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ABSTRACT

Proteins play crucial roles, including biocatalysis, transportation, and receptor activity, in living organisms. Moreover, their
functional efficacy is influenced by their structural properties. Determining the three-dimensional structure of a protein is
crucial to comprehending its catalytic mechanism, identifying potentially beneficial mutations for industrial applications, and
enhancing its properties, including stability, activity, and substrate affinity. Although X-ray crystallography, nuclear magnetic
resonance (NMR), and electron microscopy are employed to ascertain protein structures, many researchers have turned to
bioinformatics modeling tools because of the high cost and time demands of these techniques. For structure prediction, there
are three basic methods: ab initio (de novo), homology-based, and threading-based modeling techniques.

In this study, 11 modeling tools belong to different approaches were compared through modeling of various proteins;
Geobacillus kaustophilus ksilan alpha-1,2-glucuronidase, Actinosynnema pretiosum bifunctional cytochrome P450/NADPH-
P450 reductase, human high affinity cationic amino acid transporter 1 (SLC7A), human proton-coupled zinc antiporter
(SLC30A) and Bacillus subtilis RNA polymerase sigma factor (sigY). Generated models were validated through QMEAN,
QMEANDIsCo, ProSA, ERRAT and PROCHECK tools. All of the studied proteins could be successfully modeled using
homology modeling techniques, while some of the proteins could not be effectively modeled using threading or ab initio-based
methods. YASARA generated reliable models for proteins that contain heteroatoms, such as P450 monooxygenases, because
other tools exclude heteroatoms in their produced structures. Among approaches for modeling without templates, AlphaFold
is a potent tool. On the other side, well-known template-based tools like YASARA, Robetta, and SWISS-MODEL have arisen.
These results will help scientists choose the best protein modeling strategy and tool to guarantee high-quality structures.
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1. INTRODUCTION

The interatomic angles, folding-loop motives, and ultimately the three-dimensional structures of the
proteins are determined by their sequences and complex interactions with amino acids, which are the
building blocks of proteins. [1] While being synthesized in the ribosomes of cells, enzymes acquire
three-dimensional structures with distinct folding patterns. These three-dimensional structures are
critical for proteins to perform their biological functions, and misfolding can result in enzyme
dysfunction or structural disorders in the organism. [2] Predicting the three-dimensional structures of
proteins with known sequences and revealing their patterns is critical for understanding their functional
mechanisms and improving the properties such as activity and stability. [3-5] Although traditional
methods such as X-ray crystallography, nuclear magnetic resonance (NMR), and electron microscopy
can be used to determine protein structures, their high cost and time requirements necessitated the
development of alternative methods. [6] Various approaches for protein structure prediction in
bioinformatics studies have been developed, ranging from databases using basic statistical methods to
artificial intelligence and deep learning algorithms. [7] The first examples of computational protein
structure prediction were based on detecting amino acid affinities for folding. In the following years,
more successful results in structure estimation were obtained using techniques such as the calculation
of free energy levels and the use of multiple alignment methods. [8] There are three main approaches
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for structure prediction: ab initio (de novo), homology-based, and threading-based modeling methods.
They may also be divided into template-based modeling and template-free modeling categories. [9] With
the aid of computer-assisted protein structure prediction and design techniques, which are widely used
today, it is possible to understand the secondary and tertiary structures of proteins based on their amino
acid sequences.

De novo or ab initio modeling is based on estimating the most likely low-energy conformation that the
amino acid sequence may have. [10] Although the accuracy of the models obtained is low in ab initio
modeling, which is a basic approach in which protein structure is estimated based on physicochemical
properties, successful results can be obtained in modeling proteins with shorter than 100 amino acid
sequences. [11] To reduce computation time, probabilistic and predictive approaches have led to the use
of ab initio methods as techniques for revealing folding patterns of small proteins rather than exact
structure prediction. [12] In the future, particle-based methods that provide coarse-grained predictions,
such as Monte Carlo simulation, have developed to overcome these constraints. [11] In a study by Liwo
et al. on optimization of potential energy functions, <6A models were created with root mean square
deviations of protein fragments up to 61 amino acids. [13] Simon et al. successfully modeled 73 of 172
target proteins up to 150 amino acid sequences using ROSETTA. [14] TOUCHSTONE Il software was
used to generate folding patterns for 83 of 125 target proteins with up to 174 amino acid sequences. [15]
Bradley et al. used atomic ROSETTA to predict high-resolution models on sequences of less than 85
amino acids, employing a combination of structural sampling methods, methods that calculate the
packaging of protein nuclei in detail, and high-resolution structure prediction. [16] In another study, the
I-TASSER method was developed, which allows the accurate detection of folding regions in small
proteins by iterative application of the TASSER method. [17] Different algorithms designed to improve
the accuracy of methods for estimating the spatial structure with the lowest free energy allow for greater
accuracy in predicting the three-dimensional structures of larger proteins. Rashid et al.'s random-start
strand method, developed in 2013, greatly improved the results of single-point searches using a three-
dimensional 100-center cubic lattice. [18] Studies have also been conducted to improve the quality of
the fragment libraries based on the ratio of the number of segments close to the main backbone of the
protein to the accuracy of the structure prediction. In a study that targeted particles recorded on templates
with similar structural information in order to reduce the size of the conformational search space, the
accuracy rate of the models obtained after classification was found to be 7% higher than that of standard
piece-based estimators. [19] End-to-end learning and attention-based networks are used by AlphaFold;
therefore, models with high confidence can be created. A study using AlphaFold2, an ab initio modeling
tool, by Akdel et al. demonstrated that this tool can provide models with accuracy close to experimental
data. [20] The accuracy of ab initio tools is limited and they require considerable computing resources
to explore the wide range of protein conformations. This is why, up to now, only the structures of small
proteins have been successfully predicted with this approach. [21]

In homology-based approaches, also known as comparative modeling, experimentally determined
structures that are topologically equivalent to the target protein are used. [22] With the development of
remote homology detection methods based on pairwise comparison of protein sequences, the use of
tools that can obtain reliable and sensitive results in protein structure prediction has become widespread.
[23] Finding the best pattern is the first step in homology modeling. Then the target and template
sequences are aligned, the framework is built, and finally the model is evaluated. [24] The accuracy of
homology models based on the structure of distantly related or spatially equivalent proteins is
proportional to the alignment quality. [22]

Threading-based approaches are based on solvent availability and the secondary structure of proteins.
These methods use the effect of different amino acid alternatives on structural coiling motives and align
the questioned protein sequence with previously resolved similar template protein sequences and model
them according to statistical probabilities and energy calculations. [25] Proteins acquire their three-
dimensional natural structure according to distant interactions between amino acids. In threading-based
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approaches, the data of these interactions are transferred to a scoring system and three-dimensional
models are created by overlapping the structure information with the existing template models. [26,27]
These approaches can be thought of as an intersection of ab initio and homology-based approaches. Just
like in ab initio design, threading-based methods use energy minimization. [13] Threading methods, like
homology-based modeling, aim to create a model by predicting the curling of the query protein sequence
based on previously defined patterns. However, both methods ignore the possibility of the protein
folding in a random conformation with a previously unknown template. [15] The main distinction
between threading-based methods and comparative methods is that threading-based methods can model
without requiring structure knowledge of homologous sequences. Threading uses sequence-to-structure
alignment, whereas comparative methods require sequence-to-sequence alignment. [12] Since
threading-based techniques focus on structural similarity, they are successful in recognizing sequence-
structure pairs with similarity in folding motifs, but may be insufficient in recognizing homologous
pairs. [28] In this study, six proteins from different protein classes were modeled using eleven different
modeling tools belonging to three approaches. The generated models were then evaluated and compared
in terms of model quality, RMSD and visually.

2. MATERIALS AND METHODS

Geobacillus kaustophilus ksilan alpha-1,2-glucuronidase  (Accession Number: KJE27682),
Actinosynnema pretiosum subsp. auranticum bifunctional cytochrome P450/NADPH-P450 reductase
(Accession Number: Q8KUIO0), human high affinity cationic amino acid transporter 1 (Accession Number:
P30825) (SLC7A), human proton-coupled zinc antiporter (Accession Number: Q9Y6MS5) (SLC30A) and
Bacillus subtilis RNA polymerase sigma factor (sigY) protein sequences were used for modeling.

2.1. Ab Initio (De novo) Based Modeling Tools

The Alphafold, BhageerathH+, and RaptorX tools were used for ab initio-based modeling of target
proteins. AlphaFold is a neural network-based structure prediction tool that enables modeling based on
physical and biological data when data on similar protein structures are not available. [29] AlphaFold,
an artificial intelligence tool based on deep learning principles, produces modeling results that are very
close to experimental studies. It predicts structure by constructing new neural network architectures
within the framework of the evolutionary, physical, and geometric rules of protein structure. [30]
Another prediction tool, BhageerathH+, is an energy-based application for structure prediction of small
globular proteins. [31] BhageerathH+ provides modeling results based on ab initio modeling. [32] The
sequence in FASTA format is converted to PDB format, trial models are created, energy minimization
is performed after steric mismatches are eliminated by passing through biophysical filters, the models
with the lowest energy are selected, filtered, and the results are ordered. [31] RaptorX is a tool that
focuses on solving the therading problem with the linear integer programming method, using ab initio
methods to generate the unaligned loop regions and the final model. [12,33] RaptorX can estimate
structural elements as well as the amino acid ratios that contribute to the disordered conformational
randomness of the secondary structure. [34] The model is generated by energy optimization after
obtaining the set of all applicable solutions. [25]

2.2. Homology Based Modeling Tools

SWISS-MODEL, IntFOLD, Phyre?, Robetta, ModWeb and YASARA tools were used for homology
based modeling of proteins. SWISS-MODEL was the first online modeling tool. [35] The SWISS-
MODEL, which performs homology-based modeling; consists of five basic steps: amino acid sequence
input, pattern search, pattern selection, model building, and quality estimation. [36] Protein sequences
or UniProt accession code can be used directly , as well as target-pattern sequence alignment via a
manually or automatically selected template. [37]
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Another homology modeling tool, Robetta, generates several alignment alternatives based on features
such as the requirement of a region in the protein sequence for folding. The best models are selected by
combining criteria such as alignment compromise, hydrophobic embedding measure, low and high
resolution energy functions. [22] IntFOLD, which allows the estimation of amino acids in the binding
sites as well as access to the structure information from the protein sequence, is one of the alternative
tools that provides the revealing of the relationship between the structure and function of the protein.
[38] IntFOLD generates folding libraries during analysis by using multiple templates during model
building. [32,39] Phyre?, another online application for predicting the secondary and tertiary structures
of proteins using a homology-based analysis method, provides users with both ab initio modeling from
amino acid sequences and manual pattern generation. The tool's modeling method consists of collecting
homologous sequences, scanning the folding library for known folding patterns, modeling loops and
side chain placement. [40]

ModWeb, yet another comparative protein structure modeling tool, works on the principle of aligning
the PSI-BLAST sequence profile of the target sequence with template sequences extracted from the
Protein Data Bank and comparing them to select the best model. [26] Models are created by aligning
one or more FASTA-formatted sequences to the best patterns using ModPipe. In addition, ModWeb
allows users to define and model all homologous sequences in the UniProtKB database by using a
protein structure and sequence profile as input. [41]

YASARA, generates hybrid models, is a molecular modeling tool with a visualization algorithm that
performs a lattice-based neighbour search in conjuction with unbound force calculations at each step of
the simulation without generating pair lists. [42,43] YASARA,; is used to display models created by
other methods as well as molecular models in appropriate formats [44] and for docking to understand
the protein-ligand interaction. [45]

2.3. Threading Based Modeling Tools

The C-I-TASSER and LOMETS tools were used for threading based modeling of proteins. The C-I-
TASSER tool was developed by combining I-TASSER's fragment assembly simulations with inter-
aminoacid contact maps from deep neural network learning for modeling the folding motifs of non-
homologous proteins. [46] C-I-TASSER, which offers the opportunity to make successful models in the
structure prediction of proteins -especially when there is not any template models are available- finds
structure patterns through LOMETS using contact maps and atomic models collected with Monte Carlo
simulations, and creates the final model. [9,46] Another threading-based application, LOMETS, is a
local meta-threading application combining nine different threading servers. LOMETS scans a library
of patterns at various resolutions obtained by different methods such as X-ray crystallography, electron
microscopy and NMR spectroscopy. The resulting patterns are evaluated based on query-sequence-to-
pattern alignment scores using threading methods. [9] LOMETS also includes C, atom and side chain
contact distance maps assembled as a result of threading alignments and guides applications such as
MODELLER, ROSETTA, TASSER. [47]

2.4. Model Quality Determination

QMEAN, QMEAND:IsCo, ProSA, ERRAT and PROCHECK tools were used to determine the quality
of the protein models. QMEAN (Qualitative Model Energy Analysis - Qualitative Model Energy
Analysis) model quality detection tool of the SWISS-MODEL server is an application that compares
and scores the geometric properties of the model (dual atomic distances, rotation angles, all atom
interaction, solvent accessibility, etc.) with statistical data obtained from experimental structures. With
QMEAN, it is possible to both measure the overall reliability of the model and determine the local
quality per amino acid. [48] In QMEAN, each amino acid is scored between 0 and 1 by calculating the
statistical values of the potential mean strength in terms of similarity to the natural structure. The higher
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the similarity, the higher the model reliability and score. [36,37] The Z-score is calculated by comparing
the QMEAN score to the distributions obtained from the high-resolution structures resolved by X-ray
chromatography. QMEANDIsCo, another quality detection application developed over QMEAN
calculations, is a tool that evaluates the distance localization of experimentally determined protein
structures homologous to the model under consideration. The accuracy of the results obtained is
proportional to the number of homologs of the query model. QMEANDIsCo scoring cannot provide
reliable results in protein models with few or no homologs. [49]

ProSA-web (Protein Structure Analysis) is another online tool used to validate protein models. It
compares the query model to results from X-ray analysis, NMR spectroscopy, or theoretical
calculations. The tool computes the model's structural energy and displays it as a Z-score and an amino
acid energy graph. [50] The Z-score indicates the overall model quality and measures the deviation of
the total energy of the structure according to an energy distribution derived from random conformations.
[51,52] Positive values of the Z-score may indicate that the model is problematic or inaccurate. [50]

Model errors are caused by three major factors: misdirection of amino acids due to backbone linkages,
errors in alignment or misregistration of amino acids, and side chain misplacement. [53] To detect faulty
areas, various techniques are used. Ramachandran analysis of peptide dihedral angles is the first of these
methods, and it is based on the classification of allowed and disallowed conformations. [54] Protein
folding is defined by the ¢ (phi), y (psi) and ® (omega) angles of the backbone loops. Among them, the
allowed loop options of angle ® are quite limited. [55] Ramachandran analysis is based on the principle
of constructing two-dimensional scatter plots of other ¢ and y angles and comparing them with a
predicted distribution. [56] By analyzing the statistics of unbound interactions between different types
of atoms, ERRAT calculates the quality factor by plotting the data obtained as a result of the
calculations, the value of the error function against a sliding window position of 9 amino acids. [53]

The SAVES developed by UCLA-DOE-LAB is an online verification tool that includes PROCHECK
and ERRAT calculates Ramachandran plots and scores model quality respectively. The PROCHECK
tool generates the graphs based on the comparison of stereochemical parameters of the given protein
against similar patterns of known structure. [57] These parameters are stereochemical criteria used to
determine the quality of a structure. [58] The obtained Ramachandran graphs show ¢ and vy twist angles
for all amino acids in the query protein structure except the chain ends. Because glycine amino acids are
incompatible with other side chain types, they are depicted as independent triangles. The dark red
regions shown in Ramachandran plots are identified as "nuclei”. In these regions, amino acids with
optimal angles are marked, and more than 90% of the amino acid sequence of an ideal model would be
expected to be found. [58]

3. RESULTS AND DISCUSSION

Geobacillus kaustophilus ksilan alpha-1,2-glucuronidase, complete sequence and heme domain of
Actinosynnema pretiosum subsp. auranticum bifunctional cytochrome P450/NADPH-P450 reductase,
human high affinity cationic amino acid transporter 1 (SLC7AL), human proton-coupled zinc antiporter
(SLC30A1), and Bacillus subtilis RNA polymerase sigma factor (sigY) protein models were created
using the AlphaFold, BhageerathH+, C-I-TASSER, IntFOLD, LOMETS, ModWeb, Phyre?, RaptorX,
Robetta, SWISS-MODEL and YASARA modeling tools. The aforementioned proteins are members of
different protein families. While Geobacillus kaustophilus ksilan alpha-1,2-glucuronidase and
Actinosynnema pretiosum subsp. auranticum bifunctional cytochrome P450/NADPH-P450 reductase
are enzymes, SLC7A1 and SLC30A1 are membrane proteins and sigY is a regulatory protein that
controls the transcription. Since AlphaFold models are accessed through the database, AlphaFold
models for all proteins were downloaded from UniProt except the heme domain (the catalytic domain
of the enzyme) of the bifunctional cytochrome P450/NADPH-P450 reductase since the model of the full
protein exist in the database. BhageerathH+ failed during fragment assembly and ab initio loop sampling
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of high affinity cationic amino acid transporter 1 and proton-coupled zinc antiporter proteins. The
RaptorX built model for only the Geobacillus kaustophilus ksilan alpha-1,2-glucuronidase.

The models were validated using the ERRAT, PROVE, ProSA, SWISS-MODEL QMEAN, and
QMEAND:ISsCo tools. In order to compare the modeling tools, the models with the highest accuracy of
the tools that output more than one model were selected based on the results of the validation. The models
with the highest ERRAT quality score were selected and compared with the models obtained from the other
tools. In addition, RMSD values were calculated from the model-to-model comparisons. The ERRAT
quality scores of all generated models, local quality estimation tables of QMEAN and QMEANDisCo tools,
Z-PLOTs, and Ramachandran plots of the best models of each tool are shown in the Supporting Information.

3.1. 3D Modeling of Geobacillus kaustophilus xylan alpha-1,2-glucuronidase

From the modeling of the xylan alpha-1,2-glucuronidase protein, composed of 679 amino acids, using
various tools, one structure prediction was obtained from AlphaFold, ModWeb, Phyre2, and YASARA,
while two were obtained from the SWISS-MODEL tool. Additionally, five structure predictions were
acquired through the use of BhageerathH+, C-I-TASSER, IntFOLD, LOMETS, RaptorX, and Robetta
tools. All other tools generated models with 679 residues, while the Phyre2 generated model with 677,
ModWeb 675, and SWISS-MODEL 677 residues (Table 1). All generated models were visualized using
PyMOL and shown in Figure 2. Additionally, Table 1 shows the ERRAT quality scores, QMEAN,
QMEAND:IsCo values, and Z-Scores. The YASARA tool generated the best model in terms of ERRAT
Quality Score (98.36), while the SWISS-MODEL tool generated the best model in terms of QMEAN
and QMEANDiIsCo scores (0.06 and 0.94 respectively). Furthermore, most of the models have ERRAT
score above 90 and all models except RaptorX have QMEANDisCo score close to 1. All models have
similar Z-values and Z-Plots (Figure S3) which are within the range of scores for similarly sized native
proteins. Upon examination of the QMEAN graphs, it is evident that the low confidence regions among
all models are quite similar. Analysis of Ramachandran plots (Figure S4) and statistics reveals that the
number of amino acids residing in disallowed regions vary across the AlphaFold, LOMETS and
YASARA models was 1, IntFOLD was 2 and the model obtained by SWISS-MODEL was 4. The ratio
of the residues located in the most favored regions varies between 79.8 to 93.4. All of the protein models
exhibit nearly identical structures based on their topology. This is associated with the RMSD values
obtained from comparing the structural characteristics of each model. Notably, the RaptorX model
displays a high RMSD in comparison to the other models, which indicates that there are some notable
differences in the RaptorX model.

Table 1. ERRAT Quality Scores, QMEAN, QMEANDisCo Values, and Z-Scores of Geobacillus
kaustophilus ksilan alpha-1,2-glucuronidase modeling.

Amino acid ERRAT
Approach Tool number in Quality QMEAN QMEANDiIsCo Z-SCORE
model Score
AlphaFold 679 96.42 0.40 0.93 -11.90
Ab initio BhageerathH+ 679 92.85 -1.18 0.90 -11.55
RaptorX 679 87.16 -2.56 0.61 -12.07
- C-1-Tasser 679 95.37 -2.42 0.92 -11.91
Threading  5METS 679 93.89 0.72 0.93 11.96
IntFOLD 679 91.21 -0.86 0.91 -11.62
ModWeb 675 89.51 -0.56 0.92 -11.79
Homology Phyre? 677 90.28 -0.18 0.91 -11.53
based Robetta 679 96.42 0.72 0.93 N.C
SWISS-MODEL 676 93.69 0.06 0.94 -11.95
YASARA 679 98.36 -0.26 0.89 -11.70
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A

Phyre? Robetta SWISS-MODEL YASARA

Figure 1. 3D models of Geobacillus kaustophilus ksilan alpha-1,2-glucuronidase protein. A. Cartoon representation of models
generated by different tools (Cyan shows a-helix’s, magenta shows b-sheets, and salmon color shows loops). B.
Overlaid view of all generated models. Blue; AlphaFold, green; BhageerathH+, pale cyan; RaptorX, cyan; C-I-Tasser,

magenta; LOMETS, yellow; IntFOLD, salmon color; ModWeb, grey; Phyre2, sand color; Robetta, orange; SWISS-
MODEL, pale green; YASARA.
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Table 2. RMSD values of model-to-model comparisons for Geobacillus kaustophilus ksilan alpha-1,2-glucuronidase protein.
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Homology Phyre? 151 | 174 | 485 | 1.65 | 1.48 | 1.57 | 157
based Robetta 210 | 269 | 490 | 240 | 2.38 | 2.15 | 2.07
SWISS-MODEL 084 | 1.29 | 477 | 148 | 1.15 | 1.02 | 1.00
YASARA 146 | 222 | 508 | 204 | 1.90 | 1.60 | 1.43

3.2. Bifunctional Cytochrome P450/NADPH-P450 Reductase Models

Since the heme domain of P450 monooxygenases refers to the catalytic domain, both the heme domain
and full protein were modeled separately. First, we modeled the heme domain of the bifunctional
cytochrome P450/NADPH-P450 reductase, which consists of 482 amino acids, using 11 different tools.
We retrieved the AlphaFold structures from the UniProt database. However, since the heme domain is
part of the full sequence, the AlphaFold structure was not available in the database. Additionally, the
RaptorX tool failed for modeling. On the contrary, one structure was derived from the utilization of
Phyre2, SWISS-MODEL, and YASARA tools, whereas three were obtained from the ModWeb tool.
Additionally, the remaining tools each yielded five structure predictions. All other tools output models
comprising 482 amino acid sequences, while the ModWeb models comprise 466, Phyre? 457 and
SWISS-MODEL 462 residues. The models generated by C-I-Tasser, Robetta, and YASARA exhibited
the highest ERRAT quality scores (Table 3). Based on the ERRAT, QMEAN and QMEANDisCo
scores, homology based methods have higher quality scores compared to ab-initio and threading based
methods. All models' Z-Plots are in the range of scores for similarly sized native proteins except for the
model generated by BhageerathH+ (Figure S7). The Z-Score and Z-Plot for the models obtained using
the Robetta tool were not calculable. The SWISS-MODEL tool produced the model with the highest
QMEAND:IsCo score. When the QMEAN Local Quality Estimation plots (Figure S5 and S6) were
examined, it was discovered that the positions of the heme domain's beginning and ending amino acids
were the least reliable regions of all models. Based on the Ramachandran Plots (Figure S8), models
generated by BhageerathH+, C-I-Tasser, and LOMETS possessed the lowest quality, with residues
located in the most favored regions ranging between 70-85 %. When visualizing the generated models
in Pymol, it was clearly seen that BhageerathH+ generated the least favorable model due to numerous
secondary structure elements, including a-helix and -sheets, not being modeled (Figure 2). However,
the rest of the models share similar folding and low RMSD values except BhageerathH+ and LOMETS.
Furthermore, P450 monooxygenases are heme containing enzymes and thus, structure should have heme
molecule in the structure. Only the model generated by YASARA has the heme molecule and the
remaining models lack the heteroatom in their final structure. As a result, YASARA yielded the best
model for the heme domain of the bifunctional cytochrome P450/NADPH-P450 reductase, based on
quality scores and heteroatom feature.

37



Altinkiilah and Ensari / Eskisehir Technical Univ. J. of Sci. and Tech. C — Life Sci. and Biotech. 13 (1) — 2024

Table 3. ERRAT Quality Scores, QMEAN, QMEANDIsCo Values, and Z-Scores of bifunctional Cytochrome
P450/NADPH-P450 reductase heme domain modeling.

Amino acid ERRAT
Approach Tool number in Quality QMEAN QMEANDiIsCo Z-SCORE
model Score
o AlphaFold - - - - -
Ab initio BhageerathH+ 482 46.51 -11.15 0.35 -4.26
RaptorX - - - - -
Threading | C-I-Tasser 482 96.19 -5.33 0.74 -10.54
LOMETS 482 82.87 -5.72 0.63 -11.02
IntFOLD 482 77.92 -2.59 0.73 -10.62
Homology ModWeb 458 77.11 -2.75 0.72 -10.66
Phyre? 457 65.70 -3.63 0.69 -10.79
based Robetta 482 95.98 0.58 0.75 NA
SWISS-MODEL 462 91.69 -1.94 0.76 -10.98
YASARA 482 95.72 -1.53 0.72 -10.59
A

Figure 2. 3D models of bifunctional cytochrome P450/NADPH-P450 reductase heme domain protein. A. Cartoon
representation of models generated by different tools (Cyan shows a-helix’s, magenta shows b-sheets, and salmon
color shows loops). B. Overlaid view of all generated models. Green; BhageerathH+, cyan; C-I-Tasser, magenta;
LOMETS, yellow; IntFOLD, salmon color; ModWeb, grey; Phyre?, sand color; Robetta, orange; SWISS-MODEL,
pale green; YASARA.
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Table 4. RMSD values of model-to-model comparisons for bifunctional cytochrome P450/NADPH-P450 reductase heme
domain protein.
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The full sequence of the bifunctional Cytochrome P450/NADPH-P450 reductase enzyme containing
1005 residues was also modeled. Out of eleven tools, six generated models for the target sequence.
However, all ab-initio and threading based tools, which are template independent tools, except
AlphaFold, failed to generate a model. Usually, these tools have sequence length limitations. When
analyzing the obtained six structural models, the models generated by AlphaFold, Phyre?, Robetta and
SWISSMODEL comprised the almost entire sequence on the structure. Nevertheless, ModWeb generated
the model with 522 residues and YASARA generated the model with 642 residues which contains the heme
and FMN binding domain. AlphaFold, Robetta, SWISSMODEL, and YASARA models have higher
quality scores (Table 5) compared to ModWeb and Phyre?. When evaluating the QMEAN scores, Phyre?
has below -4 which indicates low quality. And similarly, ModWeb has -3,56 which is close to -4 and it has
also low quality. The QMEAN score for YASARA is -1,17 this is lowered because of the lower quality of
some residues around 480 which lie in the linker region between heme and FMN domain. However, aside
from this linker region, the rest of the model’s QMEAN score is better. However, the model obtained from
AlphaFold is the only model which is out of the range in the Z-Plots (Figure S11). All generated models
have high percentage of residues located in the most favored regions on their Ramachandran plots (Figure
S12). Visual inspection of the models reveals low folding similarities among the models, resulting in high
RMSD values. Regarding heteroatom composition, the model generated by YASARA contains both heme
and FMN molecules, while SWISSMODEL generated model contains only the heme molecule. The
remaining four models lack heteroatoms as observed in the heme domain modeling.

Table 5. ERRAT Quality Scores, QMEAN, QMEANDisCo Values, and Z-Scores of bifunctional Cytochrome P450/NADPH-
P450 reductase full sequence modeling.

Amino acid

ERRAT

Approach Tool number in Quality QMEAN QMEANDIsCo Z-SCORE
model Score
AlphaFold 1005 93.139 0.40 0.71 -16.22
Ab initio BhageerathH+ - - - - -
RaptorX - - - - -
: C-I-Tasser - - - - -
Threading LOMETS - - - - -
IntFOLD - - - - -
ModWeb 522 62.840 -3.56 0.63 -10.5
Homology Phyre? 1000 69.596 -4.20 0.69 -14.61
based Robetta 1005 96.3 1.04 0.70 -16.31
SWISS-MODEL 1000 93.598 -2.57 0.73 -15.01
YASARA 642 97.078 -1.17 0.71 -12.83
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Figure 3. 3D models of bifunctional cytochrome P450/NADPH-P450 reductase full sequence protein. A. Cartoon
representation of models generated by different tools (Cyan shows a-helix’s, magenta shows b-sheets, and salmon
color shows loops). B. Overlaid view of all generated models. Blue; AlphaFold, salmon color; ModWeb, grey;
Phyre?, sand color; Robetta, orange; SWISS-MODEL, pale green; YASARA.

Table 6. RMSD values of model-to-model comparisons for bifunctional cytochrome P450/NADPH-P450 reductase full
sequence protein.
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3.3. High Affinity Cationic Amino Acid Transporter 1 Models (SLC7A1)

Ten tools successfully generated models for the high affinity cationic amino acid transporter protein,
which consists of 629 residues. It is difficult to determine membrane proteins structure experimentally,
thus computational prediction is a promising approach. [21] While, one structure prediction was
obtained from AlphaFold, Phyre?, and YASARA tools. 2 from SWISS-MODEL, 3 from the ModWeb
tool and 5 structure predictions were obtained from the remaining tools. ModWeb, Phyre?, and SWISS-
MODEL generated models consisting of 247, 451, and 589 residues, respectively. The remaining tools
generated models with entire sequence. ERRAT quality scores, QMEAN, QMEANDisCo values, and
Z-Scores of all models are shown in Table 7. Of the models, Robetta, YASARA, and AlphaFold had
ERRAT quality scores exceeding 90 and their QMEAN values were higher than -4. Conversely, the
remaining tools had QMEAN values below -4 indicating a low quality model. Furthermore, Robetta,
YASARA, and AlphaFold had the highest QMEANDiIsCo scores which were approximately 0.6.
According to Z-Plots, the scores for models generated by YASARA, and AlphaFold are out of the range of
typically observed for native proteins of similar size determined by X-Ray and NMR. Additionally, the Z-
Score and Z-Plot for Robetta model was not calculated. Based on Ramachandran Plots (Figure S16), more
than 90% of residues in models generated by AlphaFold and YASARA are in the most favored regions.
Generated ten models showed varying topology, but, AlphaFold, LOMTES, Phyre?, Robetta, and SWISS-
MODEL share more or less similar folding structures (Figure 4). This similarity was also confirmed through
RMSD calculation and AlphaFold, Phyre?, and Robetta have lowest RMSD values which indicates the
folding similarity (Table 8). As a conclusion, all tested tools did not generate reliable 3D model for the
SLC7A1, which is a membrane transporter protein, based on different quality parameters.

Table 7. ERRAT Quality Scores. QMEAN. QMEANDisCo Values. and Z-Scores of High Affinity Cationic Amino Acid
Transporter 1 modeling.

Amino acid ERRAT
Approach Tool number in Quality QMEAN QMEANDiIsCo Z-SCORE
model Score
AlphaFold 629 94.79 -2.37 0.64 -6.78
Ab initio BhageerathH+ 629 15.58 -14.23 0.22 0.91
RaptorX - - - - -
. C-1-Tasser 629 81.48 -11.68 0.57 -3.56
Threading  —FaMETS 629 84.33 5.03 0.55 6.23
IntFOLD 629 73.29 -9.18 0.58 -4.58
ModWeb 247 79.83 -7.98 0.28 -1.96
Homology | Phyre? 451 88.18 -5.80 0.71 -3.51
based Robetta 629 99.19 -2.08 0.61 N.C.
SWISS-MODEL 589 85.38 -7.50 0.61 -4.65
YASARA 629 96.93 -3.83 0.60 -5.30

Table 8. RMSD values of model-to-model comparisons for High Affinity Cationic Amino Acid Transporter 1 protein.
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AlphaFold
Ab initio BhageerathH+ | 30.88
RaptorX
. C-I-Tasser 15.75 | 36.02
Threading  TomETS 10.40 | 3113 16.20
ntFOLD 19.30 | 28.09 25.98 | 18.61
ModWeb 28.32 | 28.62 27.69 | 28.83 | 28.40
Homolo Phyre? 4.00 | 23.70 250 | 4.73 | 3.07 | 23.05
baams 0¥ Robetta 4.66 | 30.75 15.63 | 10.66 | 19.13 | 28.16 | 3.95
oISS. 19.58 | 26.07 23.80 | 19.09 | 19.40 | 29.85 | 2.55 | 19.81
YASARA 2756 | 35.30 33.34 | 29.74 | 34.31 | 29.42 | 4.96 | 28.18 | 23.77
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Robetta SWISS-MODEL YASARA

Figure 4. 3D models of High Affinity Cationic Amino Acid Transporter 1 protein. A. Cartoon representation of
models generated by different tools (Cyan shows a-helix’s. magenta shows b-sheets. and salmon color
shows loops). B. Overlaid view of all generated models. Blue; AlphaFold. green; BhageerathH+. cyan;
C-1-Tasser. magenta; LOMETS. yellow; IntFOLD. salmon color; ModWeb. grey; Phyre?. sand color;
Robetta. orange; SWISS-MODEL. pale green; YASARA.

3.4. Proton-Coupled Zinc Antiporter Models (SLC-30A)

Nine tools, apart from BhageerathH+ and RaptorX, successfully generated models of the human Proton-
Coupled Zinc Antiporter, comprised of 507 amino acids. AlphaFold, C-I-TASSER, LOMETS,
IntFOLD, and Robetta generated full sequence models. However, the remaining tools were unsuccessful
in generating models with entire sequence (Table 9). AlphaFold, Robetta, and YASARA had the higher
ERRAT quality scores of 93.38, 95.82, and 89.87, respectively, compared to other full sequence models.
Only, the model generated by Robetta had the QMEAN value higher than —4, while all other models
had QMEAN values below -4 which is an indicator of a model with low quality. Comparing the
QMEAND:IsCo scores of AlphaFold, Robetta, and YASARA, Robetta had the highest score of 0.6.
Moreover, 86.1 % of the residues in the model generated by Robetta were in the most favored regions
on the Ramachandran Plot. On visual inspection, AlphaFold and Robetta exhibited structural
similarities. The Robetta tool generated the model with the top scores for ERRAT, QMEAN, and
QMEANDisCo. After analyzing the QMEAN Local Quality Estimation graphs (Figure S17-18), it was
found that there were frequently occurring low confidence regions in all models. Further examination
revealed that the region spanning from the 140th to 220th amino acids served as the common region
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with the lowest confidence score in all models. Hence, this could be a contributing factor to the varying
folding patterns observed in the models. Robetta, a homology-based tool, generated a more reliable
model for the SLC-30A based on the evaluations mentioned earlier. Moreover, Robetta generated better
models for membrane proteins. However, it takes days to build models in the Robetta server.

Table 9. ERRAT Quality Scores. QMEAN. QMEANDIsCo Values. and Z-Scores of Proton-Coupled Zinc Antiporter

modeling.
Amino acid ERRAT
Approach Tool number in Quality QMEAN QMEANDiIsCo Z-SCORE
model Score
AlphaFold 507 93.38 -6.74 0.44 -5.87
Ab initio BhageerathH+ - - - - -
RaptorX - - - - -
- C-1-Tasser 507 88.94 -12.00 0.36 -5.84
Threading  TomETS 507 BL.10 5.68 0.50 6.16
IntFOLD 507 59.957 -9.65 0.47 -5.63
ModWeb 110 87.25 -4.23 0.36 -2.93
Homology Phyre? 288 84.64 -6.41 0.60 -4.04
based Robetta 506 95.82 -1.26 0.60 N.C.
SWISS-MODEL 421 70.3 -6.86 0.46 -4.99
YASARA 507 89.87 -6.72 0.27 -4.06
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Figure 5. 3D models of Proton-Coupled Zinc Antiporter protein. A. Cartoon representation of models generated by different
tools (Cyan shows a-helix’s. magenta shows b-sheets. and salmon color shows loops). B. Overlaid view of all
generated models. Blue; AlphaFold. cyan; C-I-Tasser. magenta; LOMETS. yellow; IntFOLD. salmon color;
ModWeb. grey; Phyre?. sand color; Robetta. orange; SWISS-MODEL. pale green; YASARA.
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Table 10. RMSD values of model-to-model comparisons for Proton-Coupled Zinc Antiporter protein.
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3.5 Bacillus subtilis RNA Polymerase Sigma Factor (sigY)

The sigma factor protein of Bacillus subtilis RNA polymerase comprises 178 residues and is the shortest
and final protein utilized for modeling. All tools except RaptorX generated model for sigY. Phyre?,
ModWeb, and SWISS-MODEL generated models of 154, 171, and 175 residues respectively (Table
11). It is worth noting that the model generated by Phyre2 lacks the region spanning between residues
90 and 109. Moreover, ModWeb and SWISS-MODEL lack the residues present at the beginning of the
sequence. Alphafold, YASARA, and Robetta achieved perfect ERRAT scores of 100, while threading-
based methods surpassed 95. The worst QMEAN scores were seen in BhageerathH+ and C-1-Tasser,
with -10.28 and -3.78, respectively. On the other hand, IntFOLD had the highest QMEAN score,
reaching 0.31, which was closest to 1.0. Except for BhageerathH+ (0.26), all models scored above 0.6
in terms of QMEANDisCo. All models had Z-scores similar to those of native proteins of similar size.
Ramachandran plots indicated that over 95% of the residues in the protein models produced by
AlphaFold, Robetta, IntFOLD, ModWeb, and YASARA are situated in the most favored regions.
BhageerathH+, C-I-Tasser, and ModWeb generated models with differing structures from the other
tools, as observed from Figure 6 and confirmed by RMSD calculations in Table 12.

Table 11. ERRAT Quality Scores. QMEAN. QMEANDIsCo Values. and Z-Scores of Bacillus subtilis RNA
polymerase sigma factor modeling.

Amino acid ERRAT
Approach Tool number in Quality QMEAN QMEANDiIsCo Z-SCORE
model Score
AlphaFold 178 100 -0.81 0.66 -6.88
Ab initio BhageerathH+ 178 50.74 -10.26 0.26 -1.77
RaptorX - - - - -
. C-1-Tasser 178 98.24 -3.78 0.63 -5.75
Threading  ToMETS 178 95.88 112 0.67 652
IntFOLD 178 98.23 0.31 0.67 -6.98
ModWeb 171 76 -2.13 0.63 -5.9
Homology Phyre? 154 87.67 -1.99 0.70 -6.54
based Robetta 178 100 1.46 0.67 -6.86
SWISS-MODEL 175 88.62 -2.17 0.66 -6.2
YASARA 178 100 -1.05 0.66 -6.13
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Figure 6. 3D models of Bacillus subtilis RNA polymerase sigma factor protein. A. Cartoon representation of models generated
by different tools (Cyan shows a-helix’s. magenta shows b-sheets. and salmon color shows loops). B. Overlaid view
of all generated models. Blue; AlphaFold. green; BhageerathH+. cyan; C-I-Tasser. magenta; LOMETS. yellow;
IntFOLD. salmon color; ModWeb. grey; Phyre?. sand color; Robetta. orange; SWISS-MODEL. pale green;
YASARA.

Table 12. RMSD values of model-to-model comparisons for Bacillus subtilis RNA polymerase sigma factor protein.
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AlphaFold
Ab initio BhageerathH+ | 16.56
RaptorX
Threadin C-1-Tasser 14.88 | 19.08
9 LOMETS 5.29 17.99 13.32
IntFOLD 2.24 16.52 14.84 | 4.62
ModWeb 11.25 | 17.74 16.62 | 12.06 | 11.10
Phyre? 5.82 13.77 14,22 | 11.04 | 6.08 6.48
Homology I "Robetta 452 | 17.15 14.48 | 3.96 | 3.71 | 11.04 | 5.47
SWISS-
MODEL 7.17 16.85 14.40 | 7.38 6.69 7.69 4.60 | 5.86
YASARA 4.71 17.06 1447 | 4.82 4.47 1151 | 5.67 | 3.88 | 6.79
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Figure 7. ERRAT quality scores of all generated models with tested eleven different tools.

Elucidating functions and mechanism of proteins is one of the primary questions in biochemistry. The
structure of proteins has a major influence on the variety of activities they can perform. [59] Thus, one
of the main goals of structural biology is to determine the three-dimensional structure of proteins. [21]
Limited research has been conducted thus far to compare various model building tools, with a strong
focus on homology modeling tools. Nikolaev and colleagues compared three homology modeling tools
(Modeller, I-TASSER, and Rosetta) for predicting membrane proteins. Their findings indicate that
successful modeling requires a target-template sequence identity of at least 40%. [21] Jang et al.,
conducted a study in order to compare multiple alignment tools and two template based model building
program. SWISS-MODEL built models with better accuracy compared to Modeller. Because RMSD
values of models generated both tools were below 1 and thus there is no significant quality difference
between two tested programs for the modeling of soluble proteins. [60]

In our study, we have compared various tools from three different modeling approach. In addition to
above mentioned results, YASARA, AlphaFold and SWISS-MODEL are the fastest tools among the all
tested tools. On the other hand, other tools also had server problems and thus, they were not available
time to time. Furthermore, YASARA generated high quality models since it generates hybrid models
through performing hybrid modeling by separating the query protein into different units and selecting
separate patterns for each unit. Major drawback of YASARA is that it is a paid tool, while all tested
other tools are free of charge.

4. CONCLUSIONS

In this study, we conducted a comparison between ab-initio, threading, and homology modeling protein
approaches. We tested 11 modeling tools to build models of six proteins. Template-based homology
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modeling tools, in particular, successfully built models for all of the tested proteins; however, threading
and ab initio-based tools were unsuccessful in building models for some of the proteins. For example,
ab initio and threading-based methods were unsuccessful in generating a model for the complete
sequence of the Bifunctional Cytochrome P450/NADPH-P450 Reductase protein. Furthermore,
RaptorX could only produce a model for Geobacillus kaustophilus ksilan alpha-1,2-glucuronidase.
YASARA is suitable for proteins that contain heteroatoms, such as P450 monooxygenases, since most
other tools do not include heteroatoms in their produced structures. AlphaFold is a powerful tool among
template-free modeling methods. On the other hand, YASARA, Robetta, and SWISS-MODEL have
emerged as prominent template-based tools. These findings will aid researchers in selecting the suitable
protein modeling approach and tool for ensuring high-quality structures.
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