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Abstract

Aggrescan4D (A4D) is an advanced computational tool designed for predict-

ing protein aggregation, leveraging structural information and the influence

of pH. Building upon its predecessor, Aggrescan3D (A3D), A4D has under-

gone numerous enhancements aimed at assisting the improvement of protein

solubility. This manuscript reviews A4D's updated functionalities and

explains the fundamental principles behind its pH-dependent calculations.

Additionally, it presents an antibody case study to evaluate its performance

in comparison with other structure-based predictors. Notably, A4D integrates

advanced protein engineering protocols with pH-dependent calculations,

enhancing its utility in advising solubility-enhancing mutations. A4D con-

siders the impact of structural flexibility on aggregation propensities, and

includes a large set of precalculated predictions. These capabilities should

help to open new avenues for both understanding and managing protein

aggregation. A4D is accessible through a dedicated web server at https://

biocomp.chem.uw.edu.pl/a4d/.
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1 | INTRODUCTION

Protein aggregation is a significant biochemical process
with implications for both health and technology. It
occurs when soluble proteins form insoluble aggregates,
often leading to diseases such as Parkinson's, Alzhei-
mer's, ALS, type II diabetes, and various cancers (Chiti &
Dobson, 2017). From an evolutionary perspective, protein
aggregation can limit the diversity of protein sequences
that can be stably expressed in cells. This is because the
aggregation process affects several crucial aspects, includ-
ing the proper folding of proteins into their native states
and the concentration at which they can exist without
forming aggregates (Carija et al., 2019; de Groot &
Ventura, 2010; Santos, Iglesias, & Ventura, 2020). In
industry, although protein aggregation poses challenges
in biotechnology, particularly in the production and puri-
fication of biotherapeutics, it also presents unique oppor-
tunities (Shukla & Thömmes, 2010). Amyloid fibers,
utilized as scaffolds (Díaz-Caballero et al., 2018;
Knowles & Mezzenga, 2016) and enzymatic platforms
(Díaz-Caballero et al., 2018; Knowles & Mezzenga, 2016),
exemplify how biological challenges can be transformed
into technological advantages. Understanding these
aggregation processes is essential for both mitigating
their harmful effects and harnessing their potential
benefits.

The growing need to understand protein aggregation
across various contexts has spurred the development of
sequence-based bioinformatics tools designed to pinpoint
regions in proteins most susceptible to aggregation
(Santos, Pujols, Pallarès, et al., 2020). Tools such as
TANGO (Fernandez-Escamilla et al., 2004), Zyggregator
(Tartaglia & Vendruscolo, 2008), and Aggrescan
(Conchillo-Solé et al., 2007) are highly valued for their
speed and cost-effectiveness, facilitating the rapid rede-
sign of protein variants. TANGO (Fernandez-Escamilla
et al., 2004) utilizes a statistical mechanics approach to
predict protein aggregation by evaluating beta-sheet for-
mation tendencies, focusing on peptide backbone ener-
getics and side chain interactions. Zyggregator
(Tartaglia & Vendruscolo, 2008) determines aggregation
propensities using physicochemical properties and the
context within protein sequences. Meanwhile, Aggrescan
(Conchillo-Solé et al., 2007) identifies critical “hot spots”
for aggregation using an aggregation propensity scale
derived from in vivo data, making it particularly effective
for detecting short sequence stretches that significantly
influence protein aggregation. These tools are particu-
larly useful for proteins in extended conformations or
intrinsically disordered proteins (IDPs), where exposed
aggregation prone regions (APRs) are directly related to
the sequence (Belli et al., 2011). However,

sequence-based tools often misidentify APRs in folded
proteins, where hydrophobic regions involved in interac-
tions or buried within the protein are less likely to con-
tribute to aggregation.

This limitation led to the development of structure-
based predictors that utilize spatial information from
experimental structures to identify aggregation-prone
regions where residues are closely packed in three
dimensions (Chennamsetty et al., 2009). Key advance-
ments in this area include SolubiS (De Baets et al., 2015),
CamSol (Sormanni et al., 2015), and Aggrescan3D (A3D)
(Zambrano et al., 2015). These tools have improved the
accuracy of predicting protein aggregation by effectively
using structural data to pinpoint potential hotspots. Solu-
biS (De Baets et al., 2015) builds on TANGO's
(Fernandez-Escamilla et al., 2004) methodology to
improve protein solubility by mutating aggregation-prone
regions to more stable residues, utilizing the FoldX
(Schymkowitz et al., 2005) force field to assess the impact
of these changes. CamSol (Sormanni et al., 2015), on the
other hand, predicts protein solubility by taking into
account factors such as hydrophobicity, charge, and
structural context, and it provides users with protein vari-
ants engineered for increased solubility. A3D (Zambrano
et al., 2015) builds on the original Aggrescan (Conchillo-
Solé et al., 2007) by adding three-dimensional structural
information to its sequence-based aggregation propensity
analysis. This allows A3D to identify aggregation-prone
regions based on both the sequence and the spatial prox-
imity of residues, giving a more accurate depiction of
potential aggregation hotspots in the three-dimensional
structure of proteins.

Building on the strengths of A3D (Zambrano
et al., 2015), our new in-house algorithm, referred to as
Aggrescan4D (A4D) (B�arcenas et al., 2024), represents
the next step in the evolution of aggregation prediction
tools. A4D not only incorporates all the features of A3D
but also introduces environmental pH as a variable in its
calculations, offering a more nuanced view of protein
aggregation under different physiological conditions.
Additionally, A4D incorporates further enhancements for
automated protein design and user-friendly operation.

In this overview, we explore the capabilities of A4D
(B�arcenas et al., 2024), a state-of-the-art tool for predict-
ing protein aggregation propensity, and compare its
strengths and weaknesses with other aggregation predic-
tion algorithms. Section 2 highlights the transformative
advancements from A3D (Zambrano et al., 2015) to A4D
(B�arcenas et al., 2024), emphasizing its key features,
methodologies, and applications. Section 3 offers a con-
cise overview of A4D's options, including its most impor-
tant functionalities such as: pH calculations (Section 3.1),
dynamic mode simulations (Section 3.4), and automatic
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mutations (Section 3.7). Each section delves into A4D's
capabilities, underscoring its significance in protein
aggregation research and potential impact on biotechnol-
ogy and biomedical science. Additionally, in Section 4,
we describe an antibody case study evaluating the predic-
tive accuracy of A4D, alongside other tools, providing
valuable insights into its predictive accuracy. Finally, we
also discuss potential future enhancements that could
improve our ability to predict and manage protein
aggregation.

2 | FROM Aggrescan3D TO
Aggrescan4D: TRANSFORMATIVE
ADVANCES IN PROTEIN
AGGREGATION PREDICTION
TECHNOLOGY

A3D (Zambrano et al., 2015) integrates the Aggrescan
in vivo-derived scale (Conchillo-Solé et al., 2007) into the
3D space of protein structures by leveraging distances
between amino acid residues and their overall surface
exposure. This method overcomes the main limitations of
sequence-based predictive approaches by disregarding
solvent-protected residues that have negligible impact on
protein aggregation, identifying spatially clustered resi-
dues that form STructural Aggregation Prone regions
(STAPs) despite being sequentially distant, and evaluat-
ing the decay of residues' impact on STAP potency due to
distance between alpha-carbon atoms (Conchillo-Solé
et al., 2007; S�anchez de Groot et al., 2005). A3D's distinc-
tive feature CABS-flex (Jamroz et al., 2014; Kurcinski
et al., 2019; Kuriata et al., 2018) provides a dynamic
model of protein flexibility which allows for evaluating
the aggregation propensity of proteins by identifying
potential STAPs that may be hidden in the static input
structure (Nithin et al., 2024; Zambrano et al., 2015).

The first web server for A3D (Zambrano et al., 2015)
was launched in 2015, marking a significant milestone in
making this innovative tool accessible to the wider scien-
tific community. Since its launch, A3D has been widely
accepted in the scientific community, leading to numer-
ous significant publications. Researchers have utilized
A3D for the in silico redesign of antibodies and other pro-
teins, enhancing their structural and functional proper-
ties for various biotechnological applications (Ejaz
et al., 2023; Gil-Garcia et al., 2018; Xia et al., 2016). Addi-
tionally, the platform has been instrumental in under-
standing the aggregation mechanisms of both pathogenic
and non-pathogenic proteins as well as biotherapeutics,
providing insights into their behaviors and impacts
(Berdy�nski et al., 2022; Bhandare & Ramaswamy, 2018;
Gil-Garcia et al., 2020; Katina et al., 2017; Ko et al., 2023;

Leppert et al., 2023; Petrlova et al., 2022; Zakeri
et al., 2023; Žerovnik, 2017). A3D has also supported
studies on the interactions between antibacterial proteins
and lipidic bilayers, as well as disaggregase-client recog-
nition dynamics, aiding in the development of multi-
epitope vaccines for tropical diseases and enhancing our
understanding of protein evolution and its impact on
aggregation (Badaczewska-Dawid et al., 2023; Carija
et al., 2019; Flores-Le�on et al., 2021; Garcia-Pardo
et al., 2023; Ishwarlall et al., 2022; Pulido, Arranz-
Trullén, et al., 2016; Pulido, Llamas, et al., 2016; Ruiz-
Solaní et al., 2023).

In 2019, the A3D 2.0 web server (Kuriata, Iglesias,
Pujols, et al., 2019) was launched with major improve-
ments, including the new CABS-flex package and the
FoldX (Schymkowitz et al., 2005) force field. This ver-
sion's enhanced capabilities enabled it to handle larger
proteins and complexes, facilitating rational protein rede-
sign by balancing aggregation propensity with thermody-
namic stability (Castillo et al., 2010; Espargar�o
et al., 2008; Gil-Garcia et al., 2018; Kurcinski et al., 2019;
Kuriata, Iglesias, Kurcinski, et al., 2019; Kuriata, Iglesias,
Pujols, et al., 2019; Schymkowitz et al., 2005). New auto-
mated mutation tools were also introduced to streamline
protein engineering processes, making them more acces-
sible to users with varying levels of expertise in protein
chemistry.

In response to growing demand for local and custom-
izable versions, the A3D Standalone (Kuriata, Iglesias,
Kurcinski, et al., 2019) version was developed, offering
the full functionalities of A3D 2.0 (Kuriata, Iglesias,
Pujols, et al., 2019) but with the capability for users to
operate locally and customize features to suit their spe-
cific needs. This standalone version, especially useful for
integrating into larger bioinformatics platforms, was
well-received by researchers preferring to work within
their own computational environments.

In 2024, A3D (Zambrano et al., 2015) underwent a
significant update leading to its rebranding as A4D web
server (B�arcenas et al., 2024), driven by the inclusion of
pH calculations as the “fourth dimension.” This transfor-
mative enhancement, along with the integration of envi-
ronmental factors like pH, allows for more realistic
simulations of physiological conditions and provides a
comprehensive understanding of how these conditions
influence protein stability and aggregation (Arseni
et al., 2022; Arseni et al., 2023; Garcia-Pardo &
Ventura, 2024; Oeller et al., 2023; Pintado et al., 2021;
Santos, Iglesias, Santos-Su�arez, et al., 2020; Strohäker
et al., 2019). A4D also capitalized on the AlphaFold data-
base (Jumper et al., 2021), enhancing the accuracy of
structural predictions by addressing the representation
of intrinsically disordered regions (IDRs) and allowing
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seamless integration of structural data from various data-
bases (Badaczewska-Dawid et al., 2022; Badaczewska-
Dawid et al., 2023; Garcia-Pardo et al., 2023; Ruff &
Pappu, 2021; Varadi et al., 2024). Additionally, new auto-
mated mutation modes and expanded file compatibility
have further enhanced A4D's utility in protein solubility
and aggregation studies, marking a pivotal development
in the field of protein aggregation prediction.

3 | A4D PIPELINE AND OPTIONS

A4D web server (B�arcenas et al., 2024) (available at
https://biocomp.chem.uw.edu.pl/a4d/) offers users the
choice between utilizing the original A3D scoring
method (Zambrano et al., 2015), featuring Static mode
and Dynamic mode, or adopting the A4D algorithm,
which integrates pH calculations (see Figure 1).

A4D (B�arcenas et al., 2024) defaults to conducting a
pH-dependent analysis of aggregation properties and
structural stability assessment. It also facilitates input
optimization using the FoldX (Schymkowitz et al., 2005)
tool. The aggregation propensity calculations are cen-
tered around each amino acid α-Carbon atom within a
default spherical radius of 10 Å. The A4D score quantifies
aggregation propensity for each amino acid i using the
following formula:

A4D score¼Aggi αe
βRSAi

� �þ
X

e
Agge αe βRSAef g� �

γe�δdist
� �� �

ð1Þ

In this equation:

• Aggi represents the aggregation propensity of the cen-
tral residue i, and RSAi denotes its relative surface
area exposed to solvent. For static and dynamic mode
pathways (Figure 1), the Aggi score is based on exper-
imental data from in vivo studies (Conchillo-Solé
et al., 2007; S�anchez de Groot et al., 2005), whereas,
in pH calculation mode, Aggi is determined using a
pH-dependent lipophilicity scale (details in
Section 3.1).

• The summation includes each neighboring residue e
within a 10 Å radius around i, where Agge and RSAe

are their respective aggregation propensities and sol-
vent exposure.

• dist refers to the distance from the central residue i to
each neighboring residue e.

• α, β, γ, and δ are numerical parameters used to adjust
the influence of solvent exposure and distance on the
aggregation score, reflecting residue interactions as
outlined in work (Zambrano et al., 2015).

For most applications, the A4D score above 0 indicates
potential aggregation, but scores higher than 0.5 are more
likely to indicate residues that are critical to aggregation
processes. A sphere radius of 10 Å is typically used to
identify residues forming aggregation-prone regions,
though a smaller radius of 5 Å may be employed for
detailed analysis of specific residues within these patches
(see Section 3.6).

FIGURE 1 A4D pipeline.
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The following section provides a comprehensive
explanation of A4D's (B�arcenas et al., 2024) modes and
features, ensuring users have a clear understanding of its
capabilities for predicting protein aggregation propensi-
ties. All available options and their default settings are
presented in Table 1.

On the A4D web server, computation times vary
based on protein size and the selected options. For most
settings, smaller proteins (around 100 amino acids) typi-
cally require only a few minutes, while larger proteins
(around 300 amino acids) usually take between 10 and
15 min. However, dynamic mode is particularly time-
consuming, taking about 20 min for smaller proteins and
over an hour for larger ones. Note that these times may
vary if the job is queued on the A4D web server.

3.1 | pH calculations

The possibility of including pH-dependent
calculations was introduced in 2024 (B�arcenas
et al., 2024), with the rebranding of A3D to A4D, mark-
ing the integration of environmental pH as the “4th
dimension.” The integration of pH calculations into A4D
marks a significant leap forward in protein research and

engineering. It empowers researchers to explore the
impact of pH variations on protein aggregation in bio-
technological contexts, aids in optimizing protein solubil-
ity across diverse environmental conditions crucial for
industrial applications, and enhances our understanding
of disease mechanisms, particularly in conditions where
pH dysregulation contributes to protein aggregation-
related pathologies.

The propensity for aggregation of pH-sensitive amino
acids is influenced by changes in their charge and hydro-
phobicity, which vary with pH. This results in a pH-
dependent alteration in their contribution to aggregation
(Santos, Iglesias, Santos-Su�arez, et al., 2020). SolupHred
has used these factors successfully to predict how pH
influences the aggregation of intrinsically disordered pro-
teins (IDPs) (Pintado et al., 2021). The residues neighbor-
ing the pH-sensitive residues can shift the pKa values.
A4D combines the pH-dependent lipophilicity scale used
in SolupHred with 3D-informed pKa calculations for pH-
sensitive residues available through the pKa-ANI method
(Gokcan & Isayev, 2022) (Figure 2). To calculate the
aggregation propensity index (Aggi) for each amino acid
at different pH values, we use these combined data and
substitute them into the Equation (1). It's important to
note that while there is a strong correlation between the

TABLE 1 A4D advanced options list.

Name Description Value Note Section

pH calculations The simulation will be run across a range of pH
values (4–9), results for each pH value will be
presented.

Yes/
No

Cannot be used alongside Dynamic
mode and Improve/Enhance protein
stability options.

3.1

Stability calculations FoldX (Schymkowitz et al., 2005) is used to
optimize input structure.

Yes/
No

Required for mutation calculations. 3.2

Analysis of the globular
regions

Use the AlphaCutter tool (Tam & Iwasaki, 2023)
to remove the disordered regions of the protein.

Yes/
No

Recommended for structures
obtained from the AlphaFold
database.

3.3

Dynamic mode If Yes, A4D will take into account the flexibility
of an input structure. If No, A4D will perform
analysis on a static input structure.

Yes/
No

Cannot be used alongside pH
calculations and Improve/Enhance
protein stability options.

3.4

Mutate residues Mutate your input protein, mutation options will
be provided in the next step.

Yes/
No

– 3.5

Distance of aggregation
analysis:

Select the radius (R) of the sphere used in the
analysis.

5 Å/
10 Å

– 3.6

Improve protein
solubility with
evolutionary conserved
mutations

Automatically select aggregation prone residues
and mutates them into more soluble amino acids
using a conservative evolutionary approach.

Yes/
No

Cannot be used alongside pH
calculations, Dynamic mode and
Enhance protein solubility options.

3.7

Enhance protein
solubility with charged
mutations

Automatically selects aggregation prone residues
and mutates them into charged amino acids.

Yes/
No

Cannot be used alongside pH
calculations, Dynamic mode and
Improve protein solubility options.

3.7

Note: Each option is described in the corresponding subsection of this manuscript, with the subsection number listed in the last column. Default options are
highlighted in bold.
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primary aggregation scale of A4D and the pH-dependent
lipophilicity scale, their dynamic ranges are different. As
a result, A4D reports different numerical values for the
aggregation score at neutral pH compared to the “classi-
cal” A4D score (i.e., when pH calculations are not consid-
ered) (Figure 2a). Regarding pH calculations, A4D
considers the pH score variation of aspartic and glutamic
acids, lysine, histidine and tyrosine (see Figure 2b), while
the score of other amino acids remains unchanged.

If the ‘pH calculations’ option is enabled, A4D facili-
tates aggregation predictions across a range of 11 pH
values from 4 to 9 with increments of 0.5. Subsequently,
users gain access to detailed pH-specific predictions on
the result page, including structural visualization along
with average and max A4D scores for each prediction.
Through performance analysis, we determined that for
globular proteins, the maximum value, and for IDPs, the
average value, better aligns with experimental observa-
tions (B�arcenas et al., 2024). Furthermore, A4D adeptly
recognizes input structures and recommends the most
suitable metric for use. It is important to note that this
functionality cannot be combined in a single prediction
run with Dynamic mode and automatic mutations, as
illustrated in Figure 1.

In our study covering A4D web server (B�arcenas
et al., 2024), we examined the accuracy of A4D's pH-
dependent predictions across 18 diverse proteins, includ-
ing 11 globular proteins and 7 IDPs. We measured the
performance by comparing the slopes of the linear regres-
sions between the experimental data and A4D metrics.
Specifically, we used the A4D max score for globular pro-
teins and the A4D average score for IDPs, achieving 100%

agreement between the predictions and experimental
results for both categories. In comparison, CamSol had
an overall agreement of 78% (64% for globular proteins
and 100% for disordered proteins).

The usage of A4D in predicting pH-dependent aggre-
gation behaviors can be illustrated through the example
of Human Serum Albumin (HSA), a critical blood protein
involved in substance transportation. Although HSA
tends to aggregate into amyloid fibrils under destabilizing
conditions, such as temperature or pH changes, the pre-
cise impact of pH on its structure and the consequent
exposure of the hydrophobic core—which can increase
aggregation—remains complex and unpredictable. There-
fore, HSA serves as a useful but challenging model for
studying aggregation-related phenomena (Malik
et al., 2022). Recent studies have illuminated the aggrega-
tion behavior of Human Serum Albumin (HSA) under
pH alterations, particularly in the shift from pH 7 to
5. Notably, the predictions generated by A4D regarding
the aggregation tendencies of HSA (PDB ID: 6YG9) are
supported by experimental findings. Utilizing the pH cal-
culations feature of A4D, it was found that at pH 5, HSA
shows a heightened propensity for aggregation compared
to pH 7. These findings are reflected in the scatter plot
shown in Figure 3a, which illustrates a strong concor-
dance between predicted aggregation propensity scores
and experimental data, evidenced by an R-squared value
of 0.88, indicating a robust correlation.

In Figure 3, we present an example where the correla-
tion between experimental data and the predicted A4D
score is high across the entire pH range studied. After
analyzing the pH-dependent aggregation profile of

FIGURE 2 Incorporation of pH modulated changes in aggregation propensity in A4D. (a) Linear correlation between the pH-dependent

lipophilicity scale used for pH calculations at neutral pH and the in vivo derived Aggrescan scale used for non-pH calculations. (b) pH-driven

changes in the liphophilicity score. Due to limitations on satisfactory 3D pKa estimation for Arginine, its score is considered constant in the

A4D assayed pH-range.
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multiple proteins (B�arcenas et al., 2024), various scenar-
ios are possible regarding this correlation. In Figure 4, we
have compiled predicted and experimental aggregation
values from three proteins: Bovine Serum Albumin
(BSA) (Li et al., 2016), Lysozyme (B�arcenas et al., 2024)
(supplementary materials), and Ribonuclease Sa (RNase
Sa) (Schmittschmitt & Scholtz, 2003). For BSA, the pre-
dicted A4D values accurately model the observed experi-
mental aggregation. When analyzing the lysozyme data,
we observe that A4D accurately models most of the pH
range (pH 3.5–9.5) but fails for moderately basic pH

values (10 and above). This discrepancy is attributed to
the partial unfolding of lysozyme at such pH values
(Petersen et al., 2004), which is why the A4D server limits
pH prediction range to values between 4.0 and 9.0.
Finally, in the case of RNase Sa, the predicted and experi-
mental values agree, showing a decrease in aggregation
with an increase in pH. However, the rate of change dif-
fers. This is a known limitation in the algorithm for some
protein case studies and may result from the limitations
in A4D's aggregation modeling capabilities or differences
in the sensitivity of the experimental value reported.

FIGURE 3 Human Serum Albumin (PDB ID: 6YG9) aggregation propensity predictions using A4D pH calculations. (a) Scatter plot

illustrating the relationship between experimental data (X-axis) (Oeller et al., 2023) and predicted aggregation propensity scores (Y-axis).

Each data point represents a distinct pH, with the experimental values plotted against their corresponding predicted aggregation propensity

scores, while the red line represents the linear regression fit. The experimental aggregation value represents the measured aggregation

propensity of proteins under specific conditions, as reported in the original A4D work (B�arcenas et al., 2024). For BSA, it is the percentage of

aggregated proteins, and for lysozyme and RNase Sa, it is ThT absorbance at 595 nm. All values are normalized. The linear regression model

was fitted to the experimental data to estimate the relationship between the experimental values and the predicted aggregation propensity

scores. The close alignment between the points and the fitted line indicates a high level of concordance between the experimental data and

the predicted aggregation propensity scores. (b) Structural representations of HSA at pH 5.0 (left) and 7.0 (right). Residues are colored by

A4D scale: Blue for solubility, red for aggregation, white for neutral regions. Higher predicted propensity for aggregation at pH 5.0,

compared to pH 7.0, aligns with experimental findings.
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3.2 | Stability calculations

When activated, this feature harnesses FoldX
(Schymkowitz et al., 2005) to optimize input structure,
consequently enhancing prediction accuracy. The setting
should be toggled to “No” only for input structures that
have been already optimized, in order to expedite calcula-
tions. To perform any mutation, or dynamic mode analy-
sis, this feature has to be enabled. By default, the setting
is preset to “Yes.”

3.3 | Analysis of the globular regions

Structures obtained from the AlphaFold database
(Jumper et al., 2021) often present elongated, disordered
regions that are not typically observed in experimentally
resolved structures. These regions tend to congregate
around the globular core, introducing potential surface
features that could mislead the interpretation of STAPs
(Ruff & Pappu, 2021) and undermine the accuracy of
A4D predictions (Badaczewska-Dawid et al., 2022;
Badaczewska-Dawid et al., 2023).

To address this concern, A4D introduces the
“Analysis of the globular regions” feature, which
employs AlphaCutter (Tam & Iwasaki, 2023) to selec-
tively remove these disordered segments. AlphaCutter
employs DSSP to pinpoint long loops and helices, fol-
lowed by the calculation of a contact map. Addition-
ally, it applies an AlphaFold pLDDT threshold to
refine the domains further. By focusing on globular
regions, this approach refines the structural assess-
ment, thereby reducing the impact of artificially gen-
erated surface areas. By default, this option is
deactivated.

3.4 | Dynamic mode

In some cases, analyzing static structures alone is insuffi-
cient; we must also consider their dynamics to accurately
predict aggregation capabilities. Protein aggregation
onset may not necessarily require global unfolding and
transitioning across major energy barriers but can origi-
nate from locally unfolded states accessible under physio-
logical conditions, such as thermal fluctuations of native
states (Chiti & Dobson, 2009). A4D Dynamic mode is
designed to capture and analyze this kind of structural
changes, and thereby to facilitate a more comprehensive
and dynamic perspective of protein aggregation tenden-
cies. A4D Dynamic mode harnesses CABS-flex tool
(Kurcinski et al., 2019; Nithin et al., 2024) to simulate
protein fluctuations, allowing for the incorporation of
information about protein flexibility into their aggrega-
tive properties. In this mode, an input structure, after
FoldX (Schymkowitz et al., 2005) optimization, serves as
a starting point for CABS-flex simulation. During this
stage, a set of all-atom structures representing the pre-
dominant fluctuations observed throughout the CABS-
flex conformational space sampling is produced. For each
of these models, the A4D score is calculated using the
same method as in the static mode, and models are
ranked from highest to lowest aggregation score, includ-
ing the original structure. Following the completion of
calculations, a comprehensive summary of the Dynamic
mode computations, including the models generated via
CABS-flex and their corresponding A4D scores, is accessi-
ble in the “Dynamic mode details” tab. This summary
also includes an RMSF plot, where higher RMSF values
generally indicate more flexible regions, potentially
exposing hydrophobic patches or aggregation-prone
sequences that are otherwise buried. It's important to

FIGURE 4 Examples of different pH-

dependent normalized aggregation

profiles, showcasing different behaviors in

protein aggregation. Bovine Serum

Albumin (BSA), Lysozyme, Ribonuclease

Sa (RNase Sa); PDB IDs: 4F5S, 1LYZ

chain A, 1C54 chain A, respectively. The

predicted values align very well with the

experimental data (BSA), fail in extreme

pHs (basic pH, lysozyme), or show a

different range of variability between

experimental and predicted data

(RNase SA).
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note that the Dynamic mode does not support pH calcu-
lations or automatic mutations (see Figure 1). By default,
Dynamic mode is set to “No.”

Below, we present an example of the bevacizumab
Fab fragment (PDB ID: 1BJ1), a monoclonal antibody
crucial for inhibiting vascular endothelial growth factor
A (VEGF-A) in the treatment of various cancers and eye
diseases. The Fab domain of bevacizumab is known for
its high aggregation propensity, necessitating reduced
concentrations in its therapeutic applications. While A4D
static analysis of the Fab domain indicates a certain level
of aggregation tendency, the incorporation of Dynamic
mode unravels undisclosed aggregation-prone regions
not apparent in static structural evaluation (see Figure 5).
This suggests that structural fluctuations contribute to an
expanded aggregation-prone area, emphasizing the sig-
nificance of considering protein dynamics in aggregation
predictions. The Fab fragment example, along with anal-
ogous observation for different antibodies has been com-
prehensively described in ref (Kuriata, Iglesias, Pujols,
et al., 2019), in which the A3D 2.0 tool was used in the
analysis of protein flexibility on aggregation properties.

3.5 | Mutations

A4D offers the capability to introduce mutations both
before and after conducting calculations, enhancing
users' control over their analyses. By default, the Mutate
residues option is initially set to “No.” However, users
can activate this feature to access a dedicated window
where they can perform individual or multiple muta-
tions. This process involves selecting the desired amino
acid from a provided list and specifying the target
amino acid for mutation. Importantly, unlike automated
mutation methods, the Mutate residues option seamlessly
integrates with pH calculations and Dynamic mode.
Notably, enabling the Mutate residues option requires
the activation of Stability calculations, leveraging the
FoldX (Schymkowitz et al., 2005) tool for mutation
provision.

Mutations can be also performed, through the
“Aggrescan4D score” tab, accessible on the results page
after completing calculations. This tab features an inter-
active table displaying the A4D values for each residue,
along with an intuitive interface enabling users to easily
select desired mutations and resubmit calculation for
mutated protein.

3.6 | Distance of aggregation analysis

Aggregation propensity is determined within spherical
regions centered on each residue's Cα carbon. The

“Distance of aggregation analysis” option offers a choice
between two distinct distance settings: 5 or 10 Å.

The selection between the 5 and 10 Å settings
depends on the desired level of precision and detail in the
analysis. The default 10 Å radius provides a comprehen-
sive overview of aggregation tendencies throughout the
protein structure, while opting for the 5 Å radius allows
for a more refined examination, enabling researchers to
delve into individual residue impacts with greater
precision.

3.7 | Automated mutations to improve
protein solubility

A4D offers an Automated mutation feature aimed at
identifying more soluble variants of functional
therapeutic proteins. This feature serves as an efficient
and user-friendly method, accessible via “Enhance pro-
tein solubility with charged mutations” and “Improve
protein solubility with evolutionary conserved muta-
tions” input options. Its purpose is to offer a computa-
tional alternative to time-consuming and costly
experimental approaches such as phage display.

Under the setting “Enhance protein solubility with
charged mutations,” A4D identifies aggregation-prone
regions within the protein structure and virtually intro-
duces mutations by incorporating charged amino acids at
corresponding residues to impede protein self-
association. Upon analysis completion, A4D generates a
ranked list of suggested point mutations, accompanied by
an evaluation of their solubilizing effects and energetic
implications. This empowers researchers to manually
select mutations that enhance solubility while consider-
ing potential destabilization. Furthermore, users can
exclude specific residues from the automated mutation
process to prevent mutations of critical functional frag-
ments within the protein sequence.

The setting “Improve protein solubility with evolu-
tionarily conserved mutations” focuses on minimizing
changes in physicochemical properties that could disrupt
protein folding and stability. This option ensures that
suggested mutations result from a single point mutation
(A ! B) rather than a series of successive changes
(A ! C ! B), thus minimizing impacts on protein struc-
ture and stability. To achieve this, A4D employs Point
Accepted Mutation (PAM) matrices. These matrices store
the sum of accepted substitutions in closely related
sequences, with an identity threshold of 0.85 or higher.
By utilizing PAM matrices, A4D ensures that the sug-
gested mutations preserve evolutionary conservation
while enhancing protein solubility. This approach opti-
mizes protein stability and maintains biological
functionality.
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These functionalities are summarized in Figure 6.
By default, both mutation options are disabled. It's
noteworthy that automated mutations are not compati-
ble with pH calculations and Dynamic mode (see
Figure 1).

3.8 | Privacy

To prioritize privacy, users can select the “Do not show
my job on the results page” checkbox, found on the main
page's options panel. This feature allows users to control

FIGURE 5 Aggrescan4D Dynamic mode. (a) Dynamic mode pipeline. (b) Bevacizumab Fab fragment (PDB ID: 1BJ1) aggregation

propensity predictions using A4D Static mode (left side) and Dynamic mode (right side). Residues are colored by A4D scale: Blue for

solubility, red for aggregation, white for neutral regions. Dynamic mode reveals aggregation-prone regions that are not evident in Static

mode. (c) RMSF (Root Mean Square Fluctuation) plot from the CABS-flex simulation (left) and superposition of models produced by CABS-

flex (right).
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the visibility of their analyses, which is especially benefi-
cial for handling sensitive data. Furthermore, the standa-
lone version of A3D (outlined in Methods Section 3.11)

allows users to conduct analyses locally on their own
machines, granting complete control over the research
process. This eliminates the need to upload sensitive data

FIGURE 6 Aggrescan4D automated mutations pipeline. In the automated mutations mode, A4D identifies residues with the highest A4D

score, subsequently mutating them into positively charged residues (Lysine and Arginine) or negatively charged residues (Aspartic and Glutamic

acids). It then calculates A4D scores and stability increments for each variant, providing a ranked list of mutations. Mutations that do not

negatively impact stability are prioritized, appearing at the top of the list, while those that affect stability are highlighted in orange (energetic effect

>0.5 kcal/mol) and red (energetic effect >1.0 kcal/mol). In the “Improving protein solubility with evolutionary conserved mutations”mode, A4D

performs mutations which impact less on protein stability based on protein residue based on PAM250 matrix residue distances.
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to a remote server, ensuring maximum confidentiality for
researchers.

3.9 | A4D RESTful service

The A4D web server extends its capabilities through a
programmatically accessible interface, providing
researchers with the capability of integrating aggrega-
tion predictions into their computational workflows.
RESTful URLs, featured by A4D web server, allow users
to initiate new jobs either by uploading a custom
PDB/CIF file or with specific PDB/UniProt IDs. RESTful
service comprehensively supports the entire A4D web
server functionality, enabling users defining project
names, receiving email notifications and configuring
input parameters. Upon job submission, using cURLS,
users can monitor progress, access detailed information
and download complete A4D output. The RESTful API
can be harnessed through Python or other tools capable
of POST requests.

For a comprehensive overview of A4D RESTful ser-
vice options and usage examples, please refer to ref
(Pujols et al., 2021). Additionally, detailed RESTful guides
and examples can be found on: http://biocomp.chem.uw.
edu.pl/a4d/tutorial.

3.10 | Database for model organisms

The introduction of AlphaFold and the accompanying
AlphaFold Protein Structure Database (Varadi
et al., 2024), which includes over 200 million protein
structures, has made a significant impact on structural
biology. This development provides access to accurate
protein structures, especially for proteins that had not
been structurally characterized before, enhancing our
understanding and opening new avenues in scientific
research. Leveraging the availability of AlphaFold's struc-
tures, we initially proposed A3D predictions for the
human proteome (Badaczewska-Dawid et al., 2022) fol-
lowed by predictions for yeast (Garcia-Pardo et al., 2023).
Subsequently, we developed the A3D Model Organism
Database (A3D-MODB) (Badaczewska-Dawid et al.,
2023). This resource contains a vast collection of over
160,000 proteins from the proteomes of 12 commonly
studied organisms: Arabidopsis thaliana, Caenorhabditis
elegans, Danio rerio, Escherichia coli, Mycoplasma genita-
lium, Mus musculus, Saccharomyces cerevisiae, Schizosac-
charomyces pombe, Homo sapiens, Rattus norvegicus,
Drosophila melanogaster, and SARS-CoV-2. The primary
goal of A3D-MODB is to facilitate extensive cross-species
analysis related to protein aggregation. It provides

valuable predictions regarding solubility and stability, as
well as confidence scores for each residue modeled by
AlphaFold (pLDDT). Additionally, it offers topology pre-
dictions for membrane proteins, calculated using TOP-
CONS (Tsirigos et al., 2015).

Each entry in the A3D-MODB database
(Badaczewska-Dawid et al., 2023) is linked to the UniProt
Knowledgebase (UniProtKB) (UniProt Consortium, 2023)
and species-specific databases, providing comprehensive
coverage and making it an indispensable resource for
researchers in various scientific fields. The A3D-MODB
database is freely accessible, requiring no registration,
and can be reached at http://biocomp.chem.uw.edu.pl/
A3D2/MODB. Complementing these capabilities, the
A4D web server allows users to input UniProt IDs for
automatic retrieval of AlphaFold structures. It also inte-
grates seamlessly with A3D-MODB, providing easy access
to nearly 500,000 precalculated jobs. This integration sim-
plifies research processes and enhances access to valuable
structural biology data.

3.11 | A3D standalone package

A3D is also available as an independent, self-contained
software application (Kuriata, Iglesias, Kurcinski,
et al., 2019) designed for local use, ensuring enhanced
privacy. This standalone version (Kuriata, Iglesias,
Kurcinski, et al., 2019) integrates seamlessly with
researchers' workflows, providing complete control over
every stage of the process (the standalone version tutorial
has been presented in the monograph (Kuriata
et al., 2022)). Additionally, its extensional integration
with the CABS-flex tool allows for interactive analysis
and visualization of models generated by CABS-flex, as
well as comprehensive control over CABS-flex simula-
tions and their parameters.

Despite the robust features of A3D standalone
(Kuriata, Iglesias, Kurcinski, et al., 2019), it can be easily
installed via Python package managers such as pip or
Conda, or as a Docker image. This installation flexibility
ensures compatibility with Windows, MacOS, and Linux
operating systems. The standalone version includes an
integrated local server and offers a user-friendly graphical
interface that mirrors the A3D web-server (Zambrano
et al., 2015) interface.

It is important to note that the current standalone
version of A3D operates on Python 2.7. While this is not
the latest version of Python, the next iteration of the stan-
dalone A4D, is currently under development. A4D stan-
dalone will be fully compatible with modern Python
releases, ensuring smooth integration and enhanced
functionality. Installation guides, documentation, and
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usage examples are available in the A3D repository at
https://bitbucket.org/lcbio/aggrescan3d.

4 | CASE STUDY: EVALUATION OF
AGGREGATION PREDICTION
METHODS WITH MEDI1912
MONOCLONAL ANTIBODY
VARIANTS

Along with A4D (B�arcenas et al., 2024), SolubiS
(De Baets et al., 2015) and CamSol (Sormanni
et al., 2015) are widely employed tools to understand and
rationally design structural aggregation propensity. The
three tools offer aggregation propensity reporters and
the possibility to inform users with mutational variants
predicted to have less propensity to self-association.

Recently, David Brockwell and collaborators devel-
oped an experimental pipeline for the in vivo develop-
ment of more soluble proteoforms focusing on highly
aggregating MEDI1912 monoclonal antibody which tar-
gets human nerve growth factor with picomolar affinity
(Ebo et al., 2020) (Figure 7). The authors developed

18 different variants and recorded the full-length IgG
aggregation propensity through retention time on high-
performance size exclusion chromatography (HP-SEC), a
reporter of aggregation-driven monomer loss. Although
the described methodology allowed the development of
novel variants, the lack of control over the mutation sites
caused these less aggregating variants to impact protein
functionality (Ebo et al., 2020). This dataset reporting
experimental evidence for protein aggregation variants
allowed us to evaluate the performance of the A4D, Solu-
biS, and CamSol structural aggregation prediction
methods on protein mutations (antibody structure was a
courtesy of the Brockwell lab at the University of Leeds).
We categorized the mutants based on their aggregation
propensity considered positives (9 variants) or negatives
(8 variants) those that increased or decreased the reten-
tion time with respect to the midpoint. As reported in
Table 2, A4D displays the highest sensitivity, accuracy,
and specificity in predicting the effects of mutational var-
iants on experimental aggregation, compared with
structural-based state-of-the-art prediction algorithms.

The three tools also differ in the additional possibili-
ties they provide. A4D like SolubiS allow users different

FIGURE 7 Monoclonal antibody MEDI1912 and its more soluble engineered variant STT. Residues are colored by A4D scale: Blue for

solubility, red for aggregation, white for neutral regions. MEDI1912 STT differs from wild type protein with three mutations in the

complementary complementarity determining region; Trp30Ser, Phe31Thr and Leu57Thr (Dobson et al., 2016).

TABLE 2 Performance of A4D,

SolubiS and CamSol for a dataset of 19

mutants of the MEDI1912 monoclonal

antibody as reported in ref (Ebo

et al., 2020).

Sensitivity Specificity Precision Accuracy MCCa FDRb

A4D 0.89 0.75 0.80 0.82 0.65 0.20

CamSol 0.78 0.25 0.54 0.53 0.03 0.46

SolubiS 0.89 0.38 0.62 0.65 0.31 0.39

Note: The best performance according to each particular parameter is shown in bold. Mutational impact for
A4D was assessed by the maximum score (the best reporter for experimental properties of folded proteins),
for SolubiS the Tango score and for CamSol the structurally corrected score.
aMatthews correlation coefficient.
bFalse discovery rate.
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methods of inputting structures through user-uploaded
PDB/CIF files or PDB/UniProt ID without requiring reg-
istration. A4D nonetheless also allows for large-scale
analysis in an automatic way through its RESTful API.
Additionally, A4D allows carrying out a diversity of in
situ analysis of the results through a potent yet user-
friendly user-interface for instance allowing tagging resi-
dues in the A4D colored protein structure or calculating
impact of mutations from the results page.

5 | CONCLUSIONS

Aggrescan4D (A4D) (B�arcenas et al., 2024) represents a
refined evolution of Aggrescan3D (A3D) (Zambrano
et al., 2015), as it considers the effect of the pH, an impor-
tant environmental factor heavily impacting protein
aggregation. This is important, since protein aggregation
underlies the onset of human diseases, challenges drug
development and protein formulation.

A4D (B�arcenas et al., 2024) enhances the functionali-
ties of A3D, maintaining the user-friendly interface that
facilitated its wide acceptance within the protein science
community. It introduces innovative features like
pH-dependent aggregation prediction and an
evolutionary-informed automatic mutation protocol.
These enhancements aim to improve the design of pro-
tein solubility and stability without compromising struc-
tural integrity, complemented with A4D's integration
with comprehensive databases like the A3D-MODB
(Badaczewska-Dawid et al., 2023) and AlphaFold
(Jumper et al., 2021).

Beyond its core functions, A3D's application has been
extended through its integration into various bioinfor-
matics tools, broadening its impact across different scien-
tific areas. Its incorporation into the Protein Solubilizing
Server (PSS) (Tao et al., 2022) aids in addressing the solu-
bilization challenges of structurally complex membrane
proteins, utilizing the innovative QTY code-based engi-
neering approach to enhance their water solubility. This
integration not only facilitates the design of more effec-
tive biopharmaceuticals but also supports basic research
into membrane protein structures and functions. Simi-
larly, DE-STRESS (Stam & Wood, 2021) utilizes A3D to
rigorously evaluate structural models of proteins, provid-
ing researchers with critical insights that guide the engi-
neering of proteins with optimized stability and function.
This tool enables a systematic assessment of protein
designs, enhancing the predictability and success rate of
protein engineering efforts. We expect that A4D's versa-
tility would be soon exploited by the bioinformatics eco-
system beyond aggregation prediction in the broader
context of protein design and analysis.

Looking to the future, there are several potential
enhancements to the A4D platform that could substan-
tially improve its utility in the design of therapeutic pro-
teins. One key advancement would involve the
integration of machine learning algorithms to perform
mutational analysis. These algorithms can analyze exten-
sive datasets of known protein mutations, extracting pat-
terns to predict their effects on protein behavior (Pang
et al., 2023). Furthermore, the incorporation of empirical
aggregation data into these models could refine the pre-
dictive capabilities, leveraging real-world experimental
results to increase accuracy (Housmans et al., 2023).
Updating the A4D database to include recent discoveries
on aggregation-prone regions and resistant mutations
would also be advantageous. Additionally, expanding the
structural dynamics suite to include longer-term dynam-
ics and more extensive conformational changes could
enhance simulations and approach them to biologically/
industrially relevant scenarios.

These prospective updates would enhance A4D's
functionality and expand its application in biotechnology
and biomedical research. As A4D continues to evolve, it
can play an important role in uncovering new therapeu-
tic strategies and deepening our understanding of protein
aggregation-related disorders.
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