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Abstract 

AlphaMissense is a valuable resource for discerning important functional regions within proteins, providing pathogenicity heatmaps that highlight 
the pathogenic risk of specific mutations along the protein sequence. Ho w e v er, due to protein folding and long-range interactions, the actual 
str uct ural alterations with functional implications may be occurring at a distance from the mutation site. As a result, the identification of the most 
sensitive str uct ural regions f or protein function ma y be hampered b y the presence of mutations that indirectly affect the critical regions from 

a distance. In this study, we illustrate how the use of AlphaMissense predictions to train an XGBoost regression model on str uct ural feat ures 
extracted from the str uct ures of protein variants predicted by OmegaFold enables the definition of a new explainability metric: a residue-based 
importance score that highlights the most critical str uct ural domains within a protein sequence. To verify the accuracy of our approach, we 
applied it to the e xtensiv ely studied protein DAX-1 and successfully identified critical str uct ural domains. Notably, as this score only requires 
knowledge of the protein’s amino acid sequence, it is valuable in guiding experimental investigations aimed at discovering functionally crucial 
regions in proteins that ha v e been poorly characterized. 
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he accurate identification of the most critical regions of a
rotein for the characterization of its structure and function
s invaluable for comprehending its underlying mechanism of
ction and for directing the development of pharmaceuticals
hat modulate its activity. 

Numerous methods have been created to identify these
egions, often referred to as hotspots [ 1–5 ]. Most of these
echniques focus on the detection of binding hotspots within
rotein–protein interfaces (PPIs). These hotspots are specific
egions on the protein surface, marked by a high concentra-
ion of residues that significantly contribute to the overall
inding energy. 
Even though PPIs are attractive for drug development due

o their evident functional significance, they often consist of
arge flat areas that lack specific ligand binding pockets, mak-
ng them challenging binding sites for small molecules [ 6 ].

oreover, while PPI hotspot detection methods offer valu-
ble insights into PPIs, they will overlook other important ar-
as of the protein. In the pursuit of accurately identifying the
ost critical regions of proteins, we investigated a new ap-
roach based on recently developed artificial intelligence (AI)
odels: OmegaFold (OF) for predicting protein folding and
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AlphaMissense (AM) for predicting the pathogenicity of mis-
sense variants. 

Recently, several studies have emphasized the potential of
AM for the detection of functionally important regions within
proteins [ 7 , 8 ]. AlphaMissense is an AI model derived from
the AlphaFold protein folding algorithm (AF). It uses informa-
tion on the structural context and evolutionary conservation
to forecast the pathogenicity of missense variants. AM does
not predict the structural changes of the mutated amino acid
sequences but instead predicts pathogenicity as scalar values,
ranging from 0 to 1, reflecting the likelihood of a specific mis-
sense mutation being pathogenic [ 9 ]. 

Besides, recent research has highlighted the potential of pro-
tein language models and protein folding models in offering
valuable information, either through embeddings or through
subsequent structural feature extraction, for predicting PPI
hotspots [ 3 ] as well as variant pathogenicity [ 10 ]. Although
AF is regarded as more accurate than OF for the prediction
of protein structure, some reports have suggested that it is un-
able to accurately predict the structural changes upon point
mutation [ 11 ]. Moreover, OF demonstrates quicker inference
time than AF [ 12 ], which is advantageous when the inference
of a large number of models is required. 
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We developed a novel method that integrates both AM and
OF to predict protein structural hotspots and evaluated the ac-
curacy of this approach on the DAX-1 protein, which has been
extensively studied regarding the functional effect of its vari-
ants [ 13 ] and has been associated with human diseases such
as X-linked adrenal hypoplasia congenita (AHC) and hypog-
onadotropic hypogonadism [ 14 , 15 ]. Remarkably, all DAX-1
missense AHC mutations studied to date have in common the
effect of shifting the localization of the protein to the cyto-
plasm, thereby impairing the transcriptional repression activ-
ity of the wild-type (WT) protein [ 13 , 16 ]. 

Materials and methods 

With the aim of improving the explainability of AM predic-
tions, we used a distillation approach involving an XGBoost
regression model. As a tree-based method, XGBoost allows
straightforward access to explainability through feature im-
portance, which can be summed for each position in the pro-
tein sequence to identify the most critical residues (Fig. 1 ).
Briefly, the structure of the single amino acid variants of the
protein is inferred using OF [ 12 ], and the structures of variants
are analyzed using the local distance difference test (lDDT)
[ 17 ] and dictionary of secondary structure in proteins (DSSP)
[ 18 ] to yield structural features, which are in turn used to train
the XGBoost regressor model to predict the AM pathogenic-
ity score of each variant [ 9 ]. The XGB model hyperparameters
are optimized automatically with the Optuna library, and the
feature importance of the trained model is summed and nor-
malized for each residue position, to yield a new metric we
will refer to as the “AMX score, ” which allows the detection
of the most important structural regions of a protein. 

S oftw are and resources 

The following software versions were used: Python 3.10, xg-
boost 2.1.0, lddt 2.2, and dssp 4.2.2. Mol* Viewer was used
for the visualization of three-dimensional (3D) models [ 19 ]. 

Computation of the 3D structures for the 8930 single
amino acid variants of DAX-1 with OF required ∼9 days on
one GPU (NVIDIA RTX4090), and the rest of the analysis
pipeline required ∼1 h on CPU (AMD Ryzen Threadripper
PRO 5955WX 16-Cores). 

Datasets 

Dataset of clinical significances of DAX-1 variants for the as-
sessment of AM performance 
The clinical significance of DAX-1 variants was retrieved from
the European Bioinformatics Institute website, which aggre-
gates data from UniProt, ClinVar, and Ensembl ( https://www.
ebi.ac.uk/ proteins/ api/ variation/ P51843 ). Among 533 entries
in the database, 86 were single amino acid variants with a re-
ported clinical significance. Entries with clinical significance of
types “Pathogenic” and “Likely pathogenic,” as well as “Be-
nign” and “Likely benign,” were pooled together, respectively,
yielding only three final classes: “Benign” ( n = 21), “Ambigu-
ous” ( n = 24), and “Pathogenic” ( n = 41). 

Dataset for AM distillation with XGBoost 
Inference of protein variant structures 

As the new AMX approach proposed in the present work re-
quires the prediction of many protein structures (8930 single
amino acid variants for the 470 residues long DAX-1, account-
ing for 19 possible substitutions per position within the 20 

standard amino acids), we used OF for the folding prediction,
owing to its relatively lightweight computing requirements 
and good accuracy [ 12 ]. Notably, predictions made by OF and 

AlphaFold2 for the structured part of the human DAX-1 pro- 
tein exhibit a high degree of similarity ( Supplementary Fig. 
S1 ), as evidenced by the values of the TM score and lDDT sim- 
ilarity metrics, which are very close to 1 when comparing these 
models (0.97 and 0.92, respectively). All the protein struc- 
tures originating from in silico predictions used throughout 
this study were computed with OF. The canonical sequence of 
DAX-1 was retrieved from UniProt (ID: P51843-1), and the 
structures of each of its single amino acid variants, obtained 

by substitution with one of the 20 standard amino acids, were 
inferred with OF using default parameters. 

Feature extraction from variant structures 
The lDDT was obtained by analyzing structures of variants 
with lddt 2.2, to obtain the lDDT score for each position in the 
sequence, using the structure predicted for the WT sequence 
as a reference, and default lddt parameters: all pairs of atoms 
within a 15 Å inclusion radius and not belonging to the same 
residues were considered [ 17 ]. The predicted lDD T (plDD T) 
was retrieved for each variant, from the B factor field of the 
pdb structure files. The plDDT is the prediction, made by the 
folding model itself, of the lDDT-C α, which only considers dis- 
tances between carbon α atoms. It ranges from 0 to 100, with 

values < 50 usually indicating disordered regions [ 20 ]. Back- 
bone angles Phi and Psi and the solvent accessibility area per 
residue (R S A) were retrieved using dssp 4.4.2 [ 18 ]. The feature 
values obtained for each residue position were concatenated 

to make a single vector for each variant, serving as input to 

the XGB regressor model. 
Other features, such as flexibility [ 21 ], hydrophobicity [ 22 ],

amino acid type, and hydrogen bond parameters derived from 

DSSP, were also evaluated before finally selecting the set of the 
five most useful features: lDD T, plDD T, Psi, Phi, and R S A (Fig.
2 A). The predictive performance of the reduced set of five fea- 
tures was comparable to that of the full feature set, as indi- 
cated by the root mean squared error (RMSE) for AM score 
predictions, with respective RMSE values of 0.179 ± 0.010 

and 0.173 ± 0.012 (Fig. 2 B). 

Retrieving AlphaMissense score of variants 
The pathogenicity scores predicted by AM for each variant 
were used as targets for training of the XGB regressor, and 

were retrieved from the catalogue of all human single amino 

acid substitutions, available at https://console.cloud.google. 
com/ storage/ browser/ dm _ alphamissense . The AM scores are 
single values ranging from 0 to 1 and can be inter- 
preted as the approximate probability of a variant being 
clinically pathogenic [ 9 ]. AlphaMissense distinguishes three 
pathogenicity classes based on the AM score: likely be- 
nign ( < 0.34), likely pathogenic ( > 0.564), and ambiguous 
(0.34 ≤ AM score ≤ 0.564). 

XGBoost regression model training and h yperpar ameter 
tuning 
The XGB regression model was trained using the open-source 
XGBoost library [ 23 ]. This kind of model belongs to the fam- 
ily of decision tree ensembles. The principle of boosting at the 
core of XGBoost models (eXtreme Gradient Boosting) con- 
sists in building trees sequentially one after another during 

https://www.ebi.ac.uk/proteins/api/variation/P51843
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf047#supplementary-data
https://console.cloud.google.com/storage/browser/dm_alphamissense


Protein structure prediction using AI 3 

Figure 1. Ov ervie w of the method f or detecting str uct ural hotspots through the calculation of the AMX score of a protein. 

Figure 2. ( A ) Importance of different features, observed on 100 XGBoost regressors trained during the hyperparameter tuning. ( B ) RMSE on the 
prediction of AM score by XGB regressors trained with different sets of input features. 
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tting, with each new tree aiming to correct the errors of the
revious ones. 
The hyperparameters of the XGB model were tuned using

he Optuna framework [ 24 ]. The range of values explored for
ach parameter is given in Supplementary Table S1 . One hun-
red rounds of evaluations were performed, to identify the set
f hyperparameters minimizing the RMSE on the prediction
f the AM scores of variants. 

xtraction of feature importances and AMX score 
odels based on decision trees can provide importance scores

or each input feature, indicating how useful a feature was in
onstructing the model’s trees. We used the feature importance
ased on gain, as defined here: https://xgboost.readthedocs.
o/ en/ latest/ tutorials/ model.html . The AMX score of a given
osition is then obtained as the normalized sum of all feature
mportance for this position. 

esults 

valuation of AlphaMissense performances on 

AX-1 

efore the evaluation of the AMX approach for the detec-
ion of functional hotspots, we examined the predictions of
lphaMissense on the DAX-1 protein. The heatmap gener-
ted by plotting the AM scores for different amino acid sub-
titutions along the sequence of DAX-1 (Fig. 3 A) reveals dis-
tinct regions characterized by elevated pathogenic risk associ-
ated with single amino acid variants. Specifically, within the
ligand binding domain (LBD) spanning positions 205–470,
the AM pathogenicity scores consistently exhibit high val-
ues, with the exception of three disordered regions: the N-
terminal segment of the LBD (residues 205–245), the H5–H7
loop (residues 311–352), and the H9–H10 loop (residues 418–
424). In the N-terminal domain (NTD), occupying positions
1–204, the regions showing elevated AM pathogenicity scores
are scarcer and primarily located around two LXXML motifs
(residues 13–17 and 80–84), one LXXLL motif (residues 146–
150), and four cysteine-rich regions (around positions 38–43,
64–69, 104–110, and 130–145). To gain further insights, the
3D structure of DAX-1 was visualized with colorization based
on the average AM pathogenicity scores per position (Fig.
3 B). Notably, positions with higher AM scores tend to cluster
within the core of the LBD, frequently involving residues that
face the center of the core or interact with other alpha-helices.

We also assessed the precision of AM predictions on
a curated dataset of DAX-1 variants with known clini-
cal significances, extracted from the EMBL-EBI database
( Supplementary Table S2 ). AM exhibited 78% accuracy
(32 / 41) for predicting pathogenic variants and 100% accu-
racy (21 / 21) for predicting benign variants, based on our
curated EMBL-EBI dataset of DAX-1 variants (Fig. 3 C).
In contrast, the ambiguous variants were correctly identi-
fied with only 12.5% accuracy (3 / 24). Among these vari-
ants, 75% (18 / 24) were classified as benign. To comprehen-

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf047#supplementary-data
https://xgboost.readthedocs.io/en/latest/tutorials/model.html
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf047#supplementary-data
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Figur e 3. ( A ) P athogenicit y heatmap obt ained with AM scores of all single amino acid variants of the human DAX-1 protein. ( B ) OF predicted str uct ure of 
human DAX-1, with positions colored by their mean AM score. ( C ) Confusion matrix and ( D ) receiver operating characteristic (ROC) curve of AM 

predictions benchmarked against 86 single amino acid variants of DAX-1 from the EMBL-EBI database; individual ROC for each pathogenicity class was 
obtained by considering the relevant class as the true positive class. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

sively evaluate the predictive performance of AM, we con-
structed an ROC curve considering all pairwise comparisons
of pathogenicity predictions made by AM (Fig. 3 D). In this
evaluation, each one of the possible outcomes (pathogenic,
ambiguous, or benign) was considered as a true positive,
while treating the other two predictions as false positives. The
pathogenic predictions presented the highest area under the
curve (AUC) of 0.89, followed by benign predictions with an
AUC of 0.81, and ambiguous predictions with an AUC of
0.70. 

Comparison of hotspot detection with AM and 

AMX, in the LBD of DAX-1 

The inspection of the mean AM score in the LBD (Fig. 4 A) re-
veals the presence of three clusters with elevated pathogenic-
ity risks, broadly corresponding with the structured core of the
LBD. On a finer level, the repressor helix (RH, 273–279) iden-
tified in the mouse Dax-1 LBD [ 25 ] and RH-facing residues
of H9 (Tyr399, Ile400, and Leu403) both exhibit high mean
AM scores (Fig. 4 C); however, these areas are overshadowed
by other larger clusters of high-scoring positions, located in
helices H8 (residues 376–383), H5 (residues 294–302), and
H12 (residues 458–467). 

In contrast to the widespread dispersion of positions with
a high mean AM score, the distribution of positions with a
high AMX score appears to be significantly more concen-
trated, with the most prominent positions found on the H4
helix (Gln282, Leu286, and Cys290), the C-terminal part of
H8 (Val385), and the N-terminal part of the H8–H9 loop
(Asn388, Val391), as illustrated in Fig. 4 B. Additionally, de- 
spite being seemingly scattered along the sequence, all these 
positions are spatially clustered within a single region, which 

exhibits close interaction with the RH and N-terminal seg- 
ment of H9 (Fig. 4 D). 

In the N-terminal domain of DAX-1 (1–204), the AMX 

scores are generally low except in the vicinity of the first 
LXXML motif (residues 13–17), with the highest AMX score 
for the residues Asn15 and Ser19 (Fig. 5 ). Also interestingly,
the main contributing feature to elevated AMX scores ob- 
served in the LBD is the lDDT, whereas it is the plDDT in 

the case of the NTD ( Supplementary Fig. S2 ). The lDDT re- 
flects the local similarity between the variant structure and 

the WT structure, whereas the plDDT can be seen as an esti- 
mate of the local degree of order or of flexibility. Thus, a high 

importance of lDDT implies that preservation of local simi- 
larity to the WT structure is critical for activity, while a high 

importance of plDDT implies preservation of local flexibility 
is critical. These two properties are slightly different, as the 
WT structure itself may be preserved in a given region of a 
variant, while at the same time, local flexibility may be lost. 

Experimental evidence for the functional relevance 

of the hotspot identified with AMX 

We mapped the mean AM and AMX scores to an experimen- 
tally determined structure of the mouse Dax-1 LBD bound 

to one of its physiological targets (the liver receptor homolog 
1 nuclear receptor [LRH-1, RCSB structure 3F5C]), taking 
into account a shift between the human and mouse sequences 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf047#supplementary-data
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Figure 4. ( A ) Mean AM score and ( B ) AMX score, by residue position, in the human DAX-1 LBD. ( C ) OF predicted str uct ure of human DAX-1, with 
positions colored by their mean AM score (shown residues: 250–470). ( D ) OF model of human DAX-1, with residue positions colored by their AMX 
importance score, and close-up view of the hotspot revealed by AMX score. 

Figure 5. ( A ) Mean AM score and ( B ) AMX score, by residue position, in the NTD of DAX-1. 

c  

o  

Q  

A  

d  

w  

w  

t  

T  

h  

t  

P  

[

D

B  

t  

o  

i  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

aused by the insertion of two alanine residues in the NTD
f the murine DAX-1 at positions 103 and 113 (UniProt ID:
61066, alignment with P51843 in Supplementary Fig. S3 ).
s can be seen in Fig. 4 , there does not appear to be a clearly
efined hotspot when inspecting the DAX-1 model colorized
ith mean AM score (Fig. 6 A), whereas the model colorized
ith the AMX score highlights a single region centered around

he leucine 288 residue (Leu286 in human DAX-1, Fig. 6 B).
his hydrophobic residue is in close interaction with other
ydrophobic residues of the RH and N-terminal part of H9,
hus likely playing an important role in the stabilization of the
PI with LRH-1, which is known to involve these two helices
 25 ]. 

iscussion 

y analyzing the feature importance of an XGB model trained
o predict AM pathogenicity score based on structural features
f variants, the AMX score provides a clear view of the most
mportant regions of DAX-1 structure for the conservation
of its function. This claim is supported by the fact that the
positions highlighted by the AMX score are concentrated in
a few spatial regions that are known to be important for the
function of DAX-1. 

Indeed, the hotspot identified in DAX-1 LBD, located be-
tween the H4 and the H8–H9 loop, underpins its PPI with
LRH-1 [ 25 ], making this region crucial for the integrity of
DAX-1 functions. Interestingly, the main contributing feature
for the elevated AMX score in this region is the lDDT, which
is obtained by comparing the local environment of a residue
in between the wild type versus missense variant structures.
As the lDDT is computed for each atom of a residue with a
15 Å inclusion radius for considering interatomic distances, it
implies that preservation of the native structure of this region
and its immediate surroundings is important for the function
of DAX-1, which is in agreement with the observation that this
region supports and stabilizes the interface between DAX-1
and LRH-1. 

Unsurprisingly, this region also harbors established disease-
causing mutations associated with AHC, such as Leu278Pro

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf047#supplementary-data
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Figure 6. Murine LRH-1 (green) in complex with murine DAX-1 (chain C of RCSB model 3F5C). ( A ) DAX-1 colorized with mean AM score per residue. ( B ) 
DAX-1 colorized with the AMX scores (computed from human DAX-1 variants) and close-up view of the surroundings of L288 (corresponding to L286 in 
human DAX-1). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

[ 26 ] in RH and Val287Gly [ 27 ] in H4. These residues have
in common the orientation of their side chain, both pointing
toward the hotspot identified using AMX. In contrast, mu-
tations affecting residues of H4 that are facing away from
this structural hotspot, such as Leu280Arg, Leu284Arg, or
Arg288Ala, have been shown to have negligible impact on
the nuclear localization or transcriptional repression activity
of DAX-1 [ 16 ]. 

Additionally, the Val385Gly mutation, which impacts one
of the highest-scoring positions identified by AMX in our
study, is associated with AHC [ 28 ] and has been demonstrated
to cause a drastic loss of nuclear localization and physiologi-
cal activity of DAX-1 [ 13 ]. The abnormal localization of this
variant despite the presence of intact nuclear localization sig-
nals might be explained by the misfolding and aggregation of
the mutated protein in the cytosol [ 16 ], further supporting the
structural importance of the hotspot detected with AMX. 

A second hotspot presenting an elevated AMX score, found
in the NTD of DAX-1, overlaps with the first LXXML motif
(residues 13–17). This sequence is an NR-box-like motif, a
variant of the NR-box, whose consensus sequence is LXXLL
[ 29 ]. The NR-box enables specific interaction with the AF-2
domain of nuclear receptors by adopting an alpha helix con-
formation upon binding [ 30 ]. The ability of these motifs to
undergo disorder-to-order transition is thought to be key for
their regulatory activity, allowing them to form transient, re-
versible complexes [ 31 ]. This aligns with our findings in DAX-
1, where the main contributing feature to the heightened AMX
score of this motif is the plDDT, which is known to corre-
late with the local degree of order [ 32 ], underscoring the im-
portance of this motif’s intrinsic structural order for DAX-1
function. 

Our method mainly relies on structural features, which
have demonstrated greater effectiveness in predicting the Al-
phaMissense pathogenicity score for DAX-1 compared to
sequence-based features such as residue type, hydrophobic-
ity, or flexibility (Fig. 2 A). We posit that this enhanced per-
formance is because structural features can incorporate in-
formation from protein folding predictions, an aspect absent
from purely sequence-based features. Moreover, these struc-
tural features (lDD T, plDD T, Phi, Psi, and R S A) are capturing
local structural characteristics, making them relatively insen- 
sitive to large-scale structural changes and disorder. Neverthe- 
less, future research focusing on intrinsically disordered pro- 
teins will be necessary to assess the ability of the AMX ap- 
proach to detect hotspots in unstructured regions of proteins.

The main limitation of this approach is the substantial com- 
putational resources needed to predict the 3D structures of 
variants. Larger-scale applications studying multiple proteins,
or longer proteins, may require high-performance comput- 
ing resources with the current approach. To mitigate this, OF 

could be replaced by faster folding models like ESMFold, or 
only a subset of variants could be considered. An informed 

strategy for the subsampling of variants could be based on a 
reduced set of amino acids, akin to the approaches used in mu- 
tagenesis studies [ 33 ], aiming to minimize the number of rep- 
resentative mutations that require prediction. These strategies 
would require further study, as they might improve speed, but 
could compromise accuracy. Meanwhile, our results demon- 
strate the feasibility of this approach with consumer-grade 
hardware (NVIDIA RTX4090 GPU), even for a medium-sized 

protein like DAX-1. 
To study the generalizability of the AMX approach, we also 

applied it to the p53 protein ( Supplementary Fig. S4 ). Similar 
to the results observed for DAX-1, the AMX score identified 

a distinct hotspot located in the protein core, while the AM 

scores were generally elevated across all structured regions of 
the protein. For p53, this hotspot comprised residues 137–139 

and 235–236, which are involved in the ubiquitination of p53 

and its DNA binding activity [ 34 ]. Moreover, some of these 
residues, such as Lys139, are highly conserved [ 35 ]. The sig- 
nificance of the detected region for p53’s function further sug- 
gests the generalizability of the AMX approach. However, we 
reckon that our method would need larger-scale benchmark- 
ing to confirm its general applicability. 

Our objective was to identify the most structurally impor- 
tant areas of a protein, by leveraging the explainability of an 

XGBoost surrogate model of AlphaMissense, trained on struc- 
tural features of protein variants. While the AM score effec- 
tively predicts the pathogenicity of single amino acid variants 
in DAX-1, it lacks precision in pinpointing structural hotspots,
and the analysis of AM scores highlights ordered regions of 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf047#supplementary-data
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he protein without a specific focus on particular regions. On
he other hand, the AMX score provides a much clearer depic-
ion of the most important protein domains. The differences
n AMX score across the protein structure reveal spatially
efined regions of high-scoring residues, whose structural
haracteristics were confirmed to be significant for protein
unction. 

The AMX score is a relative measurement, aimed at pri-
ritizing regions crucial for protein function rather than act-

ng as an absolute indicator of residue essentiality for protein
unction. Our analysis on DAX-1 effectively identifies primary
otspots, while also revealing secondary hotspots with slightly
levated values. Defining a threshold value, below which the
rioritization becomes less significant, represents an impor-
ant objective for future research. Studies incorporating larger
atasets of proteins are expected to offer the necessary guide-
ines for a more nuanced interpretation of the AMX score.
evertheless, we remain confident in the current applicability
f the AMX approach for identifying the most critical regions
nderpinning a protein’s function. This knowledge could offer
irection for the design of experiments probing the function of
roteins and for the development of pharmaceuticals intended
o modulate protein function. 
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Data availability 

The code and data underlying this article are available
on Zenodo at https:// zenodo.org/ records/ 14860715 . 
An executable version of the code can be found on-
line under the form of a Google Colab notebook at 
https:// colab.research.google.com/ drive/ 100 ×
2rLfIhmwOvfQbe-es38LxPtFJWOBp?usp=sharing . This
notebook has the ability to perform AMX analysis on any
protein listed in the AM catalogue, requiring only the struc-
tural data of the WT protein and its variants in PDB format.
Additionally, the Zenodo repository offers supplementary
datasets, beyond the examples of DAX-1 and p53, that are
ready for analysis with the Colab notebook. 
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