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Abstract. The aim of this work was to compare the efficiency of modern computer modelling methods 
for constructing the three-dimensional structure of the transcription factor TaWRKY2 from Triticum 
aestivum, which plays a key role in plant stress resistance. The study used traditional homology 
approaches and machine learning-based methods, including AlphaFold, RoseTTaFold, ESMFold, and 
OmegaFold. The model obtained with AlphaFold2 (MMseqs2) was the best in terms of Clashscore 
(99th percentile), MolProbity Score, and ERRAT. The complex with zinc ions and DNA generated by 
AlphaFold3 showed better results in terms of Z-Score. The AlphaFold method provided biologically 
relevant structures with the correct location of functional sites. ESMFold provided fast modelling, but 
showed deviations in the structure, including additional α-helices and lower quality in most metrics. The 
RoseTTaFold model had an elongated shape with a higher content of α-helices and required additional 
verification of functional activity. OmegaFold, although it provided the best QMEAN score (0.4), was 
inferior in other metrics. Additional tools, such as Amber and Chimera, allowed for structure relaxation 
and analysis of key features, including the spatial arrangement of the zinc fingers (18.7 Å). Evaluation 
by Verify 3D, ERRAT, Ramachandran Plot, and other metrics revealed the advantages and disadvantages 
of each approach. The findings confirmed the advantages of machine learning methods for modelling 
proteins with high functional plasticity. In particular, AlphaFold was recognised as the most effective 
approach for building models with high accuracy. At the same time, the use of several methods allows 
considering alternative conformations and interactions, which is important for a deeper understanding 
of the functional mechanisms of the protein
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INTRODUCTION
Molecular biology often focuses on studying the 
mechanisms of plant adaptation to stressful con-
ditions, in particular with the involvement of 
transcription factors (TFs). The WRKY transcrip-
tion factors are one of the key groups of proteins 
that regulate plant responses to biotic and abiotic 
stresses. These factors function by interacting with 
the W-boxes of target gene promoters, activating 
or repressing their expression. Significant progress 
in the understanding of WRKY proteins in woody 
plants was achieved in the studies of L.  Long  et 
al. (2023), who focused on the functional features 
of these proteins, but their structure and mech-
anisms of interaction remain poorly understood.

Computer modelling technologies have 
opened up new perspectives in the study of pro-
tein structures, in particular, machine learning 
methods such as AlphaFold have demonstrated 
high accuracy in predicting protein conforma-
tions. A study by M. Baek et al. (2021) showed that 
three-layer neural networks can achieve accura-
cy comparable to experimental methods such as 
X-ray crystallography. At the same time, AlphaFill, 
proposed by M.L. Hekkelman et al. (2023), extend-
ed the capabilities of AlphaFold by allowing the in-
clusion of ligands and cofactors in protein models, 
which increases their biological relevance. Howev-
er, the accuracy of the interactions of WRKY pro-
teins with metal ions, such as zinc, is still a chal-
lenge due to the lack of specialised tools. In this 
context, the MIB2 server, according to C.H. Lu et 
al. (2022), provides metal binding site prediction, 
which is promising for improving WRKY protein 
models. In addition to AlphaFold, other methods 
such as RoseTTaFold, ESMFold, and OmegaFold 
have also been shown to be effective in structural 
modelling. The study by Z. Lin et al. (2023) found 
that transformer models such as ESMFold can pre-
dict protein structures at the evolutionary level, 
providing speed and scale. However, their accu-
racy in complex proteins remains lower than that 
of AlphaFold. The study of WRKY transcription 
factors is a promising area of molecular biology 
that may open up new opportunities to increase 
crop resistance to abiotic and biotic stresses. For 
example, the study by D.  Upadhyay  et  al.  (2024) 
demonstrated the importance of WRKY2 in wheat 
drought tolerance, but the structural aspects of 
this protein are still poorly understood.

Structural biology methods, in particular 
machine learning, have greatly expanded the 
possibilities of predicting protein structures. Al-
phaFold, developed by DeepMind, has already 
proven to be effective in predicting the three-di-
mensional structure of proteins at the atomic lev-
el (Wu et al., 2022). At the same time, other tools, 
such as RoseTTaFold and ESMFold, offer alterna-
tive approaches to modelling structures, including 
protein-DNA complexes. PyDockDNA, described 
by L.A.  Rodríguez-Lumbreras  et al.  (2022), pro-
vides accurate modelling of protein-DNA inter-
actions, which is important for WRKY proteins 
that can affect multiple stressor pathways. De-
spite significant progress, gaps in the research 
remain. In particular, the structural features of 
WRKY proteins, such as the interaction of their 
zinc fingers with DNA, metals, and other proteins, 
are not well understood. The study by P. Ranjan et 
al. (2024) demonstrated the potential of combined 
approaches that include molecular dynamics to 
analyse protein stability, but there is still a need 
to compare the effectiveness of modern modelling 
tools. Another important gap is the insufficient 
consideration of the effect of ligands and metals, 
which can significantly change the conformation 
of WRKY proteins. For example, S. Li et al. (2024) 
emphasised that the integration of metal and co-
factor interactions into models can significantly 
improve the accuracy of predictions. However, this 
requires the additional use of tools such as Alpha-
Fill or MIB2, which allow the inclusion of ligands 
and metal ions in protein models.

The aim of this study was to comparatively 
analyse modelling methods for building the struc-
ture of the transcription factor TaWRKY2 from 
Triticum aestivum, including the use of modern 
machine learning tools. Particular emphasis was 
placed on determining the effectiveness of meth-
ods for modelling protein-DNA interactions, as 
well as taking into account key functional regions 
of the protein, such as zinc fingers.

MATERIALS AND METHODS
The amino acid sequence of the transcription 
factor TaWRKY2 from the GenPept database of 
the National Center for Biotechnology Informa-
tion (NCBI) (2024) server was used for compara-
tive analysis of computer modelling methods for  
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protein molecules. The sequence was accessed 
using the protein number ACD80357.1, which 
contains 468  amino acid residues. This sequence 
was chosen because of its key role in the response 
of Triticum aestivum to stress conditions, making 
it an important target for research. Modelling 
methods. The following approaches were used to 
build a structural model of the protein: homology 
modelling methods (SWISS-MODEL, Modeller and 
Phyre2), ab initio methods (I-TASSER, D-I-TASS-
ER and QUARK – used to build structures in cases 
where no relevant templates are available), and 
machine learning methods.

Among the methods based on machine learn-
ing, the following were selected: AlphaFold is a 
tool developed by DeepMind (2024) that uses neu-
ral networks to predict structures with high accu-
racy (Abramson et al., 2024); to refine the protein 
structure, the modelling was performed in the 
Google Colab environment on a Google  T4  GPU. 
When the modelling was performed using MMse-
qs2, the authors additionally performed structure 
relaxation using Amber. RoseTTAFold, which inte-
grates machine learning and homology modelling 
methods to predict three-dimensional structures, 
was modelled using the Robetta service; ESMFold, 
based on transformer models for fast and accurate 
protein structure prediction; and OmegaFold, a 
tool that uses generative models to create high-
ly accurate protein structures. Chimera software 
was used to analyse the structural characteristics 
of the TaWRKY2 model, namely to determine the 
distance between the domains of the zinc fingers. 
The Robetta service was used to model TaWRKY2 
using the RoseTTaFold method, which provides in-
tegration of modern machine learning approaches 
to protein structure prediction. To evaluate the 
accuracy and quality of the created TaWRKY2 
protein models, a set of metrics was used, each of 
which provides specific information about various 
aspects of the structural model, its stability and 
correspondence to known protein structures.

Verify 3D is a metric that assesses the stere-
ochemical quality of a model by comparing the 
three-dimensional structure of a protein with 
its primary amino acid sequence. The analysis 
is performed by creating profiles for each ami-
no acid residue in the structure and comparing 
them with expected values. ERRAT is based on the 
statistical analysis of energy mismatches in the 

protein structure. It allows identifying regions of 
the model that show significant deviations from 
the typical values of energy interactions. Ram-
achandran Plot Analysis is one of the key tools 
for checking the geometric correctness of protein 
models. The Ramachandran diagram displays the 
conformational angles φ (phi) and ψ (psi) for each 
amino acid residue. G-factor is a metric that de-
termines the geometric quality of a model based 
on the distribution of conformational parameters 
such as bond angles and bond lengths. The G-fac-
tor reflects the deviation from the expected values 
obtained from empirical data.

QMEAN is a comprehensive metric that takes 
into account several model quality parameters, in-
cluding surface entropy, global interaction energy, 
interactions between residues, etc. The QMEAN 
value is normalised to facilitate comparison be-
tween different models. Z-Score is a metric used 
to statistically compare the obtained model with 
experimentally determined structures in the PDB 
database. Z-Score determines how much the mod-
el deviates from the average values for known pro-
tein structures. MolProbity analyses models based 
on the geometric quality and accuracy of atomic 
coordinates. In particular, this metric takes into 
account the presence of steric collisions between 
atoms in the protein structure, which are evalu-
ated through Clashscore. The predicted local dis-
tance difference test (pLDDT) is an indicator of the 
local accuracy of protein structure prediction used 
in the AlphaFold method. It reflects the model’s 
confidence in the accuracy of predicting the spa-
tial location of each amino acid residue. As part of 
this work, several models of the TaWRKY2 protein 
were created using different approaches. Howev-
er, the main focus was on machine learning-based 
methods (AlphaFold, RoseTTAFold, ESMFold, 
OmegaFold), as they provided the most accurate 
and reliable results. The resulting models were 
compared using the aforementioned metrics to 
determine their quality and stability. 

While each of the approaches has its advan-
tages, there are limitations. Homology model-
ling methods (programs such as SWISS-MODEL, 
Modeller and Phyre2) show limitations in cases 
where there are no suitable templates in the PDB 
database. This reduces their effectiveness for pro-
teins with significant structural differences or uni 
que elements, such as metal-dependent domains.  
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Ab initio methods (I-TASSER, D-I-TASSER, and 
QUARK) provide greater independence from tem-
plates, but often lack the accuracy of machine 
learning methods, especially for complex proteins 
with metal centres where there is insufficient data 
on metal interactions. AlphaFold2, while demon-
strating the highest accuracy in predicting struc-
tures, models the protein as an isolated molecule, 
without taking into account interactions with 
metal ions, ligands, or other proteins. This can 
limit the realism of the model, especially for pro-
teins where metals are functionally important. Ro-
seTTAFold can generate structures with excessive 
plasticity, which does not always correspond to 
biological realities. ESMFold and OmegaFold are 
fast and efficient, but their accuracy for complex 
proteins with numerous unstructured regions or 
metal centres remains lower than AlphaFold2.

RESULTS AND DISCUSSION
Modelling of TaWRKY2 using the AlphaFold 
method. At the first stage of modelling, the 

AlphaFold database was searched to obtain 
the theoretically predicted structure of TaW-
RKY2  (Yang  et  al.,  2023). The ChimeraX-1.7.1 
software was used for this purpose. Among sever-
al analysed structures, the model with the index 
B3GAU3 was selected, which was further evaluated 
by the quality of regions using the pLDDT metric 
(Figs. 1, 2). This can be due to several factors: un-
structured or flexible regions – many proteins have 
regions that do not form a clear three-dimensional 
structure. This is especially true for transcription 
factors, which often contain flexible binding do-
mains or activator regions. Another factor is the 
absence of structural analogues in the training 
data: since AlphaFold is based on machine learn-
ing using experimentally determined structures, 
poor prediction quality can arise from the absence 
of close analogues for a particular protein or its in-
dividual fragments in the training set.

The analysis showed that the majority of the 
structure, except for two zinc finger domains, is 
characterised by low pLDDT values.

Figure 1. Structure of B3GAU3_WHEAT
Note: the image shows regions with different pLDDT: blue – pLDDT>90, blue – 90>pLDDT>70, yellow – 70>pLDDT>50, 
orange – pLDDT<50. Some areas with low pLDDT may be isolated unstructured
Source: created by the authors

Figure 2. Structural Features and DNA Binding Characteristics of B3GAU3_WHEAT WRKY 
Transcription Factor

Note: a) Structure of B3GAU3_WHEAT and b) location of WRKYGQK sequences
Source: created by the authors

a b
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As shown in the study, the two zinc fingers in 
the protein structure are located at a distance of 
18.7 Å from each other, which is less than the di-
ameter of B-shaped DNA (20 Å). In addition, one 
of the key areas of WRKY responsible for binding 
to DNA is oriented “inwards” (Fig. 2b). This makes 
it difficult for the DNA molecule to be positioned 
between the domains, although it does not ex-
clude this possibility, as transcription factors have 
sufficient flexibility to perform their functions. In-
teraction with other molecules. According to the 
results obtained, many proteins, especially tran-
scription factors, are characterised by dynamic 
changes in structure when interacting with other 
molecules, such as DNA, RNA, or partner proteins. 
These changes include conformational transfor-
mations that allow the protein to adapt to specific 
bonds or functions. For example, the WRKY tran-
scription factors undergo a significant reorgan-
ization of their zinc fingers during DNA binding, 
which ensures specific recognition of W-boxes in 
gene promoter sequences.

AlphaFold models the protein structure as 
isolated, which is a significant limitation for pro-
teins with high functional plasticity. In the case 
of the TaWRKY2 model, zinc atoms, which criti-
cally affect the stability and functionality of the 
zinc fingers, were missing. This led to incomplete 
or less realistic reconstruction of functional do-
mains. Since zinc fingers play a key role in protein 
binding to DNA, taking such details into account is 
important for accurate prediction of protein struc-
ture and function. It has also been found that in 
addition to interacting with DNA, WRKY proteins 
can form protein-protein complexes that affect 
their regulatory activity. For example, interaction 
with suppressor proteins or cofactors can change 
the accessibility of WRKY domains to DNA. Such 
complex interactions are not taken into account in 
the structural predictions generated by AlphaFold.

Technical limitations. Although AlphaFold 
significantly outperforms traditional homology 
modelling methods, this approach has a number of 
technical limitations. In particular, the accuracy of 
predictions decreases for proteins that have rare 
or unique structural elements that are not pres-
ent in the algorithm’s training sets. For example, 
non-standard conformational changes that occur 
during protein-protein or protein-ligand interac-
tions are often not reflected in isolated models. In 

addition, machine learning-based methods such 
as AlphaFold rely on pre-formed training data, so 
their performance is reduced if the protein struc-
ture or functional domains differ from known tem-
plates. In the case of TaWRKY2, this can manifest 
itself in a less accurate reconstruction of flexible or 
unstructured regions that play an important role 
in the functional adaptation of the transcription 
factor. Another problem is modelling multicom-
ponent complexes. For proteins that work as part 
of large protein machines, such as WRKY2, the ac-
curacy of predictions by AlphaFold may be limit-
ed due to the lack of data on specific interprotein 
contacts. To improve the accuracy of such models, 
additional tools, such as docking or experimental-
ly obtained interaction data, should be integrated.

The Chimera software was used to analyse the 
structural characteristics of the TaWRKY2 model, 
in particular to determine the distance between 
the zinc finger domains. In the case of the B3GAU3 
model, the software made it possible to visualise the 
spatial arrangement of the key domains and meas-
ure the distance between the zinc fingers, which 
was 18.7 Å (indicated by the yellow dashed line in 
Fig. 3). This distance is an important parameter for 
assessing the functional ability of a protein to in-
teract with DNA, given that the diameter of a DNA 
molecule in the B-form is approximately 20  Å.

Figure 3. Distance between domains in B3GAU3 
(yellow dashed line)

Source: created by the authors

To clarify the structure of the TaWRKY2 tran-
scription factor, the authors performed modelling 
using AlphaFold in the Google Colab environment 
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on a Google T4 GPU. This approach provides the 
ability to perform calculations relatively quickly 
on a remote server with limited computing re-
sources. As part of the work, various versions of 
Jupyter Notebook were used to simplify the work 
with AlphaFold. In addition, other state-of-the-
art modelling tools such as ESMFold and RoseT-
TaFold, which also provide protein structure pre-
diction, were used for comparison. In the case of 
AlphaFold, a model was obtained using MMseqs2, 
for which the structure was additionally relaxed 
using Amber. Figure 4 shows this structure, which 
demonstrates the distinctive arrangement of the 
domains. In particular, the zinc fingers form a 
dimer, and the functional regions of WRKY are 
oriented “outwards”. This conformation poten-
tially facilitates binding to DNA, creating condi-
tions for the formation of a stable loop during the 
transcription process. The validity of this model is 
confirmed by the similarity of the zinc fingers to 

the corresponding domains found in the experi-
mentally determined structures. For example, as 
can be seen in Figure 4b, a similar organization of 
zinc fingers was observed in the AtWRKY2 model 
(PDB  ID:  6J4F), although in this case the fingers 
belong to different protein chains.

This feature of the model indicates its po-
tential functional relevance, as the structure may 
facilitate interaction with DNA and active loop 
formation necessary for transcription initiation. 
An additional analysis of the model showed that 
the arrangement of the domains allows for effec-
tive stabilization of the protein structure when it 
works in a complex with DNA. This approach to 
modelling using a combination of AlphaFold and 
MMseqs2 followed by relaxation provides flexible 
opportunities for detailed study of proteins, espe-
cially those that play an important role in plant 
stress adaptation (Fig. 4). The structure quality as-
sessment in ProSA is shown in Figure 5.

Figure 4. Predicted structure of TaWRKY2 (AlphaFold, MMseqs2, Amber)
Note: a) coloured according to pLDDT; b) structure of 2 zinc fingers from AtWRKY2 with PDB ID 6J4F, confirming the 
high confidence of the structure modelled by AlphaFold
Source: created by the authors

Figure 5. Structure quality assessment of TaWRKY2 (AlphaFold, MMseqs2)
Source: created by the authors
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The data obtained indicate that the best qual-
ity in the model is the β-folding of the zinc fingers, 
as in the structure from the AlplaFold database 
according to the local values in QMEAN. With re-
spect to the global Z-score, the model falls within 
the range of X-crystallographic structures of the 
same polypeptide chain length, while the local 
evaluation revealed some fluctuations. The blue 
averaged line on the Verify3D graph shows the 
overall trend, which is high and hovers around 0.2, 
indicating that the model is of fairly good quality 
(although it contains residues of lower quality). 
The model’s Clashscore is superb at 2.31, which 
falls in the 99th percentile. The MolProbity Score is 
acceptable: 2.35, with a score in the 56th percentile.

Another variant of Jupyter Notebook, offered 
by DeepMind, does not use MMseqs2 and is a sim-
plified version of AlphaFold2 itself, with a focus on 
multimeter construction. However, the structure 
modelled using this approach was largely similar 
to the previous one, with an additional β-sheet ap-
pearing between the zinc finger domains (Fig. 6). 
However, this new β-sheet is not of high quality, as 
can be seen from the pLDDT value (the additional 
β-sheet is marked in orange on the left of Figure 6).

When comparing the number of β-sheets, the 
additional 10th sheet in the AlphaFold (DeepMind) 
model may, on the one hand, contribute to great-
er stability of the TF domain dimer structure, but 
on the other hand, this feature is not observed in 
the experimental data (Fig.  4(b)). Nevertheless, 
since the structure of 6J4F is based on AtWRKY2 
from Arabidopsis, it is likely that wheat has specif-
ic folding features for TaWRKY2. This additional 
β-sheet can serve as another example of the dif-
ference in modelling approaches: in a homology 
method, where there is no corresponding template, 
it would be impossible to predict such a structure. 
Additionally, if the authors look at the number of 
hydrogen bonds connecting the two zinc fingers, 
the AlphaFold (DeepMind) model has significantly 
more of them, which can provide additional sta-
bility to the structure. It is also important to note 
that when docking the structure with AlphaFold 
(MMseqs2), the interaction of the W-box with the 
WRKYGQK motif was less efficient compared to 
the model built with AlphaFold (DeepMind). In 
particular, there was no interaction of arginine 
in the N-terminal domain with tryptophan in the 
C-terminal domain with DNA.

The only significant drawback of the Alpha-
Fold2 method compared to homology model-
ling is the inability to directly add ligands during 
the modelling process, unlike platforms such as 
SWISS-MODEL, where heteroatoms can be incor-
porated from template structures. However, over 
time, additional tools have been developed, such 
as AlphaFill, which allow filling structures from 
the AlphaFold database with appropriate ligands. 
In the case of TaWRKY, however, this resource was 
unable to add zinc atoms, which is a limitation. 
In addition, it is worth noting that the process of 
protein structure prediction using AlphaFold2 re-
quires significantly more time and computational 
resources compared to homology modelling. This 
is due to the complexity of the model and high 
hardware requirements. To simplify this process, 
the study used Jupyter Notebooks offered by the 
developers instead of directly running local Alpha-
Fold with full databases, as this approach requires 
much more computing power. The study also 
used a new version of AlphaFold3, which is capa-
ble of modelling not only protein molecules with 
standard amino acid residues, but also construct-
ing DNA/RNA (including modified nucleotides),  

Figure 6. Predicted structure of TaWRKY2
(from DeepMind) 

Note: coloured according to a) pLDDT and b) the location 
of WRKYGQK sequences; 10 β-sheets are visible (instead 
of 9 in the previous model)
Source: created by the authors

a

b
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finding binding sites for metal ions, engaging a 
specific set of ligands, and applying post-transla-
tional modifications to proteins. For comparison, 
the modelling of an isolated protein and a complex 
was performed. The values of the complex metrics 
were better than those of the isolated model.

In the complex of TaWRKY2 with zinc ions 
and two DNA fragments with W-boxes, it is clear 
that a dimer of zinc fingers is present, as in the 
case of AlphaFold2 (Fig. 7). However, unlike pre-
vious models, an α-helix between the domains is 
also observed, which may stabilise the structure. 
Internal quality metrics showed the following 
results: ipTM  =  0.89; pTM  =  0.45. They are both 
based on the template modelling score (TM), 
which measures the accuracy of the entire struc-
ture. A score of pTM > 0.5 means that the predicted 
complex may be similar to the real structure. The 
ipTM score measures the accuracy of the relative 
positions of subunits in the complex. Values > 0.8 
indicate high-quality predictions. The structure 
quality score in ProSa is shown in Figure 8.

The TaWRKY2 model from AlphaFold3 gen-
erally performs worse than AlphaFold2, except for 
the Z-Score. This may be due to less flexibility in 
setting up the modelling process on the server. 
When comparing AlphaFold2 (DeepMind) and Al-
phaFold3, the authors also observe that the latter 
model is less compact.

Figure 7. The TaWRKY2 complex predicted in 
AlphaFold3, 2 Zn2+, 2 DNA fragments 

with W-boxes
Note: stained a) according to pLDDT and b) according to 
N→C ends from red to blue
Source: created by the authors

Figure 8. Structure quality assessment of 
TaWRKY2 (AlphaFold3)

Source: created by the authors

Modelling the TaWRKY2 structure using ES-
MFold. To create a model of TaWRKY2 using ES-
MFold, the authors used Jupyter Notebook, devel-
oped by the authors of the tool, in the Google Colab 
environment using a Google T4 GPU (Fig. 9). This 
approach provided a fast prediction of the protein 
structure, although the quality of the model ob-
tained was significantly different from the results 
obtained with AlphaFold.
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The resulting structure shows a different ar-
rangement of zinc fingers compared to the Alpha-
Fold model. Additional α-helices are observed in 
the ESMFold model, which are practically absent 
in the AlphaFold versions (only a small α-helix is 
present in the AlphaFold-MMseqs2 model). These 
differences may indicate an alternative confor-
mation of the protein, which could theoretically 
occur under specific conditions. Despite the struc-
tural features, the model’s metrics are significant-
ly inferior to AlphaFold. In particular, the Clash-
score value corresponds to only the 22nd percentile 
(compared to the 99th for AlphaFold-MMseqs2). 
Other metrics, such as Ramachandran Plot Per-
centage and MolProbity Score, also indicate lower 
quality. It is worth noting that the QMEAN metric 
(0.39) was slightly better than the same indicator 
in the AlphaFold models (Fig. 10).

Despite these shortcomings, the ESMFold 
model provides useful information about pos-
sible protein conformations, especially in cases 
where traditional methods fail or create overly 
idealised models. However, the resulting struc-
ture has certain drawbacks: the WRKY domains 
of the N- and C-termini are located opposite each 
other, which can potentially create steric conflicts 
when interacting with DNA, making it difficult to 
implement transcriptional activity. Modelling 
with RoseTTaFold. For modelling TaWRKY2 with 

Figure 9. TaWRKY2 model in ESMFold from 2 
angles

Source: created by the authors

Figure 10. Evaluation of the ESMFold model 
quality

Source: created by the authors
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RoseTTaFold, the authors used the Robetta ser-
vice, which integrates modern machine learning 
approaches to protein structure prediction. The 

modelling result (Fig. 11) shows a structure that 
is significantly different from the previous mod-
els created by AlphaFold and ESMFold.

Figure 11. Location of the WRKYGQK sequence in the RoseTTaFold model
(internal Confidence metric is 0.35 out of 1)

Source: created by the authors

The main feature of the RoseTTaFold mod-
el is its “elongated” shape, in contrast to the 
compact structures obtained by other methods. 
In this model, the WRKYGQK sequence of the 
N-terminus is in an accessible position for DNA 
binding, while the C-terminal sequence is par-
tially overlapped by a loop with a small α-helix. 
In general, the structure contains more α-heli-
ces compared to AlphaFold or ESMFold. In some 
cases, the model’s metrics have very good values, 
in particular MolProbity Score and Clashscore, 
which even exceed those of previous models, and 

ProSA score also has better values (Fig. 12). Oth-
er metrics are comparable to previous models. 
However, despite this, such folding seems less 
likely when compared to the experimentally de-
termined structure and according to Confidence’s 
internal quality assessment. Of course, the ter-
tiary structure of a protein can change during its 
function (e.g., before and after binding to DNA) 
and the unstructured regions of the AlphaFold 
models in TaWRKY2 may actually contain alpha 
helices, but accepting the model without critical 
analysis may be a mistake. 

Therefore, even with high metrics, each mod-
el must be validated against known biochemical 
data and against possible conformational changes 

that may occur in the real cellular environment. 
This is especially important for protein regions 
responsible for binding and regulation, where 

Figure 12. Quality assessment of the TaWRKY2 RoseTTaFold model
Source: created by the authors
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the correct conformation is critical for functional 
activity. Modelling with OmegaFold. The Omeg-
aFold tool, which is positioned as an improve-
ment over AlphaFold and RoseTTaFold, was also 
used for modelling TaWRKY2. The code from the 
GitHub repository was adapted for the Google 

Colab environment, where the modelling was 
performed on the basis of the downloaded fas-
ta file. The resulting model (Fig. 13) showed the 
presence of alpha-helical structures, although 
their number was smaller than in the RoseTTa-
Fold model.

Figure 13. Model of a) TaWRKY2 in OmegaFold and b) relative position of the WRKYGQK sequence
Source: created by the authors

In this structure, no steric hindrance was ob-
served in WRKYGQK sequences for DNA binding. 
However, quality metrics such as Clashscore and 
Ramachandran Plot Percentage were found to be 
worse compared to AlphaFold and RoseTTaFold. 
The only exception is the QMEAN metric, which 

a b

is 0.4, which is the best value among all models. 
As a result of the modelling performed using the 
methods described above, the obtained models 
were analysed and the obtained metrics were eval-
uated (Table 1). This makes it possible to assess the 
quality of the obtained models and their viability.

Method\Metric Verify 
3D, % ERRAT Ramachardran, % G-fac-

tor QMEAN Z-Score Molprobity 
Score/%ile

Clashscore 
/%ile

SWISS-MODEL 44.32 82.05 79.4 -0.38 0.35 ± 0.05 -3.23 1.82, 84 0.59 99

Phyre2 69.66 3.91 57.6 -0.92 0.35 ± 0.05 0.05 3.65 6 221.26 0

AlphaFold 
(MMseqs2) 45.73 93.43 61.8 -0.75 0.38 ± 0.05 -3.72 2.19 65 0.72 99

AlphaFold 
(DeepMind) 48.93 85.23 62.8 -0.7 0.35 ± 0.05 -3.62 2.35 56 2.31 99

AlphaFold3 53.42 69.37 58.4 -0.61 0.35 ± 0.05 -4.37 2.84 29 12.55 60

AlphaFold3 (in 
the complex) 45.94 74.53 58.9 -0.52 0.36 ± 0.05 -4.14 2.63 40 7.1 86

ESMFold 46.79 61.63 40.8 -2.4 0.39 ± 0.05 -4.13 3.64 6 24.15 22

RoseTTaFold 
(Robetta) 67.09 89.32 83.7 0.27 0.35 ± 0.05 -5.03 1.40 97 2.16 99

OmegaFold 46.37 32.72 44.7 -2.11 0.40 ± 0.05 -3.68 3.49 9 31.19 14

D-I-Tasser 50 65.42 51.4 -0.35 0.34 ± 0.05 -4.08 2.73 35 22.35 26

Modeller (TaW-
RKY19 template) 55.13 63.29 86.6 -0.31 0.40 ± 0.05 -2.98 2.21 64 16.15 45

Table 1. Resulting table comparing metrics of models created by different methods

Note: the %ile-value indicates the percentile in which a particular model was included
Source: created by the authors
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The analysis confirms that each of the meth-
ods used has its advantages and limitations. Al-
phaFold provides the best results for most metrics 
and is the most reliable method for modelling pro-
teins with known structural features. RoseTTaFold 
and OmegaFold can also be effective, especially 
for complex structures, but the resulting mod-
els require additional verification. The ESMFold 
method, despite its lower model quality, shows po-
tential in cases where an alternative protein con-
formation needs to be quickly obtained for further 
analysis. All models show that a thorough evalua-
tion of both the structural and dynamic properties 
of the obtained models is necessary to ensure the 
functional activity of the protein.

The results of this study, based on modelling 
the structure of TaWRKY2 using modern meth-
ods, confirm the high potential of machine learn-
ing in structural biology. However, a comparison 
with previous works reveals both the advantages 
and limitations of different approaches. The work 
of A.  Singh  et al.  (2019) emphasised the impor-
tance of structural diversity of WRKY proteins for 
efficient DNA binding, which is also confirmed by 
the results of the present study. In particular, the 
AlphaFold modelling revealed the optimal ori-
entation of WRKY domains and the stable inter-
action of zinc fingers with W-boxes. At the same 
time, steric conflicts were observed in the ESM-
Fold and RoseTTaFold models, which may reduce 
the binding efficiency, consistent with hypothesis 
A. Singh et al. about the importance of the specific 
conformation of proteins for their functionality. 
The study by S. Hassan et al. (2019) focuses on the 
role of WRKY proteins in the salt stress response. 
It was found that the accuracy of modelling the 
structure of such proteins depends on the consid-
eration of specific factors, such as metal ions. In 
this study, the integration of metals through Al-
phaFill was only partially performed, which may 
explain the lower metrics in some models. Howev-
er, the use of MIB2 to predict metal binding sites 
can significantly improve the accuracy of predic-
tions, which is promising for future studies.

In this study, the models revealed a high plas-
ticity of TaWRKY2 flexible regions, which may ex-
plain their adaptive role. In particular, additional 
α-helices were observed in the RoseTTaFold mod-
els, which may play a key role in stabilising the 
structure under stress. Similar conclusions were 

reached by a team led by J.N. Amoah et al. (2019), 
who demonstrated that stressful conditions, in-
cluding drought, cause significant changes in the 
expression of WRKY proteins. The conclusions 
about the need to further consider functional 
protein-environment interactions, such as com-
plexes with DNA and ligands, are consistent with 
the studies of F.F. Theisen et al. (2024), who em-
phasised the importance of post-translational 
modifications in the regulation of transcription 
factors. The absence of such modifications in 
most current models, in particular the isolation 
of the protein in the AlphaFold2 environment, 
may limit the biological relevance of the obtained 
structures; while AlphaFold3 has a number of ad-
vantages in this context.

R. Blanc-Mathieu et al. (2024) created a struc-
tural classification of plant TFs, which confirms 
the importance of WRKY domains conservation for 
functional activity. The studied models confirmed 
this conservation, especially in the versions gen-
erated by AlphaFold, but in ESMFold, significant 
deviations in the orientation of functional regions 
were observed, which requires additional analysis. 
This study also confirmed the role of metals in the 
stabilization of WRKY domains. In particular, the 
models built with AlphaFold with the inclusion 
of zinc fingers showed higher MolProbity Score 
metrics than other approaches, which is consist-
ent with the hypothesis of S. Banerjee et al. (2023) 
about the key role of these interactions in struc-
tural stability; the authors emphasised the impor-
tance of WRKY proteins under stress conditions, in 
particular their interaction with metals and part-
ner proteins. The results of X.  Chen  et al.  (2019) 
demonstrate that the evolution of WRKY proteins 
ensures their functional plasticity. The studied 
models showed differences in the structural or-
ganization of WRKY2, especially in the location 
of domains, which may reflect the evolutionary 
adaptations of this protein to specific conditions. 
This confirms the need to integrate several meth-
ods to account for different conformations.

Molecular dynamics methods and protein-li-
gand interactions are explored in the work by 
R. Shukla & T. Tripathi (2020), where the authors 
emphasise the importance of molecular dynamics 
in predicting the stability of protein structures 
and their interactions with ligands. In this study, 
based on the use of AlphaFold, RoseTTaFold and 
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ESMFold, models with high metrics such as Mol-
Probity Score and Clashscore were obtained at the 
initial stages, which ensures the relevance of the 
results without additional lengthy simulations. 
This reduces computational costs while maintain-
ing model accuracy, although molecular dynamics 
remains a promising approach for deeper analysis 
of protein functional mechanisms. The structur-
al features of the interaction of WRKY proteins 
with DNA were studied by B. Pandey et al. (2018) 
noted that the interaction of WRKY domains with 
W-boxes can vary significantly depending on the 
specificity of the DNA sequence. The results of the 
present study confirm these findings: modelling 
with AlphaFold3 provided the best orientation of 
the domains relative to DNA, while ESMFold mod-
els showed steric conflicts that could reduce bind-
ing efficiency. Compared to previous work, the use 
of AlphaFold resulted in to achieve higher accura-
cy without the need for further optimization.

S.H.  Wani  et al.  (2018) point out the impor-
tance of WRKY transcription factors in the regula-
tion of osmotic stress in wheat. The study focused 
on the structural dynamics of TaWRKY2, which re-
vealed significant plasticity of individual protein 
regions. The RoseTTaFold models revealed the 
presence of additional α-helices, which, according 
to previous studies, can stabilise the protein under 
adverse conditions. This suggests that structural 
changes are a key factor in adaptation to stressful 
conditions. The evolutionary adaptation of WRKY 
proteins is discussed in the study by C.M.M. Dinu-
sha  (2019), in particular, the evolutionary mech-
anisms of protein structure formation, including 
WRKY domains, are analysed. In contrast, the re-
sults of this study demonstrate specific features 
of TaWRKY2 that may be unique to Triticum aes-
tivum. Comparison of the AlphaFold and RoseT-
TaFold models suggests that these features are 
important for plant adaptation to stress, which 
opens up opportunities for further evolutionary 
studies of WRKY proteins in cereals.

In this study, the use of the AlphaFill and 
MIB2 tools enabled the identification of metal 
binding sites in TaWRKY2. These results confirm 
that the integration of metal ions during mod-
elling significantly improves the accuracy and 
biological relevance of structures. Compared to 
previous studies, such as S. Li et al. (2024), which 
pointed out the importance of metal ions for the 

stability of WRKY proteins, this approach is more 
comprehensive and provides important infor-
mation for future research. Non-coding RNAs in 
stress responses have been the subject of studies 
by N. Li et al. (2022); they emphasise the role of 
non-coding RNAs in the regulation of WRKY pro-
teins. Although the structural aspects in this study 
do not cover the direct interaction with non-cod-
ing RNAs, the models obtained can serve as a basis 
for further modelling of protein-RNA complexes. 
Z.  Du  et al.  (2021) highlight the effectiveness of 
the trRosetta server for fast and accurate protein 
structure prediction. In this study, models with 
high accuracy rates were obtained using Alpha-
Fold and RoseTTaFold. Although trRosetta per-
forms well for proteins with simple structural fea-
tures, its application to complex proteins such as 
TaWRKY2 may be limited due to the lower detail 
of functional domains. The AlphaFold approach 
(MMseqs2) demonstrated higher accuracy in pre-
dicting the spatial location of WRKY domains.

Various sequence search methods were pro-
posed by M. Steinegger & J. Söding (2017), in par-
ticular, they used MMseqs2 as a tool for highly 
sensitive protein sequence search, which is key for 
modelling the structure of proteins from poorly 
understood families. In this study, MMseqs2 was 
integrated into the AlphaFold modelling process, 
which significantly improved the prediction ac-
curacy by using more relevant evolutionary data. 
Compared to other methods, this approach pro-
vides more detail in the prediction of structural-
ly conserved elements, in particular zinc fingers 
in TaWRKY2. In the present study, the results 
also confirm the conservation of WRKY domains, 
which is particularly evident in the AlphaFold 
models. This is in line with the findings of X. He et 
al. (2019), who conducted a genome-wide analysis 
of WRKY proteins in buckwheat (Fagopyrum ta-
taricum) and found that most WRKY domains show 
high conservation. At the same time, the models 
created by RoseTTaFold showed greater variability 
in the conformation of the domains, which may be 
due to the specificity of the algorithm, but requires 
further experimental confirmation.

Novel protein families in Triticum aestivum 
were studied by M. Zaheer et al. (2021), who em-
phasised the importance of their transcriptional 
profile for adaptation to stressful conditions. In 
the present study, the WRKY2 models obtained 
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confirm that structural changes in proteins can 
ensure their functional adaptation. RoseTTaFold 
models revealed the presence of additional α-heli-
ces, which, A. Tripathi et al. (2023) proposed Tem-
Pred as a new tool for protein pattern discovery, 
which allows for improved prediction accuracy. 
In this study, it was shown that the integration 
of AlphaFill and MMseqs2 already provides high 
accuracy of structural models. Although TemPred 
can offer additional benefits, its practical use for 
WRKY proteins still needs to be explored, as the 
accuracy of AlphaFold remains significantly high-
er for complex proteins such as TaWRKY2. The 
analysis of VQ family proteins in plants was per-
formed by J. Tian et al. (2023), who emphasised the 
importance of identifying new protein families in  
plants. A similar approach may be useful for the 
study of WRKY proteins, but in this study, the em-
phasis was placed on the use of structural mod-
elling to clarify functional features. The results 
show that WRKY2 exhibits high plasticity, which 
may be relevant for adaptive mechanisms.

The analysis shows the benefits of using sev-
eral machine learning methods for structural 
modelling. Compared to previous works, the mod-
els created in this study demonstrate high accu-
racy and relevance for functional research. The 
differences with previous studies are explained by 
the emphasis on a comprehensive approach that 
includes a detailed analysis of structural features, 
which provides greater depth and accuracy in the 
study of WRKY2 functions. The main limitations of 
the study are the lack of experimental verification 
of the models, the isolation of the protein in the 
modelling process by most methods without tak-
ing into account its interactions with DNA or part-
ner proteins, insufficient integration of metal ions, 
as well as the lack of dynamic analysis and focus 
on only one member of the WRKY family. Further 
research should be aimed at experimental confir-
mation of the obtained structures, integration of 
protein-protein and protein-DNA interactions, ap-
plication of molecular dynamics, and extension of 
the analysis to other WRKY proteins to form a ho-
listic view of their role in plant stress adaptation.

CONCLUSIONS
The amino acid sequence of the transcription fac-
tor TaWRKY2 from Triticum aestivum has been 
successfully used to construct and analyse a 

three-dimensional structure using modern com-
puter modelling methods. This protein, which is 
important for stress resistance mechanisms, has 
become an effective object for comparing differ-
ent approaches in structural bioinformatics. Al-
phaFold, as a representative of the latest machine 
learning methods, demonstrated the best results 
in most metrics, such as Clashscore (99th percen-
tile), ERRAT, MolProbity Score (AlphaFold2), and 
Z-Score (AlphaFold3). The model obtained with 
AlphaFold (MMseqs2) was the highest quality and 
closest to the biologically relevant structure. The 
models obtained with ESMFold had significant dif-
ferences in structure, including additional α-hel-
ices and different arrangement of zinc fingers. 
Despite the lower quality of most metrics, this 
method shows potential for rapid protein mod-
elling, especially in the absence of experimen-
tal data. RoseTTaFold produced a structure with 
unique features, such as an elongated shape and a 
higher number of α-helices. Although this method 
outperformed AlphaFold by some metrics (Mol-
Probity Score, Clashscore), the resulting model 
requires additional confirmation of its functional 
relevance. OmegaFold, despite the improvements 
claimed by the developers, demonstrated model 
quality lower than AlphaFold and RoseTTaFold. 
Only the QMEAN metric indicated a certain ad-
vantage of this approach.

Additional tools, such as Amber and Chime-
ra, provided structure relaxation and analysis of 
key features of the models. The Chimera analysis 
revealed important features such as the location 
of domains and the distance between zinc fingers 
(18.7 Å), which directly affects the functional ac-
tivity of the protein. Evaluation of the models us-
ing Verify 3D, ERRAT, Ramachandran Plot, Z-Score, 
QMEAN and other metrics enabled the identifica-
tion of the advantages and disadvantages of each 
modelling method. In general, for proteins with 
high functional plasticity, such as TaWRKY2, the 
most relevant approach is to use machine learn-
ing methods, such as AlphaFold. Using multiple 
methods with different modelling approaches, 
including RoseTTaFold, OmegaFold and ESMFold, 
can be useful for testing alternative conformations 
and interactions. Further modelling of multicom-
ponent complexes, including interactions with li-
gands or other proteins, requires the use of exper-
imental data and docking methods.
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Анотація. Метою роботи було порівняння ефективності сучасних методів комп’ютерного 
моделювання для побудови тривимірної структури транскрипційного фактора TaWRKY2 
із Triticum aestivum, який відіграє ключову роль у стресостійкості рослин. У дослідженні 
використано традиційні гомологічні підходи та методи, засновані на машинному навчанні, 
зокрема AlphaFold, RoseTTaFold, ESMFold та OmegaFold. Модель, отримана за допомогою 
AlphaFold2 (MMseqs2), виявилася найякіснішою за метриками Clashscore (99-й  перцентиль), 
MolProbity Score та ERRAT. Комплекс з іонами цинку та ДНК, згенерований AlphaFold3, виявив 
кращі результати за Z-Score показником. Метод AlphaFold забезпечив біологічно релевантні 
структури з правильним розташуванням функціональних ділянок. ESMFold забезпечив швидке 
моделювання, однак продемонстрував відхилення у структурі, включаючи додаткові α-спіралі та 
нижчу якість за більшістю метрик. Модель RoseTTaFold мала витягнуту форму з більшим вмістом 
α-спіралей та потребувала додаткової верифікації функціональної активності. OmegaFold, хоча й 
забезпечив найкраще значення за QMEAN (0,4), поступився за іншими показниками. Додаткові 
інструменти, такі як Amber і Chimera, дозволили провести релаксацію структур та аналіз ключових 
характеристик, зокрема просторового розташування цинкових пальців (18,7  Å). Оцінка за 
метриками Verify 3D, ERRAT, Ramachandran Plot та іншими виявила переваги та недоліки кожного 
підходу. Висновки підтвердили переваги методів машинного навчання для моделювання білків 
із високою функціональною пластичністю. Зокрема, AlphaFold було визнано найефективнішим 
підходом для побудови моделей з високою точністю. Разом із цим, використання кількох методів 
дозволяє врахувати альтернативні конформації та взаємодії, що важливо для глибшого розуміння 
функціональних механізмів білка

Ключові слова: біоінформатика; тривимірна структура білка; методи машинного навчання; 
метрики оцінки моделей; цинкові пальці
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