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Abstract
Enzymes play a fundamental role in living organisms by catalyzing vital
chemical reactions. While much is known about enzyme function, a sub-
stantial portion of the proteome remains uncharacterized. Computational
tools have become indispensable in this field, yet most focus exclusively on
either enzymatic activity prediction or active site detection, creating a gap
between residue-level annotation and functional characterization. To bridge
this gap, we present Catalytic Activity and Site Prediction and Analysis Tool
In Multimer Proteins (CAPIM) —an integrative computational pipeline that
combines binding pocket identification and catalytic site annotation with
enzymatic activities, along with functional validation via enzyme–substrate
docking. CAPIM unifies the capabilities of three established tools: P2Rank,
GASS, and AutoDock Vina. P2Rank uses a machine learning-based
approach to predict binding pockets, while genetic active site search
(GASS) identifies catalytically active residues and annotates them with
Enzyme Commission numbers. These outputs are merged to generate
residue-level activity profiles within predicted pockets. Functional validation
is then performed using AutoDock Vina, enabling substrate docking simula-
tions for user-defined ligands. CAPIM supports any number of peptide
chains in the protein complex—which may be crucial for enzymatic func-
tions dependent on quaternary and/or polymeric (e.g., amyloid) structures.
The utility of CAPIM is demonstrated through case studies involving both
well-characterized enzymes and unannotated multi-chain targets. By deliv-
ering residue-level predictions and docking analyses in a unified framework,
CAPIM offers a powerful resource with broad applications in drug discovery
and protein engineering. CAPIM is available both as a standalone applica-
tion at https://git.chalmers.se/ozsari/capim-app and as a hosted web service
at https://capim-app.serve.scilifelab.se.
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1 | INTRODUCTION

Enzymes are essential biocatalysts, and their mecha-
nistic understanding is fundamental for applications inGökhan Özsari and Daniela A. García-Soriano shared first authorship.
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drug discovery, protein engineering, and sustainable
chemistry. Key to this understanding is the identification
of catalytic activity, that is, what chemical reactions are
facilitated, and catalytic sites, that is, the specific regions
in the enzyme where substrate binding and chemical
transformation occur. Computational tools have become
valuable assets for addressing this task, offering fast
and cost-effective aid to experimental methods.

Many computational tools address the catalytic
activity of proteins by assigning Enzyme Commission
(EC) numbers, often relying on sequence-based
machine learning methods. EC numbers are a stan-
dardized system for classifying enzymes based on the
reactions they catalyze. Each EC number consists of
four numbers separated by periods (e.g., EC 2.7.1.1),
where the first indicates the general class of the
enzyme (such as oxidoreductases or transferases),
and the following numbers provide increasing levels of
specificity about the type of reaction and substrates
involved. This system helps organize and identify
enzymes by their function in a consistent way. Tools
such as ECPred (Dalkiran et al., 2018), DeepEC (Ryu
et al., 2019), and CLEAN (Yu et al., 2023) utilize evolu-
tionary conservation, motifs, and functional annotations
to infer catalytic roles (EC numbers) from sequence
data. While effective for high-throughput annotation,
these approaches lack structural context and are lim-
ited in resolving residue-level mechanistic detail.

To complement this, structure-based methods, like
GASS (Izidoro et al., 2015; Moraes et al., 2017), search
for given active site 3D templates providing EC number
predictions. P2Rank (Jakubec et al., 2022; Kriv�ak &
Hoksza, 2018), Fpocket (Le Guilloux et al., 2009),
CASTp (Tian et al., 2018), and SITEHOUND
(Hernandez et al., 2009) identify geometric features such
as pockets and cavities, helping localize potential binding
sites without assigning function or identifying catalytically
relevant residues. Recent advances in machine learning
have led to hybrid tools like PUResNet (Kandel
et al., 2021) and BindWeb (Xia et al., 2022), which inte-
grate both structural and sequence features to enhance
binding site predictions. For example, BindWeb com-
bines a graph neural network (GNN) (GraphBind) and a
convolutional neural networks (CNN)–long short-term
memory (LSTM) model (DELIA) (Xia et al., 2020) to pre-
dict ligand-binding residues and pockets. While powerful,
these tools focus on either activity classification or bind-
ing site prediction and often fall short of connecting both.

The lack of integration between catalytic residue/
site identification and functional annotation remains a
critical limitation in computational approaches to
enzyme research. Although computational tools for the
separate tasks have advanced significantly, persistent
challenges remain:

1. Fragmented capabilities: Tools for enzymatic activ-
ity prediction typically focus on assigning high-level

functions, such as EC numbers, without providing
residue-level annotations. Conversely, tools that
identify active or binding sites often fail to specify
the enzymatic activity occurring at these sites.

2. Reliance on sequence only: Many enzymatic predic-
tion tools depend heavily on sequence-based infor-
mation, leveraging evolutionary conservation,
sequence motifs, and alignment-based features.
While effective for identifying conserved regions,
these methods neglect structural contexts, which
may be essential for mechanisms and substrate
specificity.

3. Single polypeptide chain limitation: Structure-based
tools frequently restrict their input to single protein
chains, or have a maximum chain limit, which pre-
vents accurate modeling of multimers. As a result,
available tools fail to capture the complexity of multi-
domain enzymes and polymeric protein assemblies.

Computational tools capable of bridging the gap
between catalytic residue identification and functional
annotation will be instrumental in advancing our
understanding of existing enzymes and how to design
new ones. To address this gap, we present CAPIM,
an integrative computational tool designed to unify
enzymatic activity prediction with active site identifica-
tion. CAPIM combines structure-based binding site
identification and enzymatic activity prediction by inte-
grating P2Rank (Jakubec et al., 2022; Kriv�ak &
Hoksza, 2018) and GASS (Izidoro et al., 2015;
Moraes et al., 2017) together. By connecting the pre-
dictive algorithms with a final docking step, CAPIM
enables residue-level identification of active sites
directly coupled to functional annotation, followed by
substrate interaction analysis, in a user-friendly pipe-
line. There are many docking tools available, such as
AutoDock Vina (Eberhardt et al., 2021; Trott &
Olson, 2010), DiffDock (Corso et al., 2023), and GAA-
Bind (Tan et al., 2024). In CAPIM, we include Auto-
Dock Vina for docking, but users may take CAPIM
results to any favorite module. Crucially, CAPIM has
no limitation in number of peptide chains included in
the analysis, making it suitable for larger (even poly-
meric) protein structures.

Importantly, our aim is not to outperform existing
specialized EC predictors (e.g., DeepEC, CLEAN), but
to provide residue-level functional annotation and bind-
ing site validation in an integrated and accessible
framework that complements such methods. CAPIM is
thus designed for hypothesis generation by experimen-
talists rather than for benchmarking EC prediction
performance.

Below, we first provide a section (Section 2) that
details the design and workflow of CAPIM. It is followed
by Section 3, where we demonstrate the use of CAPIM
on several selected enzymes, then discussion
(Section 4), and finally conclusions (Section 5).
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2 | METHODOLOGY

2.1 | Overview of components

CAPIM combines predictive algorithms and docking
simulations to address the goals of identifying catalytic
residues, annotating their enzymatic activities, and vali-
dating their functional roles through enzyme–substrate
interactions. The tool employs a structure-based com-
putational approach to achieve two primary objectives:
(1) identifying catalytic sites along with their enzymatic
activities and (2) performing a comprehensive analysis
of the interaction sites through enzyme–substrate dock-
ing. By combining predictive algorithms and docking
simulations, the workflow integrates existing tools and
custom analyses into a unified pipeline to explore

enzymatic activity in detail. To accomplish this, the
CAPIM tool integrates three established tools: P2Rank,
GASS, and AutoDock Vina, each contributing unique
functionalities to the workflow as depicted in Figure 1.
Below, we introduce these tools and their roles within
the pipeline.

P2Rank is an innovative machine learning-based
tool designed for high-accuracy prediction of ligand-
binding pockets on enzyme structures. Unlike
template-based methods, P2Rank operates indepen-
dently of structural templates, making it highly suited for
automated pipelines and large-scale analyses. The tool
uses a Random Forest classifier trained on physico-
chemical, geometric, and statistical features to evaluate
ligandability at specific points on the enzyme’s solvent-
accessible surface. The workflow involves generating

F I GURE 1 Workflow of the CAPIM tool for catalytic-site identification and analysis. The diagram illustrates the process employed by CAPIM,
starting with combining pocket prediction using P2Rank and active residue identification with GASS. These results of the two are integrated
(filtered) to identify active residues in binding pockets. The workflow proceeds with the possibility to validate substrate-binding sites through
AutoDock Vina. The residues found to be in contact with specific substrates can then be compared to the predicted active-site residues in the
pocket. The final output from CAPIM includes predicted active-site residues, their enzymatic activities, and (if desired) substrate docking poses.

ÖZSARI ET AL. 3 of 13
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solvent-accessible points, calculating feature descrip-
tors, and clustering high-scoring points to predict bind-
ing sites efficiently. This approach enhances the
precision of binding site identification by leveraging
local chemical neighborhood information. Within the
CAPIM pipeline, P2Rank provides the foundational
binding pocket predictions used for further catalytic res-
idue identification and is used as the reference grid in
docking analysis.

The Genetic Active Site Search (GASS) method is a
heuristic tool leveraging genetic algorithms to predict
enzyme active sites, including catalytic and
substrate-binding sites, based on structural templates.
GASS outperforms several existing methods by allow-
ing non-exact amino acid matches and identifying resi-
dues across different protein chains without size
restrictions on active sites. It processes 3D structural
data from protein databases like Protein Data Bank
(PDB), employs fitness functions based on distance
metrics, and handles conservative mutations through a
substitution matrix. GASS has been validated against
the Catalytic Site Atlas (CSA) and demonstrated high
accuracy, correctly identifying over 90% of catalytic
sites in multiple datasets. Additionally, it ranked fourth
among 18 methods in the CASP10 substrate-binding
site competition, highlighting its effectiveness and
adaptability in protein function prediction tasks. GASS
contributes to CAPIM by annotating catalytically active
residues and assigning EC numbers to provide func-
tional insights.

AutoDock Vina employs an energy-based docking
approach to predict the binding pose and affinity of
ligands to their respective receptors. Its scoring func-
tion estimates binding energy by accounting for key
molecular interactions, such as hydrogen bonding,
hydrophobic contacts, and van der Waals forces.
The software supports flexible ligand conformations
and allows partial flexibility of the protein receptor,
providing a balance between computational effi-
ciency and biological realism. Moreover, its multi-
threading capability enables researchers to leverage
modern computing power for high-throughput virtual
screening. Within CAPIM, AutoDock Vina can be
used to validate predicted catalytic sites by asses-
sing their ability to interact with substrates, providing
quantitative measures of binding affinity and spatial
compatibility.

We selected P2Rank for its template-free, machine
learning approach that reliably identifies ligand-binding
pockets, and GASS for its ability to annotate catalytic
residues across chains with EC numbers. Their com-
plementary strengths—spatial precision from P2Rank
and functional annotation from GASS—make them par-
ticularly suitable for integration within CAPIM. For the
docking step, we chose AutoDock Vina because it is
lightweight and central processing unit-efficient, allows
definition of a region of interest via grid boxes around

predicted binding pockets, and is widely validated and
accessible. These features make it a practical choice
for inclusion in CAPIM, where ease of use and repro-
ducibility are prioritized.

2.2 | Identification of catalytic sites and
enzymatic activity

The identification of catalytic sites and their associ-
ated enzymatic activities is achieved through the inte-
gration of P2Rank and GASS (Figure 1). The user
input is a PDB file of the protein structure of interest.
As part of its pre-processing, CAPIM automatically
removes ligands and solvent molecules from the
structure. The workflow begins with P2Rank, which
identifies potential binding pockets in the enzyme
structure. These pockets represent spatial regions
where substrates are likely to bind, serving as the
foundation for downstream catalytic site predictions.
Next, GASS is used to predict catalytically active resi-
dues and assign EC numbers. The user can select
EC levels of interest at any level of detail. By integrat-
ing these two tools, CAPIM ensures a dual-layered
analysis: spatial relevance from P2Rank’s pocket pre-
dictions and functional importance from GASS’s
residue-level EC predictions. The results from P2Rank
and GASS are combined to identify catalytic residues
that reside specifically within the predicted binding
pockets. This refinement step filters out residues that
lack spatial or functional significance, thus improving
the accuracy of the prediction and minimizing false
positives. The resulting predictions are ranked and
can be sorted based on P2Rank’s pocket probability
scores or GASS’s fitness scores, allowing users to
prioritize residues and pockets with the highest pre-
dicted relevance. By narrowing the analysis to catalyt-
ically active residues within binding pockets, the
pipeline focuses on sites most likely to participate in
substrate interactions and enzymatic reactions.

2.3 | Additional substrate docking
module

Following the identification of catalytic residues in rele-
vant pockets, the next module in CAPIM allows for
detailed analysis of enzyme–substrate interactions.
Input files here can be standard PDB files (that CAPIM
will preprocess) or preprocessed Protein Data Bank,
Partial Charge (Q), and Atom Type (T) files prepared
by the user. The user selects what substrate to use
based on the identified type of activity. The identified
pockets, as defined by P2Rank, are utilized as refer-
ence grids to narrow the docking region to catalytically
relevant residues directly or indirectly involved in
catalysis.

4 of 13 ÖZSARI ET AL.
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Docking simulations are performed using AutoDock
Vina and involve the evaluation of substrate binding
poses and the calculation of binding affinities.

The final output of the CAPIM pipeline includes
(Figure 1): a list of catalytic residues identified in the
protein structure, their associated catalytic activities
(EC numbers), as well as substrate docking poses
and binding affinities. All files generated by CAPIM are
available as downloadable files. By integrating
P2Rank, GASS, and docking simulations into a single
pipeline, CAPIM offers a robust and precise platform
for studying enzyme catalytic activity in one unified
user-friendly tool.

3 | RESULTS—CASE STUDIES

3.1 | Monomer (1ARB) and dimer (1H74)
with known activity

To evaluate whether CAPIM can improve the prediction
of enzymatic activity in proteins in general, we first
selected two proteins previously reported in the GASS
dataset (Moraes et al., 2017): 1H74 and 1ARB. 1ARB

is a protease I (EC 3.4.21.50) from Achromobacter lyti-
cus which hydrolyzes lysyl peptide bonds (Tsunasawa
et al., 1989). It is a monomer with a chain length of 268.
1H74 is a homoserine kinase (EC: 2.7.1.39) (Krishna
et al., 2001) that acts in the aspartate pathway of amino
acid biosynthesis. It is a dimer of two chains of
296 amino acids. When the two proteins were analyzed
previously by GASS only (Izidoro et al., 2015; Moraes
et al., 2017), the experimentally determined active site
was ranked relatively low in 1H74, and in 1ARB, the
experimentally determined active site was mixed with
many others. In CAPIM, we limited the GASS search
on each protein to the second EC number, that is, for
1H74, we used EC: 2.7 and for 1ARB, we used EC: 3.4
as input, to reduce and focus the number of predictions.
It is important to mention that since CAPIM can save
the results from GASS alone, we did not have to run
GASS on the webserver to make comparisons.

The first striking observation when applying CAPIM
(the first combined P2Rank and GASS module) to these
proteins was a notable reduction in the number of pre-
dicted sites as compared to GASS-only predictions
(Figure 2a). Specifically, for 1H74, GASS alone provided
3700 sites within EC 2.7, while CAPIM reported only

F I GURE 2 Comparison of predicted active sites from GASS alone versus CAPIM for 1ARB and 1H74. (a) Bar plots comparing the number
of predicted active sites assigned to each protein at the second Enzyme Commission (EC) level, as identified by GASS alone versus CAPIM
(EC 2.7 for 1H74 and EC 3.4 for 1ARB). (b) Number of predicted active sites at the third EC level, contrasting predictions from GASS alone with
those from CAPIM. (c) Three-dimensional structure of 1H74 (dimer, top) and 1ARB (monomer, bottom).
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103 sites. For 1ARB, GASS alone provided 6100 sites
and CAPIM only 9 at the second EC level. When looking
at the results at the third EC level (Figure 2b), for 1H74
we find 40% of predicted active sites by GASS only
(1500 of 3700) to have the correct EC number: EC
2.7.1. This percentage rose to 65% (67 of 103) when
using CAPIM. In the case of 1ARB, 24% (1500 of 6100)
corresponds to the right EC number at the third level
(3.4.21) for GASS only, while 100% of the predictions
from CAPIM give EC 3.4.21. Thus, CAPIM reduces the
number of hits in a way that retains the correct answer.

Next, we visually compared the results obtained
from CAPIM with the experimentally determined active-
site residues and GASS alone. In Figure 3, we show—
along the protein sequence—the residues belonging to
the CAPIM-selected top 10 active sites (all nine for
1ARB), along with the residues belonging to the top
10 predictions when using GASS only.

Notably, many of the CAPIM predicted active sites
are minor variations of the same set of residues in

different combinations. Even if the residues appear
spread out in sequence, they all cluster near each other
in the three-dimensional structure (Figure 3c). Thus,
the CAPIM predicted active-site residues together
define one region on each protein monomer. Several of
the experimentally verified active-site residues (data
taken from UniProt (The UniProt Consortium, 2018))
are identical to the CAPIM-identified residues
(Figure 3a,b). When comparing experimental data to
predictions, one must check how active-site residues
were identified (mutation, interaction with ligand in crys-
tal, what ligand was used etc.) before giving too much
weight to the discrepancy of details. Experimental
active sites may be limited to what was tested and do
not exclude additional residues of importance. For
example, for 1H74, the reported binding site depends
on the ligand assessed (Figure 3a). The important point
to make from this comparison is that CAPIM indeed
finds one active site region on each protein that agrees
with experimentally determined active-site residues.

F I GURE 3 Comparison of predicted
versus experimentally validated active-
site residues. Dot plots of residues part of
predicted and experimental active sites
(a, 1H74; b, 1ARB). Red dots mark
experimentally verified active-site
residues: For 1H74, residues represent
binding site of adenosine diphosphate
(ADP) and Ile, respectively (per
monomer); for 1ARB, residues represent
reported single active site (taken from
UniProt). Gray dots show residues
predicted by GASS alone (including the
top 10 predictions after ranking based on
fitness score from GASS). Blue dots
represent residues predicted by CAPIM
as part of the active sites: For 1H74, the
residues in the top 10-ranked CAPIM-
defined active sites are merged; for
1ARB, the residues in all the CAPIM-
defined active sites are merged.
(c) Protein structures with the CAPIM
identified active-site residues highlighted
in blue (two sites for 1H74 as dimer).
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The last step in the CAPIM pipeline is the option to
dock substrates into predicted pockets. This module
can be used to test unknown substrates or, as here,
assess the interactions of known substrates. For the
model proteins analyzed above, the type of enzymatic
reactions they perform is established, and we thus
docked appropriate ligands (for each, binding mode
known from crystal structure) to the pockets containing
the top CAPIM-identified active sites. For 1ARB, we
used the inhibitor Tosyl-Lysyl Chloromethylketone
(TCK; a modified lysine residue) and, for 1H74, the
substrate adenosine diphosphate (ADP). The affinity
values for the docking of each substrate to each pre-
dicted pocket in CAPIM revealed high affinity: for 1H74
and ADP, �9.3 kcal/mol; for 1ARB and TCK,
�5.2 kcal/mol. We then compared the docking results

with the substrate binding poses observed in the crystal
structures (Figure 4). The significant similarity between
docked and experimental substrate positions for both
systems clearly demonstrates that CAPIM (1) finds the
right binding site and (2) adds the substrate in an orien-
tation that agrees with experimental data.

3.2 | Exploring EC numbers from the
first level (1BP4)

In the above case studies, we limited the initial CAPIM
search to a known second EC level. However, in many
scenarios, little may be known about a protein’s func-
tion, making it necessary to explore EC numbers more
broadly. To explore this, we chose papain (1BP4), a

F I GURE 4 Structural comparison of experimentally determined and CAPIM-docked complexes. Visual representations of substrate sites in
(a) 1H74 monomer using adenosine diphosphate ligand and (b) 1ARB using Tosyl-Lysyl Chloromethylketone ligand. Each panel includes Left:
The 3D protein structure from PDB with its co-crystallized ligand. Right: The same PDB structure after docking using the CAPIM approach,
displaying the predicted ligand pose. Bottom: A superposition of experimental (PDB) and CAPIM-docked ligand-bound structures, illustrating
their spatial agreement.
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212-residue cysteine protease of the papain-like C1
family that catalyzes broad-specificity peptide hydroly-
sis (EC 3.4.22) (LaLonde et al., 1998). Here we started
the CAPIM analysis using only the first EC level as
input, that is, EC 3 (hydrolases) and investigated the
output at the second and third EC levels as compared
to GASS only.

From the results (Figure 5), it is evident that CAPIM
(again) delivers fewer hits than GASS only (44 vs.
17,600 for EC 3), and most of those are defined as EC
3.4: 32 (73% of total) and 4700 (27% of total) for CAPIM
and GASS, respectively. When we investigated the third
EC level within EC 3.4, we find that CAPIM again per-
forms better than GASS: CAPIM reports 21 of 32 hits
with the correct EC 3.4.22 (66%), whereas GASS
reports 1300 of 4700 hits (28%) as EC 3.4.22 (Figure 5).
Thus, even when CAPIM starts from a single-digit EC
class, the cascade of P2Rank spatial filtering followed
by GASS ranking greatly concentrates true positives,
mirroring the trend seen for the earlier case studies.

Many times, the first EC number is not known,
as one may want to explore enzyme activity widely

for an unknown protein. CAPIM can analyze proteins
without selecting an EC number. Then the program
analyzes all EC numbers at once, and one can ana-
lyze the results on different levels. In Figure 6, we
show the output results at the first, second, and third
EC level when we explored 1BP4 again using all EC
numbers in CAPIM. Also, in this type of search is
the true positive (experimentally verified activity
3.4.22) singled out by CAPIM. The data in Figure 5
is a subset of the data in Figure 6. Thus, regardless
of the starting point, the CAPIM output result is
the same.

3.3 | A polymer with unknown
functions: α-synuclein amyloid (6A6B)

Finally, to test CAPIM on a multimeric structure with
unknown catalytic annotation, we turned to α-
synuclein amyloids. Recent in vitro work has shown
that these amyloids can catalyze dephosphorylation
and hydrolysis of ester bonds in model substrates

F I GURE 5 Comparison of predicted active sites from CAPIM, GASS alone, and experiment. (a) Bar plots showing a comparison of number
of active sites for a specific Enzyme Commission (EC) number at the first (EC 3), second (EC 3.x), and third (EC 3.4.x) level predicted from
GASS alone versus CAPIM for 1BP4 (note, 3.4.22 is correct EC number for 1BP4). (b) Dot plots of residues part of predicted and experimentally
verified active sites in 1BP4. Color code is the same as Figure 3. Residues in the top 10 CAPIM-defined active sites for 3.4.22 and the top
10 GASS-only active sites at the first EC level are plotted (ranked by the fitness value given by GASS). (c) Protein structure with CAPIM-
identified active-site residues (blue) highlighted.
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(Horvath & Wittung-Stafshede, 2023). However, the
full range of catalytic activities these amyloids may
harbor, and the identity of their catalytic sites remain
unknown. Since the experimental work was conducted
under physiological conditions where wild-type α-
synuclein typically adopts a Type-1A fold (Frey
et al., 2024), we selected a PDB structure consistent
with that fold: 6A6B. This structure is a multimer

composed of 12 chains (6 per protofilament). As
noted, CAPIM has no restriction on the number of pro-
tein chains within a structure to be analyzed. To
explore the enzymatic potential of 6A6B, we systemat-
ically applied CAPIM across all EC levels.

At EC level 1, CAPIM predictions showed a domi-
nance of hydrolases (EC 3), followed by oxidoreduc-
tases (EC 1) and lyases (EC 4) (Figure 7a). We then

F I GURE 6 Prediction of enzymatic activity using all Enzyme Commission (EC) numbers at three different levels. Bar plots illustrate the
predicted enzymatic activity across all EC numbers at three hierarchical levels. Bars represent the number of predicted active sites assigned to
each EC subclass at that level. The EC subclass with the highest number of predicted active sites—which also corresponds to the
experimentally validated enzyme class—is marked with a star symbol in each panel.
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delved into EC level 2, which specifies the types of
bonds or functional groups involved. At EC level 2, the
most frequent subclasses included EC 3.4 (pepti-
dases), EC 3.1 (hydrolases acting on ester bonds), and
EC 1.13 (oxidoreductases). Importantly, as EC 3.1
includes both phosphatases and esterases, it directly
aligns with previous in vitro data (Horvath & Wittung-
Stafshede, 2023).

At the detailed EC level 3, CAPIM predicted a range
of specific activities, including EC 3.1.27 (endoribonu-
cleases), EC 3.4.24 (metallopeptidases), and EC
1.13.11 (dioxygenases) (Figure 7a). EC 3.1.27 repre-
sents a subclass of hydrolases that cleave
phosphodiester bonds. This prediction supports prior
experimental data implying that α-synuclein amyloids
cleaved phosphoester bonds in DNA under

F I GURE 7 CAPIM exploration of αa-synuclein amyloid structure. (a) Bar plots showing the predicted activities for 6A6B at the first, second,
and third Enzyme Commission (EC) level for 6A6B exploring all EC numbers. (b) CAPIM-defined active-site residues for the EC activities found
at the third EC level (here, only residues in the active site with the best fitness was plotted per EC activity). Chain identity was not considered
here, all identified residues are shown on the same peptide sequence X-axis. However, active sites may contain multiple identical residues on
different chains and/or residues from different chains.
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physiological conditions in vitro (Horvath et al., 2025).
Furthermore, the prediction of metallopeptidase activity
(EC 3.4.24) suggests that amyloid-mediated peptidase
activity should be explored in future experiments as a
function of metal ions. Earlier experimental findings
have shown that copper ions can become incorporated
into α-synuclein amyloids during aggregation and they
can also bind to pre-form such amyloids (Walke
et al., 2024). The predictions also provide other cata-
lytic activities that may be assessed in the future (within
EC 4, EC 5, and EC 6 classes).

The CAPIM result of EC 3.1, indicating phosphate
bond manipulation including dephosphorylation, links
experiments and predictions. Therefore, we docked the
model phosphoester substrate para-nitrophenyl phos-
phate (pNPP), used in the in vitro experiments, to the
6A6B amyloids using CAPIM. We docked the substrate
to the pocket identified by CAPIM to harbor EC 3.1
activity. Notably, it is clear from Figure 7b that most pre-
dicted catalytic activities involve His50 and a few other
residues within the same cavity (Lys45 and Glu57) in
different combinations. For example, EC 3.1.27 is pre-
dicted to involve His50 and Lys45, while EC 3.4.24 is
predicted to involve His50 and Glu57. These residues
(and Lys43 and Thr59 included in one active site each,
Figure 7b) are all found in a cavity at the interface
between the two protofilaments of the amyloid. Impor-
tantly, the same ligand binding site was identified in a
recent computational study of 6A6B amyloids using
a totally different approach (Parate et al., 2025).

Docking of pNPP using AutoDock in CAPIM identi-
fied pNPP interactions with His50, Lys45, and Thr59
(Figure 8) with a binding affinity of �8.3 kcal/mol.
Notably, His50 was identified as essential for amyloid
phosphorylation activity in vitro (Horvath & Wittung-
Stafshede, 2023). Even if the predictions provide multi-
ple possible catalytic activities, there appears to be a
common active site (the cavity between the two protofi-
laments that is lined with His50, Lys45, and Asp57) in
the amyloid structure that mediates activity. Taken

together, CAPIM not only captures the known dephos-
phorylation activity of α-synuclein amyloids, but also
proposes novel enzymatic reactivities, such as pepti-
dase activity, that can now be experimentally tested
using model substrates.

4 | DISCUSSION

CAPIM introduces a comprehensive and unified
approach for enzymatic activity and catalytic site analy-
sis by integrating three established tools—P2Rank
(Jakubec et al., 2022; Kriv�ak & Hoksza, 2018), GASS
(Izidoro et al., 2015; Moraes et al., 2017), and Auto-
Dock Vina (Eberhardt et al., 2021; Trott &
Olson, 2010)—into a streamlined pipeline. Unlike con-
ventional tools that focus exclusively on either func-
tional annotation (Dalkiran et al., 2018) or spatial
prediction (Jakubec et al., 2022; Le Guilloux
et al., 2009), CAPIM bridges and complements these
domains, enabling users to identify catalytically active
residues with their EC numbers and binding pockets
and perform enzyme–substrate docking within the
same framework. This makes CAPIM not only a predic-
tive tool but also a complete exploratory platform for
functional enzymology.

A key innovation in CAPIM is the combination of
P2Rank and GASS, which allows it to prioritize catalyti-
cally relevant residues based on both spatial context
and functional annotation. By narrowing residue selec-
tion to those residing within high-confidence P2Rank-
predicted pockets, the pipeline substantially reduces
the number of false positives typically produced by the
predictions of GASS alone. For example, in the case
studies we observed CAPIM predicts active sites in the
order of a couple of dozens while GASS alone predicts
in the order of more than a thousand. The case of
papain (1BP4) further highlights CAPIM’s robustness
under minimal prior annotation: even when supplied
only with the top-level EC class, CAPIM successfully

F I GURE 8 Substrate docking to CAPIM-identified binding site in amyloid. The 6A6B amyloid structure with the pNPP substrate (blue)
docked to the pocket predicted by CAPIM to harbor most Enzyme Commission (EC) active sites, including EC 3.1 activity
(e.g., dephosphorylation). The zoom-in (right) shows that pNPP interacts with three side chains (in stick) Lys45, His50 and Thr59. The first two
residues are predicted to be active residues in several identified EC activities (see Figure 7b).
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refined its prediction down to EC 3.4.22, correctly iden-
tifying key active sites with high confidence.

Another feature of CAPIM is its compatibility with
large multimeric and polymeric proteins. GASS limits
the analysis to eight chains, missing inter-chain active
sites that may be crucial in larger enzymes. Here,
CAPIM successfully analyzed the amyloid structure
6A6B that includes 12 chains in the PDB file.

In addition to its technical strengths, CAPIM was
designed with accessibility in mind. The tool includes a
graphical user interface (GUI) built with Streamlit
(Streamlit Inc., 2025), which requires no programming
skills or machine learning expertise to operate. Users
can simply upload a protein structure and ligands, and
run the entire analysis pipeline through an intuitive,
interactive interface. This accessibility greatly lowers
the barrier to entry for researchers from diverse
backgrounds—including biochemists, structural biolo-
gists, and experimental enzymologists—making
CAPIM a practical choice for routine use in both aca-
demic and applied research settings.

CAPIM also enhances interpretability through its
integrated visualization capabilities. Residue-level cata-
lytic annotations, pocket maps, and docking results are
presented in both sequence-level and structure-space,
providing researchers with clear insights into the spatial
distribution of enzymatic activity. This interactive pre-
sentation is particularly valuable for identifying function-
ally critical regions and designing follow-up mutational
or biochemical studies.

The docking functionality in CAPIM is guided by
structural prediction. By using P2Rank-generated
pocket coordinates as docking grids, CAPIM ensures
that substrates are evaluated within biologically rele-
vant regions of the protein. For our case study proteins
1ARB and 1H74, we were able to prove that the CAPIM
predicted substrate pose matched the experimentally
proven one.

Despite its strengths, CAPIM’s current limitations
are rooted in the dependency on the GASS template
database. Since GASS relies on a finite and predefined
set of structural templates derived from known
enzymes, the tool may underpredict activities associ-
ated with less characterized or novel folds. Future
improvements could integrate contrastive learning-
based EC predictors to better predict function in regions
where annotations are sparse or inconsistent. Addition-
ally, future versions of CAPIM could benefit from incor-
porating structure-based GNNs to directly learn
catalytic patterns from the spatial and physicochemical
context of residues. Representing protein structures as
graphs—where nodes correspond to atoms or residues
and edges capture spatial or functional proximity—
would allow the model to identify subtle, fold-dependent
features that template-based methods might miss.
Beyond these predictive components, CAPIM’s dock-
ing module also offers opportunities for expansion.

While in this study we focused on demonstrating dock-
ing with known substrates, future applications could
include docking into predicted protein structures,
designer proteins, testing non-cognate ligands, or com-
paring docking results for ligands corresponding to sev-
eral top predicted functions. Such approaches may
provide additional cues for discriminating between com-
peting functional predictions and further enhance
CAPIM’s utility as a hypothesis-generating tool.

Another limitation is during the docking step. For
PDB files that contain structural issues such as miss-
ing atoms, we recommend pre-processing to avoid
errors. In cases where the removal of extra molecules
is not enough to allow sufficient file preparation for
AutoDock, we recommend that the user download the
predicted pocket grids and use other available dock-
ing software. Future versions could include various
docking options to allow wider coverage of input pro-
tein structures.

In summary, CAPIM offers a comprehensive and
accessible solution for protein catalytic activity analysis.
By reducing the candidate space, improving annotation
precision, supporting large and complex protein struc-
tures, providing intuitive visualizations, and enabling
docking-based validation—all within a user-friendly
interface—CAPIM stands as a powerful tool for advanc-
ing enzymology, protein engineering, and drug
discovery.

5 | CONCLUSION

We have created a tool that will help researchers more
efficiently explore enzyme activity in a streamlined
fashion. CAPIM combines three tools into one merged
user-friendly engine. This approach helps narrow down
the search for active sites in proteins with respect to
both location and activity. We show using three known
examples that the correct answer (as determined by
experiments) is retained while false positives are signif-
icantly reduced. For an unknown case, α-synuclein
amyloids, we show how CAPIM can be used to identify
putative new activities that can act as the basis for
exploration by strategic experimental assays in vitro.
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