithms.

Introduction MAPK3), also known as extracellular regulated kinases

(ERK2 and ERK1), regulate a variety of cellular processes

The human kinome is composed of over five hundred dif-
ferent protein kinases (Manning et al. 2002), making it one
of the largest gene families in eukaryotes. Protein kinases
play a crucial role in various cell signaling processes and
are implicated in numerous human diseases (Metz et al.
2018) and as a key drug target class in the oncology area
and beyond (Attwood et al. 2021). Within elthe kinase tree,
Mitogen Activated Protein Kinases 1 and 3 (MAPK1 and
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and participate extensively in the control of cell-fate deci-
sions (Varjosalo et al. 2013).

The MAPK signaling cascade is a central pathway
involved in transmitting extracellular signals through
sequential phosphorylation and activation of downstream
kinases, which regulate and control many fundamental cellu-
lar processes (Lavoie et al. 2020). The dysregulation of such
pathway is associated with various pathological conditions
(Kim and Choi 2010), including cancer (Roskoski 2019),
neurodegenerative diseases (Khezri et al. 2023), autoim-
mune diseases (Liu et al. 2021), and diabetes (Zhang et al.
2021).
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MAPKI1 and MAPK3 are serine/threonine kinases acti-
vated downstream in the Ras/Raf/MEK/ERK signaling cas-
cade. They share a high degree of sequence identity and
similarity and have similar domain architecture. While they
are often co-expressed and functionally redundant, recent
studies suggest some functional differences between the
two isoforms. MAPK1 and MAPK3 exhibit distinct con-
formational mobility upon activation (Ring et al. 2011) and
possess differential stability and nuclear envelope crossing
capabilities (Marchi et al. 2008). Additionally, MAPK3 is
more resistant to the turnover induced by MAPK inhibitors
compared to MAPK1 (Balmanno et al. 2023).

The primary sequence of MAPK1 and MAPK3 is prone
to somatic missense mutations, particularly in cancer tissues.
Investigating the biochemical and biophysical properties of
wild-type and variant MAPK1 and MAPK3 is crucial for
understanding the consequences of these cancer-associated
mutations. Overall, understanding the functional character-
istics, stability, and mutations in MAPK1 and MAPK3 may
also help in elucidating their roles in cellular processes, dis-
eases, and potential therapeutic strategies.

However, comprehensive studies on the effects of
mutations on the biochemical and structural properties of
MAPK1/3 have not been conducted so far on the purified
proteins. The 23 mutations analyzed in this study were

MAPK1
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selected from the COSMIC database (Sondka et al. 2024)
prioritizing those frequently observed in cancer tissues and
those expected to alter the physical and chemical properties
of the proteins due to changes in amino acid residues. The
variants were distributed across the entire sequences of the
two kinases (Fig. 1) to ensure comprehensive coverage of
their primary structures. Particular attention was given to
selecting mutations located in analogous positions within the
closely identical architecture of the two proteins, allowing
for direct comparisons between them (Petrosino et al. 2023).

Over the last decades, many methods for predicting the
impact of amino acid substitutions on protein stability have
been developed (Marabotti et al. 2020). In general, these
tools, which predict the variation of folding free energy
change upon mutation, implement different approaches
including empirical energy functions and machine learn-
ing algorithms (Compiani and Capriotti 2013). Although
predicting the impact of variants on protein stability can be
a relevant approach for characterizing the genotype—phe-
notype relationships (Petrosino et al. 2021), the assessment
and standardization of such tools is still a challenging task
(Sanavia et al. 2020; Pancotti et al. 2022).

To overcome the above limitations, in the previous edi-
tion of the Critical Assessment of Genome Interpretation
(CAGI), we introduced a challenge focused on predicting the
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Fig. 1 Mapping of the 23 mutated sites of the MAPK challenges datasets (red) on the three-dimensional structure of the phosphorylated forms
of MAPK1 (PDB: 5v60) and MAPK3 (PDB: 2zoq) shown in panels A and B, respectively. Residues in blue indicate the phosphorylated sites

@ Springer



Human Genetics (2025) 144:265-280

267

impact of eight single amino acid variants on the stability of
the human frataxin protein (Savojardo et al. 2019; Petrosino
et al. 2019; Critical Assessment of Genome Interpretation
Consortium 2024). As a follow-up to prior efforts, in the
sixth edition of the CAGI experiments, we presented a more
extensive challenge, aiming at evaluating the performance
of computational methods in predicting the measured val-
ues of stability change for the 23 single amino acid variants
in MAPK proteins, as well as their impact on the catalytic
efficiency.

Materials and methods
Experimental measures

MAPK1 and MAPK3 proteins, along with their variants,
were expressed in E. coli cells using N-terminally His-
tagged constructs, as described (Petrosino et al. 2021). Equi-
librium unfolding of both wild-type and variant MAPK1
and MAPK3 proteins was achieved by incubating them at
increasing concentrations of guanidinium chloride (GdmCl)
at 10 °C, and intrinsic fluorescence emission spectra and cir-
cular dichroism (CD) spectra were recorded for all proteins
as described (Petrosino et al. 2021). Melting temperatures
(T,,) were determined from the first derivative of the ellip-
ticity changes at 222 nm. The analysis of spectral changes
in far-UV CD ellipticity and intrinsic fluorescence emis-
sion involved fitting to the data different models, describing
either a 2-state or 3-state unfolding process, depending on
the detection of an intermediate state. Such models were
used to extrapolate the unfolding free energy change at zero
denaturant concentration (AG™:9) for each MAPK protein
and variants.

Finally, the catalytic activity of phosphorylated MAPK1
and MAPK3 proteins, as well as their variants, was assessed
using a fluorescence-based method with a substrate peptide.
Kinetic studies were conducted to analyze enzyme activity
in relation to substrate concentration and temperature. The
temperature dependence of catalytic activity was investi-
gated across a range of temperatures, between 10 and 45 °C.
More detailed information on the experimental techniques
and data analysis procedures is provided in (Petrosino et al.
2023).

MAPK challenge datasets

In the sixth CAGI edition, two challenges on MAPK1
and MAPK3 proteins were organized. The MAPK1 and
MAPK3 challenge datasets consist of 11 and 12 coding
variants, respectively, which were selected from the COS-
MIC database (Sondka et al. 2024). A representation of the
mutated sites in the three-dimensional structures of the

MAPK1 (PDB: 5V60) and MAPK3 (PDB: 2Z0Q) in the
phosphorylated forms are displayed in Fig. 1.

To evaluate the impact of the variants on protein stabil-
ity, the AGH:0 difference between the variant and wild-
type proteins (AAG™20) was computed using the following
equation:

AGYS (mut) = AGYS (mut) — AGYS (wi). (1

The average experimental values of the AAGMH:O
obtained by circular dichroism and fluorescence were used
for the challenge.

The simplest protein unfolding process involves a
2-state transition, where the protein denatures directly
from its native (N) to the unfolded (U) state. However, for
many MAPK variants, at low concentration of denaturant,
the equilibrium unfolding titration reveals the formation of
an intermediate state (I). In such cases, the total unfolding
AG™O is calculated by summing the contributions of the
two transitions:

AGYO = AG + MG 2)

Given the difference between the folding mechanism
of the MAPK variants, when possible, we fitted to the
data of MAPK1 (Table S1) and MAPK3 (Table S2) both
a 2-state and a 3-state unfolding model. To harmonize the
experimental AG™0 values, utilized for each MAPK chal-
lenge, we considered 2-state and 3-state fitting models for
MAPK1 and MAPK3, respectively. A comparison of the
AG™0 values for the unphosphorylated and phosphoryl-
ated forms of MAPKs proteins is displayed in Fig. S1.
The final sets of variants with the relative averages of
AAGMO, obtained by different experimental techniques
(circular dichroism and fluorescence), and their experi-
mental errors, for both the phosphorylated and the unphos-
phorylated forms, are reported in Table 1 (MAPK1) and
Table 2 (MAPK3). A comparison of the AAG™0 values for
the phosphorylated and unphosphorylated forms of MAPK
proteins is shown in Fig. 2.

To assess the performance of the teams on a dataset
composed of different proteins, we combined MAPK1 and
MAPKS3 variants based on their folding mechanisms. For
this task, we only considered the subset of data supported
by at least one optimal fit to a 2-state and/or 3-state unfold-
ing mechanism (Table S3).

The catalytic efficiency of each MAPK protein and vari-
ant was assessed using the k_,/K), ratio, where k_,, repre-
sents the rate at which substrate molecules are converted
into products per unit time by a single enzyme molecule,
and K, is the Michaelis—Menten constant. The functional
impact of the single amino acid substitution was estimated
by dividing the catalytic efficiency of the mutant by that of
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Tab|§'1 Thermodynamic . Protein Unphosphorylated Phosphorylated
stability of MAPKI1 protein and
variants AG™:9 (kcal/mol) AAG™:0 (kcal/mol) AG™:9 (kcal/mol) AAG™:° (kcal/mol)
Wild-type 2.65+0.14 - 2.59+0.13 -
p-E33Q 2.89+0.17 0.24+£0.22 2.27+0.13 -0.32+0.18
p.E81K 1.95+0.15 -0.70+0.21 2.45+0.17 -0.14+0.21
p.L1211 2.78+0.17 0.13+£0.22 2.28+0.12 -0.31+0.18
p.R135K 2.50+0.15 -0.15+0.21 2.24+0.12 -0.35+0.18
p.D162G 2.48+£0.10 -0.17+0.17 2.13+0.10 -0.46+0.16
p.R191H 3.64+£0.54 0.99+0.56 2.43+0.13 -0.16+0.18
p.L200F 2.58+£0.11 -0.07+0.18 2.61+0.18 0.02+£0.22
p.D235V 2.47+0.12 —0.18+0.18 2.09+0.13 -0.50+0.18
p.Y316F 2.66+0.17 0.01+£0.22 1.92+0.11 -0.67+0.17
p.P319S 2.20+0.13 -0.45+0.19 2.25+0.15 -0.34+0.20
p.E322V 2.14+0.14 -0.51+0.20 2.14+0.12 -0.45+0.18
The average unfolding free energy change at zero denaturant concentration (AG™:°) for the phosphorylated
and unphosphorylated MAPK1 is calculated as the mean AG™:© values of fluorescence and circular dichro-
ism experiments (see Table S1). The AAG™:O relative to each variant is determined by Eq. 1.
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Fig.2 Scatter plots of the experimental unfolding AAGH:© values for
the phosphorylated and unphosphorylated forms of MAPK1 (A) and
MAPK3 (B) variants. Variants with AAG"20 values above or on the

the wild-type protein. The values of the catalytic efficien-
cies and their mutant-to-wildtype ratios are summarized
in Table 3 for both MAPK1 and MAPK3.

Challenge participants and prediction methods
Thirteen groups contributed to the CAGI6 MAPK chal-

lenges, collectively submitting over 80 sets of predictions,
43 for MAPK1 and 40 for MAPK3. Here, we provide a brief

@ Springer

AAGH20 Unphosphorylated (kcal/mol)

right side of the dashed lines (indicated by blue arrows) are stabiliz-
ing. Destabilizing variants are below or on the left side of the dashed
lines (indicated by red arrows)

description of the prediction sets submitted by the partici-
pating teams.

Team I: The 3 billion group (South Korea), submitted
2 sets of predictions, both for MAPK1 and MAPK3,
based on the 3Cnet algorithm (Won et al. 2021). The
two versions of the method take as input either protein
sequence features alone or combined with SNVBox data-
base (Wong et al. 2011) and are trained on the VariBench
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Table 2 Thermodynamic

. . Protein Unphosphorylated Phosphorylated

stability of MAPK3 protein and

variants AG™:9 (kcal/mol) AAG™:0 (kcal/mol) AG™:9 (kcal/mol) AAG™:° (kcal/mol)
Wild-type 6.10£0.72 - 7.79+0.76 -
p.I73M 9.63+£0091 3.53+1.16 8.50+2.39 0.71£2.51
p-Q79H 7.07+£1.35 097+£1.53 6.71+1.23 —-1.08+1.45
p-.E98K 6.91+1.15 0.81+1.36 7.50+£0.21 -0.29+0.79
p-RI52W* 6.44+2.48 0.34+£2.58 6.22+1.10 -1.57+1.34
p-A160T 11.93+1.02 5.83+£1.25 5.68+0.42 -2.11+0.87
p.T1981 5.26+1.01 -0.84+1.24 9.70+1.34 1.91+1.54
p.E214D 5.38+0.68 -0.72+0.99 6.10+£0.38 -1.69+0.85
p.L2811 9.59+0.93 3.49+1.18 7.44+0.54 —-0.35+0.93
p-V290A 9.19+0.78 3.09+1.06 4.48+0.63 -3.31+£0.99
p-P336Q 6.78+0.48 0.68+0.87 8.45+0.59 0.66+0.96
p.E339V 8.90+0.92 2.80+1.17 8.64+0.51 0.85+0.92
p-R359W 6.27+0.73 0.17+£1.03 6.38+0.77 -1.41+1.08
p.E362K 6.68+£0.56 0.58£0.91 6.50+0.91 -1.29+1.19

The average unfolding free energy change at zero denaturant concentration (AG™:9) for the phosphorylated
and unphosphorylated MAPK3 is calculated as the mean AG™:© values of fluorescence and circular dichro-
ism experiments (see Table S2). The AAG™:O relative to each variant is determined by Eq. 1

“The experimental data for the MAPK3 p.R152W variant was not included in the assessment, as it was

released after the end of the challenge

(Sasidharan Nair and Vihinen 2013) datasets to predict
the unfolding AAG™:0 values. Team 1 submitted the same
predictions for phosphorylated and unphosphorylated
MAPKSs.

Team 2: The AIBI-CAGI6 group at the Texas A&M Uni-
versity (USA) submitted six sets of predictions, both for
MAPKI1 and MAPK3. Team 2 pretrained Bidirectional
Encoder Representations from Transformers (BERT) on
different PFAM representative proteomes (Mistry et al.
2021). The prediction models were fine-tuned on MAPK
target family sequences, as described in (Sun and Shen
2023). The natural log of the ratio between the probability
of occurrence of the mutant and wild-type residues in the
mutated site is used for calculating the AAG™:© predic-
tions (the same for phosphorylated and unphosphorylated
MAPK), while the predicted ratio as such is employed for
assessing the catalytic efficiency ratio between mutant
and wild-type proteins.

Team 3: The Alexov Lab, at the Clemson University
(USA), predicted the values of AAG™:0 for both MAPK
challenges using the SAAFEC-SEQ method (Li et al.
2021), a gradient boosting algorithm integrating phys-
icochemical properties, sequence features, and evolu-
tionary information. The SAAFEC-SEQ is a sequence-
based method and does not require a 3D structure of the
protein. Additionally, it does not account for chemical
modifications like phoshorylation as it does not alter the
protein sequence, which is the only input for the method.
Thus, identical predictions were submitted for the phos-

phorylated and unphosphorylated forms of MAPK1 and
MAPK3 mutants.

Team 4: The BioSig group (Team 4) at the University
of Melbourne (Australia) submitted six sets of AAGH:0
predictions for both MAPK challenges utilizing DUET
(Pires et al. 2014a), ENCoM (Frappier et al. 2015),
mCSM (Pires et al. 2014b), SDM (Pandurangan et al.
2017), DynaMut (Rodrigues et al. 2018) and DynaMut2
(Rodrigues et al. 2021).

Team 5: The 3BIO-B group at the Université Libre de
Bruxelles (Belgium) computed the AAGH:© predictions
for both the unphosphorylated and the phosphorylated
forms of MAPK1 and MAPK3, using three structure-
based models: PoPMuSiC (Dehouck et al. 2011), PoPMu-
SiCsym (Pucci et al. 2018) and a combination of PoPMu-
SiC and MAESTRO (Laimer et al. 2015). The predictions
of the ratio between the catalytic efficiency of the mutant
and wild-type proteins are obtained by rescaling the pre-
dictions of the SNPMuSiC score (Ancien et al. 2018).
Team 6: The Li Lab at the Soochow University (China),
submitted six prediction sets for MAPK1 and three for
MAPK3. The AAG™:0 values were predicted, using the
PremPS algorithm (Chen et al. 2020). The predictions
were computed using different structures for the unphos-
phorylated and the phosphorylated forms of MAPK1 and
MAPKS3, as well as alternative structural conformations
obtained by molecular dynamics minimization.

Team 7: The EASE-MM group submitted one set of pre-
dictions for each MAPK protein generated using EASE-

@ Springer



270

Human Genetics (2025) 144:265-280

Table 3 Catalytic efficiency (k,,/K,;) of MAPK1 and MAPK3 proteins and variants

MAPKI catalytic efficiency

Protein Ky (uM) ey 57D kool Kyp (571 pM™h) FrcatkM

Wild-type 1.81+0.29 2.20E+00 1.22E+00+ 1.95E-01 -

p.E33Q 3.90+0.67 1.98E+400 5.08E—-01 +8.72E—02 4.18E-01 +9.80E-02
p.E81K 2.64+0.72 1.24E400 4.70E-01 + 1.28E—01 3.86E—01+1.22E-01
p.LI1211 7.12+2.09 7.20E—02 1.01E-02 +2.97E-03 8.32E—03 +2.78E—03
p.R135K 6.19+1.90 28.30 4.57E+00+1.41E400 3.76E+00+1.30E 400
p.D162G 1.43+0.47 9.30E—04 6.50E—04 +2.14E—04 5.35E—04 + 1.96E—04
p.R191H 55.00+0.02 2.00E—02 3.64E—04 + 1.32E—07 2.99E-04 +4.80E—05
p.L200F 3.23+0.40 2.43E-02 7.52E-03 +9.32E-04 6.19E—03 + 1.25E—03
p.D235V 3.97+0.67 3.10E-01 7.81E—-02 + 1.32E-02 6.42E—02 + 1.49E—02
p.Y316F 1.57+0.30 6.83E+00 4.35E+00+8.31E-01 3.58E+00+8.90E-01
p.P319S 426+ 1.11 3.62E-01 8.50E—02 +2.21E—02 6.99E —02 +2.10E-02
p.E322V 2.81+0.68 3.80E+00 1.35E+00+3.27E-01 1.11E+00+3.23E-01
MAPK3 catalytic efficiency

Protein Ky (M) ke 571 Kool Kyp (571 pM™h) Frcat/kM

Wild-type 3.17+0.59 2.05 0.65+0.12 -

pI73M 5.30+0.80 1.71 0.32+0.05 0.50+0.12

p.Q79H 3.31+0.44 0.16 0.05+0.01 0.07 +£0.02

p.E98K 2.46+0.43 2.65 1.08+0.19 1.67+0.43
p.R152W? 11.14+1.80 1.80 0.16+0.03 0.25+0.06

p.A160T 3.41+0.72 2.06 0.60+0.13 0.93+0.26

p.T198I 3.27+0.45 10.74 3.28+0.45 5.08+1.18

p.E214D 8.51+1.20 0.49 0.06+0.01 0.09+0.02

p.L2811 2.23+0.37 0.93 0.42+0.07 0.64+0.16

p.V290A 14.49 +1.60 1.27 0.09+0.01 0.14+0.03

p.P336Q 3.52+0.49 0.80 0.23+0.03 0.35+0.08

p.E339V 2.91+0.59 1.07 0.37+0.07 0.57+0.16

p.R359W 3.17+0.48 1.47 0.46+0.07 0.72+0.17

Ticaykm 18 the ratio between the k., /K, (mutant) and k,/K,, (wild-type)

The experimental data for the MAPK3 p.R152W variant was not included in the assessment, as it was released after the end of the challenge

MM (Folkman et al. 2016). EASE-MM predicts protein
stability changes based on protein sequence. The EASE-
MM team submitted AAG™O values only for the unphos-
phorylated forms of MAPK1 and MAPK3.

Team 8: The Bioinformatics and Machine Learning
(BML) Laboratory at the Missouri University (USA)
submitted one set of AAG™:© predictions, including both
MAPK1 and MAPK3 in the unphosphorylated forms.
These predictions were computed using graph convolu-
tional neural networks trained on the ProThermDB data-
base (Nikam et al. 2021), leveraging both sequence and
3D structure features.

Team 9: The Lichtarge Lab at the Baylor College of
Medicine (USA), submitted six prediction sets, calculated
using the Evolutionary Action (EA) method (Katsonis
and Lichtarge 2014) and newer beta versions integrating
multiple fitness predictors, alongside solvent accessibility

@ Springer

calculations from PDB structures. It was assumed that
protein stability correlates with solvent accessibility of
the wild-type residue or its quadratic function. Addition-
ally, it was estimated that the catalytic efficiency ratio is
proportional to a quadratic function of the EA score. The
six prediction sets were calculated by combining various
prediction methods and structural features from different
PDB structures. The method returned identical predic-
tions for phosphorylated and unphosphorylated MAPKSs.
Team 10: The Biocomputing Group at the University of
Bologna (Italy) submitted 2 sets of AAG™:© predictions
for each MAPK protein. The AAG™0 values were calcu-
lated combining the predictions of INPS3D (Savojardo
et al. 2016), PoPMuSiC 2.1 (Dehouck et al. 2011), and
FoldX (Guerois et al. 2002). Identical predictions were
submitted for both the phosphorylated and the unphos-
phorylated forms of MAPK1 and MAPK3 mutants.
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Table 4 Assessment of the best AAG™:0 predictions submitted by each team for phosphorylated and unphosphorylated MAPK3 variants
MAPKI1 unphosphorylated

Team Model rp rg rrr RMSE MAE BQ, MCC AUC <Rank>
BioSig 2 0.771 0.309 0.200 0.320 0.241 0.786 0.571 0.679 35
Strokach 2 0.232 0.245 0.127 0.507 0.418 0.750 0.624 0.750 5.0

Li Lab 3 0.574 0.591 0.418 0.752 0.640 0.571 0.239 0.786 53
3billion 1 0.217 0.345 0.200 0.465 0.352 0.429 -0.239 0.821 6.5
3BIO-B 3 0.195 0.182 0.200 0.709 0.606 0.500 0.000 0.786 8.5
Alexov Lab 1 0.367 0.245 0.127 1.064 0.961 0.500 0.000 0.464 13.8
CompBiomed UNITO 1 —0.041 —0.164 —-0.091 0.559 0.447 0411 -0.179 0.500 13.8
Lichtarge Lab 1 —0.020 0.155 0.127 3.788 3.395 0.500 0.000 0.750 14.8
Bologna Biocomputing 1 -0.223 -0.251 —0.205 0.638 0.493 0.536 0.069 0.571 14.8
BML 1 —0.356 —0.545 —0.345 0.634 0.495 0.500 0.000 0.214 18.0
AIBI-CAGI6 4 —0.234 0.027 0.055 6.852 5.466 0.429 -0.239 0.643 20.9
EASE-MM 1 —-0.560 —0.545 -0.418 0.940 0.734 0.482 —-0.039 0.321 21.9
MAPKI1 phosphorylated

Team Model rp rg Tk RMSE MAE BQ, MCC AUC <Rank>
BioSig 2 0.121 0.091 0.055 0.419 0.373 0.800 0.346 1.000 6.0
3billion 2 0.201 0.236 0.200 0.570 0.510 0.600 0.149 0.900 6.5
Strokach 3 0.613 0.127 0.055 0.626 0.608 0.500 0.000 1.000 73

Li Lab 3 0.507 0.545 0.418 1.005 0.944 0.550 0.100 0.700 8.0
3BIO-B 3 0.047 0.055 0.055 0.399 0.340 0.450 —0.100 0.200 8.4
Alexov Lab 1 0.430 0.391 0.273 1.265 1.217 0.500 0.000 0.600 10.9
CompBiomed UNITO 2 —0.365 —0.109 —0.073 0.488 0.387 0.650 0.194 0.600 11.3
Lichtarge Lab 1 —0.029 0.091 0.055 3.537 3.139 0.500 0.000 0.100 154
Bologna Biocomputing 1 —0.378 —0.324 —0.262 0.475 0.407 0.250 —0.289 0.350 15.4
BML 1 —0.362 —0.400 —0.309 0.716 0.692 0.500 0.000 0.000 17.1
AIBI-CAGI6 6 —0.309 -0.173 —0.127 5.512 4.464 0.400 —0.149 0.600 19.9

The eight measures of performance are defined in supplementary materials. Teams were allowed to submit multiple prediction sets using differ-

ent approaches. The ‘Model’ column indicates the prediction set that achieved the best performanc

rp I's, T'gr Pearson, Spearman, Kendall rank, correlation coefficients, RMSE root mean square error, MAE mean absolute error, BQ, balanced
overall accuracy, MCC Matthews correlation coefficient, AUC area under the receiver operating characteristic curve, < Rank > the average rank is
computed as the mean of the ranks achieved across the eight performance scores

Team 11: The Pal Lab at the Indian Institute of Science,
Bangalore (India) submitted two sets of predictions of the
catalytic efficiency for both MAPK proteins. The predic-
tions were calculated by performing Molecular Dynamics
(MD) simulations using the CGMM forcefield (Bhadra
and Pal 2014). The variation of the Root Mean Square
Fluctuation (ARMSF) between the mutant and the wild-
type was used for predicting the catalytic efficiency ratio.
MD simulations were run on different PDB structures.

Team 12: The Strokach group at the University of Toronto
(Canada) submitted six sets of predictions for each MAPK
protein. The predictions of AAG™:© and catalytic effi-
ciency were generated using four algorithms: ELASPIC2
(Strokach et al. 2021), ProteinSolver (Strokach et al.
2020), ProtBert (Elnaggar et al. 2022), and Rosetta (Park
et al. 2016). The ELAPSIC2 predictions were computed

both with the experimental and the AlphaFold predicted
structure (Jumper et al. 2021). The same predictions were
returned for both the unphosphorylated and the phospho-
rylated forms of the MAPKSs variants.

Team 13: The CompBiomed group at the University of
Torino (Italy) submitted two sets of AAGH:0 predictions
for both MAPKSs computed by using DDGun3D (Monta-
nucci et al. 2019) and ACDC-NN-Seq (Benevenuta et al.
2021; Pancotti et al. 2021). Both methods returned the
same predictions for the unphosphorylated and the phos-
phorylated forms of the MAPKs variants.

The supplementary materials provide a detailed descrip-

tion of the methods and procedures adopted by each team
to predict the impact of the single amino acid substitutions.
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Fig.3 Evaluation of the MAPKI variant predictions. Linear regres-
sion curves of the highest correlating predictions of the unfolding
AAG™0 for unphosphorylated and phosphorylated MAPK1 vari-
ants, shown in panels (A) and (B) respectively, were submitted by the
Li Lab. Receiver Operating Characteristic (ROC) curves of the best
binary classification predictions of not destabilizing variants (unfold-

A comprehensive summary of all submissions is presented
in Table S4.

Prediction assessment

To assess the predictions for the MAPK challenges, we
employed a total of eight performance measures, comprising
five from the regression tasks and three from the classifica-
tion tasks (section Measures of Performance in Supplemen-
tary Materials). To compare the predicted and experimental
values of AAG™:© of each protein variant, we calculated
three types of correlations (Person, Spearman and Kendall
rank) and two types of errors (Root Mean Square Error and
the Mean Absolute Error). Furthermore, we considered a
threshold of 0.0 kcal/mol for classifying variants as destabi-
lizing (unfolding AAG™:© < 0.0 kcal/mol) or not destabiliz-
ing (unfolding AAG™:9> 0.0 kcal/mol). Using this threshold
for the binary classification task, we scored the predictions
by calculating the balanced accuracy (BQ,), the Matthews
correlation coefficient (MCC) and the Area Under ROC
Curve (AUC). Finally, we ranked all the submissions by
considering each one of the eight performance measures and
calculating the average value of the ranks, which were used
to select the best predictions. In the assessment process, we
evaluated the performance of the method in predicting the
AAGM:0 of each MAPKSs separately, and also the AAG™:©
of both MAPKs together. For the latter task, we combined
the MAPK1 and MAPK3 variants based on their 2-state or
3-state unfolding mechanism.

We also evaluated the participants’ performance in the
binary classification task of predicting the catalytic effi-
ciency ratio (ri.,yxm)- Specifically, we scored their ability
to identify the variants that reduce the catalytic efficiency
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ing AAG™:0>0.0 kcal/mol) for unphosphorylated and phosphoryl-
ated MAPK1 variants (C) were provided by Strokach and BioSig
teams respectively. rp rg rgp =Pearson, Spearman, Kendall rank,
correlation coefficients. RMSE Root Mean Square Error, MAE Mean
Absolute Error, AUC Area Under the ROC curve

(Yeeaykm < 1). For this task, the submitted predictions are
interpreted as the likelihood for a variant to have no func-
tional impact. Thus, the variants with scores lower than
0.5 were predicted to decrease catalytic efficiency. For this
classification task, predictions were evaluated based on the
calculation of BQ,, MCC and AUC scores.

The definitions of the eight measures of performance,
considered for this assessment, are reported in the supple-
mentary materials.

Results

Assessment and performance evaluation
on the MAPK AAG predictions

In our assessment, we evaluated the performance of the par-
ticipants in predicting the value of AAG™:°. For this task,
we calculated five scores, three of which measure the cor-
relations between experimental and predicted data (rp rg
and rgy), the other two the prediction errors (RMSE and
MAE). Additionally, we integrated regression measures with
three classification scores (BQ,, MCC, and AUC), derived
from a threshold of 0.0 kcal/mol to distinguish destabiliz-
ing variants (AAG™9 <0) from non-destabilizing ones
(AAG™:°>0). The performance in the regression tasks,
along with the corresponding fitting curves for the best
predictions from each team on both unphosphorylated and
phosphorylated forms of MAPK1 and MAPK3, are shown
in Figs. S2-S5. Furthermore, the classification scores of the
Receiver Operating Characteristic curves are presented in
Figs. S6-S9.
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Table 5 Assessment of the best AAG™:© predictions submitted by each team for phosphorylated and unphosphorylated MAPK3 variants
MAPK3 unphosphorylated

Team Model rp rg rrr RMSE MAE BQ, MCC AUC <Rank>
Alexov Lab 1 0.606 0.615 0.455 1.977 1.445 0.750 0.674 0.800 14

Li Lab 2 0.209 0.231 0.212 2.163 1.645 0.500 0.000 0.450 43
CompBiomedUNITO 2 —0.056 0.131 0.132 2.625 1.992 0.600 0.158 0.450 7.5
BioSig 2 0.201 0.070 0.076 2.461 1.910 0.450 —0.135 0.375 7.9
Strokach 5 0.135 0.105 0.030 3.041 2.356 0.500 0.000 0.850 8.8
3billion 2 0.017 —-0.028 —-0.091 2.705 2.061 0.500 0.000 0.800 9.5
AIBI-CAGI6 5 0.073 0.196 0.212 5.027 4.005 0.600 0.200 0.850 9.9
BML 1 0.133 0.112 0.061 3.121 2.463 0.500 0.000 0.500 10.3
EASE-MM 1 0.024 —0.140 —-0.061 3.128 2474 0.550 0.135 0.600 13.1
3BIO-B 2 -0.134 —0.343 —0.198 2.841 2.198 0.600 0.200 0.200 14.9
Lichtarge Lab 1 -0.275 —0.056 —0.046 5.582 4.638 0.500 0.000 0.800 16.8
Bologna Biocomputing 1 —0.683 —0.599 -0.519 3.824 2.542 0.450 -0.076 0.425 21.5
MAPK3 phosphorylated

Team Model rp rg Tk RMSE MAE BQ, MCC AUC <Rank>
BioSig 1 0.695 0.741 0.606 1.062 0.818 0.875 0.816 0.812 1.1
3BIO-B 3 0.646 0.580 0.424 1.199 0.993 0.625 0.426 0.906 3.8
Bologna Biocomputing 1 0.540 0.521 0.422 1.281 1.122 0.562 0.120 0.625 6.5
CompBiomedUNITO 2 0.692 0.471 0.395 1.416 1.228 0.562 0.120 0.719 7.0
3billion 1 0.458 0.510 0.394 1.369 1.122 0.500 0.000 0.812 73
Strokach 4 0.296 0.462 0.394 3.667 2.642 0.500 0.000 0.625 13.4
BML 1 —0.255 —0.098 —0.091 1.449 1.205 0.500 0.000 0.500 13.5
AIBI-CAGI6 5 0.085 0.077 0.091 3.232 2.697 0.375 -0.316 0.531 153

Li Lab 1 —0.344 —0.434 —0.303 2.015 1.599 0.562 0.213 0.500 18.9
Lichtarge Lab 5 —0.078 —0.287 —0.242 3.600 2.824 0.500 0.000 0.219 19.8
Alexov Lab 1 —0.590 —0.448 —0.333 2.162 1.724 0.375 —0.426 0.438 21.9

The eight measures of performance are defined in supplementary materials. Teams were allowed to submit multiple prediction sets using differ-
ent approaches. The ‘Model’ column indicates the prediction set that achieved the best performance

rp I's, Tgr Pearson, Spearman, Kendall rank, correlation coefficients, RMSE root mean square error, MAE mean absolute error, BQ, balanced
overall accuracy, MCC Matthews correlation coefficient, AUC area under the receiver operating characteristic curve, < Rank > the average rank is
computed as the mean of the ranks achieved across the eight performance scores

Assessment of the MAPK1 stability change predictions

For MAPK 1, the AAG™:© values predicted by each team
were compared with the experimental values, derived by
fitting to the data a 2-state unfolding equation. The perfor-
mance achieved by the best prediction submitted by each
team is summarized in Table 4. Overall, for the majority
of the teams, the performance in regression mode exhibits
low values in terms of Spearman and Kendall rank cor-
relation coefficients. However, despite not ranking first,
the predictions submitted by Team 6 (Li Lab) achieved
an average of approximately 0.5 for all correlation coef-
ficients, both for unphosphorylated and phosphorylated
MAPKI. The regression curves between predicted and
experimental AAGM0 are displayed in Fig. 3A and B.
In the evaluation of AAG™:© predictions in classification

mode, Team 12 (Strokach group) and Team 4 (BioSig)
showed the highest performance for the unphosphoryl-
ated and phosphorylated forms of MAPKI1, respectively.
Specifically, the predictions from the Strokach group for
AAG™:0 for not destabilizing variants in unphosphorylated
MAPKIT achieved a balanced overall accuracy (BQ,) and
Area Under the ROC Curve (AUC) of 0.75. On the other
hand, for the phosphorylated MAPK1, the BioSig team
reached a BQ, of 0.8 and an AUC of 1.0. The AUC curves
featuring the best predictions in classification mode for
the Strokach and BioSig teams are illustrated in Fig. 3C.

Assessment of the MAPK3 stability change predictions

For MAPK3, predicted AAGM© values were compared
with experimental values derived from fitting to the data
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Fig.4 Evaluation of the MAPK3 variant predictions. Linear regres-
sion curves of the most accurate predictions of the unfolding AAG™:0
for unphosphorylated and phosphorylated MAPK3 variants, shown
in panels (A) and (B), were submitted by the Alexov Lab and BioSig
team respectively. Receiver Operating Characteristic (ROC) curves of
the best binary classification predictions of not destabilizing variants

a 3-state unfolding equation. The performance of the best
prediction from each team is summarized in Table 5. Over-
all, the performance in regression mode for the most accu-
rate methods achieved Pearson and Spearman correlation
coefficients above 0.6 for both the unphosphorylated and
phosphorylated forms of MAPK3. The best predictions for
unphosphorylated MAPK3 were provided by Alexov Lab
(Fig. 4A), while, for the phosphorylated form, the BioSig
team achieved Pearson and Spearman correlation coeffi-
cients of approximately 0.7 (Fig. 4B). In classification mode,
both teams achieved an AUC above 0.8 (Fig. 4C). Specifi-
cally, Alexov Lab’s AAG™0 predictions for not destabiliz-
ing variants in unphosphorylated MAPK3 achieved a BQ,
of 0.75 and a Matthews Correlation Coefficient (MCC) of
0.67, while BioSig’s predictions on phosphorylated MAPK3
reached a BQ, of 0.87 and an MCC of 0.82.

Assessment of the predictions on combined AAG datasets

To assess the teams’ performance in predicting the
impact of variants, we also combined data on MAPK1
and MAPK3, based on their unfolding mechanisms and
phosphorylation states. To generate more reliable datasets,
we only considered the subset of AAG™:© values obtained
from optimal fitting with 2-state and/or 3-state unfolding
mechanisms, in the absence of preliminary assumptions
of the mechanism type. The results show that good per-
formance is achieved when considering unphosphorylated
MAPK variants folding through a 2-state mechanism, and
phosphorylated MAPK variants folding through a 3-state
mechanism. The performance of the teams on these two
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(unfolding AAG™:0>0.0 kcal/mol) for unphosphorylated and phos-
phorylated MAPK3 variants (C) were provided by the Alexov Lab
(red) and BioSig team (blue) respectively. rp, rg rir Pearson, Spear-
man, Kendall rank, correlation coefficients, RMSE Root Mean Square
Error, MAE Mean Absolute Error, AUC Area Under the ROC curve

subsets is summarized in Table 6. The best regression
scores for unphosphorylated MAPKs were provided by
Li Lab. On a dataset composed of 12 variants (9 from
MAPKI1 and 3 from MAPK3), the Pearson (rp) and Spear-
man (rg) correlation coefficients were above 0.7, and the
RMSE was below 1.0 kcal/mol (Fig. 5A). For the phospho-
rylated MAPKs, the best regression scores were achieved
by the BioSig group, with r, and r correlation coefficients
above 0.65 and an RMSE of approximately 1.4 kcal/mol
(Fig. 5B) on a dataset composed of 15 variants (3 from
MAPKI1 and 12 from MAPK3). On both datasets, BioSig
also reached the best performance in classification mode,
with AUCs of 0.71 and 0.87 for not destabilizing variants
in unphosphorylated and phosphorylated MAPKs, respec-
tively (Fig. 5C).

Assessment and performance evaluation
on the catalytic efficiency ratio

The MAPK challenges also include the prediction of the
catalytic efficiency ratio (ry., xy) between mutant and
wild-type proteins. For assessing the performance on this
task, we only consider the evaluation of the predictions in
classification mode, applying a threshold on the experi-
mental ry kv €qual to 1. For the predictions returned by
the teams, the classification threshold is set to 0.5. Using
this classification criteria, we evaluated the performance
of six teams and found that AIBI-CAGI6 (Team 2) and
3BIO-B (Team 5) provided the most accurate predic-
tions of r.,;xm for MAPK1 and MAPK3, respectively
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Table 6 Assessment of the best AAGH:0 predictions submitted by each team for phosphorylated and unphosphorylated MAPK variants:
MAPKI1 and MAPK3 variants are combined into a single set based on their unfolding mechanism

Unphosphorylated MAPKs with 2-state unfolding mechanism

Team Model rp rg Txr RMSE MAE BQ, MCC AUC <Rank>
BioSig 2 0.596 0.305 0.168 0.305 0.224 0.786 0.598 0.714 4.3
Li Lab 3 0.723 0.739 0.565 0.592 0.522 0.571 0.255 0.743 4.3
Strokach 2 0.173 0.186 0.107 0.458 0.347 0.700 0.529 0.686 6.8
Alexov Lab 1 0.429 0.382 0.260 0.829 0.691 0.571 0.255 0.600 8.9
3BIO-B 3 0.262 0.315 0.382 0.710 0.637 0.429 —0.255 0.743 9.1
3billion 1 0.081 0.147 0.107 0.459 0.346 0.429 —0.255 0.714 9.9
Lichtarge Lab 1 0.226 0.511 0.382 3.737 3.394 0.500 0.000 0.800 114
Bologna 1 —-0.154 —-0.158 —0.116 0.588 0.439 0.586 0.169 0.614 13.0
Biocomputing

BML 1 0.137 -0.319 —-0.107 0.693 0.600 0.500 0.000 0.400 13.9
CompBiomed 1 —-0.138 —-0.385 -0.229 0.549 0.422 0414 —-0.169 0.371 16.4
UNITO

AIBI-CAGI6 2 —0.493 0.035 0.076 5.338 3.728 0.700 0.529 0.657 18.3
EASE-MM 1 —0.595 -0.571 —-0.412 0.962 0.770 0.457 —0.098 0.286 21.6
Phosphorylated MAPKs with 3-state unfolding mechanism

Team Model rp rg Tk RMSE MAE BQ, MCC AUC <Rank>
BioSig 1 0.661 0.682 0.543 1.377 1.040 0.917 0.866 0.870 1.0
Bologna Biocomputing 1 0.590 0.578 0.473 1.560 1.310 0.667 0.327 0.704 4.8
3BIO-B 3 0.538 0.520 0.364 1.570 1.263 0.583 0.327 0.843 53
3billion 1 0.524 0.450 0.333 1.645 1.350 0.583 0.327 0.722 7.6
CompBiomed 2 0.530 0.399 0.341 1.702 1.428 0.583 0.185 0.722 8.3
UNITO

Strokach 4 0.380 0.546 0.448 3.486 2.548 0.500 0.000 0.704 12.8
BML 1 -0.222 -0.111 —0.105 1.824 1.479 0.500 0.000 0.407 159
AIBI-CAGI6 5 0.033 —0.061 0.029 3.464 2.987 0.333 —-0.408 0.463 18.5
Li Lab 1 —-0.507 —-0.504 —0.390 2.206 1.769 0.500 0.000 0.370 21.4
Alexov Lab 1 —0.575 -0.513 —0.364 2.307 1.844 0.417 -0.327 0.389 224
Lichtarge Lab 3 —0.359 —0.457 —0.371 4.389 3.404 0.500 0.000 0.204 24.0

The table reports the performance calculated for unphosphorylated MAPK variants with a 2-state unfolding mechanism and phosphorylated
MAPK variants with a 3-state unfolding mechanism. Teams were allowed to submit multiple prediction sets using different approaches. The
‘Model” column indicates the prediction set that achieved the best performance

rp T I'gr Pearson, Spearman, Kendall rank, correlation coefficients, RMSE Root Mean Square Error, MAE mean absolute error, BQ, balanced
overall accuracy, MCC Matthews correlation coefficient, AUC area under the receiver operating characteristic curve, < Rank > the average rank is
computed as the mean of the ranks achieved across the eight performance scores

(Table 7). Specifically, the AIBI-CAGI6 team achieved a
BQ, of 0.77 and an MCC of 0.83 for predicting the cata-
lytic efficiency ratio of MAPK1 mutants, while the 3BIO-B
team reached a BQ, of 0.75 and an AUC of 0.80 for pre-
dicting the catalytic efficiency ratio of MAPK3 mutants.
The ROC curves calculated on both MAPK prediction sets
are shown in Fig. 6.

The classification and regression scores for all the pre-
diction models submitted by the teams, for both unphos-
phorylated and phosphorylated MAPK proteins, are
summarized in Supplementary File 1. All the submitted
predictions are provided in Supplementary File 2.

Discussion

The assessment of the MAPK challenges in the CAGI6
experiment provided an opportunity to evaluate the perfor-
mance of several variant annotation methods for predict-
ing the impact of single amino acid variations on protein
stability and catalytic function. Overall, the MAPK chal-
lenges were more complex than the Frataxin challenge
from CAGIS. Unlike Frataxin, which folds via a 2-state
mechanism, the unfolding mechanism for both MAPK pro-
teins can vary, potentially leading to the appearance of an
intermediate state in the unfolding curve. Furthermore, the
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Fig.5 Evaluation of MAPK Variant Predictions: Variants of both
MAPKs were combined based on their unfolding 2-state or 3-state
model, with MAPK1 and MAPK3 variants indicated in gray and
black, respectively. A Linear regression curves for the most accurate
predictions (Li Lab) of the unfolding AAG™© for unphosphorylated
MAPK variants with a 2-state folding mechanism. B Linear regres-
sion curves for the most accurate predictions (BioSig) of the unfold-
ing AAG™O for phosphorylated MAPK variants with a 3-state fold-

Predicted AAGH:0 (kcal/mol)

False Positive Rate

ing mechanism. C Receiver Operating Characteristic (ROC) curves
for the best binary classification predictions (BioSig) of not destabi-
lizing variants (unfolding AAG™:9>0.0 kcal/mol) for both unphos-
phorylated and phosphorylated variants, provided by the BioSig team.
rp Fs rgr Pearson, Spearman, Kendall rank, correlation coefficients,
RMSE Root Mean Square Error, MAE Mean Absolute Error, AUC
Area Under the ROC curve

Table 7 Assessment of the best binary classification predictions of the catalytic efficiency ratio (7, ,yxnm) for MAPK1 and MAPK3 variants, sub-

mitted by each group

MAPKI catalytic efficiency predictions

Team Model BQ, MCC AUC <Rank>
AIBI-CAGI6 1 0.771 0.542 0.833 1.0
Lichtarge Lab 5 0.708 0.386 0.583 3.0
Strokach 2 0.542 0.083 0.792 4.0

Pal Lab 1 0.438 —0.194 0.750 6.0
3BIO-B 2 0.417 —-0.149 0.208 8.7
MAPKS3 catalytic efficiency predictions

Team Model BQ, MCC AUC <Rank>
3BIO-B 1 0.750 0.378 0.800 1.0
Lichtarge Lab 5 0.500 0.000 0.450 2.7
Strokach 4 0.500 0.000 0.450 2.7

Pal Lab 1 0.500 0.000 0.400 3.0
AIBI-CAGI6 4 0.400 —-0.200 0.200 53

Variants with ry,,xm <1 are those decreasing the catalytic efficiency. The submitted 7,y are interpreted as the likelihood that each variant
has no functional impact. Consequently, variants with predicted r,.,,xy lower than 0.5 are considered to decrease the catalytic efficiency. The
three measures of performance for binary classifiers are defined in supplementary materials. Teams were allowed to submit multiple prediction
sets using different approaches. The ‘Model’ column indicates the prediction set that achieved the best performance

BQ, balanced overall accuracy, MCC Matthews correlation coefficient, AUC area under the receiver operating characteristic curve, < Rank > the
average rank is computed as the mean of the ranks achieved across the three classification scores

phosphorylation state is generally not considered in stability
change prediction tools.

Thus, in the first part of the assessment, we harmonized
the data by fitting specific unfolding models to the experi-
mental results. Specifically, we considered all MAPK1 and
MAPK3 variants to follow 2-state and 3-state unfolding
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mechanisms, respectively. Some submitted predictions
performed well, particularly among those for the MAPK3
challenge, where Alexov Lab and the BioSig team achieved
the best results. The assessment of the MAPK1 challenge
was more complex. Most MAPK1 variants exhibited a
2-state unfolding mechanism, with many of them showing
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Fig.6 Receiver Operating Characteristic (ROC) curves of the binary
classifiers of the catalytic efficiency rate (ri.,ykm)- Best predictions
of efficiency decreasing variants (ry.xm<1.0) for MAPKI1 and
MAPK3 were provided by the AIBI-CAGI6 (solid line) and 3BIO-B
(dashed line) teams, respectively. The classification threshold for pre-
dicted 7yukm 18 set to 0.5. AUC Area Under the ROC curve

only marginal changes in stability, compared to the wild-
type. Consequently, ranking correlation coefficients (ryg,
rgr) tended to have low values. The most accurate predic-
tions, with balanced correlation coefficients, were submit-
ted by the Li Lab. However, such predictions did not per-
form well in the binary classification task, where the best
results were achieved by the BioSig and Strokach teams.

In the second part of the assessment, we evaluated
the performance of the methods on combined datasets
by merging MAPK variants with homogeneous apparent
folding mechanisms. Our analysis, which included variants
from both MAPK1 and MAPK3, confirmed that BioSig
and Li Lab achieved the highest accuracy. Notably, the
strong performance levels observed when considering
unphosphorylated MAPKs folding through an apparent
2-state mechanism and phosphorylated MAPKSs fold-
ing through an apparent 3-state mechanism support the
hypothesis of a relationship between phosphorylation state
and folding mechanism. However, the bias in the datasets
towards variants of a specific protein makes it challenging
to prove this hypothesis.

Finally, the most difficult task of the MAPK challenges
was predicting the catalytic efficiency rate. For this task,
predictions as a regression task yielded poor results, thus
we evaluated performance as a classification task only. Out

of the five teams that submitted predictions, the 3BIO-B
and AIBI-CAGI6 teams achieved the best performances.

In conclusion, the MAPK challenges represent an
advancement over the previous Frataxin challenge, where
participants were asked to predict the functional and struc-
tural impact of protein variants. The potential presence of
an intermediate state in the unfolding process increased
the complexity of the challenge. Nonetheless, some meth-
ods provided good predictions in both regression and clas-
sification modes, with relatively low RMSE. We expect
that the data generated by the MAPK challenges could be
reused for training and testing new methods for predicting
the impact of protein variants.

Conclusions

In the MAPK challenges, computational approaches based
on ensemble methods like gradient boosting and random
forests were particularly effective in binary classification
tasks, such as distinguishing destabilizing from non-desta-
bilizing variants. Teams like BioSig and Strokach excelled
in these tasks, with BioSig achieving a perfect AUC of 1.0
for phosphorylated MAPK1. For regression tasks, energy-
based models, combined with machine learning tech-
niques, performed best. Using this approach, the Alexov
Lab achieved high correlation coefficients for MAPK3 by
integrating evolutionary conservation of the protein, muta-
tion site, and its sequence neighborhood along with phys-
icochemical properties of the wild-type and mutant amino
acids with machine learning. This combination allowed
for more accurate AAG™:© predictions, particularly for the
phosphorylated MAPK3 form.

Although deep learning models, such as large language
models (LLMs), have proven powerful in addressing many
bioinformatics problems, they did not achieve the best
performance in the MAPK challenges. Instead, hybrid
approaches that combine energy models with machine
learning proved the most successful. The strong perfor-
mance of BioSig and 3BIO-B in predicting the impact
of variants on protein stability and catalytic efficiency,
respectively, suggests that integrating these methods pro-
vides a significant advantage.

In summary, no single approach outperformed all
others. However, a combination of ensemble methods,
energy-based models, and machine learning delivered the
best performance, in predicting changes in protein stability
and catalytic efficiency resulting from mutations.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s00439-024-02724-8.
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