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Abstract: Drug discovery is inherently a multi-criteria optimization problem. In the first
instance, it involves a tremendously large chemical space, where each compound can be
characterized by multiple molecular and biological properties. Modern computational
approaches try to efficiently explore the chemical space in search of molecules with the
desired combination of properties. For example, Pareto optimizers identify a so-called
“Pareto front”, a set of non-dominated solutions. From a qualitative perspective, all solutions
on the front are potentially equally desirable, each expressing a trade-off between the goals.
However, often there is a need to weight the objectives differently, depending on their
perceived importance. To address this, we recently implemented a new Multi-Criteria
Decision Analysis (MCDA) method as part of the Al-powered Drug Design (AIDD™)
technology initiative. This allows the user to weight various objective functions differently,
which, in turn, efficiently directs the generative chemistry process toward the desired areas
in chemical space.

Keywords: drug design; multi-criteria decision analysis (MCDA); generative chemistry

1. Introduction

Drug discovery and design are complex, multifaceted processes requiring the inte-
gration of vast amounts of information to make decisions that balance efficacy, safety, and
economic feasibility. The early stages of drug design typically involve the identification
and optimization of molecules with potential therapeutic effects, necessitating the con-
sideration of multiple criteria, including pharmacokinetics, pharmacodynamics, toxicity,
and synthesis feasibility. The task of balancing these often-competing criteria is critical, as
suboptimal trade-offs can lead to delays, increased costs, or even failures in the later stages
of drug development.

Multi-Criteria Decision Analysis (MCDA) offers a structured approach to managing
this complexity by providing a framework for evaluating multiple, sometimes conflicting,
objectives. MCDA methodologies enable decision makers to systematically prioritize,
compare, and integrate various drug properties based on their relative importance [1].
By doing so, MCDA helps streamline the decision-making process in drug design by
identifying optimal candidates or eliminating compounds unlikely to meet therapeutic and
safety thresholds early on.

In recent years, the advent of generative chemistry—particularly through the use
of artificial intelligence (AI) and machine learning (ML)—has revolutionized molecular
design. Generative models based on deep neural networks (DNNs) [2-11], Evolutionary
Algorithms (EAs) [12-16], and recently, large language models (LLMs) [17-20] offer the
capability to autonomously generate novel molecular structures with desired properties
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by learning patterns from large chemical databases. For example, deep neural networks,
including Variational Autoencoders (VAEs) and Generative Adversarial Networks (GANs),
have shown promising results in generating diverse and synthetically accessible molecules
that adhere to desired pharmacokinetic and pharmacodynamic profiles [21-23]. The above
techniques form an efficient toolset capable of exploring vast chemical space in search
of drug candidates with desired characteristics. Additionally, recent developments in
the area of LLMs, which model the chemical language of molecular structures, allow for
direct generation and manipulation of SMILES strings, enhancing the rapid design of new
compounds based on textual representations of chemical entities. An up-to-date survey
about the application of various generative approaches can be found in [24-26].

The integration of Multi-Criteria Decision Analysis (MCDA) with generative chem-
istry capabilities significantly enhances the design and selection process by providing a
systematic framework for evaluating multiple molecular properties simultaneously. As
generative models often produce thousands of candidate molecules, MCDA techniques,
such as the Analytic Hierarchy Process (AHP) [27,28], ELimination Et Choix Traduisant
la REalité (ELECTRE) [29], UTilités Additives (UTA) [30], Technique for Order of Prefer-
ence by Similarity to Ideal Solution (TOPSIS) [31,32], VISekriterijumsko KOmpromisno
Rangiranje (VIKOR) [33-35], or other methods, could be applied to rank these candidates
based on criteria such as synthetic feasibility, predicted biological activity, toxicity, and
novelty. This approach enables a more strategic and targeted selection from the pool of
generated molecules, prioritizing those that best balance multiple critical attributes. By
combining the exploratory power of the generative models with the structured evaluation
of MCDA, researchers can streamline the discovery of optimal drug candidates and re-
duce the risk of late-stage attrition. This fusion of generative chemistry and MCDA holds
transformative potential for drug design, promising both efficiency in exploring chemical
space and rigor in candidate evaluation. There are already applications of MCDA methods
supporting selection in the drug design process. For instance, Peng et al. [36] applied
the SMAA-TOPSIS approach to rank candidate therapeutics, specifically antibodies for
Alzheimer’s disease, based on multiple uncertain screening criteria. Jinmiao et al. [37]
proposed the TOPSIS method to support the selection of generic antibiotics. There have
also been multiple applications of MCDA techniques in the area of Health Technology
Assessment (HTA). Baran-Kooiker et al. provided a systematic review of Multi-Criteria
Decision Analysis (MCDA) models for orphan drugs [38]. Angelis and Kanavos [39] pro-
posed the Advance Value Framework, a structured MCDA-based approach that evaluates
drugs on multiple dimensions beyond cost-effectiveness, such as therapeutic impact, safety,
innovation, disease burden, and socioeconomic impact.

This paper examines the role of MCDA methods in advancing the exploration of chemi-
cal space within the generative chemistry process. Specifically, we discuss the incorporation
of the VIKOR approach, an MCDA technique, into the AIDD™ drug discovery pipeline to
guide chemical space exploration toward candidates that exhibit desired properties. This
integrated method facilitates the seamless incorporation of user preferences by allowing
weight assignments to objective functions, enabling the algorithm to account for multiple
objectives and their relative importance. As a result, this approach allows for efficient
compound ranking, directing the generative chemistry algorithm to explore a focused,
user-defined segment of chemical space. By narrowing the search, this method increases
efficiency and reduces overall costs in the drug discovery process.
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2. Materials and Methods
2.1. Integration of MCDA in AIDD™

AIDD™ is a generative chemistry engine coupled with Multi-Parameter Optimization
(MPO) algorithms and exists as a module within ADMET Predictor® [16]. It applies a set
of chemical transformation rules expressed in the SMIRKS language. New compounds,
created within the evolutionary loop, are subject to quality estimation with certain ob-
jective functions. The best trade-off molecules chosen within the pruning procedure are
systematically improved as the optimization evolves.

As a default pruning component in AIDD™

, we have utilized the methodology based
on Pareto pruning, which focuses on filtering generated compounds by eliminating those
that are Pareto-dominated, that is, those that are outperformed by others across all criteria.
This process identifies a set of “Pareto-optimal” alternatives (here and throughout, the term
“alternative” should be understood as a molecule), where no single molecule is better in the
context of a certain objective without making sacrifices for others. For two alternatives, x
and y, we say that x Pareto dominates y if x is at least as good as y across all criteria, and
at the same time, strictly better in at least one criterion. The formal expression for Pareto

dominance is

X =pareto ¥ = (Vi€ {1,...,n}, fi(x) < fiy)A(Fje{l,...,n}, filx) < fi(y) Q)

with the assumption that the multi-criteria problem is expressed such that all objective
functions are of cost type, i.e., they are intended to be minimized. Pareto dominance is a
very useful concept that helps filter out all dominated alternatives, leaving a set of non-
dominated compounds that are optimal in some sense across multiple criteria. However,
the main drawback of the Pareto procedure is that it treats all compounds on the Pareto
front as equally optimal (which, in the literature, is called Pareto-optimal) without any
further qualitative distinction. Since each compound on this front is not dominated by
any other, they are all considered “optimal” in the sense of Pareto efficiency (see Figure 1).
This can be limiting because it does not provide a way to differentiate between these
alternatives, even though decision makers may still have preferences or priorities within
this set. Multi-Criteria Decision Analysis (MCDA) approaches offer valuable tools to
address this limitation. Unlike the Pareto procedure, which identifies only non-dominated
solutions, MCDA methods provide a framework to rank and differentiate between the
Pareto-optimal compounds based on the combination of objective function values and
decision-maker preferences. One of many MCDA techniques is the VIKOR approach,
which is well suited for helping rank alternatives based on a combination of ideal solutions
and decision-maker preferences [33]. Unlike the Pareto method, which only identifies
non-dominated solutions, VIKOR aims to find a compromise solution that balances the
trade-offs between multiple criteria, considering both the ideal (best possible) and anti-
ideal (worst possible) values for each criterion. In VIKOR, each alternative is evaluated by
calculating two measures (utility (S) and regret (R)), which together capture how close each
alternative is to the ideal solution. The calculations begin by determining the ideal f;" and
anti-ideal f;” values for each criterion i, which are defined as

fi= mjinf,»(x]-) and f; = m]fdxfi(xj) 2)

where f;(x;) represents the performance of alternative x; on criterion i, and the indices i
and j span the criteria and alternatives, respectively. The utility (5) for each alternative x; is
then computed as the weighted sum of the distances from the ideal value across all criteria:
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where w; is the weight assigned to criterion i, which reflects its relative importance. The
utility value, S, reflects the overall closeness of x; to the ideal solution, capturing the alter-
natives’ general performance across all criteria. The regret (R) measure, on the other hand,
focuses on the maximum individual criterion regret, indicating the worst-case deviation
from the ideal for any single criterion:

R]- = miax< f;_* fl;_ )> 4)
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Figure 1. Illustration of multiple Pareto fronts based on two criteria. Each point represents an
alternative in the two-dimensional space of both criteria, with the lowest Pareto front (1st Pareto
front) containing non-dominated alternatives, and each subsequent front containing points that
are dominated by all alternatives in the previous fronts. All alternatives on the same Pareto front
are considered qualitatively equivalent among all the alternatives on that front. This highlights a
limitation of the Pareto approach, i.e., the lack of the ability to distinguish between alternatives on a
given front.

The regret measure R; provides insight into the greatest weakness of the alternatives,
offering an alternative perspective on utility by highlighting the criterion with the greatest
shortfall relative to the ideal. VIKOR then combines these two measures into an aggregated
Q score to find a compromise solution (see Figure S1 for a conceptual illustration of the
VIKOR method). This is achieved by introducing a preference parameter v, which reflects
the decision maker’s tendency toward group benefit (if v is closer to 1, giving more weight
to utility) or individual satisfaction (if v is closer to 0, emphasizing regret). The Q value for
each alternative x; is calculated as

S;—§* Rj—R*
Q] =0c—=<r G- _ g* ( - ZJ) ®)
where §* and S~ are the minimum and maximum values of S j across all alternatives, and
R* and R™ are the minimum and maximum values of R; across all alternatives. The Q score
provides a composite ranking by balancing the compromise between utility and regret. In
this study, the preference parameter v was chosen to be 0.5. The VIKOR method described
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above provides a convenient toolset for ranking alternatives, in the context of generative
chemistry—compounds, within the Pareto fronts. This is achieved by calculating Q scores
that reflect their closeness to the ideal solution, adjusted by decision-maker preferences for
balance or minimization of regret. This clearly enables more refined decision making by
highlighting compromise solutions and offering a way to differentiate between compounds
of “equal quality” on the Pareto front (see Figure 2).
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Figure 2. A set of alternatives evaluated across two differently weighted criteria: Criterion 1 (weight
0.85) and Criterion 2 (weight 0.15). Each numbered point represents an alternative uniquely ranked
by the VIKOR method. By incorporating criterion weights and calculating a combined Q score,
VIKOR enables differentiation among alternatives that might otherwise appear equally optimal on
the same Pareto front, providing a more refined decision-making framework.

The method described above has been seamlessly integrated into the AIDD™
module [16]. As part of the generative chemistry task definition, along with other pa-
rameters, the user selects objective functions that guide the exploration of the chemical
space. Here, the full range of ADMET (Absorption, Distribution, Metabolism, Excretion,
and Toxicity) and HTPK (High-Throughput Pharmacokinetics) properties is available as
potential goal functions. In each generation cycle, newly created compounds undergo
quality assessment. All properties previously defined as objective functions are calculated,
and a pruning procedure is applied to rank the compounds based on quality estimates,
selecting the best ones to carry forward to the next generation.

The key innovation of this work introduces a new capability at the pruning stage: the
user can assign a preference weight to each MPO objective function, thereby activating an
alternative pruning scheme based on the VIKOR method discussed above. The ranking
Q obtained with Equation (5) explicitly incorporates the objective functions and weights,
as shown in Equations (3) and (4). This approach enables individual ranking for each
compound, which is directly utilized as a compound selection method.

2.2. Application Use Cases

The crystal structures of the benzimidazole sulfonamide complex with the PXR recep-
tor, and ciprofloxacin complex with 24-mer of DNA and DNA gyrase, were downloaded
from the PDB data base (PDB ID: 5a86 and 5btc, respectively) and processed with the ProDy
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library [40] in the Python 3.9 environment. The generative chemistry calculations were
carried out with the AIDD™ module in ADMET Predictor® 12. The key technical settings
of the AIDD™ calculations were as follows:

*  Number of optimization generations: 30-50;
*  Number of candidate molecules per generation: 1000-2500;
*  Size of initial population: 2000-10,000;
e Inthe case of PXR use cases, the following objective function capping values were applied:
1.  PXR activity: 3.5;
2. Sim3D: 0.88;
3. SynthDiff+: 2;
4. ADMET Risk: 1.

The choice of the objective functions and their MCDA weights was specific to each use
case and is discussed in dedicated sections. The 3D visualization of the compounds was
carried out in the BIOVIA Discovery Studio [41], and for the 2D visualization, the RDKit
library was used [42].

3. Results and Discussion

The Pregnane X Receptor (PXR) is a nuclear receptor that regulates the expression of
genes involved in drug metabolism and transport. It is important to target PXR because it
plays a critical role in protecting the body from toxic substances by activating the expres-
sion of detoxifying enzymes and transporters upon binding to various endogenous and
exogenous ligands. We chose this receptor as a target for the validation and illustration of
MCDA pruning in the AIDD™ module. Two independent use cases were considered: the
PXR crystal structure rediscovery and the PXR ligand optimization. Additionally, to more
thoroughly assess the performance of the VIKOR method, we considered an additional
use case, where the oral bioavailability of a known antibiotic—ciprofloxacin—was the key
objective. Three calculations involving different pruning schemes were carried out: Pareto,
TOPSIS, and VIKOR.

3.1. PXR Crystal Structure Rediscovery

The study began by downloading the 5a86 receptor structure, which served as the basis
for our virtual screening experiments. This crystal structure represents the benzimidazole
sulfonamide bound to the Pregnane X Receptor [43]. From this protein-ligand complex,
we extracted the 3D coordinates of the existing ligand bound within the receptor’s binding
site. These coordinates provided a crucial structural reference, allowing us to incorporate
3D similarity as a key objective in our compound generation and optimization process.

The AIDD™ calculations were configured with three objective functions: 3D similarity
to the reference crystal structure (Sim3D), synthetic difficulty (SynthDiff+), and ADMET risk
(ADMET_Risk). Benzimidazole was chosen as the seed structure for this generation process
due to its relevance to the target receptor and its potential as a pharmacophore scaffold (see
Figure 3). The goal of the calculations was mainly to identify compounds that maintain a
high degree of structural similarity to the reference ligand are also synthetically feasible and
exhibit favorable ADMET profiles. Two variants of the AIDD calculation were conducted to
evaluate the effectiveness of different pruning strategies: (1) traditional Pareto pruning and
(2) Multi-Criteria Decision Analysis (MCDA) pruning. For the MCDA pruning approach,
specific weights were applied to the objective functions to align with the study’s primary
objective—recovering the 3D structure of the reference ligand. Therefore, the 3D similarity
objective was assigned a weight of 70%, emphasizing its importance. Synthetic difficulty
and ADMET risk were each assigned a weight of 15%, balancing synthetic feasibility and
pharmacokinetic considerations without overshadowing the focus on structural similarity.
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This weighting scheme within MCDA pruning allowed us to prioritize candidates that
closely resembled the reference structure, thus increasing the likelihood of generating
relevant bioactive compounds. The MCDA pruning approach effectively channeled the
exploration of chemical space toward compounds with higher structural similarity to the
reference crystal structure. This is evident in Figure 4, where the distribution of the Sim3D
objective function obtained with MCDA pruning is clearly skewed toward higher similarity
scores, reflecting the MCDA framework’s prioritization of structural resemblance. This
outcome underscores the method’s capability to target specific molecular characteristics
in generative chemistry. It is worth explaining why, despite relatively high values, the
similarity measures remain noticeably below 1. A significant part of this phenomenon
arises from the fact that the geometry of the reference crystal structure is influenced to
some extent by the protein interacting with the ligand in the binding pocket. In contrast,
the calculation of the Sim3D similarity only compares the reference structure to candidate
structures, which are generated without any information about the protein’s impact on
the candidate molecule. The high similarity of rediscovered structures to the target is
illustrated in Figure 3. Here, it can be seen that the resulting compounds exhibit minor
structural differences; for example, in the upper structure, a methyl group is missing in
the methylene bridge connecting the benzimidazole and phenylsulfonamide moieties. The
efficiency of the MCDA pruning approach proposed here is also evident in Figure 5, which
shows the best and worst cases in terms of the Sim3D similarity. In both examples, the
candidate molecule is superimposed with the reference crystal geometry, with the latter
shown in green. In the top part, we observe almost perfect structural alignment; the minor
differences in the 3D fit are primarily due to the effect described above. In contrast, in the
bottom part of the figure, substantial structural mismatches are noticeable in both terminal
components of the compound. The trifluoromethyl group has been replaced with a fluorine
atom, and the methoxy group has taken the place of a chlorine atom in the benzimidazole
and phenylsulfonamide moieties, respectively.

Target structure: Seed structure:

O (D)

Redlscovered structures: ther structures:

O W?@%

Figure 3. The seed structure (benzimidazole), target, and rediscovered structures resulting from the
calculation in which MCDA pruning was applied to the 5a86 ligand rediscovery.

In summary, the application of MCDA pruning enabled a more directed exploration
of the chemical space. The strong emphasis on the Sim3D objective during the iterative
generative chemistry procedure led to an almost perfect rediscovery of the target compound.
It is worth noting that, while the benzimidazole seed compound was a reasonable starting
guess, it represented only a fraction of the final compound. Only the combination of an
appropriate objective function setup, efficient generative chemistry algorithms, and MCDA
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pruning—all available in the AIDD™ module—made the successful crystal structure
rediscovery possible.

One might ask how to quantitatively describe the benefits of applying MCDA pruning
in the generative chemistry process discussed above. As shown in Figure 4, the maximum
values of the Sim3D objective function were achieved in both the Pareto and MCDA cases.
However, when using Pareto pruning as a reference, the number of generated compounds
above the 95th percentile for this objective is 81, whereas with MCDA pruning, this number
increases to 236. This indicates that the number of generated compounds in this crucial
regime is nearly three times higher when MCDA pruning is applied, which subsequently
translates to increased chances of hit finding, provided the compounds meet the expected
quality assumptions.

Distribution of 3D similarities: 5a86 crystal ligand

250

N
o
o

Molecule count
o
o

N
o
o

0.81 0.82 0.83 0.84 0.85 0.86
3D similarity
Figure 4. Histogram showing the distribution of 3D similarity scores for compounds generated using
MCDA and Pareto pruning applied within the AIDD™ module.

Best match (Sim3D = 0.875)

Worst match (Sim3D = 0.81)

Figure 5. Overlay of candidate and reference (green) compounds, illustrating the structural similarity
achieved. The upper image shows the best match obtained with MCDA pruning, with a high
3D similarity score (Sim3D = 0.875). The lower image displays one of the worst matches, with a
lower Sim3D score (Sim3D = 0.81), reflecting a less favorable alignment between the candidate and
reference compounds.
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3.2. PXR Ligand Optimization

The second use case involved optimizing the ligand to reduce its PXR biological
activity. Hennessy et al. [43] identified a potent Sphingosine 1-Phosphate Receptor
antagonist with favorable oral bioavailability, which was also the subject of the crystal
structure rediscovery discussed in the previous section. Unfortunately, the discovered
compound, shown in Figure 6, turned out to be a potent CYP3A4 inducer. We decided to
apply the AIDD™ module, coupled with MCDA pruning, to optimize the ligand, with
the primary objective of reducing its PXR agonistic activity while maintaining structural
similarity to the crystal reference compound.

Figure 6. The reference 5a86 ligand structure in its native experimental conformation, serving as a
baseline for 3D similarity assessments in compound optimization.

The first step involved creating a QSAR activity model, reflecting the agonistic bio-
logical activity with respect to the PXR receptor. To achieve this, we extracted a dataset of
516 compounds from the ChEMBL database [44]. The data underwent manual curation,
focusing primarily on the analysis of applied biological assays. For compounds with more
than one EC50 value, the mean value was calculated and used for further analysis. In
cases of conflicting values, the literature sources were manually reviewed, and less credible
values were excluded. To ensure that the test set was a representative sample of the training
data, the split into test and training sets was performed using self-organizing Kohonen
maps. The final distribution of data points for both the training and test sets in terms of
pEC50 values is shown in Figure 7. The QSAR model was developed using the ADMET
Modeler program, a component of the ADMET Predictor® suite. An ensemble of linearly
boosted artificial neural networks was employed for this purpose, providing a robust ap-
proach to predict PXR agonist activity. The model demonstrated satisfactory performance,
achieving RMSE and MAE values of 0.468 and 0.380, respectively, on the test set, as shown
in Figure 8. The AIDD™ calculation was configured with three primary objective func-
tions: pEC50 with respect to the PXR receptor, 3D similarity (Sim3D) to the reference crystal
structure, and synthesis difficulty (SynthDiff+). The pEC50 objective function was set for
minimization to reduce PXR receptor activation, which is crucial for avoiding CYP3A4
induction. In contrast, the Sim3D objective was aimed at maximization to ensure high
structural similarity with the reference ligand, while SynthDiff+ was also minimized to
simplify the synthesis of candidate compounds. MCDA weights were assigned to these
objectives as follows: pEC50 at 50%, Sim3D at 30%, and SynthDiff+ at 20%, reflecting their
relative importance in the optimization.



Appl. Biosci. 2025, 4, 2

10 0f 18

Molecule count
- N N w w B
o o o o o o

-
o
!

PXR biological activity data distribution

6
pEC50

Figure 7. Distribution of pEC50 biological activity values for the PXR receptor, obtained from the
ChEMBL database. The training data are shown in dark blue, while the test data are represented in
light blue.
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Figure 8. Plot of predicted vs. observed pIC50 values, illustrating the quality of the QSAR regression
model for agonistic biological activity toward the PXR receptor. On the test set, the model achieved

an RMSE of 0.468 and an MAE of 0.380, indicating satisfactory predictive capability.

The resulting compounds are shown in Figure 9. At the top, the initial structure
is presented, which was the subject of optimization and served as a reference for 3D
shape matching. This structure is characterized by a relatively high predicted pEC50 of
approximately 6.2 and, as experimentally measured [43], is a potent CYP3A4 inducer. This
finding was also confirmed by our in-house CYP3A4 induction classifier. The optimized
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structures are displayed in the bottom part of Figure 9. Each has a substantially lower
pEC50, ranging from 3.0 to 4.0, clearly indicating a 35-50% reduction in agonistic activity
with respect to the PXR receptor. As expected, this low PXR activation potential translates
to the absence of predicted CYP3A4 induction. At the same time, all four compounds
demonstrate high 3D similarity to the reference structure (see Figure 10), suggesting that
they remain effective antagonists of the Sphingosine 1-Phosphate Receptor. Interestingly,
in all proposed structures, the benzimidazole motif was excluded in favor of the furo[2,3-
c]pyridine moiety, which turned out to be a key structural modification.

Initial structure

CYP3A4 inducer pEC50 =6.2
f im3D = 0.88
cl f
4

Optimized structures with AIDD/MCDA
not CYP3A4 inducer
pEC50 = 3.8

P A/ Sim3D = 0.86
4y H K

not CYP3A4 inducer

74

B pEC50 = 3.0
Sim3D = 0.85
9 =
H
g " N
not CYP3A4 inducer H, c PEC50 = 4.0
o Sim3D = 0.85
/
H2
g " N
not CYP3A4 inducer D pEC50 = 3.0
/

\Q 0 Sim3D = 0.84
4 - N )

Figure 9. The optimized ligands aim to reduce activation of the PXR receptor while maintaining
3D similarity to the crystal structure reference. At the top is the initial structure from the 5a86
crystal structure, and at the bottom are four proposed analogs exhibiting low PXR activity and high
3D similarity.

Figure 10. Overlay of the reference ligand reference structure (in green) with the selected opti-

mized compound.
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In summary, the application of the AIDD™ technology, coupled with the proposed
MCDA pruning strategy, allowed for achieving key goals: mitigating the CYP3A4 induction
effect and keeping the compounds structurally similar to the reference molecule.

3.3. Optimization of Oral Bioavailability of Ciprofloxacin

Ciprofloxacin is a broad-spectrum antibiotic that belongs to the fluoroquinolone class
of drugs. It is widely used to treat a variety of bacterial infections, including those af-
fecting the respiratory tract, urinary tract, gastrointestinal system, skin, and soft tissues.
Ciprofloxacin’s mode of action involves the inhibition of bacterial DNA gyrase and topoi-
somerase IV, enzymes critical for bacterial DNA replication, transcription, repair, and
recombination, which ultimately leads to bacterial cell death [45]. The measured oral
bioavailability of ciprofloxacin, defined as the ratio of the area under the curve from 0 h
to infinity for the oral and intravenous doses, was estimated to be 69 & 7% [46]. The
absorption occurs primarily in the small intestine, and the bioavailability is minimally af-
fected by food intake, allowing for flexible dosing schedules [47]. However, ciprofloxacin’s
moderately high oral bioavailability can be significantly reduced by several factors, e.g.,
co-administration with di- and trivalent cations [48], various dietary factors [49], and others.
Therefore, we aimed to optimize the molecular structure of ciprofloxacin to enhance its
oral bioavailability. As a key objective function, we chose fraction bioavailable (%Fb), a
predicted in vivo endpoint available in the HTPK module. Here, we used human physiol-
ogy parameters and a dose of 200 mg. All necessary properties required to carry out the
HTPK simulation, such as liver microsome clearance, octanol-water partition coefficient
(logP), solubility, permeability, and others, were calculated within ADMET Predictor 12.
Additionally, we incorporated 3D similarity to the known crystal structure complex (PDB:
5btc) formed between DNA 24-mer, DNA gyrase subunit B, and ciprofloxacin [50]. This
objective ensured that the optimization maintained high structural and pharmacophoric
similarity, which is crucial for retaining the inhibitory efficacy of the resulting compounds.
As the third objective, we included synthesis difficulty, which helped to avoid overly
complex structures. To qualitatively and quantitatively assess the performance of VIKOR
pruning, we applied three pruning schemes based on different ranking procedures: Pareto
(default), VIKOR, and TOPSIS. The TOPSIS method is another widely applied MCDA
approach [51], and similar to the VIKOR approach, it is based on the distance from the
ideal solution. Although the methods are conceptually similar, there are several technical
differences [51-53]. The key difference is related to how the distances from the ideal and
anti-ideal solutions are expressed. In the VIKOR method, the regret and utility measures are
introduced (see Equations (3) and (4)), whereas in the TOPSIS method, these distances are
expressed as Euclidean metrics. For a more in-depth comparative study of both approaches,
see the study by Shekhovtsov et al. [52]. The AIDD calculations were carried out with
the following assumed MCDA weights: 3D similarity (Sim3D) 60%, fraction bioavailable
(%Fb) 30%, and synthetic difficulty (SynthDiff+) 10%. The histograms of the key objec-
tive function values of the resulting populations are presented in Figures 11 and 12. A
single-objective analysis leads to the conclusion that the VIKOR method achieves the best
performance in terms of 3D similarity, whereas the highest %Fb values are obtained with
Pareto pruning. However, if both objective functions are considered simultaneously, a
different conclusion can be drawn. Figure 13 presents the distribution of the 3D similarity
objective function for the resulting population from Pareto, VIKOR, and TOPSIS molecular
optimization calculations. The presented data were limited to the top 500 compounds
(which amount to half of the entire population) with respect to the %Fb objective. It is
evident that a significant number of compounds with high %Fb values obtained through
Pareto pruning, as shown in Figure 12, are poorly represented in terms of 3D similarity.
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From this perspective, both VIKOR and TOPSIS pruning schemes are significantly superior
to the Pareto approach. Additionally, it is evident that the VIKOR method provides a better
trade-off between the considered key objective functions. Similarly, if we calculate the
upper 90th percentiles of the Sim3D and %Fb objective functions and select the compounds
for which both objectives exceed these values, in the case of Pareto pruning, no such
compound exists, whereas for the VIKOR and TOPSIS methods, there are three and seven
such compounds, respectively. As the final result of the successful molecular optimization,
the plasma concentration curves are presented in Figure 14. These curves were generated
based on the HTPK simulation using the same settings as those applied during the AIDD
molecular optimization. Clearly, the new compound, while retaining the same quinolone
scaffold, exhibits significantly improved pharmacokinetic (PK) properties. The structural
modification resulted in a substantial change in hydrophilicity and permeability, ultimately
resulting in an enhancement of oral bioavailability by more than 40%.

Distribution of 3D similarities: Ciprofloxacin
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Figure 11. Histogram showing the distribution of 3D similarity scores for compounds generated
using VIKOR, TOPSIS, and Pareto pruning in the ciprofloxacin molecular optimization.

Distribution of %Fb (Fraction Bioavailable): Ciprofloxacin
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Figure 12. Histogram showing the distribution of fraction bioavailable (%Fb) for compounds gener-
ated using VIKOR, TOPSIS, and Pareto pruning in the ciprofloxacin molecular optimization.
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Distribution of Sim3D for top 500 (with respect to %Fb) compounds: Ciprofloxacin
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Figure 13. Histogram showing the distribution of 3D similarity (Sim3D) for compounds generated
using VIKOR, TOPSIS, and Pareto pruning in ciprofloxacin molecular optimization. For each pruning
scheme, the data were narrowed down to the top 500 compounds with respect to the %Fb objective.
This enables a quantitative estimation of the quality of the trade-offs made by each pruning scheme.
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Figure 14. Predicted plasma concentration curves for ciprofloxacin (orange) and the optimized
compound (blue). The molecular optimization, supported by the VIKOR pruning scheme, resulted in
a structure with significantly improved pharmacokinetic (PK) characteristics while retaining the key
structural features of ciprofloxacin.

The ability to weight the objective function during molecular optimization strongly
influences the resulting population of compounds. This is, of course, the intended purpose;
however, if MCDA pruning is applied incorrectly, the algorithm’s focus may shift to a region
of the chemical space that does not align with the user’s preferences. Conversely, when
applied correctly, MCDA pruning—particularly in the form of the VIKOR method—can
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act as a highly efficient optimization driver, guiding the chemical space search toward
relevant areas.

4. Summary

In this work, the VIKOR technique was integrated with the AIDD generative chem-
istry module [16]. The theoretical background of the method, as well as some practical
aspects of the implementation, were thoroughly discussed in Section 2.1. This new ca-
pability provides an additional tool for supporting directed chemical space exploration.
Simple user preference elicitation, implemented through the assignment of weights to
objective functions, ultimately translates into compound designs that more closely align
with the expectations and intuition of medicinal chemists. The application use cases
presented—crystal structure rediscovery and ligand optimization for low PXR activity (see
Sections 3.1 and 3.2), as well as the oral bioavailability optimization of ciprofloxacin (see
Section 3.3)—demonstrate the method’s effectiveness. In all cases, the stated goals were
achieved, and the properties of the newly created compounds were consistent with the
defined MCDA objective weights. In the last use case, the VIKOR method was thoroughly
compared to another widely applied MCDA technique—TOPSIS. Both approaches provide
the objective weighting capability; thus, from this perspective, they outperform traditional
Pareto pruning. Moreover, in the case of ciprofloxacin molecular optimization, the VIKOR
method proved to be more effective than TOPSIS. The MCDA component proved effective
for property-driven exploration of chemical space, making it a useful tool in the challenging
drug design process. As a direction for future work, we plan to apply the presented method
to various hit-discovery problems and to integrate alternative MCDA techniques into the
AIDD™ generative chemistry workflow.

Supplementary Materials: The following supporting information can be downloaded at: https://www.
mdpi.com/article/10.3390/applbiosci4010002/s1, Figure S1: Vikor method visualization.
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