DOI: https://doi.org/10.62644/iajlb.2025.v22.i1.pp11-18 Indo-Am. J. of Life Sc & Bt | Vol. 22, Issue 1, 2025 | pp 11-18

ISSN : 2347 - 2243

"-‘"'4', -
https:/fiajlb.org | & %% A

Email : editor@iajlb.com or iajlb.editor@gmail.com |44
itor@iaj ia] itor@g Laal



https://iajlb.org
mailto:editor@iajlb.com
mailto:iajlb.editor@gmail.com
https://doi.org/10.62644/iajlb.2025.v22.i1.pp11-18

DOI: https://doi.org/10.62644/iajlb.2025.v22.i1.pp11-18 Indo-Am. J. of Life Sc & Bt | Vol. 22, Issue 1, 2025 | pp 11-18

Indo-Am. J. of Life Sc & Bt. 2025 ISSN 2347-2243 iajlb.org
Vol.22, Issue 1, 2025

A I ndo-American Journal of Life Siences and Blotechnology

Homology Modelling in Structure-Based Drug Design: Tools, Validation
and Pitfalls

Beatriz Teixeira'e, Kiran Bose?s, Tyler Dunleavy?e

1Scientist, Department of Bioinformatics, Minho Valley Institute of Health Research, Viana do
Castelo, Portugal.
2Associate Professor, Department of Computational Biology, Nallamala Institute of Life Sciences,
Kurnool, India.

3Senior Scientist, Department of Bioinformatics, Cumberland Plateau Institute of Life Sciences,
Cookeville, USA.

Email: 1b.teixeira@muvihr.pt, Zk.bose@nils.ac.in, 3t.dunleavy@cpils.edu
ORCID: 10000-0001-2900-1910, 20000-0001-3973-3605, 30000-0001-2468-7781

Received: June 27, 2024 Accepted: October 4, 2024 Published: February 19, 2025
DOI: 10.62644/iajlb.2025.v22.i1.pp11-18

ABSTRACT

Homology modelling builds a three-dimensional model of a protein from its sequence and the
experimentally solved structure of a related protein, and it is often the only route to a structure
for targets that crystallography or cryo-electron microscopy has not yet reached. This
narrative mini review asks how far such models can be trusted when they are used for
structure-based drug design, and what happens to that trust now that deep-learning predictors
deliver models for almost any sequence. It draws on published work on template detection,
alignment, model building, validation, docking and the treatment of flexibility, and it reports
no new data. The evidence points to a conditional answer. Models built on close templates can
support the analysis of a binding site and, in well-known receptor examples, the discovery of
new ligands, but accuracy at the level of individual side chains and loops, which is the level
that matters for docking, depends on the alignment, on the state of the template and on how
the pocket moves. Global validation scores describe the whole fold and say little about the
pocket. Predicted confidence from deep-learning methods is useful but does not remove the
need for checks tied to the question being asked. The review ends with a short list of practices
that make model-based design more reliable and more honestly reported.
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1. Introduction picture available, and the Protein Data
Structure-based drug design starts from a Bank has grown into a vast archive of them
picture of the target: where the pocket is, (3). Even so, a great many targets of
which residues line it, and how a small pharmaceutical interest, among them
molecule might sit there (1, 2). membrane receptors and enzymes from
Experimental structures remain the best pathogens, have no experimental structure
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at the point when a project begins. Teams
in that position build a model from a
related protein and design against it (4, 5).

Homology modelling rests on a simple
observation: protein structure changes
more slowly than protein sequence, so
related sequences fold alike (6). The
practical recipe is to find a solved relative,
align the target to it, copy and adjust the
backbone, rebuild what differs, and judge
the result (7, 8). Since 2021 deep-learning
predictors have changed the landscape,
delivering models of striking accuracy for
many sequences (9, 10). They have not
retired the underlying question. Whether a
model is good enough for the purpose at
hand is still a judgement that has to be
made, and made again for each target.

This mini review sets out what the
literature says about that judgement. It
follows a model from template choice to
docking, noting where error enters and
which checks can detect it. No local or
primary data are reported, and the article
says plainly where the evidence is thin.
The aim is a fair account of what has been
shown, as against what has merely been
repeated.

2. Literature Review

2.1 From Template to Model

The first decision is the template. Below a
certain level of sequence similarity, the
so-called twilight zone, a match can be real
and still be hard to tell from chance (11).
BLAST-type searches find close relatives
readily (12), while profile methods reach
further (13). Figure 1 shows the stages that
follow. A multiple alignment is prepared, a
model is built under spatial restraints or by
assembling fragments (8, 14), loops that
differ from the template are rebuilt (15),
and the result is checked and refined.

Of these stages the alignment is the one

that most often decides the outcome. An
alignment that shifts a strand by one

residue yields a model with every side
chain in the wrong place, however elegant
the later steps (7). Alignment, in other
words, is where most of the judgement in
the whole exercise is spent.

| drgel sequendce

v Template choice
sets the ceiling

Template search
(BLAST, profile methods)

¥
I Sequence {I|J§lt1f‘.1(.‘l1[ l

v

Maodel building
and loop rebuilding

revise
alignment
or lemplate

schematic, not data

Figure 1. Typical stages of a homology-modelling
workflow (schematic, not data).

2.2 The Toolbox

The available tools differ in philosophy
more than in outward behaviour.
MODELLER satisfies restraints derived
from the alignment (8, 16).
SWISS-MODEL  packages  template
search, building and quality estimation into
an automated pipeline (14, 17). Servers
built around threading and fragment
assembly, such as Phyre2 and I-TASSER,
aim at targets where no close template
exists (18, 19). Table 1 lists the main
options and their usual caveats.

2.3 Deep-Learning Predictors

The community-wide CASP experiments
have tracked progress in structure
prediction for decades (22), and they
recorded a sharp step forward when
deep-learning methods entered the field.
AlphaFold 2 and RoseTTAFold produced
models that, for many targets, approached
experimental accuracy in the fold (9, 10).
Figure 2 places these developments on a
timeline. The AlphaFold database made
predicted models of whole proteomes
freely available (23), and ColabFold
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lowered the cost of running the method
(20).
Table 1. Representative modelling approaches
and their usual caveats.

Approach Basis Usual caveat

Spatial
restraints from | Quality follows

MODELLER . .
an alignment | the alignment
(8, 16)
Automated Few user

SWISS-MODEL | template-based |decisions;
server (14, 17) |template-bound

Remote
Phyre2, E:;Ir)rllifts’ Weaker where
I-TASSER assembly (18, no template fits
19)
RoseTTATold, | o*C0 CO0E | et igand
AlphaFold 2 (9, 10) state absent
Fast alignments .
ColabFold feeding il;?ne;lltismﬂ;[es
AlphaFold (20)
Includes
AlphaFold 3 ligands and Still a prediction

ions (21)

Note: Qualitative summary of the cited tool papers; no
performance figures are given because they depend on
the target and the benchmark.

1986 @ Sequence and structure diverge at different rates
1993 @ Restraint-based modelling (MODELLER)
2000 @ Protein Data Bank paper; genome-scale modelling

2003 @ SWIS5-MODEL server

2011 @ Receptor models used in docking screens
2021 @ AlphaFold 2 and RoseTTAFold
2024 @ AlphaFold 3 adds ligands and ions

schematic timeline, not to scale

Figure 2. Milestones in template-based and
deep-learning structure prediction (schematic
timeline, not to scale).

What these methods deliver is a prediction
of a single, most probable conformation,
with a per-residue confidence estimate.
That suits the fold less well when the
pocket depends on a bound ligand,
cofactor or metal ion. Predictions are
valuable hypotheses that accelerate, but do

not replace, experimental determination
(24). AlphaFold 3 extends the approach to
ligands and ions (21), an advance that will
need the same independent testing.

2.4 Models in Design Campaigns

The case for models in drug design rests on
a handful of well-studied receptors.
Docking against the crystal structure of the
beta2-adrenergic receptor found new
ligands (25), and a dopamine D3 receptor
study screened a homology model and the
crystal structure solved afterwards, finding
ligands in both (26). The GPCR Dock
assessment showed both promise and
spread in how well receptor models and
ligand poses could be predicted (27), and
work on comparative models found that
enrichment of actives falls off as the model
departs from the true structure (28).
Docking programs rank poses with
approximate scoring functions (29, 30).

2.5 Flexibility and the State of the
Template

Binding sites are not rigid. Proteins adjust
to ligands, an idea that goes back to the
induced-fit proposal (31) and that matters
greatly for design (32). A model inherits
the conformation of its template, so a
template solved with a different ligand, or
none, can give a pocket that is too closed,
too open or shaped for another molecule.
Models from different templates may
therefore disagree about the pocket without
either being wrong in the fold. Screens
against AlphaFold models have been
reported to do less well on average than
screens against experimental structures
(33). That is why the same model can look
convincing to one group and unconvincing
to another.

3. Materials and Methods

3.1 Scope and Question

The review asks one question in three
parts. How reliable is a homology model,
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or a predicted model, as the basis for
structure-based design? Which steps
contribute most to its errors? And which
checks, applied before docking, give the
best warning of a problem? The scope is
limited to template-based and
deep-learning models of single protein
targets, used in docking and pocket
analysis.

3.2 Literature Assembly

The review draws on peer-reviewed
methods papers, benchmark assessments
and a few case studies in drug discovery,
chosen for relevance, standing in the field
and clarity of method. Work postdating the
issue year was not considered. No formal
systematic search was run, and none is
claimed. The article is a narrative synthesis
whose selection reflects the authors’
judgement, so it guides the structure of the
problem and not the size of any reported
effect, and it quotes no benchmark figures.

3.3 Appraisal Framework

To compare reports, we asked four
questions of each. Was the template, and
its state, described? Was the alignment
reported and examined (7)? Were
validation checks applied to the binding
site and not only to the whole fold (34)?
And was the docking evaluated against
known actives and inactives, as opposed to
being shown as a single pose (35)? It is an
old lesson, and it keeps needing to be
relearned each time a new method arrives.

4. Results

4.1 What Model Quality Depends On

Model quality tracks template closeness,
but it tracks alignment accuracy even more
closely, and it varies from region to region
(7, 15). Figure 3 expresses the common
reading in qualitative terms. With a close
template, backbone-level questions and
pocket location are usually safe, and ligand
docking becomes defensible. With a

distant template, the fold may be right and
the pocket still too uncertain for anything
beyond a first look (4, 5). Low-confidence
regions of predicted models deserve the
same caution as loops in any other model
(9, 23).

4.2 What Validation Can and Cannot
Show

A large toolbox exists for checking models
(Table 2). Backbone torsions are compared
with the Ramachandran map (36, 37),
clashes and rotamers are listed (38),
residue environments are scored (39), and
statistical potentials and composite scores

give a global view (40, 41, 42, 43).

Fold and  Pocket

Ligand

pocket site  shape docking
Close template generally  generally use with
o ple reasonable reasonable  caution
i 9 generally  use with poarly
Moderate template  \inoble  caution supported

Distant template

use with poorly
caution

poorly

supported  supported

schematic reading of the literature, not data

Figure 3. Qualitative reading of how far a model
can be pushed by template closeness (schematic,

not data).

Table 2. Validation measures and what each can

and cannot show.

Measure Examines Blind spot
Ramachandran Backbone Says little about
check torsion angles the pocket

(36, 37)
Clashes, Can pass a
MolProbity rotamers, wronp fold
geometry (38) g
Residue Coarse:
Verify3D environment fit arse,
fold-level
(39
Statistical .
ProSA, DOPE | potentials (40, | C10Pal pocket
averaged out
41)
Composite .
QMEAN, quality estimate Estimate, not a
QMEANDIsCo (42, 43) measurement

Note: The last column gives the authors’ reading of
the cited methods papers.
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These checks answer a general question
and are poor at the specific one. A model

can have excellent geometry and still carry Pitfall Consequence Mitigation
the wrong fold or a wrong pocket, because . Shifted residues |Inspect and

. Alignment | p
stereochemical checks measure whether error in the pocket (7, | compare
the model looks like a protein, not whether 34) alignments
it is the right shape. Work on identifying ?’e\’;oqie Pocket closed or | Use several
correct models showed that telling good Statf open (31, 32) templates
from bad candidates is hard and that no —
single score does it reliably (34). m(z)(:irefle d Misplaced lining | Treat loop atoms
Confidence in a fold, in short, is not loops residues (15) | with caution
confidence in a pocket. Trust in A good fold, a | Add pocket-level

global scores | poor site (34) checks

4.3 Evidence from Docking and Docking to | Over-confident |Dock to an
Screening one model |ranking (28, 35) |ensemble

The successes in the literature share
features: receptors with several
experimental relatives, close templates and
laboratory testing of the predicted ligands
(25, 26). In the D3 comparison both the
model and the later structure led to ligands,
so models can be useful for finding
molecules even when they are imperfect
for describing how those molecules bind.
Performance on predicted structures is
variable and often below that for
experimental ones (33, 44), and programs
and scoring functions add their own spread
(35). A single clean pose from one model
is a hypothesis, not a measurement.

4.4 Recurring Pitfalls

Several pitfalls recur (Table 3). The
alignment may be wrong in the pocket, the
template may be in a different state from
the one the project cares about, and loops
lining the site may be placed by a method
least reliable exactly where it is needed (7,
15). A good global score may be offered as
reassurance when the pocket has not been
examined (34). A single model may also
be treated as the structure, not as one
member of a plausible ensemble (32). A
model that looks tidy in a viewer has not
thereby earned the right to be docked
against.

Table 3. Recurring pitfalls in model-based
design and ways to reduce them.

Note: Pitfalls are those discussed in the cited
literature; they are not attributed to any single study.

These are the ordinary risks of a method
that infers a structure instead of measuring
it, and the remedies are equally ordinary:
compare several templates and alignments,
examine the pocket residue by residue,
state the template and its ligand, and dock
into more than one conformation where the
evidence suggests that the pocket moves
(28, 32). None of this makes the method
unreliable, only dependent on choices that
a reader should be able to see.

5. Discussion

5.1 Interpretation

The main finding of the review is
conditional. Models can support design,
and in celebrated cases they have done so
(25, 26), provided that the template is close
and well chosen or the prediction
confident, the alignment has been
examined, the binding site has been
checked in its own right, and docking is
evaluated on known actives and inactives
(34, 35). Deep-learning predictors lower
the barrier to starting a project (23) but do
not supply the conformation of a pocket
bound to a ligand (24, 44), and newer
methods that model ligands directly (21)
still need independent testing. Seen this
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way, a model is less an answer than a
well-informed starting point. Nothing here
suggests the modelling route is a poor one,
only that its limits are easy to forget.

5.2 Limitations

This is a narrative review and shares the
limits of that form. Selection of sources
reflects the authors’ judgement, no formal
search or quality scoring was done, and the
article does not quote benchmark numbers
from individual studies. The evidence also
leans toward a few well-studied receptor
families and may not transfer to other
target classes. The standard is modest, and
a good deal of the published work does not
yet meet it.

5.3 Future Work

Three needs stand out. The first is more
prospective tests in which models are built
and used for design before the
experimental structure is known, then
compared with it afterwards, as in the
dopamine D3 case (26). The second is
validation measures aimed at the pocket
and not at the fold. The third is routine
reporting of the template, its ligand state
and the docking controls. Progress will
probably come from patient comparison of
models with new experimental structures,
not from larger prediction sets alone.

6. Conclusion

Homology modelling remains a useful
route to a structure for targets that
experiments have not reached, and it has
contributed to real discovery work. Its
reliability rests on a short chain of
decisions about template, alignment,
pocket conformation and docking, and
global validation scores do not certify the
weakest link. Deep-learning predictors
improve the fold and leave the central
difficulty, a pocket in the right shape for
the right ligand, largely where it was.
Reviews of this kind are most useful when
they say where the evidence stops.

For the practitioner, the message is
practical. Build more than one model, look
at the pocket directly, state what the
template was bound to, and test docking
against known ligands before trusting any
new prediction.
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