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Abstract
Indoleamine 2,3-dioxygenase-1 (IDO-1) is a heme-containing enzyme that initiates the kynurenine pathway by catalyzing 
the first step in l-tryptophan catabolism. IDO-1 has been shown to play an important role in immunosuppressive mecha-
nisms and tumor evasion, making it an attractive target for therapeutic intervention, a computer-aided drug design (CADD) 
approach was applied to a set of 34 of 4,5-Disubstituted 1,2,3-triazole derivatives that had been evaluated for their  IC50 
values against indoleamine 2,3-dioxygenase 1 (IDO1) enzyme. By employing atom-based 3-QSAR pharmacophores and 
field-based 3D-QSARs, the study identified specific chemical groups and structural locations that could be modified to 
enhance the compounds’ activity against IDO1 in order to discover more effective inhibitors. The study utilized atom-based 
3-QSAR pharmacophores and field-based 3D-QSARs to model the 4,5-Disubstituted 1,2,3-triazole derivatives against 
IDO1, leading to the identification of specific chemical groups and structural regions that could be altered to enhance the 
compounds’ activity. The triazole derivatives were subjected to molecular docking, yielding docking scores of − 7.12 kcal/
mol for compound 25, and − 7.1, − 7.4, − 7.4, − 8.1, and − 8.3 kcal/mol for the five newly designed molecules T01-T05, 
respectively. Moreover, an assessment of the free energy was conducted to determine the energetic factors that contribute to 
the stability of the compounds within the enzyme’s binding site.
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Introduction

Currently, cancer research sees immunotherapy as a major 
and very promising advance [1, 2]. Recent successes in 
clinical trials against a wide range of cancers, with immune 
checkpoint inhibitors such as anti-PD-1, anti-CTLA4, and 
anti-PD-L1 monoclonal antibodies, have shown therapeutic 
results remarkable in many cases [3, 4]. Because of this, 
boosting the body’s immune system is considered one of 
the safest approaches to fighting cancer and many other 
diseases [5]. Excess catabolism of the essential amino acid 

L-tryptophan (L-Trp) allows cancer cells to escape the 
normal immune attack. This leads to the disproportionate 
production of kynurenine and other metabolites that sup-
press T cell functions [6]. Blocking this immunosuppressive 
mechanism is considered a promising approach to treat can-
cer, neurological disorders, autoimmune diseases and other 
diseases which are immune mediated.

IDO1 is a heme-containing dioxygenase that catalyzes 
the initial and rate-limiting step of the kynurenine pathway 
by oxidatively cleaving tryptophan to N-formylkynurenine. 
It is responsible for over 90% of tryptophan metabolism 
in humans. Under certain conditions such as pregnancy, 
chronic infections, organ transplantation, and tumors, IDO 
expression can be significantly increased by interferon (IFN) 
or other cytokines. Local depletion of tryptophan and accu-
mulation of toxic catabolites, such as kynurenines, create a 
tolerogenic microenvironment that leads to local immuno-
suppression characterized by T cell anergy and regulatory T 
cell activation. This type of microenvironment is involved in 
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a wide range of human diseases, including infections, auto-
immune diseases, and cancer tumors [7, 8].

Of note, upregulation of IDO1 expression has been com-
monly observed in several types of cancers, such as colorec-
tal cancer, non-small cell lung carcinoma, ovary, melanoma, 
and hepatocarcinoma, and is associated with a poor prog-
nosis [9, 10]. Therefore, IDO1 and TDO are considered as 
potential targets for cancer immunotherapy. The discovery 
of inhibitors for IDO1 has garnered a significant amount 
of interest from both academic and industrial communi-
ties in recent years. Various potent IDO1 inhibitors have 
been reported [11–15]. Some of these inhibitors have been 
examined in clinical trials, such as NLG 919, Epacadostat, 
and PF-0684003 (Fig. 1). However, the failure of the IDO1 
inhibitor Epacadostat in a phase III clinical trial (ECHO-
301) for the treatment of metastatic melanoma has signifi-
cantly dampened the enthusiasm for research and develop-
ment of drugs targeting IDO1 [13, 16].

In recent years, the field of drug design has greatly ben-
efited from the use of three-dimensional quantitative struc-
ture–activity relationship (3D-QSAR) as a computational 
tool [17–20]. Specifically, techniques such as atom-based 
3D-QSAR and field-based 3D-QSAR have been instru-
mental in identifying essential structural characteristics 
and guiding the modification of compounds to enhance 
their effectiveness, particularly in the development of 
Indoleamine 2,3-Dioxygenase 1 enzyme inhibitors [21, 
22]. Several other computational approaches have also 
been utilized for this purpose. A theoretical investigation 
into the area of drug design for IDO1 inhibitors was car-
ried out by Lu Zhang and colleagues. Firstly, they devel-
oped and verified a QSAR pharmacophore model that 

utilized the ferrous bonding group (FBG). This model 
was then utilized for virtual screening. Subsequently, 
molecular docking simulations and similarity analysis 
were performed to identify the bioactive conformations 
of the inhibitors [23]. Sanskar Jain et al. performed a clas-
sification QSAR analysis via Monte Carlo optimization 
by identifying structural fingerprints to design inhibitors 
against the enzyme IDO1 [24]. Yeheng Zhou and col-
leagues employed several methods including Lipinski’s 
Rule of Fives, Veber’s rules filter, molecular anchoring, 
HipHop Pharmacophores, 3D-quantitative structure activ-
ity relation (3D-QSAR) studies, and Pan-assay interfer-
ence compounds (PAINS) filter. Pharmacophores and 
3D-QSAR models were constructed based on the results 
obtained from these approaches. Docking and QSAR mod-
els were used in conjunction to identify critical compo-
nents for developing novel inhibitors with superior IDO1 
inhibitory properties.

In the present work, the analysis of atom-based 3D 
QSAR and field-based 3D-QSAR were performed on 
IDO1 inhibitors to determine structural guidelines for 
the computational design of novel inhibitors with higher 
potency. Molecular docking is applied to understand the 
mechanism of interaction between a studied ligand and its 
protein target and to predict the best binding conforma-
tion [25]. To further ensure the orientation of the ligands 
inside the active sites of IDO1, we performed the dock-
ing of the designed compounds and the more active com-
pound 25 [26, 27]. In addition, the MM/PBSA calculation 
provided free energy binding of the compound studies to 
assess the energetic component involved in the active site 
of IDO1 [28].

Fig. 1  Structures of representative IDO1 inhibitors
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Methods and computational materials

Data set and ligand preparation

Derivatives of 4,5-Disubstituted 1,2,3-triazole have been 
synthesized and their anticancer biological activities have 
been evaluated by Subhankar Panda et al. [29]. In this study, 
a set of 34 compounds was selected to develop a pharma-
cophore model and discovery basic features of chemicals 
structure for the inhibitory activity effect. For a linear lay-
out, experimental inhibitory  IC50 values of 34 compounds in 
the dataset were converted to  pIC50 values  (pIC50 = log(IC50 
 (10–6))) [30]. The values of inhibitory activities of the com-
pounds studied varied from 4.64 to 7.123  (pIC50). The mol-
ecules were drawn in 2D and then converted to 3D using 
Maestro software package (Schrödinger Release, 2021). The 
energy minimization of the structure of the compounds was 
carried out by applying the LigPrep module (Schrödinger 
Release: LigPrep, 2021) of the Maestro software using 
OPLS_2005 (optimized potentials for liquid simulations) 
with an implicit distance-dependent dielectric solvation 
treatment [31, 32]. The Epik (Schrödinger Release: Epik, 
2021), which is based on the more accurate Hammett and 
Taft methodologies was applied to generate the ionization/
tautomeric states [33].

Determination of pharmacophore

In the present work, the PHASE module was used to gen-
erate a pharmacophore model [34]. A database of Fig. 1 
was aligned using a common scaffold alignment method, 
then conformers were created using the macropattern search 
method with a maximum of 1000 per structure, then mini-
mized by OPLS-2005 the force field using a minimization 
of 100 steps [35, 36]. PHASE provides six built-in phar-
macophore characteristics such as hydrogen bond accep-
tor (A), hydrogen bond donor (D), hydrophobic group (H), 
ring aromaticity (R), positively ionizable groups (P), and 
negatively ionizable (N) [37]. The number of features in 
the hypothesis ranged from 4 to 6, which generated 10 dif-
ferent pharmacophore hypotheses. Based on activity, the 
compounds were classified as active if they had a  pIC50 
value greater than 5.7 (13 compounds) and inactive if they 
had a  pIC50 value less than 5.2 (9 compounds). Compounds 
falling in between were referred to as intermediates. The 
process involved searching for pharmacophores in 13 active 
compounds, using a final box size of 1 Å and a minimum 
intersite distance of 2 Å. Subsequently, ten pharmacophore 
hypotheses were generated and evaluated based on survival 
scores, site scores, vector scores, volume scores, selectiv-
ity, and phase hyposcores, with the rankings reflecting the 
outcome of this evaluation.

In the context of the pharmacophore hypothesis, the differ-
ent scores can be explained as follows:

Survival score: The survival score assesses the ability of a 
compound to survive or maintain its biological activity under 
a specific set of conditions. It is used to assess the stability and 
robustness of compounds in a given biological environment.

Site score: Site score evaluates a compound’s ability to 
specifically bind to an active site or target region on a bio-
logical molecule. It measures the affinity and bond strength 
between the compound and the desired site of interaction. 
A high site score suggests a better ability of the compound 
to interact with the target site, which may be beneficial for 
the desired pharmacological activity.

Vector score: Vector score assesses the structural similar-
ity between a compound and a reference vector or template 
representing desired pharmacophoric characteristics. It is 
used to measure how closely the compound matches the 
structural characteristics sought for the specific biological 
activity. A high end vector score indicates a better match 
between the compound and the pharmacophore template, 
which may suggest a greater likelihood of desired biologi-
cal activity.

These different scores provide crucial information to 
assess the potential of a compound under the pharmacophore 
hypothesis. They allow quantification of stability, interac-
tion with active sites, and conformity to desired structural 
features, which helps researchers select the most promising 
compounds for further experimental studies or for potential 
drug development.

Generation of field‑based 3D‑QSAR model

To create a 3D QSAR model that accurately predicts the 
activity, it is important to properly align the optimized con-
formers of dataset structure in a fixed network [38]. In this 
particular study, the molecules were aligned using different 
structure alignment tools in Maestro 12.9, including shape-
based flexible alignment, common scaffold alignment, maxi-
mum common substructure, and intelligence as shown in 
Fig. 2. The grid spacing was set at 0.1 Å and extended 3.0 Å 
beyond the train set limits. The force field values were set to 
ignore anything less than 2.0 Å, with steric and electrostatic 
truncated force field preset to 30.0 kcal mol − 1. Variables 
with a standard deviation (SD) of < 0.01 were suppressed, 
and 1 ligand was excluded from cross-validation. The 
model was constructed using 5 features: steric, electrostatic, 
H-bond acceptor, bond donor H, and hydrophobic field.

3D‑QSAR modeling by partial least square  
(PLS) analysis

Atom-based and field-based 3D-QSAR models were built 
using the PHASE module of Schrödinger’s software. These 
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models were developed to correlate the structural character-
istics of a set of compounds and anticancer biological activ-
ity. Partial least squares (PLS) analysis was used to develop 
3D-QSAR models, taking  pIC50 values as dependent vari-
ables and Gaussian intensities as descriptors (independent 
variables) [39]. Some statistical parameters such as stand-
ard deviation (SD), uncross-validated correlation coefficient 
(R2), cross-correlation validation was determined based on 
the predictions generated by a (LOO) (R2

CV), R2 scramble, 
Fischer’s test (F-test), variance ratio (p-value), root mean 
square error (RMSE), Pearson-r values, correlation coef-
ficient of external validation (Q2), and Pearson-r were esti-
mated to assess the reliability of the established models. To 
assess the predictive ability of the developed QSAR models.

In the atom-based, field-based 3D-QSAR model, the data-
set was randomly split into a train set containing 26 (76%) 
compounds and the remaining 8 compounds were reserved 
for test set (24%). PLS factors of 1 to 5 have been selected 
for the generation of atom-based and field-based QSAR 
models. A total of 10 models are built into the atomic and 
field-based QSAR models. Field-based models were repre-
sented as steric, electrostatic, hydrophobic, hydrogen fields 
description of hydrogen bond donor and acceptor [40, 41].

Docking study

The crystal structure of IDO1 was obtained from the Protein 
Data Bank (PDB) using code 4PK5 at a resolution of 2.79 Å 
[42, 43]. The A-chain of the structure underwent prepara-
tion, which included adding hydrogens, determining ioniza-
tion states at pH 7.0, and optimizing/minimizing the struc-
ture with the Protein Preparation Wizard tool in Maestro 10.1 
(Schrödinger Inc.) [44]. Prime 3.9 was used to rebuild the 

unresolved loop 361–379. The iron ion in the structure was 
defined as FeIII based on experimental evidence that imida-
zole-based molecules preferentially bind to the oxidized form 
of the enzyme. The ligands were prepared with LigPrep 3.3, 
generating all possible ionization states at pH 7.2. Docking 
studies were conducted using Glide 6.6 in standard precision 
(XP) mode, and the top ten bonding poses for each molecule 
were recorded as output (Schrödinger Release: Glide, 2020). 
Grids were defined for each crystal, with the center located at 
the center of mass of the co-crystallized ligand. The inner grid 
box was set to 20 × 20 × 20 angstroms, and all residual rotating 
groups within the outer box were considered. All other dock-
ing parameters were set to their default values.

Binding free energy calculation

The docked complexes were subjected to prediction of bind-
ing free energies using the generalized born surface method 
of molecular mechanics (MM-GBSA) [45]. This approach is 
considered as an interesting tool for the correct classification 
of inhibitors. The local optimization feature of Prime (v4.3) 
was used for structure minimization of anchored ligand-
enzyme complexes [46]. Simulations were performed using 
partial loadings of input ligand without applying stress on 
the flexible residues. Binding free energies were calculated 
with the OPLS3 force field using the continuous solvent 
MM-GBSA and the solvation model VSGB 2.0 [47, 48].

Absorption, distribution, metabolism, and excretion 
predictions

The QikProp module (QikProp, v. 6.6, Schrödinger, LLC) 
has been applied to predict ADME properties, to assess the 

Fig. 2  Alignment of the train-
ing set using molecule 25 as a 
template
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pharmacocentical behavior of compounds [49, 50]. QikProp 
is used to predict pharmacologically relevant characteristics 
of organic compounds. The QikProp also provides limits to 
contrast the properties of a certain compound with those of 
95% of known drugs [51].

Results and discussion

Scoring for best pharmacophore hypothesis

In this study, ten pharmacophore hypotheses were gener-
ated and ranked based on their scores. The selection of the 
best hypothesis was determined by considering survival 
score, site score, and vector score, as shown in Table 1. 
The most optimal six-feature pharmacophore hypothesis, 
AAADHR_1, was chosen for further investigation. The dis-
tances between different sites of this selected model can be 
observed in Fig. 3A.

Using the AAADHR_1 model as a reference, both the 
training set and test set were aligned. Additionally, a sta-
tistically significant atom-based 3D-QSAR model was 
developed through partial least squares (PLS) regression, 
utilizing the 19 aligned active molecules from the training 
set. The model’s statistical significance and predictivity 
increased as the number of PLS factors increased, up to a 
maximum of five factors (see Table 2). Figure 3B, C depicts 
the alignment of active and inactive ligands with the gener-
ated AAADHR_1.

Atom‑based 3D‑QSAR models

In the current study, both atom-based and field-based mod-
els were developed using a training set consisting of 26 com-
pounds, with an additional 8 compounds used for testing. 
The models were developed with a PLS factor set to 5. To 
assess the statistical stability of the models, internal valida-
tion methods were employed.

Table 3 presents the statistical results for the developed 
models. The atom-based models performed statistically bet-
ter with a PLS factor of 5. The coefficient of determination 
for the training set (R2) was found to be 0.8881. The cross-
validated R2 value obtained through the LOO method (R2

CV) 
was 0.5248. The Q2 value for predicted activities (Q2 for 
atom-based) was 0.8333.

Additional statistical parameters were evaluated to assess 
the performance of the models. The standard deviation (SD) 
was determined to be 0.28, while the root mean square error 
(RMSE) was calculated to be 0.71. The variance ratio signif-
icance level (P) was reported as 7.45 ×  10−9, and the variance 
ratio (F) was found to be 31.7. These results indicate that the 

developed 3D-QSAR models are effective and suitable for 
selecting the best models in this study.

The contribution percentages of different fields to the 
developed models are presented in Table 4. In the best 
model, utilizing a PLS factor of 5, the hydrophobic property 
emerged as the predominant factor, contributing 63.2% to 
the overall model. The Electron-withdrawing and Negative 
ionic properties accounted for 17.8% and 13.4%, respec-
tively. On the other hand, the H-bond donor property made 
minimal contributions to the established model, representing 
approximately 5.7% of the overall contribution.

The correlation between experimental and predicted 
activity was visualized for both the training and test sets in 
Fig. 4. Overall, the developed model exhibited less disper-
sion between the experimental and predicted values.

Further to verify the trustworthiness of this structure-
based pharmacophore receiver operating characteristics 
(ROC), area under accumulation curve (AUAC) as well 
as the enrichment factor (EF) are calculated to evaluate 
its ability to detect active and inactive set of compounds 
with known biological activity [52, 53]. The ROC value 
represents the sensitivity (proportion of true positives) and 
a function of specificity (proportion of false positives). 
The value of the area under accumulation curve (AUAC) 
provides an objective measure of the overall performance 
of a classifier [54]. An AUAC value equal to 1 (or 100%) 
indicates that the active and inactive compounds are per-
fectly discriminated. The enrichment factor describes the 
number of active compounds found using a specific phar-
macophore model as opposed to the number hypothetically 
found if compounds were screened randomly. In pharma-
cophore hypothesis AAADHR_1 when tested on active set 
of compounds showed promising results with Enrichment 
factor 80.80%, ROC 0.91 and AUAC 0.52 (Area under 
accumulation curve) (Fig. 5), it confirmed that pharma-
cophore hypothesis AAADHR_1 is good model to predict 
active molecule.

Field‑based 3D‑QSAR models

The 3D QSAR models were developed using PLS analysis, 
incorporating five descriptors: steric, electrostatic, hydro-
phobic, H-bond Donor, and H-bond Acceptor properties. 
The most effective model, based on the Gaussian field, was 
achieved with a PLS factor of 5. The statistical parameters 
obtained are summarized in Table 5.

The R2cv cross-validation coefficient for the model 
is 0.603, indicating a moderate level of predictive abil-
ity. The standard deviation of the regression (SD value) is 
0.3895, which represents the average distance between the 
predicted and actual values. The Fischer ratio F is 12.5, 
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Table 1  Pharmacophoric model of QSAR building datasets and results

Ligand name QSAR set Structure Experimental
IC50 (μM)

PLS factors Atom-based QSAR Gaussian-based QSAR

Predicted 
 pIC50 (μM)

Error Predicted 
 pIC50 (μM)

Error

1 test 4.046 1 4.72034 0.67434 4.54801 0.50201

2 4.37878 0.33278 4.34419 0.29819

3 4.42814 0.38214 4.36415 0.31815

4 4.53526 0.48926 4.42782 0.38182

5 4.4436 0.3976 4.41459 0.36859
2 train 4.261 1 4.4627 0.2017 4.30981 0.04881

2 3.96627 -0.29473 4.01958 -0.24142

3 3.89686 -0.36414 4.08782 -0.17318

4 4.01424 -0.24676 4.34783 0.08683

5 4.12755 -0.13345 4.34546 0.08446
3 train 5.302 1 4.80335 -0.49865 4.93439 -0.36761

2 4.82729 -0.47471 5.11429 -0.18771

3 4.86395 -0.43805 5.453 0.151

4 4.90942 -0.39258 5.32396 0.02196

5 4.79344 -0.50856 5.32528 0.02328
4 train 4.66 1 4.8088 0.1468 4.80546 0.14346

2 4.97338 0.31138 4.87782 0.21582

3 5.00289 0.34089 5.02552 0.36352

4 5.00569 0.34369 4.58008 -0.08192

5 4.80985 0.14785 4.5254 -0.1366
5 test 4.598 1 4.79014 0.19214 4.54801 -0.04999

2 4.83177 0.23377 4.34419 -0.25381

3 4.885 0.287 4.36415 -0.23385

4 5.02304 0.42504 4.42782 -0.17018

5 5.04197 0.44397 4.41459 -0.18341
6 train 4.39 1 4.69097 0.30097 4.28501 -0.10499

2 4.9018 0.5118 4.02453 -0.36547

3 4.90572 0.51572 4.12869 -0.26131

4 5.04093 0.65093 4.4589 0.0689

5 5.15337 0.76337 4.47965 0.08965
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Table 1  (continued)

Ligand name QSAR set Structure Experimental
IC50 (μM)

PLS factors Atom-based QSAR Gaussian-based QSAR

Predicted 
 pIC50 (μM)

Error Predicted 
 pIC50 (μM)

Error

7 test 5.112 1 4.86018 -0.25182 4.91476 -0.19724

2 5.2235 0.1115 5.08889 -0.02311

3 5.2651 0.1531 5.43387 0.32187

4 5.3485 0.2365 5.32038 0.20838

5 5.34892 0.23692 5.32333 0.21133
8 test 4.889 1 4.81544 -0.07356 4.81577 -0.07323

2 5.5186 0.6296 5.05584 0.16684

3 5.52525 0.63625 5.60803 0.71903

4 5.5781 0.6891 5.66927 0.78027

5 5.60028 0.71128 5.72232 0.83332
9 train 5.16 1 4.85991 -0.30009 4.90187 -0.25813

2 5.33171 0.17171 5.1625 0.0025

3 5.36377 0.20377 5.62606 0.46606

4 5.40191 0.24191 5.47141 0.31141

5 5.32413 0.16413 5.48854 0.32854
10 train 5.713 1 4.8463 -0.8667 4.88196 -0.83104

2 5.2885 -0.4245 5.14233 -0.57067

3 5.32375 -0.38925 5.54934 -0.16366

4 5.37223 -0.34077 5.30559 -0.40741

5 5.29998 -0.41302 5.32734 -0.38566
11 train 5.77 1 5.76807 -0.00193 5.77984 0.00984

2 5.18239 -0.58761 5.74277 -0.02723

3 5.18101 -0.58899 5.66645 -0.10355

4 5.28801 -0.48199 5.71559 -0.05441

5 5.30573 -0.46427 5.80332 0.03332
12 train 5.593 1 5.89889 0.30589 5.85727 0.26427

2 5.83873 0.24573 5.82487 0.23187

3 5.78897 0.19597 5.71791 0.12491

4 5.70476 0.11176 5.63113 0.03813

5 5.49293 -0.10007 5.70977 0.11677
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Table 1  (continued)

Ligand name QSAR set Structure Experimental
IC50 (μM)

PLS factors Atom-based QSAR Gaussian-based QSAR

Predicted 
 pIC50 (μM)

Error Predicted 
 pIC50 (μM)

Error

13 train 5.526 1 5.90104 0.37504 5.81465 0.28865

2 5.84989 0.32389 5.70599 0.17999

3 5.79814 0.27214 5.43618 -0.08982

4 5.70606 0.18006 5.18587 -0.34013

5 5.4825 -0.0435 5.23296 -0.29304
14 train 5.092 1 5.88161 0.78961 5.7738 0.6818

2 5.72914 0.63714 5.69565 0.60365

3 5.71627 0.62427 5.5448 0.4528

4 5.76916 0.67716 5.48435 0.39235

5 5.73752 0.64552 5.54058 0.44858
15 train 6.407 1 5.92694 -0.48006 5.85112 -0.55588

2 5.9832 -0.4238 5.92072 -0.48628

3 6.02387 -0.38313 5.94877 -0.45823

4 6.19848 -0.20852 6.00688 -0.40012

5 6.38008 -0.02692 6.1257 -0.2813
16 train 6.264 1 6.0301 -0.7579 5.88191 -0.90609

2 6.51882 -0.26918 5.93774 -0.85026

3 6.53101 -0.25699 5.95474 -0.83326

4 6.57975 -0.20825 5.95873 -0.82927

5 6.65976 -0.12824 6.08043 -0.70757
17 train 6.788 1 5.94768 -0.31632 5.94956 -0.31444

2 6.06777 -0.19623 6.18284 -0.08116

3 6.03183 -0.23217 6.41724 0.15324

4 6.00328 -0.26072 6.55537 0.29137

5 5.92566 -0.33834 6.72065 0.45665
18 train 5.772 1 5.97002 0.19802 5.90377 0.13177

2 6.19499 0.42299 6.01722 0.24522

3 6.15434 0.38234 6.08649 0.31449

4 6.08322 0.31122 6.09546 0.32346

5 5.94496 0.17296 6.21656 0.44456
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Table 1  (continued)

Ligand name QSAR set Structure Experimental
IC50 (μM)

PLS factors Atom-based QSAR Gaussian-based QSAR

Predicted 
 pIC50 (μM)

Error Predicted 
 pIC50 (μM)

Error

19 test 5.068 1 5.50503 0.43703 5.34902 0.28102

2 4.90316 -0.16484 5.4155 0.3475

3 5.02034 -0.04766 5.12717 0.05917

4 5.02141 -0.04659 5.28571 0.21771

5 5.048 -0.02 5.24381 0.17581
20 train 5.15 1 5.4771 0.3271 5.32715 0.17715

2 4.78098 -0.36902 5.41557 0.26557

3 4.91836 -0.23164 5.1754 0.0254

4 4.98541 -0.16459 5.40852 0.25852

5 5.14025 -0.00975 5.36729 0.21729
21 train 5.18 1 5.58065 0.40065 5.52998 0.34998

2 5.28678 0.10678 5.42536 0.24536

3 5.37728 0.19728 5.1098 -0.0702

4 5.28662 0.10662 5.13704 -0.04296

5 5.25888 0.07888 5.17779 -0.00221
22 train 4.574 1 5.61011 1.03611 5.55107 0.97707

2 5.44864 0.87464 5.68015 1.10615

3 5.53563 0.96163 5.1961 0.6221

4 5.40353 0.82953 5.02404 0.45004

5 5.31704 0.74304 4.80079 0.22679
23 train 5.532 1 5.59066 0.05866 5.34902 -0.18298

2 5.3278 -0.2042 5.4155 -0.1165

3 5.45369 -0.07831 5.12717 -0.40483

4 5.46662 -0.06538 5.28571 -0.24629

5 5.57214 0.04014 5.24381 -0.28819
24 test 6.205 1 5.63594 -0.56906 5.36013 -0.84487

2 5.58153 -0.62347 5.55256 -0.65244

3 5.761 -0.444 5.42222 -0.78278

4 5.89583 -0.30917 5.64507 -0.55993

5 6.21487 0.00987 5.62426 -0.58074
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Table 1  (continued)

Ligand name QSAR set Structure Experimental
IC50 (μM)

PLS factors Atom-based QSAR Gaussian-based QSAR

Predicted 
 pIC50 (μM)

Error Predicted 
 pIC50 (μM)

Error

25 train 7.161 1 5.7393 -1.4217 5.73075 -1.43025

2 6.118 -1.043 6.30735 -0.85365

3 6.26919 -0.89181 6.45187 -0.70913

4 6.27832 -0.88268 6.77406 -0.38694

5 6.49571 -0.66529 6.7034 -0.4576
26 train 5.737 1 5.67907 -0.05793 5.64019 -0.09681

2 5.79372 0.05672 5.99138 0.25438

3 5.89182 0.15482 5.8464 0.1094

4 5.78068 0.04368 5.93363 0.19663

5 5.77949 0.04249 5.78439 0.04739
27 train 5.7 1 5.67258 -0.02742 5.62029 -0.07971

2 5.76407 0.06407 5.97121 0.27121

3 5.86783 0.16783 5.76968 0.06968

4 5.77084 0.07084 5.7678 0.0678

5 5.78248 0.08248 5.62319 -0.07681
28 train 4.759 1 5.06149 0.30249 4.8794 0.1204

2 4.90167 0.14267 4.48178 -0.27722

3 4.94842 0.18942 3.8754 -0.8836

4 4.77252 0.01352 3.79621 -0.96279

5 4.5683 -0.1907 3.84582 -0.91318
29 train 5.697 1 5.42658 -0.27042 5.7125 0.0155

2 5.74961 0.05261 5.98946 0.29246

3 5.61331 -0.08369 6.19338 0.49638

4 5.46659 -0.23041 6.19714 0.50014

5 5.87531 0.17831 6.15343 0.45643
30 train 4.729 1 5.26345 0.53445 5.3691 0.6401

2 5.06409 0.33509 5.00749 0.27849

3 4.7868 0.0578 4.80206 0.07306

4 4.39933 -0.32967 4.65455 -0.07445

5 4.57414 -0.15486 4.74275 0.01375
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indicating a statistically significant model. The stability of 
the model is determined to be 0.668. In the best established 
model, the contributions from steric and electrostatic fields 
are 21.6% and 21.8%, respectively (Table 6). The hydro-
phobic field makes the highest contribution of 38.4%, fol-
lowed by H-bond Acceptor with 17.7%, and H-bond Donor 
with a minimal contribution of 0.4%. These results sug-
gest that the hydrophobic properties of the protein–ligand 
interaction fields play a more significant role compared to 
other fields.

Overall, the findings highlight the importance of hydro-
phobic interactions in the protein–ligand binding process, 
supported by the higher contributions observed in the hydro-
phobic field compared to the other fields.The plot of the 
correlation between the experimental biological activity and 
that predicted from the train and test sets is presented in 
Fig. 6.

3D‑QSAR visualization

Atom‑based 3D‑QSAR visualization

The biological activity studied was correlated with different 
structural properties and described in the form of contour 
maps. The atom-based 3D-QSAR model for Indoleamine 
2,3-dioxygenase-1 (IDO-1) inhibition was applied to the most 
active compound 25  (pIC50 = 7.161) to visualize the most 
important favorable and unfavorable regions for H-bond donor, 
hydrophobic groups, negative ionic, and Electron-withdrawing 
(Fig. 7A–D). The contour visualization technique aids in iden-
tifying preferred functional groups and highlighting specific 
positions within a compound that contribute to its activity.

For hydrogen bond donor attributes, favorable regions con-
tributing to ligand interactions with the target enzyme are rep-
resented by blue cubes, while red cubes indicate unfavorable 

Table 1  (continued)

Ligand name QSAR set Structure Experimental
IC50 (μM)

PLS factors Atom-based QSAR Gaussian-based QSAR

Predicted 
 pIC50 (μM)

Error Predicted 
 pIC50 (μM)

Error

31 train 5.561 1 5.64966 0.08866 5.83108 0.27008

2 5.59325 0.03225 5.18699 -0.37401

3 5.29891 -0.26209 5.48263 -0.07837

4 5.61418 0.05318 5.57934 0.01834

5 5.47898 -0.08202 5.49784 -0.06316
32 train 6.056 1 5.98898 -0.06702 6.34965 0.29365

2 6.05352 -0.00248 5.57951 -0.47649

3 5.99238 -0.06362 6.14771 0.09171

4 6.23423 0.17823 6.14141 0.08541

5 6.25582 0.19982 5.95845 -0.09755
33 test 7.036 1 5.81773 -1.21427 5.5933 -1.4387

2 5.93088 -1.10112 5.61273 -1.41927

3 5.92326 -1.10874 5.82833 -1.20367

4 6.15068 -0.88132 5.84931 -1.18269

5 6.12517 -0.90683 5.85684 -1.17516
34 test 7.032 1 5.90025 -1.13175 5.61403 -1.41797

2 6.38225 -0.64975 5.54347 -1.48853

3 6.42302 -0.60898 5.84477 -1.18723

4 6.72814 -0.30386 5.90414 -1.12786

5 6.86049 -0.17151 5.87843 -1.15357
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features affecting activity. As shown in Fig. 7A, red cubes 
appeared around the NH of the triazole moiety suggesting 
that the hydrogen bond donating groups at this position are 
unfavorable for inhibitory antiproliferative activity. Further, 
it is apparent from the appearance of blue cubes around the 
oxygen of the amide group indicating that the hydrogen bond 
donor group at this position is favorable to activity.

The hydrophobic character is an important factor which 
has an impact on the activity (38.4%). Yellow and cyan 
cubes indicate favorable and unfavorable characteristics 
contributing to biological activity. As shown in Fig. 7B. 
The appearance of yellow cubes at the C2 and C5 positions 
of the phenyl ring, around the triazole group and around 
the  NH2 group of the amide indicated the preference of the 
hydrophobic group at these positions, while the appear-
ance of cyan cubes around the phenyl substituted chlorine 
atoms, and around the oxygen atom of the amide group 
indicating the preference of the hydrophilic group at these 
positions. Generally, the yellow cubes are more, reflecting 
the hydrophobic substitution can increase the antiprolifera-
tive inhibition activity.

The negative ion function map is shown in Fig. 7C in 
which the only orange color cubes have been appeared 
indicating the positive coefficients on the activity. The 
 NH2 group of amide group promotes the substitution of 
the negative ion group, and it can increase the activity. 
Regarding the electron attractor volume occlusion maps, 
as shown in Fig. 7D, the purple and green cubes indicate 
respectively the positive and negative coefficients on the 
activity. The red cubes are localized more in the vicinity 
of the nitrogen atoms of the triazole group while the amide 
group is covered by both types of the cubes but more by 

Fig. 3  Representation of cross-
site AAADHR_1 pharmacoph-
ore model (A) distances in Å 
unit. Hydrogen bond acceptor 
A: Pink sphere with arrow; 
Aromatic ring (R): yellow open 
circle; Hydrogen bond donor 
D: blue sphere with arrow; B 
alignment of active compounds 
to the generated pharmacophore 
template and C alignment of 
inactive compounds to the gen-
erated pharmacophore template

Table 2  Score values for the different parameters of the best ten cre-
ated hypotheses

Bold represent best hypothes

Survival 
score

Site score Vector 
score

Volume score

DHRR_1 5.549 0.949 1 0.849
ADHR_1 5.379 0.949 1 0.849
AAADHR_1 6.195 0.913 1 0.901
AADHHR_1 6.195 0.913 1 0.827
DHHRR_1 6.044 0.907 1 0.825
ADHHR_1 5.841 0.908 1 0.824
DHHR_1 5.474 0.9 1 0.821
HHRR_1 5.457 0.9 1 0.822
AHHR_1 5.354 0.866 1 0.811
AADDHR_1 5.715 0.916 1 0.754
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the purple cubes, which indicates the preference of the 
substitution of electron withdrawing groups, which can 
increase inhibitory activity.

Gaussian‑based 3D‑QSAR model visualization

The developed model based on the PLS five-component 
Gaussian field was applied to visualize the contour map 
visualization of the steric field, electrostatic field, hydro-
phobic field of the hydrogen bond acceptor, hydrogen bond 
donor, and as the represented in Fig. 8. Always compound 
25 was taken to locate structural features generated by 3D 
field-based QSAR analysis.

In the Gaussian steric contour (Fig. 8A), the green color 
indicates regions favorable for steric interactions. We can 
observe two green contours around the nitrogen and oxygen 
atoms of the amide group, indicating that substitution with 
steric groups at this position can increase the activity.

The electrostatic contour map is represented by red and 
blue colors, indicating favorable and unfavorable regions for 

Table 3  Statistical parameters 
of pharmacophore model 
AAADHR_1

Bold represent best model

Statistical parameters #Factors PLS

1 2 3 4 5

Standard deviation (SD) 0.5473 0.4556 0.3471 0.2942 0.28
Regression coefficient train set, R2 0.4868 0.6591 0.8108 0.8702 0.8881
R2 CV 0.4898 0.4929 0.4582 0.5173 0.5248
R2 scramble 0.2017 0.3858 0.4702 0.5531 0.6001
Stability 0.863 0.754 0.556 0.512 0.555
Variance ratio F 22.8 22.2 31.4 35.2 31.7
Variance ratio significance level P 7.43  10−5 4.22  10−6 3.91  10−8 4.94  10−9 7.45 10−9

Root mean square error (RMSE) 0.8 0.79 0.73 0.7 0.71
Test set, Q2 0.7114 0.6526 0.6830 0.6583 0.8333
Pearson coefficient (Pearson-r) 0.9129 0.8436 0.8079 0.8265 0.8114

Table 4  Contribution factors of atom-based QSAR model for inhibi-
tion

#PLS factors (%) Percentage of field contribution factors

H-bond 
donor

Hydrophobic/
non-polar

Negative 
ionic

Electron-
withdrawing

1 4.9 61.5 6 27.5
2 7 59.7 11.1 22.2
3 5.8 62.4 14.1 17.7
4 6.2 61.6 14.1 18.1
5 5.7 63.2 13.4 17.8

Fig. 4  Regression plot of experimental vs predicted  pIC50 values for the train set (A) and test set (B) of atom-based QSAR
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the studied activity. As depicted in Fig. 8B, three blue con-
tour maps around the benzene ring, the amide group, and the 
chlorine atom in the Meta position represent electropositive 
properties that are favorable to the activity. Conversely, a 
primary red contour covers the chlorine atom, suggesting 
that electronegative substitutions at this position are unfa-
vorable for the activity.

The hydrophobic contour maps, represented by the yellow 
color, suggest favorable regions for activity, such as the phe-
nyl group substituted by the two chlorine atoms and around 
the oxygen atom of the amide group (Fig. 8C). On the other 
hand, the hydrophilic contour maps, represented by a larger 
gray area around the  NH2 amide group but slightly further 

Fig. 5  ROC and screen results plots obtained by AAADHR_1 model against random curve

Table 5  Statistical parameters 
of field-based 3D QSAR model

Bold represent Best model

Statistical parameters #Factors PLS

1 2 3 4 5

Standard deviation (SD) 0.5353 0.44 0.4344 0.4159 0.3895
Regression coefficient train set, R2 0.4491 0.6433 0.6674 0.709 0.7569
R2 CV 0.5661 0.7027 0.7218 0.7828 0.7996
R2 scramble 0.1978 0.3099 0.3824 0.4376 0.4807
Stability 0.961 0.863 0.837 0.796 0.668
Variance ratio F 19.6 20.7 14.7 12.8 12.5
Variance ratio significance level P 0.00018 7.10 ×  10−6 1.78 ×  10−5 1.98 ×  10−5 1.41 × 10−5

Root mean square error (RMSE) 0.69 0.57 0.55 0.49 0.47
Test set, Q2 0.8417 0.8031 0.8469 0.8097 0.7726
Pearson coefficient (Pearson-r) 0.9126 0.9176 0.9271 0.9377 0.928

Table 6  Contribution factors 
of field-based QSAR model for 
inhibition

# PLS factors (%) Percentage of field contribution factors

Gaussian steric Gaussian 
electrostatic

Gaussian 
hydrophobic

Gaussian H-bond 
acceptor

Gaussian 
H-bond 
donor

1 22.4 11.5 12.3 52.6 1.2
2 15.2 24.2 28.1 31.2 1.3
3 20.2 23.2 30.3 25 1.3
4 22.5 20.3 31.1 24.3 1.8
5 21.6 21.8 38.4 17.7 0.4
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away, suggest regions that are disadvantaged for activity, 
although with a low impact.

In Fig. 8D, the contour maps associated with the hydro-
gen bond acceptor field, represented by the red color, are 
observed around the  NH2 amide group and the oxygen 
atom, indicating regions favorable for activity. Similarly, 
the hydrogen bond donor field is depicted, showing pur-
ple-colored maps around the NH3 amide group, which are 
favored for activity (Fig. 8E).

Molecular design of novel chemical compounds

Based on the generated contour maps from the models, five 
inhibitors (T01-T05) were designed based on compound 25, 
which demonstrated high bioactivity. The 3D structures of 
these inhibitors were sketched using Schrodinger and pre-
pared using the same LigPrep protocol. The bioactivities of 
all inhibitors were predicted using both the atom-based 3D 

Fig. 6  Regression plot of experimental vs predicted  pIC50 values for the train set (A) and test set (B) of field-based 3D QSAR

Fig. 7  Visual representation of 
atom-based 3D-QSAR models. 
A H-bond donor—blue color 
indicates a positive coefficient 
or increase in activity and red 
cubes indicate a negative coef-
ficient or decrease inactivity. 
B Hydrophobic—yellow shade 
indicates a positive coefficient, 
and cyan e cubes indicate a 
negative coefficient. C Negative 
ionic—light red cubes indicate a 
positive coefficient, and orange 
cubes indicate a negative coef-
ficient. D Electron-withdraw-
ing—purple cubes indicate a 
positive coefficient, and green 
cubes indicate a negative coef-
ficient
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Fig. 8  Field-based 3D QSAR 
contour maps based on com-
pound 25: A steric field, B Elec-
trostatic field, C hydrophobic 
field, D H-bond acceptor HBA 
field, and E H-bond donor field

Table 7  The 2D structures, predicted activities, and docking scores of novel designed inhibitors

Comp. 2D structure Gaussian field-based 
3D-QSAR (PLS5)

Atom-based 3D-QSAR 
(PLS5)

Docking 
score (kcal/
mol)pIC50 predicted pIC50 predicted

25 6.04264 5.9575  − 7.7

T05 6.48288 6.71870  − 7.1

T04 6.6372 6.7732  − 7.4
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Fig. 9  Synopsis of the relationship between the structure and activity, as unveiled through the analysis of 3D-QSAR contour maps

Comp. 2D structure Gaussian field-based 
3D-QSAR (PLS5)

Atom-based 3D-QSAR 
(PLS5)

Docking 
score (kcal/
mol)pIC50 predicted pIC50 predicted

T03 6.5120 6.85034  − 7.4

T02 7.1123 7.2074  − 8.1

T01 7.1973 7.25374  − 8.3

Table 7  (continued)
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Table 8  SiteMap scoring 
analysis

SiteMap Site score Size Dscore Volume Exposure Enclosure Contact Hydro Phil Don/Acc

1 1.079 101 0.966 187.621 0.413 0.817 1.079 0.273 1.423 0.655
2 0.950 77 0.972 172.186 0.483 0.697 0.924 1.174 0.831 0.842
3 1.281 88 1.363 126.224 0.318 0.984 1.372 4.388 0.334 1.489
4 0.700 44 0.612 96.383 0.617 0.619 0.960 0.324 1.175 1.155
5 0.711 43 0.702 93.296 0.701 0.570 0.752 0.629 0.786 2.952

Fig. 10  Top five possible binding sites of protein 4PK5
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QSAR models and field-based 3D QSAR models created 
previously, and the results are summarized in Table 7.

The triazole and phenyl groups were retained in Fig. 9, 
and further modifications were made based on the contour 
maps of the developed models. Bulky groups were added to 
the amide function, and hydrophilic groups were eliminated. 
Electronegative groups, such as chlorine or trifluoromethyl, 
were also introduced.

Docking studies

The examination of the binding site was carried out using 
the SiteMap tool of the Schrödinger software (Schrödinger 
Release: SiteMap, 2021) [55]. SiteMap found five sites 
which were expressed in terms of site score, size, volume, 
amino acid exposure, enclosure, contact, hydrophobicity, 
hydrophilicity, and donor/acceptor ratio. Generally, sites 
with a site score of 1 or greater can be considered an ideal 
site for ligand binding. The best level of potential recep-
tor binding sites was identified using SiteMap as shown in 
Table 8 and Fig. 10.

The best site had a score of 1.281 site score, 1.363 
Dscore, 126.224 volume score, 4.3880 hydrophobic score, 
0.334 hydrophilic score, and 1.489 hydrogen bond donor/
acceptor score. The active site residues were identified as 
Gly-251 | Glu-254 | Asp-255 | Pro- 256 | Glu-258 | Phe-259 
| Ala-260 | Gln-280 | Gln-281 | Thr-282 | Ala-283 | Glu-311 
| Ser-315 | Thr-395 | Glu-396 | Lys 397 | Leu-400 | Glu-402 
| Gly-403, respectively. Thus, active site 3 was most likely 
to perform the docking process to know the intermolecular 
interaction of the ligand with the targeted receptor by apply-
ing the Glide module.

Thus, in our work, a docking score was used to assess 
the stability of the simulated study complexes. The results 
of the molecular docking analysis are presented in Table 9 
and Fig. 11. The docking affinity obtained for the inhibi-
tor 25 was − 7.7. The newly designed compounds T01-
T05 exhibited docking score of − 8.3, − 8.1, − 7.4, − 7.4, 
and − 7.1, respectively. These results indicate that the pro-
posed molecules not only showed high predicted activity 
but were also more stable than the 25/4PK5 complex.

In addition, among the inhibitors studied, the docking 
results of ligand 25 revealed that the oxygen atom of the 
amide group acted as a hydrogen bond donor. This interac-
tion led to the formation of a hydrogen bond with Ala-264. 
The presence of this hydrogen bond suggests a potential 
stabilizing effect and indicates favorable binding of ligand 
25 to the target receptor. These findings provide important 
insights into the specific molecular interactions and binding 
modes of the ligand, contributing to our understanding of its 
activity and potential as a therapeutic agent.

Regarding the designed compounds, for the T01 ligands, 
the sulfonamide functional oxygen and nitrogen atoms acted 
as hydrogen bond acceptors, establishing hydrogen bonds 
with the residues Gly-236, Gly-261, and Lys-238. The ben-
zene ring and triazole core formed hydrogen carbon bonds 
with Arg-231. For the T01 ligand, the oxygen atom and sul-
famide group nitrogen acted as a hydrogen bond acceptor by 
creating hydrogen interactions with Glu-236 and Lys-238, 
respectively. The triazole ring nitrogen established a hydro-
gen bond with Arg-231, while the benzene ring of ligand 
T02 established π-Alkyl interactions with residue Leu-234. 
These global interactions with Arg-231 and Gly-262 could 
be the reason for the high docking affinity and hence it 
promises to be potent and also selective for activity.

The accuracy of the docking technique was assessed by 
comparing the predicted bonding conformation generated 
by the molecular docking performed and the experimental 
bonding mode observed by X-ray crystallography. The reli-
ability of the docking mode was confirmed by the estimate 
of the root mean square deviation (RMSD) between the pre-
dicted and observed X-ray crystallographic conformation of 
(PDB code: 4PK5), which was determined to be 0.529 Å. 
This value obtained from RMSD suggests that the parameter 

Table 9  Docking scores by XP methodologies of designed com-
pounds and compound 25

Comp
no.

Docking 
score (xp) 
kcal/mol

H-bonds interactions Hydrophobic 
interactions

Residue Distance Residue Distance

25  − 7.7 Ala-264 1.96 Cys-129
Phe-164
Leu-234

3.26–3.99
4.06
3.73–5.07–

5.14
T05  − 7.1 Arg-231 2.68 Phe-163

Phe-226
Leu-234
Ala-264
Ile-354
HEM501

4.66 5.43
5.46
4.66
4.1
4.66
3.61–5.00

T04  − 7.4 Arg-231
Ser-235
Gly-262

1.99
2.32
2.86

Leu-234
Phe-291

5.38–5.13
3.74–4.84

T03  − 7.4 Arg-231
Ser-235
Gly-261
Gly-262

1.99
2.34
2.84 3.04
2.64

Phe-163
Leu-234
HEM-501

4.65–5.47
3.93–3.98
3.72–5.16

T02  − 8.1 Arg-231
Gly-236
Lys-238

2.96
2.07
2.57

Leu-234

T01  − 8. 3 Gly-236
Gly-261
Lys-238
Arg-231

1.79
2.1
2.19 2.48
3.36

HEM-501
Arg-231

5.43
4.26–5.17
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Fig. 11  2D/3D interactions established between ligand 25 and designed ligands and 4KP5 protein obtained via docking protocol for SiteMap 3



155Structural Chemistry (2024) 35:135–160 

1 3

Fig. 11  (continued)
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set for the Glide XP docking is reasonable to reproduce the 
X-ray crystal structure [56]. Moreover, as shown in the 
Fig. 12, we observed a similar orientation during the super-
imposition of the co-crystalized conformation original and 
re-docked.

Assessment of free binding energy

The free energy binding of protein with compound 25 
and designed compounds was estimated using the MM- 
GBSA method. The MM-GBSA prime module implanted in  
Schrödinger, 2021, was used to calculate the average binding  
energy as shown in Table 10.

The average binding free energy of T01, T02, T03, T04, 
and T05 complexed with the protein were found to be − 4
9.44291, − 55.9892, − 51.2387, − 57.6433, and − 59.9874, 
respectively, which was more interesting than the free bind-
ing energy shown by the compound 25 (− 43.5170). In addi-
tion, the results obtained show that energetic components of 
de van der Waals (∆GvdW), the packing fraction (∆GPacking) 
and lipophilic (∆GLipo), and Coulomb (∆GCoulomb) ener-
getically favored the formation of the protein–ligand 

complex, while Binding Solvation GB and covalent bind-
ing (∆GCovalent) showed more positive values opposing the 
formation of the complex. Free energy data further reveal 
that van der Waals interactions contribute significantly to 
protein–ligand complexes for all selected systems studied.

ADME results

ADME properties are of great interest to researchers in the 
development of new drugs due to their cost-effectiveness 
and their ability to be evaluated at high throughput [57].

Using QikProp, 16 relevant pharmacokinetic and physics-
related parameters were determined for all designed ligands, 
as well as ligand 25 (Table 11). Some of these parameters 
include molecular weight, octanol/water partition coefficient 
(QPlog(Po/w), water/gas partition coefficient (QP log Kp), 
hydrogen acceptors and donors, percentage of oral absorp-
tion in humans, brain-blood partition coefficient (QP log 
BB), solubility, dipole, and SASA calculated values of drugs 
within a range that indicates similarity to existing drugs. 
These properties provide useful information on how similar 
the ligands are to existing drugs.

Fig. 12  Superimposition of 
co-crystalized conformation 
original and re-docked (cyan 
color) and re-docked (golden 
color): RMSD: 0.529 Å

Table 10  MM-GBSA change in free energy of binding: ∆G Bind (Energy kcal/mol) for various ligand screened

Title ligand ∆GvdW ∆GSolv GB ∆GPacking ∆GLipo ∆GHbond ∆GCovalent ∆GCoulomb ∆GBind

25  − 30.4681 28.4942  − 3.9179  − 16.8998  − 1.21867 1.6509  − 21.1583  − 43.5170
T01  − 45.2823 40.1292  − 4.9128  − 16.4171  − 3.9872 2.9273  − 22.7262  − 49.44291
T02  − 52.5478 26.4429  − 3.7645  − 19.668  − 9.3316 9.6761  − 24.0992  − 55.9892
T03  − 49.5319 24.6863  − 6.4229  − 38.7738  − 5.4285 11.0085  − 34.2265  − 51.2387
T04  − 52.8056 14.5635  − 2.7114  − 27.4305  − 5.2889 7.7601  − 28.928  − 57.6433
T05  − 57.0754 16.1567  − 2.1423  − 22.5948  − 6.543 5.4867  − 25.2292  − 59.9874
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Conclusion

In this study, two practical methods, field-based 3D QSAR 
and atom-based 3D QSAR, were used to analyze the struc-
tural properties correlated with the experimental activity of 
4,5-Disubstituted 1,2,3-triazole derivatives as IDO1 inhibi-
tors. Gaussian-based 3D-QSAR models were generated to 
identify distinct pharmacophoric characteristics. The study 
revealed both favorable and unfavorable chemical structural 
characteristics for activity and provided useful information 
for the design of new triazole-based inhibitors. The results 
indicated that hydrophobic (38.4%), electrostatic (21.8%), 
steric (21.6%), and H-Bond acceptor (17.7%) characteristics 
play an interesting role in inhibiting IDO1. Additionally, a 
six-point pharmacophore model based on the AAADHR_1 
hypothesis was generated to gain a better understanding of 
the favorable spatial fingerprints of triazole as IDO1 inhibi-
tors. Using this structural information, four new inhibitors 
were designed and demonstrated improved activity. To eval-
uate the mode of binding of compound 25, and the designed 
compounds in the active site was used for molecular docking 
analysis. The results showed the stability of the designed 
molecule as an advantage over the compound 25. The cal-
culation of free binding energy also revealed the interesting 
role of van der Waals, hydrophilic, and Columbic interac-
tions in the inhibition of IDO1, which confirms the findings 
of the 3D QSAR models. Finally, this study provided valu-
able pharmacophore information for molecule design with 
favorable activities against the IDO1 enzyme.
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