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1. Scientific profile of the doctoral candidate

Tomasz Szostek obtained his Master of Pharmacy degree from the Medical University of
Warsaw in 2023 and has been a PhD candidate at the Doctoral School of the Medical
University of Warsaw since October 2022. To strengthen his computational expertise, he
completed postgraduate studies in Bioinformatics at the Polish-Japanese Academy of
Information Technology (PJATK) in 2024, gaining advanced knowledge in

cheminformatics, molecular modelling, and data science applied to drug discovery.

His research focuses on medicinal chemistry and computer-aided drug discovery,
integrating synthetic organic chemistry with computational approaches for the design of
biologically active small molecules. His work combines molecular design, chemical
synthesis, biological evaluation, QSAR modelling, molecular docking, predictive
toxicology, explainable artificial intelligence, de novo molecular generation, and chemical
space exploration to develop innovative methodologies supporting early-stage drug

discovery.

Since the beginning of his doctoral studies in 2022, his research has centered on the
discovery of novel 4-thiazolidinone derivatives as potential anticancer agents, combining
synthetic medicinal chemistry with computational modelling and experimental biological
validation. This research was supported by a Young Researcher (“Mlody Badacz”) grant
awarded by the Medical University of Warsaw in 2023 and has resulted in multiple peer-
reviewed publications forming the scientific foundation of his doctoral dissertation. In
2026, he was awarded a second Young Researcher grant to support the next stage of his

research and the development of new computational approaches to drug discovery.

Since 2025, he has also been involved in the INTEGRA collaborative research project,
jointly conducted by the Medical University of Warsaw and the Warsaw University of
Technology, where he contributes to the development of next-generation methodologies
for predicting biological activity by integrating molecular representations with proteome-
wide interaction data. This interdisciplinary project aims to bridge molecular, protein, and
cellular levels of biological information to improve phenotypic prediction models for drug

discovery.

His current scientific interests focus on the development of new interpretable and robust

methods for predictive toxicology, with particular emphasis on integrating computational
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modelling and experimental validation to accelerate the identification of safe and effective

drug candidates.
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2. List of publications included in the doctoral thesis

The application for the doctoral degree in Medical and Health Sciences, within the

discipline of Pharmaceutical Sciences, is based on a series of four scientific papers

published between 2024-2026 in peer-reviewed journals, with a total Impact Factor

of 24.0 and a combined score of 420 according to the Ministry of Education and

Science.

Publication 1 (P.I) — Review Article

IF =4.2; MNiSW =20

Szostek, T., Otto-Slusarczyk, D., Roszkowski, P., Struga, M., & Szulczyk, D. (2024).
Exploring the bioactive potential of (2-imino-4-oxo-1,3-thiazolidin-5-yl)acetic acid
derivatives: A comprehensive review. Results in Chemistry, 11, 101828.
https://doi.org/10.1016/J.RECHEM.2024.101828

Publication 2 (P.II) — Original Research Article

IF =3.2; MNiSW =100

Szostek, T., Otto-Slusarczyk, D., Dobrowolski, M. A., WiSniewski, M., Roszkowski,
P., & Szulczyk, D. (2025). Synthesis, Cytotoxicity Evaluation, and Molecular
Dynamics of 4-Thiazolidinone Derivatives: A Potential Path to EGFR-Targeted
Anticancer Therapy. Current Medicinal Chemistry, 33.
https://doi.org/10.2174/0109298673400295250913044755

Publication 3 (P.III)- Review Article

IF =8.7; MNiSW =200

Szostek, T., & Szulczyk, D.

From obstacle to design advantage: activity cliff aware modeling for small-molecule
drug discovery. Drug Discovery Today, 31(1).
https://doi.org/10.1016/J.DRUDIS.2025.104589

Publication 4 (P.IV)- Original Research Article

IF =7.9; MNiSW =100

Szostek, T., Wisniewski, M., Ballabio, D., Consonni, V., Plewczynski, D., & Szulczyk,
D.

De novo design of anticancer 4-thiazolidinone derivatives: a generative framework
shaped by activity cliffs. Journal of Cheminformatics, 18(1), 88.
https://doi.org/10.1186/s13321-026-01216-3
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3. Complete List of Publications

WARSZAWSKI
¥ UNIWERSYTET
MEDYCZNY

BIBLIOTEKA UCZELNIANA

Nr referencyjny Warszawa, 04.08.2026
BIBG/Punktacja/ €9 /2026/KK

BIBLIOMETRIC ANALYSIS OF THE COMPLETE SCIENTIFIC PUBLICATION OUTPUT
OF MR TOMASZ SZOSTEK
FOR THE DOCTORAL DEGREE PROCEEDINGS

Impact MNiSW Highest

No. | Bibliographic description Hactor quartile!

I. Articles published in scientific journals or peer-reviewed conference proceedings included
in the current list of the Polish Ministry of Science and Higher Education (MNiSW) ?
Olejarz W, Augustynowicz-Kope¢ E, Glogowska A,
Napidrkowska M, Szostek T, Filipek A, Szulczyk D. In Vitro
1. |Anticancer Studies of New Derivatives based on the| 4,900 140 Q1
Furanocoumarin Scaffold. Scientific Reports. 2026;16:1-18
Publication type: Original article

Szymanska-Majchrzak ], Glogowska A, Augustynowicz-
Koped E, Greber K, Ciura K, Olejarz W, Szostek T, Struga M,
Szulczyk D. Discovery of a tetrazole-thiourea derivative as
2. |a potential active agent against multidrug-resistant| 4,500 100 Q2
Staphylococcus aureus and Mycobacterium tuberculosis.
Pharmacological Reports. 2026;78:862-874

Publication type: Original article

Szostek T [corresponding author], Szulczyk D. From
Obstacle to Design Advantage: Activity Cliff Aware
3. |Modeling for Small-Molecule Drug Discovery. Drug| 8,700 200 Q1
Discovery Today. 2026;31(1):1-14

Publication type: Review article

Szostek T [corresponding author], Wisniewski M, Ballabio
D, Consonni V, Plewczyriska D, Szulczyk D. De novo design
of anticancer 4-thiazolidinone derivatives: a generative
framework shaped by activity cliffs. Journal of
Cheminformatics. 2026;18:1-22

Publication type: Original article

7,900 | 100 Q1

1 Quartile in the year of publication, according to the Journal Impact Factor.

2 The list was prepared in accordance with the regulations issued pursuant to Article 267(2)(2)(b) of the Act of 20 July 2018 - Law
on Higher Education and Science (Journal of Laws of 2022, item 574, as amended). The list constitutes an appendix to the
announcement of the Ministry of Science and Higher Education of 5 January 2024 on the list of scientific journals and peer-reviewed
conference proceedings
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Szostek T, Otto-Slusarczyk D, Dobrowolski M, Wisniewski
M, Roszkowski P, Szulczyk D. Synthesis, Cytotoxicity
Evaluation, and Molecular Dynamics of 4-Thiazolidinone
Derivatives: A Potential Path to EGFR-Targeted Anticancer
Therapy. Current Medicinal Chemistry. 2025:1-29
Publication type: Original article

Szostek T, Otto-Slusarczyk D, Roszkowski P, Struga M,
Szulczyk D. Exploring the bioactive potential of (2-imino-4-
6. |oxo-1,3-thiazolidin-5-yl) acetic acid derivatives: A| 4,200 20 Q2
comprehensive review. Results in Chemistry. 2024;11:1-11
Publication type: Review article

Lasek P, Kosikowska U, Kolodziej P, Kubiak-Tomaszewska
G, Krzyzanowska N, Szostek T, Struga M, Feldo M,
Bogucka-Kocka A, Wujec M. New Thiosemicarbazide
Derivatives with Multidirectional Biological Action.
Molecules. 2024;29(7):1-18

Publication type: Original article

Szostek T, Szulczyk D, Szymariska-Majchrzak J, Koliriski M,
Kmiecik S, Otto-Slusarczyk D, Zawodnik A, Rajkowska E,
Chaniewicz K, Struga M, Roszkowski P. Design and
Synthesis of Menthol and Thymol Derived Ciprofloxacin:
Influence of Structural Modifications on the Antibacterial
Activity and Anticancer Properties. International Journal of
Molecular Sciences. 2022;23(12):1-19

Publication type: Original article
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4,600 | 140 02
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Total: | 43,600 | 940 -

I1. Articles published before 1 January 2019 in journals included in the Ministry list dated 25
January 2017, provided that the journal received at least 10 points.
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[11. Other articles

Total: - - -

Total (part I- I11): | 43,600 | 940 -

IV. Scientific monographs/chapters in monographs published by publishers included in the
list of the Ministry of Science and Higher Education® or by organizational units of entities
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V. Other monographs or book chapters
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4. Scientific internships

One of the most important milestones in my scientific development was a research stay
completed under the Erasmus+ Programme between February and May 2025. The visit took
place at the Milano Chemometrics and QSAR Research Group, Department of Earth and
Environmental Sciences, University of Milano-Bicocca (Italy), under the supervision of Prof.
Davide Ballabio, an internationally recognized expert in chemometrics, QSAR modelling, and

machine learning applications in chemistry.

The research stay provided an opportunity for intensive collaboration on advanced
computational approaches to molecular property prediction, quantitative structure—activity
relationship (QSAR) modelling, and the development of benchmarking strategies for predictive
models. The work also addressed key methodological challenges in computational drug
discovery, including model validation, applicability domain assessment, explainable artificial
intelligence, and the characterization of local structure—activity relationships across chemical

space.

Beyond the scientific outcomes, the mobility significantly strengthened my experience in
conducting research within an international and interdisciplinary environment, fostering
collaborations with leading experts in computational chemistry. The knowledge and skills
acquired during the stay have been directly incorporated into my doctoral research and have led
to an ongoing scientific collaboration with Prof. Ballabio’s research group, resulting in joint
publications and the development of new research initiatives in artificial intelligence-driven

drug discovery.
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5. Other significant information

In parallel with my doctoral research, I have been working in the Real-World Evidence (RWE)
department at AstraZeneca, where I contribute to the planning, execution, and dissemination of
observational studies. My responsibilities include study design, protocol development,
statistical planning, scientific communication, and the preparation of peer-reviewed
publications across therapeutic areas, particularly oncology and respiratory medicine. This
experience has strengthened my ability to bridge academic research with industry-driven
evidence generation and has provided valuable insight into the translation of clinical data into

real-world healthcare outcomes.

Alongside my research activities, I actively disseminated the results of my work at national
scientific meetings. During my doctoral studies, I delivered presentations at the XXXIX and
XL Scientific Conferences of the Polish Medicinal Chemistry Society, held in Lublin (2023)
and Gdansk (2024), respectively. These conferences provided an opportunity to present my
research to the medicinal chemistry community, receive valuable scientific feedback, and

establish new academic collaborations.

My scientific profile has also attracted the interest of international innovation partners.
Following discussions initiated through my research activities, I have been invited to
collaborate with 1&I Prague, a biotechnology incubator and innovation hub, where we are
currently exploring the establishment of a joint incubation initiative aimed at translating my
research into innovative drug discovery technologies. These ongoing negotiations represent an
important opportunity to transform academic research into practical applications with

commercial and societal impact.

Demonstrating my growing research independence, I also prepared and submitted my first
competitive research grant proposal as Principal Investigator to the National Science Centre
(NCN) PRELUDIUM 25 call in 2026. The proposal focuses on the development of novel

methodologies for toxicity prediction.
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6. Summary of Scientific Achievements

Category

Scientific achievement

Scientific publications

Total Impact Factor

Total MNiSW score

Doctoral thesis publication series

Leading authorship

International research experience

Research collaboration

Research funding

Competitive grant applications

Scientific conference activity

Pharmaceutical industry experience

Innovation and technology transfer

8 peer-reviewed publications

43.6

940 points

4 publications: 2 original research articles and 2
review articles

4 first-author publications, including 2 as
corresponding author

Erasmus+ research internship, University of
Milano-Bicocca, Italy (2025)

INTEGRA project — Medical University of
Warsaw and Warsaw University of Technology

2 Young Researcher (“Mtody Badacz”) grants,
Medical University of Warsaw (2023, 2026)

NCN PRELUDIUM 25 proposal submitted as
Principal Investigator (2026)

Presentations at the XXXIX and XL Scientific
Conferences of the Polish Medicinal Chemistry
Society (2023, 2024)

Real-World Evidence, AstraZeneca

Collaboration with I&I Prague toward the
development of a potential incubation initiative
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7. Abstracts
7.1. Abstract

The discovery of new small-molecule therapeutics remains one of the major challenges in
modern medicine. Although advances in medicinal chemistry have expanded the number of
biologically active compounds, only a small fraction of accessible chemical space has been
explored. Traditional lead optimization is highly effective within individual analogue series but
provides only limited insight into the broader structure—activity landscape. As a result, many

promising regions of chemical space remain unexplored.

Among privileged heterocyclic scaffolds, 4-thiazolidinones have attracted considerable
attention because of their broad biological activity and exceptional structural versatility.
Hundreds of derivatives have been reported with anticancer, antibacterial and other
pharmacological properties. However, knowledge of their structure—activity relationship
remains fragmented across independent studies. This limits the identification of general design

principles and hinders the rational exploration of new regions of thiazolidinone chemical space.

The aim of this doctoral thesis was to develop an integrated framework for the discovery and
optimization of biologically active 4-thiazolidinone derivatives by combining medicinal
chemistry with modern computational approaches. Local structure-activity relationship
discontinuities and activity cliffs were treated as sources of design information and ultimately

incorporated into de novo molecular generation.

The work combined compound design, organic synthesis, biological evaluation and
computational modelling. Novel 4-thiazolidinone derivatives were synthesized and evaluated
for anticancer and antibacterial activity, leading to the identification of promising lead
compounds. Molecular docking and molecular dynamics simulations were used to investigate
ligand—target interactions and support the interpretation of experimental results. Quantitative
structure—activity relationship (QSAR) models were developed to characterize structure—

activity relationships and predict biological activity across thiazolidinone chemical space.

The thesis then extended beyond conventional SAR analysis. Activity cliffs were investigated
as local regions of the structure—activity landscape where small structural modifications
produce large changes in biological activity. These regions represent highly informative

molecular events but also remain one of the greatest challenges for modern machine learning
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models. Rather than treating activity cliffs as prediction errors, this work explored their
potential as sources of medicinal chemistry knowledge. Their role was analyzed across the Al

pipeline, from molecular representation and model evaluation to generative molecular design.

Building on these findings, an activity cliff-informed de novo design strategy was developed
for the rational generation of novel 4-thiazolidinone derivatives. The proposed framework
integrates experimental data, predictive modelling and local SAR knowledge to prioritize
compounds with improved biological potential. This work demonstrates that combining
medicinal chemistry with artificial intelligence enables a more efficient exploration of
thiazolidinone chemical space than conventional analogue-based optimization alone. More
broadly, it highlights activity cliffs as actionable design principles for next generation drug
discovery.

Keywords: 4-thiazolidinones; Medicinal Chemistry; Activity Cliffs; Artificial

Intelligence
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7.2. Abstract in Polish

Odkrywanie nowych lekow maloczasteczkowych pozostaje jednym z najwigkszych wyzwan
wspotczesne] medycyny. Pomimo ogromnego postepu chemii medycznej liczba zwigzkow
przebadanych eksperymentalnie stanowi jedynie niewielki fragment dostgpnej przestrzeni
chemicznej. Klasyczna optymalizacja zwigzkéw wiodacych pozwala skutecznie rozwijaé
pojedyncze serie analogdéw, jednak dostarcza jedynie lokalnej wiedzy o zalezno$ciach
struktura—aktywnos¢. W konsekwencji wiele potencjalnie warto$ciowych obszardéw przestrzeni

chemicznej pozostaje nadal niewykorzystanych.

Wsrod uprzywilejowanych uktadow heterocyklicznych szczegdlne miejsce zajmujg 4-
tiazolidynony, ktore od wielu lat stanowig przedmiot intensywnych badan ze wzgledu na swoja
réznorodno$¢ strukturalng oraz szerokie spektrum aktywnosci biologicznej. Opisano setki
pochodnych  wykazujacych miedzy innymi aktywno$¢ przeciwnowotworowa i
przeciwbakteryjng. Dotychczasowa wiedza dotyczaca zaleznosci struktura—aktywnos$¢ tych
zwigzkow pozostaje jednak rozproszona pomig¢dzy licznymi, niezaleznymi seriami analogow.
Utrudnia to identyfikacj¢ uniwersalnych zasad projektowania nowych czasteczek oraz

racjonalng eksploracj¢ stabo poznanych obszaréw przestrzeni chemicznej 4-tiazolidynonow.

Celem rozprawy bylo opracowanie zintegrowanego podejs$cia do odkrywania i optymalizacji
biologicznie aktywnych pochodnych 4-tiazolidynonu poprzez polaczenie klasycznych metod
chemii medycznej z nowoczesnymi metodami sztucznej inteligencji. Szczegdlng uwage
poswigcono lokalnym zalezno$ciom struktura—aktywno$¢, klifom aktywno$ci oraz

projektowaniu czasteczek de novo.

Praca obejmowata projektowanie zwigzkow, ich syntezg, ocene aktywnosci biologicznej oraz
analizy obliczeniowe. Otrzymano nowe pochodne 4-tiazolidynonu, ktoére oceniono pod
wzgledem aktywnosci przeciwnowotworowej i przeciwbakteryjnej, identyfikujac najbardziej
obiecujace struktury wiodace. W celu wyjasnienia molekularnych podstaw obserwowane;j
aktywnos$ci zastosowano dokowanie molekularne oraz symulacje dynamiki molekularne;j.
Zalezno$ci struktura—aktywnos$¢ analizowano rowniez z wykorzystaniem modeli QSAR, ktore
umozliwily identyfikacje cech strukturalnych odpowiedzialnych za aktywnos¢ biologiczng oraz

predykcje wlasciwosci nowych pochodnych.

Rozprawa wykracza jednak poza klasyczng analiz¢ SAR. Szczegdlng uwage poswigcono

klifom aktywnos$ci, czyli lokalnym obszarom krajobrazu struktura—aktywnos$¢, w ktérych

21



niewielkie zmiany struktury prowadza do duzych zmian aktywnosci biologicznej. Regiony te
stanowig jedno z najwigkszych wyzwan dla wspolczesnych modeli uczenia maszynowego, ale
jednoczesnie zawieraja wyjatkowo cenng wiedze z punktu widzenia chemii medycznej. W
niniejszej pracy klify aktywnosci potraktowano nie jako zrodto btedow predykcyjnych, lecz
jako nosniki informacji wspierajacych racjonalne projektowanie nowych czasteczek.
Przeanalizowano ich znaczenie na kolejnych etapach wykorzystania sztucznej inteligencji w
odkrywaniu lekéw — od reprezentacji molekularnych i oceny modeli predykcyjnych po

generatywne projektowanie zwigzkow.

Na podstawie uzyskanych wynikow opracowano strategi¢ projektowania czasteczek de novo
uwzgledniajaca informacje pochodzace z klifow aktywnos$ci. Zaproponowane podejscie
integruje dane eksperymentalne, modelowanie predykcyjne oraz lokalng wiedze o
zaleznoS$ciach struktura—aktywno$¢ w celu identyfikacji nowych pochodnych 4-tiazolidynonu
o zwigkszonym potencjale biologicznym. Uzyskane wyniki pokazuja, ze polaczenie chemii
medycznej ze sztuczng inteligencja umozliwia bardziej efektywng eksploracje przestrzeni
chemicznej niz klasyczna optymalizacja oparta wytacznie na seriach analogow. Jednoczesnie
wskazuja, ze klify aktywnosci moga stanowi¢ praktyczne narzedzie wspierajace projektowanie
nowych zwigzkéw oraz rozwdj kolejnej generacji metod wykorzystywanych w odkrywaniu

lekow.

Stowa kluczowe: 4-Thiazolidinony; Chemia Medyczna; Klify Aktywnosci; Sztuczna

Inteligencja
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8. Introduction with justification of the research topic

8.1. Drug discovery

The discovery and development of new therapeutic agents remain one of the greatest scientific
and technological challenges in modern medicine.!* Despite remarkable advances in molecular
biology, medicinal chemistry, and pharmacology, the process of bringing a new drug from the
initial concept to clinical application remains exceptionally time-consuming, expensive, and
associated with a high attrition rate.>* It is estimated that only a small fraction of compounds
entering preclinical development ultimately reach the pharmaceutical market, while the overall
cost of developing a single drug frequently exceeds one billion US dollars.> Consequently,
improving the efficiency of early-stage drug discovery has become one of the major priorities

of contemporary pharmaceutical research.®

The need for innovative therapeutic strategies is particularly evident in oncology and infectious
diseases.”® Cancer remains one of the leading causes of mortality worldwide, with
approximately 20 million new cases and 9.7 million deaths reported in 2022.° According to
projections of the World Health Organization (WHO), the annual number of newly diagnosed
cancer cases is expected to exceed 35 million by 2050, primarily due to population growth and
ageing.!® Despite the introduction of targeted therapies and immunotherapy, many
malignancies eventually develop resistance to treatment, creating a continuous demand for new
small-molecule drugs with improved efficacy and selectivity.!! Similar challenges are observed
in antibacterial therapy, where the rapid emergence of antimicrobial resistance has substantially
reduced the effectiveness of many currently available antibiotics, prompting the WHO to
recognize antimicrobial resistance as one of the greatest global public health threats of the

twenty-first century.!>!3

Following the growing demand for new therapeutic agents, medicinal chemistry has
increasingly focused on the identification of molecular scaffolds capable of interacting with
diverse biological targets while offering broad opportunities for structural optimization.!*!3
Such privileged scaffolds constitute an important starting point for the development of novel
bioactive compounds, as subtle structural modifications often enable substantial changes in
biological activity, selectivity, and pharmacokinetic properties.!® Consequently, the search for
versatile heterocyclic systems remains one of the major directions of modern small-molecule

drug discovery.!”
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8.2. Thiazolidinones as privileged scaffolds in medicinal chemistry

The 4-thiazolidinone core is a five-membered heterocyclic system containing sulfur at position
1, nitrogen at position 3, and a carbonyl group at position 4, and it has been investigated in
medicinal chemistry for several decades because of its considerable synthetic and
pharmacological versatility.! The scaffold can be diversified primarily through substitution at
the C2, N3, and C5 positions, enabling the introduction of aromatic, heteroaromatic, aliphatic,
and pharmacophoric fragments without eliminating the characteristic heterocyclic
framework.!” In particular, modification at C5 frequently leads to 5-ene-4-thiazolidinone
derivatives, which constitute one of the most extensively studied subclasses because the
exocyclic double bond provides additional possibilities for conjugation, molecular recognition,
and structure—activity relationship (SAR) optimization.?’ This structural adaptability has
supported the development of compounds with anticancer, antibacterial, antifungal, antiviral,

antiparasitic, anti-inflammatory, and metabolic activities.?!

The medicinal relevance of this chemical family is also demonstrated by the presence of closely
related thiazolidinone-derived motifs in clinically used drugs. Epalrestat, an aldose-reductase
inhibitor approved in Japan for diabetic peripheral neuropathy, contains a 2-thioxo-4-
thiazolidinone, or rhodanine, moiety and represents one of the clearest examples of the
therapeutic applicability of a thiazolidinone skeleton structure.?? By contrast, the clinically
established antidiabetic agents pioglitazone and rosiglitazone belong to the 2.4-
thiazolidinedione class and therefore contain an additional carbonyl group at C2.% Their clinical
success provides broader evidence that thiazolidinone-based heterocycles can combine
biological activity with physicochemical and pharmacological properties compatible with

therapeutic use.?*
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Figure 1. Representative structural variants of the thiazolidinone scaffold: (A) 1,3-thiazolidin-
2-one, (B) 2-thioxo-1,3-thiazolidin-4-one, (C) 1,3-thiazolidine-2,4-dione, and (D) 1,3-

thiazolidin-4-one.

Anticancer research represents one of the principal areas in which 4-thiazolidinone derivatives
have been explored, with reported compounds affecting protein kinases, apoptotic pathways,
oxidative balance, cell-cycle progression, and cytoskeletal organization.?> The versatility of the
scaffold has also encouraged the construction of hybrid molecules in which the 4-thiazolidinone
ring is connected to another pharmacologically relevant fragment to improve potency or enable

simultaneous modulation of multiple cancer-associated targets.?

One important design direction has involved the development of kinase inhibitors targeting
pathways associated with cancer cell proliferation and survival. In a series of thiazolidin-4-one
derivatives designed as dual EGFR/CDK2 inhibitors, compounds 5d, 5e, and 5f were identified
as the most active antiproliferative members and displayed substantial inhibitory activity
against both enzymes.?’” More recent structure-guided investigations have likewise shown that
appropriately substituted thiazolidin-4-ones may inhibit wild-type EGFR at submicromolar
concentrations, with reported ICso values of 0.043-0.200 uM.?®

Recent studies continue to demonstrate the remarkable anticancer potential of 4-thiazolidinone
derivatives. For example, El-Zend et al. (2026) reported a series of multitarget 2,3-disubstituted
1,3-thiazolidin-4-one derivatives, among which the lead compound exhibited potent
antiproliferative activity against MDA-MB-231 and MCF-7 breast cancer cells (ICso =2.25 and
6.70 uM, respectively). Mechanistic studies revealed GO/G1 cell-cycle arrest, caspase-3/7-
mediated apoptosis, and simultaneous modulation of multiple cancer-related pathways,

highlighting the potential of 4-thiazolidinones as promising multitarget anticancer agents.?’
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4-Thiazolidinone derivatives have also been extensively studied as potential antibacterial
agents, including compounds active against both Gram-positive and Gram-negative
microorganisms.* Their proposed antibacterial mechanisms include interference with bacterial
cell-wall biosynthesis and inhibition of enzymes essential for DNA replication or other cellular
processes.’! In particular, inhibition of UDP-N-acetylenolpyruvylglucosamine reductase,
commonly referred to as MurB, has been described as a potential mechanism because this
enzyme participates in an essential stage of peptidoglycan biosynthesis and has no direct human

counterpart.?

The activity of this chemical class is strongly dependent on substitution pattern and bacterial
species. In an experimental study of twenty-one 2,3-diaryl-thiazolidin-4-ones, all investigated
compounds showed antibacterial activity against the tested Gram-positive and Gram-negative
strains, with Minimal Inhibitory Concentration (MIC) values ranging from 0.008 to 0.24
mg/mL and MBC values ranging from 0.0016 to 0.48 mg/mL.*>} Other studies combining
microwave-assisted synthesis, microbiological evaluation, and molecular docking have
identified 4-thiazolidinone derivatives with substantial antimicrobial effects and have
suggested that appropriately positioned aromatic and halogen-containing substituents may

enhance interactions with bacterial molecular targets.>*

8.3. Navigating the underexplored regions of Structure-Activity Landscape

Despite the considerable number of thiazolidinone derivatives reported in the literature, the
available compounds represent a collection of relatively narrow and largely disconnected
chemical series rather than a systematically explored SAR landscape. Most medicinal chemistry
studies focus on a limited number of closely related analogues designed around a specific
substitution pattern and evaluated against a selected biological target, cancer cell line, or
microbial strain.’®> Consequently, the conclusions derived from an individual series usually
describe only a local region of the chemical space and cannot be transferred to structurally
distant thiazolidinones or to compounds investigated using different biological endpoints. This
fragmentation is also reflected in previous Quantitative Structure-Activity Relationship
(QSAR) analyses of the scaffold, which have generally been developed for specific compound
classes and individual activities rather than from a unified representation of the broader

thiazolidinone family.?°
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The challenge is therefore no longer limited to generating additional derivatives but
increasingly concerns the ability to determine which regions of the accessible structural space
should be explored. Diversification at several positions of the thiazolidinone core, together with
variation of peripheral aromatic, heteroaromatic, aliphatic, and hybrid pharmacophoric
fragments, produces a rapidly expanding set of theoretically possible analogues. Even within
much more restrictive molecular universes, systematic enumeration produces extraordinarily
large numbers of structures; for example, GDB-17 contains 166.4 billion constitutionally
distinct molecules composed of no more than 17 heavy atoms of selected elements.’®37 The
scale of such enumerated spaces illustrates why experimental synthesis and testing can cover

only a minute and highly non-random fraction of potentially accessible molecular structures.
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Figure 2. Two-dimensional representation of the chemical space occupied by compounds with
experimentally determined antiproliferative activity against the AS549 human lung
adenocarcinoma cell line. Molecular structures were standardized, canonicalized and
represented using ECFP4 fingerprints (Morgan radius = 2, 2048 bits) generated with RDKit.
Dimensionality reduction was performed using Uniform Manifold Approximation and
Projection (UMAP) to preserve local neighborhood relationships within the high-dimensional
fingerprint space. Gray points represent all compounds included in the A549 dataset, whereas
thiazolidinone derivatives are highlighted in color, illustrating their distribution within the

broader SAR landscape associated with this biological endpoint.
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The availability of several diversification sites means that the number of possible analogues
increases multiplicatively with the number of admissible substituents. As a simple illustration,
considering only 100 synthetically feasible alternatives at each of three independent
diversification sites would generate 100° combinations before accounting for additional
peripheral modifications, positional isomers, stereochemistry or different connection patterns.
This calculation demonstrates why exhaustive synthesis and biological testing are impractical
even when the range of structural modifications is deliberately restricted. More generally, both
systematic enumeration and stochastic sampling studies have shown that chemically
meaningful molecular spaces rapidly become too large to explore through experimental

synthesis alone.®

Traditional optimization of thiazolidinone derivatives has largely relied on iterative design—
make—test—analyse cycles, in which new analogues are generated through incremental structural
modifications of previously active compounds. This strategy remains fundamental to medicinal
chemistry because it integrates experimental SAR with considerations of synthetic accessibility,
physicochemical properties and target engagement, enabling the efficient refinement of lead
series toward improved biological profiles. However, its inherently local nature means that
exploration is typically restricted to the structural neighborhood of known chemotypes. As a
result, medicinal chemistry campaigns often generate detailed knowledge of individual
analogue series while providing only limited insight into the broader organization of chemical
space occupied by the scaffold. Consequently, structurally distant regions with biological
potential may remain unsampled, despite representing plausible directions for lead optimization
or scaffold diversification. Addressing this limitation requires moving beyond the analysis of
isolated analogue series towards a broader understanding of how compounds are distributed
across chemical space and how structural variation shapes biological activity at both local and

global scales.*
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8.4. Artificial Intelligence in modern drug discovery

The growing gap between the vastness of chemical space and the limited number of compounds
that can be synthesized and experimentally evaluated has positioned artificial intelligence (AI)
as one of the principal strategies for improving the efficiency of early-stage drug discovery.*
Al enables a more rational allocation of experimental effort by identifying promising regions
of chemical space, prioritizing compounds for synthesis and predicting biological properties
before laboratory validation. As a result, computational modelling has evolved from a
supportive tool for post-hoc interpretation into an integral component of prospective molecular
design.41-44

This transformation has been driven by rapid advances in algorithms together with the growing
availability of high-quality bioactivity databases such as ChEMBL and PubChem.*~*#’ Modern
computational workflows integrate diverse modelling strategies, including classical machine
learning QSAR models, transformer-based molecular representations and deep learning models
capable of proposing entirely new chemical structures optimized with respect to biological
activity, physicochemical properties and synthetic accessibility.***° In contrast to conventional
virtual screening, where candidate molecules are selected from predefined libraries, generative
Al enables the de novo design of compounds that may occupy previously unexplored regions
of chemical space while remaining consistent with learned SAR.>%-2

The success of these approaches depends not only on advances in algorithms but also on the
quality of the information extracted from experimental data. Al models are ultimately limited
by the knowledge contained within the datasets on which they are trained.>® Most Al models
learn dominant trends across large datasets and therefore perform best in regions where
biological activity changes gradually with molecular structure. However, the most informative
medicinal chemistry knowledge is often encoded in local regions of the SAR landscape.>*>?
Among these, activity cliffs— pairs of highly similar compounds with unexpectedly large
differences in biological activity—identify structural modifications that produce
disproportionate changes in potency.’® As such, they encode critical knowledge on molecular
features that drive biological activity and are often overlooked by conventional global SAR

analyses.
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Figure 3. Representative example of an activity cliff identified within the 4-thiazolidinone
dataset. Activity cliffs were operationally defined as pairs of compounds exhibiting high
structural similarity (Tanimoto coefficient > 0.80) calculated from ECFP4 fingerprints (Morgan
radius = 2, 2048 bits, RDKit) together with a large difference in biological activity (ApICso >
1.0), corresponding to at least a tenfold difference in potency. Structural similarity was
calculated using the Tanimoto coefficient, whereas biological activity was expressed as pICso
values derived from experimentally determined ICso measurements. Only compounds evaluated
using the same biological endpoint (A549 human lung adenocarcinoma cell line) were
considered to ensure direct comparability of biological activity. The example illustrates how a
minor structural modification can produce a pronounced change in biological activity despite

high overall molecular similarity.

This observation has important implications for Al-driven molecular design. Activity cliffs
consistently expose the limitations of conventional QSAR and remain one of the most
demanding benchmarks for property prediction.* At the same time, they represent precisely
those structural changes that are most valuable for lead optimization. Rather than treating
activity cliffs as prediction failures, recent studies increasingly exploit them as sources of
medicinal chemistry knowledge. Incorporating activity cliff information into molecular
representations, model evaluation and generative workflows allows AI models to focus on

structural transformations with the greatest impact on biological activity.®’
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Figure 4. Two-dimensional representation of the chemical space occupied by 4-thiazolidinone
derivatives evaluated against the A549 human lung adenocarcinoma cell line. Each point
represents one unique compound and is colored according to biological activity expressed as
pICso. Molecular structures were standardized, canonicalized and encoded as ECFP4
fingerprints (Morgan radius = 2, 2048 bits), followed by dimensionality reduction using
Uniform Manifold Approximation and Projection (UMAP). Activity cliffs were operationally
defined as pairs of compounds with high structural similarity (Tanimoto coefficient > 0.90,
calculated using ECFP4 fingerprints) and a difference in biological activity of at least one
logarithmic unit (ApICso > 1.0), corresponding to a minimum tenfold difference in potency.
Red line segments connect compounds forming activity cliffs, highlighting local discontinuities

within the structure—activity landscape

This concept is particularly relevant for scaffolds such as thiazolidinones, where multiple
diversification sites generate large and only partially explored SAR landscapes. Integrating
activity cliff knowledge with generative Al offers an opportunity to move beyond conventional
analogue optimization towards de novo molecular design guided by experimentally validated
local SAR. In this framework, activity cliffs become more than a challenge for predictive
modelling; they become design principles that help identify biologically meaningful regions of
chemical space and support the generation of novel thiazolidinone derivatives with improved

therapeutic potential.
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9.

Aim of the thesis

The overall aim of this doctoral thesis was to develop and validate an integrated medicinal

chemistry framework for the discovery and optimization of biologically active 4-thiazolidinone

derivatives by combining classical medicinal chemistry approaches with modern computational

methods. Special attention was given to understanding local SAR, exploiting activity cliffs as

knowledge-rich molecular events, and applying this information to de novo molecular design.

The specific objectives were as follows:

32

Design and synthesis of novel 4-thiazolidinone derivatives using rational medicinal
chemistry approaches and structural optimization of the thiazolidinone scaffold.
Biological evaluation of the synthesized compounds, including the assessment of
anticancer and antibacterial activity and the identification of the most promising lead
structures.

Investigation of the molecular mechanisms underlying biological activity using
computational approaches, including molecular docking, molecular dynamics simulations
and SAR analysis.

Development and validation of predictive QSAR models to identify molecular features
associated with biological activity.

Characterization of local structure—activity discontinuities (activity -cliffs) and
evaluation of their impact on molecular property prediction and medicinal chemistry
optimization.

Development of an activity cliff-informed workflow for de novo molecular design,
integrating predictive modelling, molecular generation and knowledge extracted from local
SAR to prioritize novel thiazolidinone derivatives with improved biological potential.
Evaluation of the applicability of artificial intelligence as a knowledge-driven strategy
for exploring regions of thiazolidinone chemical space, with the aim of improving

molecular design beyond conventional analogue-based optimization.



10. Realization of the scientific objectives

The scientific objectives of this doctoral dissertation were realized through four complementary
publications published between 2024 and 2026. The studies covered literature analysis,
synthesis and biological evaluation of novel 4-thiazolidinone derivatives, investigation of
activity cliffs, and development of an activity cliff-informed computational framework for de

novo molecular design.

P.I focused on a structurally homogeneous group of (2-imino-4-oxo-1,3-thiazolidin-5-yl)acetic
acid derivatives. The available literature was analyzed with respect to synthetic approaches,
biological activities, molecular targets, and reported SAR. The study provided the scientific

background for the subsequent experimental work.

P.II described the design, synthesis, structural characterization, and biological evaluation of
fifteen novel 4-thiazolidinone derivatives. Their anticancer activity was assessed in vitro, and
the most promising compounds were subjected to mechanistic studies and computational

analyses.

P.III addressed the role of activity cliffs in modern small-molecule drug discovery. The study
reviewed their impact on molecular representation, predictive modelling, model evaluation, and
generative design, and proposed a three-layer activity cliff-aware framework integrating these

stages.

P.IV translated this concept into a computational workflow for the de novo design of 4-

thiazolidinone derivatives with potential activity against non-small cell lung cancer.

The experimental studies were conducted primarily at the Chair and Department of
Biochemistry, Medical University of Warsaw. The computational component was further
developed during a research stay at the Milano Chemometrics and QSAR Research Group,
University of Milano-Bicocca, where work focused on QSAR modelling, model validation, and

analysis of local SAR.

The research forming the basis of this dissertation was supported by a Researcher (“Mtody
Badacz”) grant awarded by the Medical University of Warsaw in 2023.
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11. Materials and Methods

11.1. Literature analysis of 4-thiazolidinone derivatives

In P.I, a structurally defined group of (2-imino-4-oxo-1,3-thiazolidin-5-yl)acetic acid
derivatives was systematically analyzed. Compounds reported between 1984 and the first
quarter of 2024 were identified using Reaxys, PubMed, and Espacenet. The collected literature
was evaluated with respect to synthetic approaches, structural modifications, biological

activities, molecular targets, and proposed mechanisms of action.

The analysis was restricted to derivatives sharing the same central scaffold to enable more
meaningful comparison of SAR within a chemically coherent group. Regioselectivity and
stereochemistry of the investigated derivatives were also considered, as these structural features

may influence both compound characterization and the interpretation of biological activity.

11.2. Chemistry, biological evaluation, and molecular modelling

In P.I1, fifteen novel (2-imino-4-0xo0-1,3-thiazolidin-5-yl)acetic acid derivatives were designed
and synthesized. The compounds were divided into three structural series according to the
heterocyclic substituent introduced into the thiazolidinone scaffold: tryptamine-, 1,2,4-triazole,
and thiazole. A common synthetic route based on the reaction of appropriately substituted
thiourea derivatives with maleic anhydride was applied, leading to cyclization and formation
of the 4-thiazolidinone ring. Acetone was used as the reaction medium to favor regioselective
product formation. The obtained derivatives were characterized by 'H and 3C Nuclear
Magnetic Resonance (NMR) spectroscopy. Single-crystal X-ray diffraction of compound 2 was
additionally performed to determine its three-dimensional structure and verify the

regioselectivity and stereochemical outcome of the synthetic procedure.

The biological evaluation followed a stepwise screening strategy. Initial anticancer activity was
investigated against human MDA-MB-231 breast adenocarcinoma and SW620 metastatic
colorectal carcinoma cells, while immortalized human HaCaT keratinocytes were used as a
non-cancerous reference. Cells were exposed to increasing concentrations of the synthesized
derivatives for 72 h, and viability was determined using the 3-(4,5-Dimethylthiazol-2-yl)-2,5-
diphenyltetrazolium bromide (MTT) assay. ICso values were calculated from concentration—
response data, and compounds that did not reduce cell viability by at least 50% at the highest
tested concentration were reported as ICso >100 uM. Cytotoxic selectivity was assessed using

the Selectivity Index (SI) calculated from ICso values obtained in HaCaT and cancer cells.
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Cell-cycle progression was evaluated in corresponding cell lines after exposure to
concentrations corresponding to the individual ICso values. DNA content was assessed by
propidium iodide staining followed by flow cytometry, enabling quantification of cells in the

principal phases of the cell cycle and identification of changes associated with cell-cycle arrest.

The pro-apoptotic activity was evaluated using Annexin V-FITC and propidium iodide staining
followed by flow cytometry. This approach enabled differentiation between viable, early
apoptotic, and late apoptotic/necrotic cell populations. Evaluation of the Interleukin-6 (IL-6)
secretion was conducted via Enzyme-Linked Immunosorbent Assay (ELISA). Culture
supernatants were collected and compared with untreated controls to determine changes in

cytokine secretion.

The experimental studies were complemented by structure-based computational analyses aimed
at investigating Epidermal Growth Factor Receptor (EGFR) as a potential molecular target. All
fifteen synthesized compounds were docked into five crystallographic structures of EGFR:
IM17, 2ITO, 4123, 4LQM, and 7AEM. The receptor structures were selected to provide
diversity in binding-pocket geometry and native-ligand characteristics. Molecular docking was
performed using Smina, with docking regions defined from the coordinates of the
corresponding native ligands and extended by a 4 A buffer. Predicted binding scores and ligand

poses were compared with the native reference ligands.

Compounds selected based on the combined biological and docking results were further
investigated by molecular dynamics simulations. Simulations were performed in OpenMM
after receptor preparation and structural repair. The Amber ff14SB force field was applied to
proteins and General AMBER Force Field (GAFF) to ligands. Protein—ligand complexes were
solvated in explicit Transferable Intermolecular Potential with 3 Points (TIP3P) water with a
10 A padding and 150 mM NaCl. Following energy minimization, gradual heating to 300 K,
restraint release, and Constant Number of Particles, Volume, and Temperature ensemble (NVT)
and Constant Number of Particles, Pressure, and Temperature ensemble (NPT) equilibration,
production simulations were performed for 100 ns. The resulting trajectories were analyzed at
the level of the whole protein, binding pocket, and ligand. Root Mean Square Deviation
(RMSD) and Root Mean Square Fluctuation (RMSF) were used to characterize structural
stability and molecular flexibility, while Molecular Mechanics/Poisson—Boltzmann Surface
Area (MM/PBSA) and Molecular Mechanics/Generalized Born Surface Area (MM/GBSA)

calculations were performed to provide an additional energetic comparison of the investigated
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complexes. Computational assessment of selected drug-like and Absorption, Distribution,
Metabolism, Excretion, and Toxicity (ADMET)-related properties complemented the

experimental and molecular modelling analyses.

Statistical analyses of the experimental data were performed in GraphPad Prism. Results were
expressed as mean + standard deviation, and differences between experimental groups were
evaluated using one-way Analysis of Variance (ANOVA) followed by appropriate post hoc

comparisons, with p < 0.05 considered statistically significant.

11.3. Activity cliff-aware approaches in small-molecule drug discovery

In P.II1, activity cliffs were investigated as local discontinuities in SAR and as potential sources
of information for Al-assisted drug discovery. The methodological literature was analyzed
across three interconnected stages: molecular representation and embedding, predictive

modelling and model evaluation, and de novo molecular generation.

Different approaches to molecular similarity and activity cliff identification were compared.
Special attention was given to data harmonization, molecular and bioactivity data curation,

data-splitting strategies, applicability domains, and activity cliff-specific evaluation.

As an illustrative analysis, compounds with ICso data against the A549 lung adenocarcinoma
cell line were retrieved from ChEMBL, standardized, and analyzed using ECFP4-based
similarity. Principal Component Analysis (PCA), t-Distributed Stochastic Neighbor
Embedding (t-SNE), and structure—activity similarity (SAS) maps were used to visualize local

regions in which structurally similar compounds exhibited large differences in potency.
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11.4. Activity cliff-informed QSAR and de novo molecular design

In P.IV, thiazolidinone derivatives with experimentally determined activity against the A549
human lung adenocarcinoma cell line were retrieved from ChEMBL and supplemented with 21
compounds previously synthesized by our research group. To improve endpoint consistency,
only ICso values obtained using the MTT assay were retained. Measurements were standardized
to nM, transformed to pICso, and subjected to structural curation including duplicate removal,

tautomer handling, salt and solvate removal, and exclusion of structurally unsuitable records.

Activity cliffs were operationally defined as molecular pairs with Tanimoto similarity >0.80
computed on Extended Connectivity Fingerprints (ECFP) Morgan fingerprint and potency
difference of ApICso >1.0 (10x -fold difference in ICso). The steepness of local SAR was
additionally quantified using the Structure—Activity Landscape Index (SALI). SAS maps, t-
SNE, and multidimensional scaling were used to characterize the organization of the

thiazolidinone structure—activity landscape.

Two complementary QSAR workflows were developed. In reverse QSAR, compounds were
decomposed into chemically meaningful fragments using RDKit Breaking of
Retrosynthetically Interesting Chemical Substructures (BRICS), and a binary fragment-
incidence matrix was used as the molecular representation. Multiple classical machine-learning
algorithms were compared over ten independent train—test splits. Model selection was based
primarily on Area Under the Precision—Recall Curve (AUPRC) for the active class and was
complemented by Area Under the Receiver Operating Characteristic Curve (AUROC),
accuracy, precision, recall, F1-score, and Matthews Correlation Coefficient (MCC). Activity
cliff pairs were maintained within the training data to prevent pairwise leakage and enable

extraction of local SAR information.

The newly developed Cliff Active Fragment Extraction algorithm (CAFE) compared the
fragment composition of the more and less active members of individual activity cliff pairs.
Fragment differences were directionally weighted using SALI, allowing fragments associated
with favorable potency changes to receive positive enrichment and those associated with
unfavorable changes to receive negative enrichment. These contributions were accumulated

across activity cliff pairs to generate an activity cliff-informed fragment library.

A separate QSAR benchmark was trained to predict binary label active/non-active on dataset

encoded to ECFP with radius 2 at 1024 and 2048 bits, Molecular ACCess System (MACCS),

37



and 31 physicochemical descriptors selected using Boruta from approximately 1500 calculated
features. Models were evaluated over repeated group-aware splits in which activity cliff
components could occur in the test set. Selection prioritized predictive performance specifically
within steep SAR regions using RMSEcir (RMSE computed on activity cliff pairs, which

reveals models’ performance on difficult cases) and its stability across repeated evaluations.

De novo molecular generation was performed using an island-based fragment assembly
framework built around distinct thiazolidinone cores. Generated compounds were subjected to
chemical validity filters and ranked using predicted activity, Quantitative Estimate of Drug-
likeness (QED), and synthetic accessibility. The CAFE LATE extension additionally
incorporated positive fragment-level information obtained from CAFE analysis into candidate
ranking. CAFE LATE was benchmarked against an otherwise identical baseline QSAR-guided
workflow. Final candidate selection incorporated Pareto optimization, molecular diversity,

scaffold representation, and structural de-duplication.

Generated molecules were subsequently evaluated by molecular docking against thirteen
cancer-relevant protein structures. Native-ligand redocking was used to validate individual
receptor models, with RMSD <2.0 A defining successful reproduction of the crystallographic
pose. Compounds achieving more favorable scores than the respective native ligands were
advanced to molecular dynamics simulations and assessed using ligand and pocket
RMSD/RMSF together with binding-energy calculations. These parameters were integrated

into a multi-metric candidate prioritization strategy.
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12. Results

12.1. 4-thiazolidinone chemical space

Literature analysis revealed broad structural diversity of 4-thiazolidinones, particularly at the
substituents attached to the imino- and N-substituted regions of the scaffold. Heterocyclic
substituents included triazole, benzothiazole, imidazole, pyrazole and coumarin systems,
whereas simpler methyl, ethyl, allyl, cyclohexyl, and phenyl groups were frequent at other

substitution sites.

Despite this structural diversity, most individual studies contained only a limited number of
compounds sharing the investigated core, and only a few derivatives from individual series
were commonly advanced to additional biological evaluation. No structural motif consistently
associated with increased biological potency across the analyzed derivatives could therefore be
identified. Derivatives containing the acetic acid substituent at C5 were also relatively rarely

selected as lead compounds for further characterization.

Stereochemistry represented an additional unresolved characteristic of the available chemical
space. The majority of reported derivatives were not evaluated as stereochemically defined
compounds despite the presence of a stereogenic center at C5. Consequently, many biological
results available for this structural class were obtained for racemic mixtures or compounds

without explicitly defined stereochemistry.

12.2. Novel 4-thiazolidinone derivatives

Fifteen novel (2-imino-4-oxo-1,3-thiazolidin-5-yl)acetic acid derivatives were synthesized.
Preliminary antibacterial screening did not reveal sufficient activity to support further
optimization, and subsequent experimental work therefore focused on their antiproliferative

potential.

The anticancer screening identified marked differences between individual compounds. Most
derivatives showed ICso values of approximately 100 uM or higher in both cancer cell lines.
Compounds 5, 6, and 7 showed the most favorable combination of cancer cell cytotoxicity and

selectivity toward HaCaT cells.

Compound 5 was the most active derivative against MDA-MB-231 cells, with an ICso of 21.16

+0.36 uM and a SI of 4.73. Compound 7 showed activity against both cancer models, with ICso
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values of 36.82 + 2.78 uM in MDA-MB-231 and 24.10 = 3.98 pM in SW620 cells. The
corresponding SIs were 2.71 and 4.16, respectively, with an ICso >100 pM in HaCaT cells.
Compound 6 was preferentially active against SW620 cells, with an ICso of 41.31 £ 1.98 uM
and a SI of 2.42, while its ICso against MDA-MB-231 and HaCaT cells was >100 uM. (Figure
5.A)
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Figure 5. Biological activity of selected 4-thiazolidinone derivatives. (A) Cytotoxic activity of
compounds 1-15 against MDA-MB-231 breast adenocarcinoma, SW620 metastatic colorectal
carcinoma, and non-cancerous HaCaT keratinocyte cells, expressed as ICso values after 72 h
exposure. (B) Percentage of cells undergoing late apoptosis or necrosis after treatment with
selected compounds 5, 6, and 7 at their respective ICso concentrations for 72 h in MDA-MB-
231 and SW620 cells. Data are presented as mean+SD. Statistical significance was assessed

relative to the corresponding untreated control: **p < 0.001, ***p <0.0001.

Compounds 5, 6, and 7 were subsequently subjected to mechanistic cellular analyses. All three
altered the distribution of apoptotic cell populations (Figure 5.B). Compound 7 produced the
largest increase in late apoptosis or necrosis in MDA-MB-231 cells, reaching 6.60+0.69%
compared with 0.15+£0.029% in the corresponding control group (p< 0.0001). In SW620 cells,
the late apoptotic/necrotic population reached 2.38+0.15% after treatment with compound 7
compared with 1.05+0.07% in the control (p< 0.001). Compound 6 increased the late
apoptotic/necrotic SW620 population to 2.91+0.12% (p< 0.0001). Compound 5 increased this
population in MDA-MB-231 cells to 5.19+0.17% compared with 0.93+0.015% in the
corresponding control (p< 0.0001).

Changes were also observed in cell-cycle distribution after 24 h exposure. In SW620 cells,
compound 7 increased the S- and G2/M-phase populations and was accompanied by a reduction
in the GO/G1 population, reported at 48.89% (p < 0.001). Compound 6 produced a 1.7-fold
increase in the S-phase population (p < 0.05) and a 2.77-fold increase in the sub-G1 fraction
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compared with untreated cells. Compound-dependent alterations were also observed in MDA -
MB-231 cells, with compounds 5 and 7 affecting progression through different phases of the

cell cycle.

IL-6 secretion differed after treatment with the selected derivatives. In MDA-MB-231 cells,
compound 5 reduced IL-6 secretion 4.1-fold relative to untreated cells (p< 0.001),
corresponding to a 76% reduction. Following treatment with compound 7, IL-6 concentration
was 6.63 £ 1.76 pg/mL compared with 8.67 + 1.54 pg/mL in untreated MDA-MB-231 cells (p<
0.01). In SW620 cultures, compounds 6 and 7 reduced IL-6 secretion by 1.38-fold and 2.21-
fold, respectively.

Molecular docking of compounds 5-7 against five EGFR structures produced more favorable
minimum docking scores than the respective native ligands across the investigated structures.
For 1M17, the native ligand score was —6.74 kcal/mol, compared with minimum scores of —8.7,
—7.6, and —8.4 kcal/mol for compounds 5, 6, and 7, respectively. For 2ITO, the corresponding
values were —7.34 kcal/mol for the native ligand and —8.8, —7.6, and —8.1 kcal/mol for
compounds 5-7. For 4123, the native score was —7.83 kcal/mol compared with —8.4, —8.6, and
—8.7 kcal/mol. For 4LQM, the values were —1.51 kcal/mol for the native ligand and —8.7, —8.4,
and —8.4 kcal/mol for compounds 5-7. The most favorable docking scores were obtained against
7AEM: —9.4, —8.7, and —9.2 kcal/mol for compounds 5, 6, and 7, respectively, compared with
—7.71 kcal/mol for the native ligand.

Four 100 ns molecular dynamics simulations were subsequently performed for 7AEM: the
native ligand and compounds 5, 6, and 7. Mean ligand RMSD values were 1.29 + 0.27 A for
the native ligand, 1.22 + 0.28 A for compound 5, 0.73 + 0.18 A for compound 6, and 0.74 +
0.31 A for compound 7. Mean protein RMSD values were 8.41 +3.14 A, 545+ 1.30 A, 6.47
+1.70 A, and 6.13 + 2.06 A, respectively. Pocket RMSD values were 0.94 + 0.15 A for the
native complex, 1.72 + 0.24 A for compound 5, 1.32 + 0.24 A for compound 6, and 0.70 + 0.11
A for compound 7.

12.3. Activity cliff-aware strategies for improving molecular modelling

Activity cliffs were identified as information-rich local SAR events that can be operationalized
during molecular modelling. The review (P.III) integrated current approaches into a three-
stage, closed-loop framework covering predictive modelling, de novo design, synthesis and

experimental validation, and a return of obtained real-world data into a model, starting a next
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research interval. Results highlighted strategies that specifically improve predictive and

generative performance in steep SAR regions.

The accompanying A549 case study identified 574 activity cliff pairs among 32,598
standardized compounds using ECFP4 similarity >0.90 and ApICso>1.0. PCA, t-SNE, and SAS
analyses showed that these discontinuities were embedded within structurally coherent regions

rather than isolated from the surrounding chemical space.

This analysis provided the conceptual basis for the P.IV study, where activity cliff information

was incorporated directly into QSAR-guided molecular generation.

12.4. De novo generation of the new thiazolidinone derivatives

In P.IV, the final curated thiazolidinone dataset contained 356 compounds. Of these, 117

compounds were classified as active (32.9%) and 239 as inactive (67.1%).

Pairwise analysis identified 47 activity cliff pairs involving 54 unique molecules. Thus, 15.2%
of all compounds participated in at least one activity cliff. Among high-similarity molecular
pairs, 349 pairs had Tanimoto similarity >0.80, of which 13.5% fulfilled the activity cliff
criterion. At Tanimoto >0.85, 119 pairs were identified, of which 10.1% were activity cliffs. At

Tanimoto >0.90, 18 pairs remained, of which 5.6% were classified as activity cliffs.

SALI analysis identified 12 pairs with SALI >10. Seven of these simultaneously fulfilled the
predefined activity cliff criterion of Tanimoto >0.80 and ApICso >1.0. The remaining five

represented highly similar pairs with steep SALI values but potency differences below the
binary AplCso threshold.

Nine machine learning architectures were compared in the reverse-QSAR stage. Logistic
regression achieved the highest mean AUPRC for the active class, reaching 0.889 (95% CI,
0.856-0.917), and was selected for subsequent fragment analysis. Eight compounds were

misclassified: four false negatives and four false positives (Figure 6. A and B).
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Figure 6. The scatter plot with error bars of reverse QSAR performance trained on nine ML
engines (A). The confusion matrix of the best reverse QSAR model- logistic regression (B).

The fragments ranking by the models’ importance score (C).

Prediction-QSAR modelling showed consistently higher prediction errors for compounds
participating in activity cliffs than for the complete test sets. Across most evaluated
configurations and repeated splits, Expected Calibration Error (ECE) restricted to activity cliff

compounds was also higher than the corresponding global ECE.

CAFE analysis identified activity-driving fragments that were missed by the baseline model,
while also filtering out fragments that had been falsely identified as associated with activity
(Figure 6.C). By aggregating directional, SALI-weighted structural differences across all
activity cliff pairs, CAFE generated a refined fragment library enriched for locally relevant
SAR information. This fragment-level knowledge was subsequently transferred to the
generative stage through CAFE LATE, which applied a post hoc correction to candidate

prioritization based on activity cliff-derived evidence.

Six final top 100 candidate sets were produced: one from the baseline workflow (classical
QSAR models without CAFE/CAFE LATE interference) and five from CAFE LATE runs

using different activity cliff weights. Increasing the CAFE contribution progressively changed
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the composition of the highest-ranked molecular sets. At stronger CAFE LATE settings,
overlap with the baseline top-ranked molecules decreased to 5%, then 1%, and finally 0%.

Across all runs, 282 unique generated compounds were retained for structure-based evaluation.

All thirteen receptor models passed native-ligand redocking with RMSD <2.0 A. In head-to-
head docking comparisons, CAFE LATE candidates generally achieved more favorable
docking scores than the baseline model, with the strongest improvements observed among the
highest-ranked compounds. For selected targets, the mean improvement in the top-ranked pairs

reached up to -2.5 kcal/mol.

Across 282 unique molecules and thirteen protein structures, 241 generated protein—ligand
complexes achieved docking scores more favorable than the corresponding native reference.
Of these better-than-native complexes, 63.9% originated from CAFE LATE generation. The
three most favorable docking results within this subset were generated by CAFE LATE
candidates, with minimum predicted binding energy versus native scores of —11.0 versus —9.7
kcal/mol, —10.9 versus —8.2 kcal/mol, and —10.8 versus —8.8 kcal/mol. Five generated
molecules produced better-than-native docking scores against more than one protein target; four
of these five originated from the CAFE LATE workflow. Molecular dynamics (MD)
simulations were then performed for the better-than-native complexes. For the three targets
represented by both generation strategies, 91 baseline-generated and 148 CAFE LATE-
generated ligands were analyzed. The largest dataset was obtained for 1IM17 and comprised
203 systems: 73 baseline compounds, 129 CAFE LATE compounds, and the native ligand.
Across the complete comparison, the mean number of simultaneously improved MD metrics

was 2.20 for CAFE LATE and 2.07 for the baseline workflow.

The final multi-metric ranking identified five ligands that outperformed the corresponding
native reference across all five evaluated parameters: pocket RMSD, pocket RMSF, ligand
RMSD, ligand RMSF, and binding energy. Four of these five compounds originated from
CAFE LATE. Compound 239 ranked first, with a calculated binding energy of —7.78 kcal/mol
compared with —4.09 kcal/mol for the native ligand. Compound 343 reached —7.70 kcal/mol.
The remaining top-ranked compounds were molecule 86 from the baseline workflow at —7.31
kcal/mol, molecule 265 from CAFE LATE at —7.12 kcal/mol, and molecule 271 from CAFE
LATE at —6.84 kcal/mol. Their corresponding QED/SA scores were 0.85/0.77, 0.72/0.81,
0.87/0.81, 0.80/0.78, and 0.87/0.82, respectively (Table 1).
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Table 1. Top-performing ligands across molecular dynamics benchmark identified against
IM17 protein target. Fragments extracted by activity cliff-aware method (CAFE) are

highlighted in color blue. All molecules show 5/5 improved metrics compared to native ligand

results.
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13. Discussion

The four studies forming this dissertation were planned as successive elements of an iterative
medicinal chemistry workflow. In P.III, this process was formalized as a three-layer, self-
improving loop in which activity predictions inform generation, generated candidates return to
synthesis and biological testing, and each new experimental round updates the knowledge
available to subsequent design. The resulting cycle — represent, evaluate, generate, test,
represent — places experimental evidence at both the beginning and the end of computational
design. Prospective generative studies increasingly follow the same principle, with
computationally designed compounds progressing to synthesis and experimental

characterization before the next design iteration.>’~>°

The present thesis developed this loop around 4-thiazolidinones. P.I characterized the chemical
space of thiazolidinones and defined the chemical problem, P.II supplied experimentally
characterized molecules and biological data, P.III established the computational strategy suited
to this data regime, and P.IV used this knowledge to design the next generation of molecules.
Together, these studies trace a continuous path from chemical space characterization and

experimental SAR to computational learning and prospective molecular design.

13.1. Fragmented thiazolidinones SAR defined the problem

The starting point emerged from P.I. Although 4-thiazolidinones have been explored across
many biological applications, the structurally homogeneous subclass examined in the review
was represented by relatively small series, uneven substitution patterns and limited
stereochemical characterization. This produced a sparse local SAR landscape in which
individual active compounds were easier to identify than transferable structural rules. The
broader thiazolidinone literature shows the same tendency toward numerous scaffold variants
developed in relatively focused chemical series, with biological activity strongly dependent on

peripheral substitution.®

This setting is particularly demanding for rational molecular design and for data-driven
modelling. Small medicinal chemistry datasets provide fewer labelled examples, while strong
local activity contrasts make individual structural transitions disproportionately informative.
Chemical language models can operate in low-data regimes, but their performance depends
strongly on how effectively prior chemical knowledge and local task-specific information are

161,62

transferred into the mode Recent low-data benchmarks further show that predictive
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performance becomes strongly dependent on the amount, quality and chemical context of the
available data.®® Activity cliffs intensify this problem because conventional models tend to
smooth local potency discontinuities even when global prediction remains acceptable. P.III

explicitly identified this behavior as a central limitation of classical QSAR modelling.>*

The computational framework developed later in the thesis therefore emerged directly from the
chemical and biological constraints identified in P.I. A small, chemically focused dataset with
pronounced local SAR contrasts required a modelling strategy able to retain information carried
by close molecular neighbors. P.II supplied this framework with a controlled experimental
foundation: fifteen new derivatives expanded a defined region of thiazolidinone space and
generated internally consistent biological data under common assay conditions. These data
provided the experimental basis for a data-efficient strategy focused on the steepest regions of

thiazolidinone SAR.

Anticancer activity provided the strongest experimental signal and supported deeper biological
characterization. Preliminary antibacterial screening yielded insufficient activity for continued
optimization, directing subsequent experimental development toward the anticancer phenotype.
This early biological triage reduced the search space and concentrated future modelling on the

endpoint supported by the strongest experimental signal.

13.2. Structural certainty is essential

A second issue identified in P.I concerned structural assignment. Reactions leading to
substituted 4-thiazolidinones can generate regioisomeric or stereochemically distinct products,
yet the literature often provides limited information on the structural origin of the isolated
form.* For medicinal chemistry, such ambiguity directly weakens SAR interpretation because

biological activity can only be assigned confidently when the tested molecular structure is
defined.®

This issue was addressed experimentally in P. II. Considerable effort was therefore devoted to
establishing the structure of the newly synthesized series, including crystallization of compound
2 and X-ray analysis. Single-crystal diffraction remains one of the strongest methods for
resolving ambiguous regio- and stereochemical assignments, and it is routinely used when
spectroscopic data alone allow more than one structural interpretation.®®¢” The crystal structure
supported the assigned regioisomer and provided direct evidence for the regioselective course

of the cyclization used for the series. Resolving this ambiguity before biological interpretation
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was particularly important in a scaffold where subtle structural differences later proved

sufficient to produce large changes in activity.

13.3. Experiments shaped future modelling

Experimental data generated in P.II showed that close structural similarity did not translate into
continuous biological responses. Differences in cytotoxicity were accompanied by compound-
specific effects on apoptosis, cell-cycle distribution and IL-6 secretion, producing a
multidimensional phenotype rather than a single activity ranking. The study therefore yielded
chemically defined and biologically informative compounds, although their anticancer potency
still offered considerable scope for optimization. Compounds 5 and 7 represented the strongest
profiles within the synthesized series, but the magnitude of their activity did not justify

continuing analogue expansion by classical approaches alone.®

This result became a turning point in the design strategy. The experimental series showed that
relatively small structural changes within the same thiazolidinone framework could produce
pronounced differences in biological response. The same pattern was evident in the broader
chemical space characterized in P.I and was subsequently confirmed in publicly available
bioactivity data. In the A549 dataset analyzed in P.III, 574 activity cliff pairs were identified
among 32,598 standardized compounds, forming coherent high-gradient regions rather than
isolated outliers. Independent benchmarking has shown that such regions remain particularly
difficult for molecular machine learning models: activity cliff compounds are predicted less
reliably than the surrounding chemical space, and conventional QSAR performance can remain
strong globally while failing around close analogues with big potency differences.”>* Large-
scale molecular property benchmarks similarly show that activity cliffs expose prediction

failures that remain obscured by aggregate test-set performance.”®

The thiazolidinone-specific dataset used in P.IV reproduced this behavior. 47 activity cliff pairs
involving 54 unique molecules were identified, corresponding to 15.2% of the curated dataset,
and twelve pairs reached SALI values >10, defining compact regions of particularly disrupted

SAR signal.

This combination of limited data volume, close structural neighborhoods and strong local
activity contrasts created a specific modelling requirement. Data efficiency became more
important than model complexity, and preservation of local SAR became more important than

optimization of global prediction alone. This is consistent with studies showing that generative

48



and predictive molecular models can operate effectively in low-data regimes when chemical
and biological information are incorporated in a task-aware manner.”’> More recent work also
indicates that chemical diversity and information content can matter as much as raw dataset

size for downstream molecular learning.”

13.4. Turning limitations into advantage

P.IV provided the practical response to these constraints by converting local SAR
discontinuities into a design signal. Two newly developed algorithms, CAFE and CAFE LATE,
were introduced to extract activity cliff-informed fragment knowledge and propagate it into the
prioritization of newly generated molecules. This strategy is consistent with the emerging view
that molecular generation benefits from task-specific constraints that preserve biologically
relevant information during optimization.’>’* Such constraints are particularly important in
multi-objective generative design, where unconstrained optimization can exploit weaknesses of

predictive models and produce apparently optimal but poorly supported candidates.”

The advantage became evident in the final candidate selection. The five highest-ranked
complexes improved simultaneously over the native reference across all five MD criteria, and
four of these five molecules were generated by CAFE LATE. The two leading activity cliff-
informed candidates, 239 and 343, reached calculated binding energies of —7.78 and —7.70
kcal/mol against 1M17, while preserving improvement across the complete stability
benchmark. At the population level, CAFE LATE also shifted ligand and pocket stability
toward more favorable values relative to the baseline model, although the energetic advantage
remained target dependent. Concordance across structural stability and energetic readouts
provided a more stringent basis for candidate prioritization than optimization against a single
computational score. Physics-guided generative frameworks increasingly adopt this strategy by
coupling generation with molecular dynamics or free-energy calculations before experimental
prioritization.”® Related active-learning workflows likewise use computationally expensive
physics-based calculations selectively, concentrating them on molecules carrying the highest

expected design value.’¢

These findings place the present results within a broader challenge in Al-driven drug design:
moving beyond computational optimization toward the generation of candidates with genuine
experimental potential. A central question is therefore whether generative models merely

produce chemically plausible structures or meaningfully enrich the subset worth advancing

49



experimentally. Prospective studies indicate that achieving this requires progressive integration
of biological relevance, structural plausibility, and synthetic feasibility across the design
cycle.”” Recent molecular-design studies further demonstrate that learned SAR can be
transferred into the generation of analogues with improved target activity, providing an
experimental benchmark for this concept.”® In this context, the value of CAFE LATE lies in
carrying experimentally anchored local SAR into lead prioritization, so that information
concentrated in the steepest regions of the activity landscape shapes the next molecular

generation.

Across the four studies, SAR discontinuity therefore changed role: it emerged first as an
experimental constraint, then as a modelling challenge, and ultimately as information that could
be exploited for molecular design. This progression closes the computational part of the loop
established at the beginning of the thesis and defines the generated candidates as the starting

point for its next experimental iteration.

13.5. Study limitations

Several limitations should be considered when interpreting the present findings. The
antibacterial part of the study was discontinued after preliminary screening showed insufficient
activity to justify further optimization, and the biological development of the series therefore

focused predominantly on anticancer effects.

The experimental evaluation was performed in a limited panel of in vitro models, and the
molecular mechanisms proposed for the active compounds were supported mainly by biological
assays and computational analyses. Direct biochemical confirmation of the predicted molecular

targets would provide an additional level of mechanistic validation.

The computational framework was developed within a focused thiazolidinone chemical space
and for the A549 activity endpoint. Its broader applicability to other scaffolds, biological

systems and endpoints remains to be established.

Finally, the compounds generated by CAFE LATE have so far been evaluated computationally.
Their prospective synthesis and biological testing will be required to determine whether the
observed enrichment translates into improved experimental activity and to complete the design—

make—test—design cycle.
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14. Abbreviations

ADMET — Absorption, Distribution, Metabolism, Excretion, and Toxicity
Al — Artificial Intelligence

ANOVA — Analysis of Variance

AUPRC — Area Under the Precision—Recall Curve

AUROC — Area Under the Receiver Operating Characteristic Curve
BRICS — Breaking of Retrosynthetically Interesting Chemical Substructures
CAFE — CIiff Active Fragment Extraction

ECE — Expected Calibration Error

ECFP — Extended Connectivity Fingerprints

EGFR — Epidermal Growth Factor Receptor

ELISA — Enzyme-Linked Immunosorbent Assay

GAFF — General AMBER Force Field

IL-6 — Interleukin-6

MACCS — Molecular ACCess System

MCC — Matthews Correlation Coefficient

MD — Molecular Dynamics

MIC — Minimal Inhibitory Concentration

MM/GBSA — Molecular Mechanics/Generalized Born Surface Area
MM/PBSA — Molecular Mechanics/Poisson—Boltzmann Surface Area
MTT — 3-(4,5-Dimethylthiazol-2-yl)-2,5-diphenyltetrazolium bromide
NMR — Nuclear Magnetic Resonance

NPT — Constant Number of Particles, Pressure, and Temperature ensemble
NVT — Constant Number of Particles, Volume, and Temperature ensemble

PCA — Principal Component Analysis
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QED — Quantitative Estimate of Drug-likeness

QSAR — Quantitative Structure—Activity Relationship
RMSD — Root Mean Square Deviation

RMSF — Root Mean Square Fluctuation

SALI — Structure—Activity Landscape Index

SAR — Structure—Activity Relationship

SAS — Structure—Activity Similarity

SI — Selectivity Index

TIP3P — Transferable Intermolecular Potential with 3 Points
t-SNE — t-Distributed Stochastic Neighbor Embedding
UMAP — Uniform Manifold Approximation and Projection

WHO — World Health Organization
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Thiazolidinone is a scaffold known for its diverse biological activities, drawing the interest of researchers seeking
to explore its potential. Numerous libraries of molecules with diverse structures and properties can be created
based on this scaffold. We propose the extraction of compounds with a defined central skeleton, resulting from a
repeatable methodology of synthesis, to analyze the biological properties of a heterogeneous set of molecules.
This review offers a comprehensive overview of recent research, focusing on a homogeneous group of (2-imino-4-

oxo-1,3-thiazolidin-5-yl)acetic acid derivatives. It highlights the most promising compounds that have emerged
from recent studies, their molecular targets, and the underlying mechanisms contributing to their biological

activity.

1. Introduction

The pursuit of novel therapeutic agents remains a cornerstone of
medicinal chemistry, continually driving innovation and the exploration
of diverse chemical scaffolds. Among these, thiazolidinone scaffolds
have emerged as a versatile and potent heterocyclic core, demonstrating
a broad spectrum of biological activities and holding significant promise
in drug discovery and development. The broad therapeutic applicability
of these compounds is due to their interactions with several biological
targets, such as enzymes, receptors, and ion channels, highlighting the
importance of understanding their mode of action at the molecular level
[1,2].

However, analyzing an overly extensive group of compounds based
on a single heterocyclic scaffold can lead to misleading conclusions.
Within the analyzed heterogeneous collection of compounds, smaller
homogeneous subsets can occasionally be identified (Fig. 1). These
subsets are characterized by recurring substituents or specific structural
modifications that occur exclusively at particular sites within the core
structure.

Analyzing homogeneous groups of compounds offers several scien-
tific advantages that can significantly enhance the quality and inter-
pretability of research findings in medicinal chemistry and drug
discovery. The preference for studying homogeneous groups stems from
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E-mail address: daniel.szulczyk@wum.edu.pl (D. Szulczyk).

https://doi.org/10.1016/j.rechem.2024.101828
Received 4 June 2024; Accepted 26 September 2024
Available online 27 September 2024

the need for precision, specificity, and clarity in understanding the
structure-activity relationships (SAR) and pharmacological profiles of
derivatives. Increased accuracy in SAR studies is possible because the
physicochemical properties of the derivatives are similar, making it
easier to attribute observed biological effects to specific structural
modifications. Furthermore, compounds in a homogeneous group are
more likely to interact with biological targets in a similar manner,
simplifying the process of identifying the mode of action. Analysis in
subsets reduces variability in the data, making statistical analysis more
straightforward and reliable. This can lead to more robust conclusions
and a better understanding of the compound’s properties. Homogeneous
groups of compounds tend to exhibit similar absorption, distribution,
metabolism, excretion, and toxicity (ADMET) profiles. This consistency
simplifies the prediction of these crucial properties, which are elemen-
tary in evaluating the potential of compounds as drug candidates.
Focusing on such groups allows researchers to streamline the synthesis
and optimization of compounds. Similar chemical structures often
require similar synthetic pathways and conditions, saving time and re-
sources in the drug development process.

In conclusion, analyzing homogeneous groups of compounds pro-
vides a focused, accurate, and efficient approach to medicinal chemistry
and drug development. It enhances the understanding of compound-
specific characteristics, optimizes resource utilization, and ultimately

2211-7156/© 2024 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC license (http://creativecommons.org/licenses/by-

nc/4.0/).
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contributes to the making of more effective therapeutic agents with
fewer adverse events. This review provides a comprehensive overview of
the current research on a homogeneous group of derivatives of (2-imino-
4-0x0-1,3-thiazolidin-5-yl)acetic acid, focusing on the most promising
compounds that have emerged from recent studies, their molecular
targets, and the underlying mechanisms contributing to their biological
activity. Our team analyzed compounds published between 1984 and
the first quarter of 2024 using online databases such as Reaxys, PubMed,
and Espacenet, based on the structural framework depicted in Fig. 1. The
goal was to identify structures with diverse biological activities and to
share the most noteworthy findings with the scientific community.

2. Preparation method of (2-imino-4-o0xo0-1,3-thiazolidin-5-yl)
acetic acid derivatives

Numerous methods for synthesizing thiazolidinones have been
extensively described in the literature [3]. However, when considering a
uniform set of derivatives of (2-imino-4-oxo-1,3-thiazolidin-5-yl)acetic
acid, these methods must be narrowed down. The simplest approach is
to identify the most commonly occurring substrates in the reactions used
to obtain these compounds. It turns out that derivatives of thiourea and
thiosemicarbazide have long been used to prepare derivatives of (2-
imino-4-oxo-1,3-thiazolidin-5-yl)acetic acid (Scheme 1). The first
structures obtained using thiourea derivatives were reported as early as
1894 [4], followed by a series of compounds obtained in 1939 using
thiosemicarbazones [5].

These procedures are frequently engaged because of the wide
accessibility of substrates and the straightforward, one-step introduction
of the selected heterocyclic ring. Maleic anhydride is used in both cases.
The reaction can be conducted in both polar and nonpolar solvents. The
reaction time depends on the specific reagents and solvent used but does
not exceed 24 h.

It is worth noting that for most of the published derivatives presented
later in the article, the E/Z stereochemistry of the compounds under
study was not specified. In the case of symmetrically substituted thio-
ureas or thiosemicarbazones, well-defined products were formed. Add-
ing unsymmetric thiourea derivatives to maleimides or maleic
anhydride could lead to two regioisomeric products, depending on the
structure of unsymmetrical substrates and the specific solvent. This
isomerism occurs due to the existing double bond between the C2 and
N6 atoms. Furthermore, the regioselective formation of the designed

pkatat

derivatives
J
T1
N _S
/NﬂOH
R
2 0 (o)
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product may also occur when unsymmetrical substrates are used and a
specific solvent is chosen [6]. Based on the suggested mechanism of this
transformation, the regioisomers show E configuration. Additionally,
the obtained products have a stereogenic center at the C5 position, so the
compounds exist as a racemic mixture. Individual enantiomers may
therefore have different biological activities, and the results obtained for
the racemate may not accurately reflect the properties of these com-
pounds. Despite this, the stereochemistry of the molecules was not
addressed by the authors in their research in this area.

3. Biological activities of derivatives of (2-imino-4-oxo-1,3-
thiazolidin-5-yl)acetic acid

Many derivatives of (2-imino-4-oxo-1,3-thiazolidin-5-yl)acetic acid
with diverse biological activities have been obtained. It is important to
emphasize that the molecules were designed with an approach that (2-
imino-4-o0xo-1,3-thiazolidin-5-yl)acetic acid constituted a distinct cen-
tral motif of the structures. Structural modifications were associated
with the introduction of various substituents on the available nitrogen
atoms. This versatility has inspired researchers to synthesize various
compounds featuring this structural motif. Numerous studies in the
scientific literature detail the various biological activities of these de-
rivatives, many of which are discussed in this review.

3.1. Antiprotozoal activity

Toxoplasma gondii, a ubiquitous parasite, is responsible for causing
toxoplasmosis in various species of mammals and birds. It’s estimated
that up to one-third of the global human population carries this parasite.
While Toxoplasma gondii infections often remain asymptomatic, they can
manifest clinically, particularly when affecting the uterus or individuals
with compromised immune systems. Early research indicates that these
infections may lead to symptoms such as lymphadenopathy, fever,
weakness, debilitation, and even ophthalmic complications in immu-
nocompetent individuals. Hence, there is a great requirement to
discover safer and more efficient parasite-specific drugs for combating
T. gondii infections and treating toxoplasmosis [7,8]. Interesting results
in this field are presented for structures based on the title synthetic
framework.

Trotsko et al. obtained three groups of thiazolidinone-derived com-
pounds using thiosemicarbazones as starting materials, of which

> Large thiazolidinone-based heterogeneous collection

Homogeneous subset of compounds

Fig. 1. Subset built on derivatives of (2-imino-4-oxo-1,3-thiazolidin-5-yl)acetic acid.
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Scheme 1. A simplified synthesis scheme of derivatives of (2-imino-4-oxo-1,3-thiazolidin-5-yl)acetic acid.

fourteen were built on the (2-imino-4-oxo-1,3-thiazolidin-5-yl)acetic
acid scaffold. Cytotoxicity was assessed for all derivatives, after which a
group of non-cytotoxic compounds was tested for their ability to inhibit
T. gondii growth in vitro. Six (4-oxothiazolidin-5-yl)acetic acid de-
rivatives showed higher potency when compared to the reference,
demonstrating inhibition of parasite proliferation at lower concentra-
tions than sulfadiazine or its synergistic combination with trimethoprim.

It needs to be underlined that two of the investigated derivatives

QG-

(compounds 1 and 2, Fig. 2.) were at 90-fold lower ICsq values than
sulfadiazine and more than 4-fold than sulfadiazine with trimethoprim
[9].

Trypanosoma cruzi is a parasite that causes Chagas disease. Current
chemotherapy for this disease is disappointing due to limited efficacy,
particularly during the chronic phase, and is often linked with frequent
side effects that lead to treatment discontinuation. Additionally, some
strains of T. cruzi have developed resistance to gold-standard drugs such

8 2f

i Maea= Hm o

12

OH 7R=-Ph
8 R=-4-MeO-Ph
/N o 9 R=-4-CI-Ph

10 R=-4-F-Ph

13 14

Fig. 2. Example derivatives of (2-imino-4-oxo-1,3-thiazolidin-5-yl)acetic acid possessing antiprotozoal activity.
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as nifurtimox and benznidazole [10]. Researchers studied the potential
trypanocidal activity against T. cruzi through cruzain inhibition by
thiophen-2-thiourea and thiophen-2-iminothiazolidine derivatives [11].
Among the broader group, four (4-oxothiazolidin-5-yl)acetic acid de-
rivatives (3-6, Fig. 2) were evaluated. Only three (3, 5, 6) were active
towards the cruzain enzyme but at a moderate level. The level of cruzain
inhibition did not significantly vary across various Triton concentra-
tions, indicating that enzyme inhibition is not attributable to derivative
accumulation. Furthermore, docking results indicated that the evaluated
three compounds did not yield satisfactory Eb values and exhibited
limited interaction with the Gly66 amino acid.

Another series of compounds with antiprotozoal and antimicrobial
activity, synthesized from ethyl(5-methyl-1H-imidazole-4-carboxylate),
was described based on their physical, analytical, and spectral data. The
bigger part of the studied derivatives showed excellent anti-T. gondii
activity compared to hydroxyurea and sulfadiazine. Additionally, it was
shown that the majority of the derivatives in this study performed better
towards intracellular tachyzoites. However, the tested compounds
(7-10, Fig. 2) towards T. gondii-infected Vero cells maintained an
effective result only at a 1 mM concentration. The 4-thiazolidinone de-
rivatives were found to be less promising [12].

Tendrio et al. presented results for two series of derivatives: thio-
semicarbazides and corresponding 4-thiazolidinones with common
(ortho- or meta- or para-)nitrophenyl structural arrangements (11, Fig. 2)
[13]. Initial in vitro tests showed a marked reduction in the percentage of
T. gondii-infected Vero cells and the mean number of intracellular par-
asites. Hydroxyurea and sulfadiazine were used as references. The au-
thors claimed that the cytotoxicity of derivatives was lower than that of
the references. The relative number of intracellular parasites in infected
host cells after treatment with the compounds differed in the synthesized
series, showing less promising results for synthesized ten derivatives
with the (2-imino-4-0x0-1,3-thiazolidin-5-yl)acetic acid scaffold.

A similar study and outcomes were presented by another research
team. A new series of 2-[(phenylmethylene)hydrazono]-4-oxo-3-phenyl-
5-thiazolidineacetic acids (12, Fig. 2) were obtained from synthesized
substituted benzaldehyde 4-phenyl-3-thiosemicarbazones. Two groups,
each with sixteen derivatives, were analyzed. For anti-Toxoplasma gondii
activity, most derivatives reduced the percentage of infected cells,
contributing to parasite elimination. This effect on intracellular para-
sites also resulted in a lower mean number of tachyzoites. Furthermore,
the majority of the 4-thiazolidinones exhibited potent toxicity against
intracellular parasites, with ICsg values ranging from 0.05 to 1 mM [14].
Hydroxyurea and sulfadiazine were used as references in all studies
against parasites. The authors did not identify leading structures but
emphasized the need for structural modifications to achieve more
definitive results.

Over a hundred compounds were investigated, demonstrating
excellent antitrypanosomal activity against Trypanosoma brucei brucei
and Trypanosoma brucei gambiense. The study identified compounds with
submicromolar ICsqy levels, high selectivity indexes, relatively low
cytotoxicity in human primary fibroblasts, and low acute toxicity. [15].
Two compounds (13-14, Fig. 2) possessing the (2-imino-4-oxo-1,3-
thiazolidin-5-yl)acetic acid scaffold were included in the study. Both
derivatives did not reach high inhibition rates (1 mg/mL concentration)
in the initial antitrypanosomal activity study towards Trypanosoma
brucei brucei and were not included in further tests.

3.2. Anti-inflammatory activity

Inflammation is a complex and multifaceted biological response of
body tissues to harmful stimuli, such as pathogens, damaged cells, or
irritants. This process is a fundamental aspect of the body’s defense
mechanism, playing a critical role in healing. However, when inflam-
mation becomes chronic, it is correlated with a large number of patho-
physiological disorders, involving autoimmune diseases, heart disease,
and various forms of cancer. Upon the occurrence of an inflammatory
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stimulus, the body’s immune cells, particularly macrophages, are acti-
vated. These macrophages are pivotal in the immune response as they
release a variety of pro-inflammatory molecules that serve to eliminate
harmful stimuli and initiate healing. Among these molecules, the short-
lived free radical nitric oxide (NO) is significant. Nitric oxide plays a
crucial role in the inflammatory process due to its ability to mediate
vasodilation, thereby increasing blood flow to the affected area. This
increase in blood flow helps deliver essential nutrients and immune cells
to the site of inflammation, facilitating the removal of pathogens and the
repair of damaged tissue [16]. However, the production of nitric oxide
and other pro-inflammatory mediators needs to be tightly regulated.
Excessive or prolonged release of these molecules can lead to tissue
damage and contribute to the development of chronic inflammatory
conditions. In such scenarios, inflammation no longer serves as a pro-
tective response but instead perpetuates tissue injury and disease pro-
gression. Moreover, the inflammatory process is induced by several
other origins, involving inherited tendencies, lifestyle preferences such
as diet and exercise, and environmental exposures. For example, certain
foods can exacerbate or mitigate inflammation, and regular physical
activity has been shown to have an anti-inflammatory effect.

Understanding the complex mechanisms underlying inflammation
and its causes is crucial for developing effective treatments for a wide
array of inflammatory conditions. By modulating the inflammatory
response, it may be possible to alleviate indicators, stop disease prog-
ress, and improve the quality of life for individuals suffering from
chronic inflammatory diseases. In the search for new molecules with
anti-inflammatory properties, researchers have turned their attention to
structures based on the (2-imino-4-oxo-1,3-thiazolidin-5-yl)acetic acid
scaffold.

Twenty-four newly synthesized derivatives of 1,2,3,4-tetrahydro-
naphthalen-6-yl-thiazole were assessed for their anti-inflammatory
and analgesic activity (Haiba et al.) [17]. A group of 4-thiazolidinone-
acetic acid derivatives was also included in the biological assessment.
Anti-inflammatory activity was established by applying a carrageenan-
induced paw edema bioassay in rats, using indomethacin as a refer-
ence standard. It was observed that some of the evaluated compounds,
including one of the 4-thiazolidinone-acetic acid derivatives (15,
Fig. 3.), demonstrated early action, showing percentages of edema in-
hibition higher than or equal to the reference.

This compound was found to have noteworthy edema inhibition at
the first-hour post-administration (23.25 %). In this case, equipotency to
the reference drug indomethacin was declared.

In a comparative study, the effects of the tested compounds on
carrageenan-induced rat paw edema, their percentage of protection,
activity in relation to indomethacin, and ulcerogenic effects were eval-
uated. The authors synthesized 3-acetylcoumarin thiosemicarbazones
and then their cyclic analogues [18]. Most of the tested derivatives were
more active than the reference compound in the first study. However,
the introduction of a carboxylic acid moiety (16-17, Fig. 3.) led to less
anti-inflammatory activity. Both compounds were not transferred for
further testing.

A similar study was conducted for a new series of benzothiazole-
thiazolidinone hybrids substituted with halogen, methyl, or methoxy
groups on the aromatic rings (18, Fig. 3). The 4-thiazolidinone-acetic
acid derivatives were obtained through the condensation reaction be-
tween diverse thioureas and maleic anhydride. In the carrageenan-
induced rat paw edema model, the percentage decrease in inflamma-
tion in the test compound was measured three hours after carrageenan
administration. This decrease was then compared to the reduction
observed in animals treated with carrageenan and the reference stan-
dard diclofenac sodium. The evaluation revealed that certain com-
pounds exhibited moderate anti-inflammatory activity [19].

Lesyk et al. prepared and studied the anti-inflammatory activity of
novel 3-(2,3-dimethyl-1-phenyl-4-pyrazolon-5-yl)-4-thiazolidones [20].
Again, the paw edema inhibition test was used to evaluate the anti-
inflammatory properties of selected derivatives. Paw volume levels
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Fig. 3. Example derivatives of (2-imino-4-oxo-1,3-thiazolidin-5-yl)acetic acid possessing anti-inflammatory activity.

were measured, and percentages of inhibition were calculated at the
beginning of the test, then after 3 h and 5 h following the formalin in-
jection. Only two (19-20, Fig. 3.) derivatives reached the levels of the
reference drugs. In this case, the two most potent compounds held the
(2-imino-4-oxo-1-3-thiazolidin-5-yl)acetic acid central core.

3.3. Anticonvulsant activity

Effective management of seizures is attainable, but often at the cost
of substantial toxic side effects. These adverse effects can vary widely in
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severity, ranging from mild cognitive impairment to life-threatening
conditions such as aplastic anemia or hepatic failure [21]. This situa-
tion underscores a critical demand for the development of new anti-
convulsant agents that not only offer enhanced efficacy in seizure
control but also exhibit a markedly improved safety profile. This pursuit
is driven by the need to fill the therapeutic gap left by current treat-
ments, providing effective seizure management without compromising
patient safety and well-being.

Several studies have been conducted to find new anticonvulsant drug
candidates. Ragab et al. provided research results on the anticonvulsant
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Fig. 4. Example derivatives of (2-imino-4-oxo-1,3-thiazolidin-5-yl)acetic acid possessing anticonvulsant activity.
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activity of certain substituted furochromone, benzofuran, and flavone
derivatives [22]. The authors prepared thiosemicarbazide and cyclic
thiazolidinone derivatives from starting heterocyclic building blocks. All
obtained compounds were examined for their potential anticonvulsant
activity using subcutaneous pentylenetetrazole-induced seizures
(scPTZ). The maximal electric shock-induced seizures (MES) method
was also applied to all synthesized novel prepared derivatives. It was
stated that the group of linear thiosemicarbazides showed 100 % pro-
tection in most cases at a dose of 150 mg/kg body weight in albino mice.
However, when an acetic acid moiety was introduced at the 5-position of
the thiazolidine-4-one nucleus (21, Fig. 4.), its protection percentage
decreased from 100 % to 67 %.

Other synthesized (thiazolidin-5-yl)acetic acids showed comparable
activity decreases or lacked protection from seizures. This phenomenon
was explained by an imbalance in the lipophilicity/hydrophilicity ratio.
Researchers presented similar bioactivity outcomes in another publica-
tion for comparable (thiazolidin-5-yl)acetic acid derivatives (22, Fig. 4.)
[23]. Products were designed following a similar pattern, but 8-bromo-
7-hydroxy-5-methoxy-2-methyl-4-oxo-4H-1-benzopyran-6-carbalde-
hyde and its 4-thio analog were used as starting materials.

A large group of 42 derivatives was synthesized, and their anticon-
vulsant and cardiovascular effects were investigated [24]. In the first
step, 1,3-disubstituted thiosemicarbamides were obtained and then
transformed into the corresponding 2-substituted-imino-3-substituted-
5-carboxymethyl-4-thiazolidinones. Both groups were built using
cyclopentyl or cyclohexyl substituents. Only thiazolidinones were
transferred to biological tests. Studies on gross behavior, anticonvulsant
activity, and effects on blood pressure were conducted in mice. Lethal
dosages for synthesized compounds were established (LDso mg/kg). The
anticonvulsant activity was determined against pentylenetetrazol-
induced seizures using a dose equivalent to 1/5 of the established
LDsg. Although the study focused more on cardiovascular effects, it is
worth noting that two compounds (23-24, Fig. 4.) reached 100 %
protection levels. In parallel, both compounds caused no mortality after
24 h. Nine of the twenty evaluated derivatives showed no protection
from seizures and a high percentage of 24-hour mortality. It is important
to note that no reference substances were used in the studies.

3.3. Antimicrobial and antiviral activity

The exploration of innovative antimicrobial and antiviral agents
continues to be a vital and challenging task for medicinal chemists due
to several pressing factors. Firstly, the rapid evolution of drug-resistant
strains of bacteria, viruses, and other pathogens poses a significant
threat to global public health. These pathogens can quickly develop
resistance to existing treatments, making it increasingly difficult to
manage infections and disease outbreaks. As a result, there is a pressing
need to develop novel antimicrobial and antiviral compounds that can
effectively combat these resistant strains. Additionally, the emergence of
new infectious diseases, often with pandemic potential, underscores the
importance of ongoing research in this area. The COVID-19 pandemic is
a stark reminder of infectious diseases’ global impact, highlighting the
critical need for the proactive development of new therapeutic agents
that can be rapidly deployed against emerging threats.

Some papers report interesting results in the search for new anti-
microbial or antiviral activity of derivatives of (2-imino-4-oxo-1,3-
thiazolidin-5-yl)acetic acid [25]. In many research efforts, these com-
pounds have been the primary focus of investigation. A series of 2-
(arylimino)thiazolidin-4-ones and 2-(benzylidenehydrazono)-3-arylth-
iazolidin-4-ones was synthesized and investigated [26]. All the tested
compounds have been evaluated for their in vitro antibacterial activity
against selected clinically important pathogenic Gram-positive and
Gram-negative bacterial strains by measuring the minimum inhibitory
concentration (MIC) and the minimum bactericidal concentration
(MBC). Gentamycin and tetracycline were used as reference substances.
Incorporating an acetic acid side chain at the 5th position of the
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thiazolidinone ring, as seen in the example compounds 25 and 26
(Fig. 5.), led to analogs that exhibited neither antibacterial activity nor
the ability to inhibit biofilm formation.

One of the compounds disclosed earlier [11] for antiprotozoal ac-
tivity should also be mentioned for its interesting antimicrobial prop-
erties. It was found that 3-phenyl-2-[(5-methyl-1H-imidazole-4-yl)
carbonyl]hydrazono-4-oxo-13-thiazolidin-5-yl-acetic acid (7) showed
significant mean zone inhibition (MZI) against Staphylococcus aureus
(19 mm) and Bacillus subtilis (27 mm). Unfortunately, the values of
minimum inhibitory concentrations (MIC) were rather poor when
compared with the standard drugs (chloramphenicol and rifampicin). In
another study mentioned earlier [13], the authors presented preliminary
results of antimicrobial activity toward selected bacterial strains.
However, the values of MIC and MBC were rather high. In general, it can
be concluded that synthesized derivatives were not active against the
bacterial strains used. Only one compound (27, Fig. 5.) showed higher
potency than reference chloramphenicol towards the M. luteus strain.

There are also examples of the search for antiviral compounds among
derivatives of (2-imino-4-oxo-1,3-thiazolidin-5-yl)acetic acid. In a re-
ported investigation, a series of thiosemicarbazones and thiazolidine
analogs were synthesized and tested against a panel of viruses [27]. The
inhibitory effect on viral growth was measured, and the prevention of
cytopathogenic effects was observed using human embryonic kidney
cell monolayers. Some of the derivatives were active against herpes
simplex virus strain Z and poliovirus no. 1 (Brunhilde) in direct contact or
at time intervals after infection. Similar results were reported for polio-
virus no. 2 (Saukett) and vaccinia virus. Compounds were inactive
against the measles virus. Examples of active derivatives are depicted
below (28 and 29, Fig. 5.).

Research presented in a paper by Kobe et al. is interesting mostly
because of the designed compounds [28]. The authors obtained ribo-
furanosyl/arabinofuranosyl conjugates with thiazolidinone derivatives
(30, Fig. 5.). After an unsuccessful first attempt, two alternative syn-
thetic routes were applied, involving glycosidation and amminolysis
procedures. Several conjugates were obtained and investigated for
antiviral activity. The biological experiments described in this paper
utilized monolayer cultures of HeLa cells. These cells were grown and
propagated in Minimum Essential Medium (MEM) enriched with 5-10 %
fetal bovine serum. The cultures were maintained in a humidified at-
mosphere containing CO,. While earlier studies found that beta-D-
ribofuranosyl derivatives exhibited moderate antiviral activity, it was
observed that both alpha- and beta-D-arabinofuranosyl derivatives
showed no activity against herpes simplex virus and poliovirus.

In another study, a preliminary evaluation of antiviral properties was
conducted for synthesized novel 1,2,4-triazolylthiazolidones [29]. The
study concentrated on the synthesis and spectroscopic studies of six 1,3-
thiazolidin-5-yl acetic acid-based compounds (31, Fig. 5.). The authors
simply stated that in the evaluation against herpes simplex virus, the
tested derivatives were inactive or toxic.

3.4. Anticancer activity

Research indicates that compounds featuring the thiazolidinone
moiety demonstrate a broad spectrum of anticancer properties [30].
These effects are not only multifaceted but also target-specific, high-
lighting the system’s capability to interact with a variety of anticancer
biotargets. Such interactions suggest a mechanistic approach whereby
thiazolidinones exert their antitumor effects by binding to and modu-
lating the function of key proteins involved in cancer progression and
survival [31-33]. Among these are phosphatases that play essential roles
in cancer cell signaling pathways, such as the phosphatase of a regen-
erating liver (PRL-3) and the nonmembrane protein tyrosine phospha-
tase (SHP-2) [34-36]. These enzymes are pivotal in regulating pathways
that control cell growth, migration, and survival, making them attrac-
tive targets for anticancer therapy. Additionally, thiazolidinones have
been shown to interact with JNK-stimulating phosphatase-1 (JSP-1), a
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Fig. 5. Example derivatives of (2-imino-4-oxo-1,3-thiazolidin-5-yl)acetic acid possessing antimicrobial and antiviral activity.

component involved in stress response pathways that can influence cell
death and survival [37,38]. Another significant aspect of the anticancer
action of thiazolidinone compounds involves their ability to modulate
the activity of tumor necrosis factor TNFa, a cytokine that plays a dual
role in cancer by promoting inflammation but also aiding in cell death
under certain conditions [39]. Furthermore, these compounds target the
anti-apoptotic biocomplex Bcl-XL-BH3, crucial for the regulation of
apoptosis, thus tilting the balance towards cell death in cancer cells
[40]. Integrin avp3, a cell surface receptor involved in cell adhesion and
migration, is yet another critical target of thiazolidinones [41]. By
inhibiting this integrin, these compounds can potentially reduce the
metastatic spread of cancer cells. The recent identification of thiazoli-
dinones as inhibitors of necroptosis, a form of programmed cell death
different from apoptosis, further broadens their therapeutic spectrum
[42]. This mechanism offers a novel approach to killing cancer cells that
have become resistant to traditional therapies. The ability of these
compounds to interact with multiple key proteins and pathways un-
derscores their potential as effective tools in cancer therapy. The
continued exploration of thiazolidinones may provide invaluable in-
sights into their mechanistic roles and pave the way for the development
of novel anticancer treatments.

In the development of aminoquinazoline derivatives as potential
multitarget anticancer agents with apoptotic and anti-proliferative ef-
fects, interesting results were found [43]. Newly designed 4-aminoqui-
nazoline-based scaffolds were combined with semi/thiosemicarbazide,
acetohydrazide, or Schiff's base moieties in one structure. Some com-
pounds in that group were transformed into cyclic analogs (32, Fig. 6.).
These substances were tested against 60 human tumor cell lines derived
from nine cell lines (leukemia, non-small cell lung cancer, colon, CNS,
ovarian, renal, melanoma, prostate, and breast cancer) at a single dose
of 10 uM. Their growth inhibition (GI %) was determined.

Cyclization of the thiosemicarbazide derivative resulted in its thia-
zolidinone analog (32, Fig. 6.) that showed comparable antitumor ac-
tivities against renal UO-31 (GI % = 11.9) and breast MCF7 (GI % =
12.9) cancer cell lines. Cooperatively, the screening results for thiazo-
lidinone derivatives were found to be superior to those for

thiosemicarbazide precursors. Compounds were not transferred to
further studies, but more active derivatives were synthesized for this
study.

Sahran et al. reported the synthesis of 6-bromo-coumarin-ethylidene-
hydrazonyl-thiazolyl and 6-bromo-coumarin-thiazolyl-based de-
rivatives. Among those obtained, two 4-oxo-3-phenylthiazolidin-5-yl-
acetic acids (33 and 34, Fig. 6.) were included in the evaluation of
anticancer properties. The cytotoxic effects were measured using three
selected cell lines: MCF-7 (representing breast cancer), A-549 (human
alveolar basal epithelial cells), and CHO-K1 (an ovarian cell line). Across
all these cell lines, the synthesized compounds demonstrated a moderate
level of cytotoxic activity. One lead non-cyclic compound possessing an
N-phenyl thiourea moiety was identified and transferred to further
testing. Both thiazolidine-based derivatives didn’t reach the reference
values of ICs (Flavopiridol MCF-7 = 0.00445 uM, A-549 = 0.00114 uM,
CHO-K1 = 0.00241 pM) [44].

Pyrazolyl-substituted 2(3H)-furanone was allowed to react with
different nitrogen nucleophiles such as hydrazine hydrate; then the
obtained hydrazides were converted to new forms such as thiazolidi-
none (35, Fig. 6.) and oxadiazole pyridazinone derivatives. The authors
then transferred derivatives to biological activity evaluation [45].
Selected compounds were evaluated as anticancer agents against three
types of carcinoma cell lines: human liver carcinoma (HepG2), human
colon carcinoma (HCT116), and human prostate cancer (PC3) using
doxorubicin as a reference drug. Unfortunately, the depicted derivative
(35, Fig. 6.) did not reach the desired levels of cytotoxic activity to be
included in additional studies.

In another paper, novel compounds were prepared via condensation
of 1-(3-chlorophenyl)-3-(4-methoxyphenyl)-1H-pyrazole-4-carbox-
aldehyde with substituted thiosemicarbazide, followed by cyclization
reactions. Four of the obtained compounds (36-39, Fig. 6.), possessing
the 4-oxo-3-phenylthiazolidin-5-yl-acetic acid scaffold, presented
interesting biological activities [46]. Sixteen target compounds were
preliminarily screened for their in vitro cytotoxic activity against HEPG-
2, PC-3, and A-549 cell lines at a concentration of 100 pg/mL. De-
rivatives 37 and 39 (Fig. 6.) displayed potent activity of 97 + 1.10 %
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Fig. 6. Example derivatives of (2-imino-4-oxo-1,3-thiazolidin-5-yl)acetic acid possessing anticancer activity.

and 92.9 + 1.62 % against HEPG-2, 97.7 + 1.45 % and 96.9 + 3.25 %
against PC-3, and 79.6 + 1.18 % and 92.2 + 1.00 % against A-549,
respectively. One of the compounds was not active, and another (36)
gave potent cytotoxic activity against two cell lines only, HEPG-2 and
PC-3 (98.4 + 1.30 % and 98.5 + 2.60 %, respectively). Doxorubicin was
used as a reference drug. Interestingly, in the case of the HEPG-2 cancer
cell line, the active derivative showed higher potency than the reference.
In the glutathione S-transferase pi gene (GSTP1) inhibition assay, three
derivatives (36-38, Fig. 6.) revealed potent inhibitory activity of 98.4 +
0.03 %, 98.5 + 0.05 %, and 98.8 + 0.03 %, with ICs, values of 4.3 +
0.29, 3.43 + 0.32 pM, and 1.5 + 0.18 pM, respectively. The most potent
compounds were transferred to a molecular docking study. Results
showed that the thiazole-pyrazole backbone of thiazolidinones is crucial
for cytotoxic activity against the three types of carcinoma (HEPG-2, PC-
3, and A-549) cell lines and inhibitory effect against GSTP1 enzyme. This
may be due to the inclusion of a -CH,COOH moiety at the thiazolidi-
nonyl scaffold, responsible for forming an H-bond between the oxygen of
the C = O group and GIn39. In contrast, modifying compound 38
(Fig. 6.) by adding an electron-withdrawing group to the para position
on the phenyl ring resulted in reduced affinity for GSTP1, leading to
diminished anticancer efficacy across three carcinoma cell lines. On the
other hand, other derivatives have shown antiproliferative effects in
liver and prostate carcinoma evaluations. These findings highlight the
potential of compounds as a novel class of GSTP1 inhibitors, meriting

further investigation.

In another study, a series of pyrazole, thiazole, and thiazolidine de-
rivatives incorporated into benzofuran were synthesized using 3-
(benzofuran-2-yl)-1-phenyl-1H-pyrazol-4-carboxaldehyde as a starting
material [47]. Among 41 compounds, one possessed the thiazolidin-5-
yl-acetic acid scaffold (40, Fig. 6.). The primary objective of this study
was to evaluate and compare the efficacy and toxicity of newly syn-
thesized compounds against human liver carcinoma (HepG2) and
human cervix carcinoma (HELA) cell lines relative to the established
chemotherapeutic agent 5-fluorouracil (5-FU). This comparison aimed
to identify agents that were not only more effective in inhibiting tumor
growth but also exhibited reduced toxicity, potentially offering better
therapeutic profiles for cancer treatment. It is unclear why only 7 from a
group of 41 derivatives were evaluated in preliminary biological tests.
The method of selecting molecules and the substantive justification were
not presented. Unfortunately, compound 40 (Fig. 6.) was not included in
the study.

Amin et al. presented the results of evaluating new derivatives for
various cancer cell lines [48]. The newly synthesized 4-aminoquinazo-
line derivatives were assessed for their comprehensive anticancer ca-
pabilities, specifically focusing on their ability to induce apoptosis and
inhibit cell proliferation. One of the designed compounds possessed the
thiazolidin-5-yl-acetic acid scaffold (41, Fig. 6.). It was obtained
through the cyclization of the thiosemicarbazide starting material.
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Following this initial evaluation, a detailed in vitro investigation was
conducted to measure the cytotoxic effects of these compounds utilizing
the National Cancer Institute’s (NCI) panel of 60 human cancer cell
lines, encompassing nine distinct subpanels representing various cancer
types. Derivative 41 (Fig. 6.) showed comparable anticancer activities
against renal UO-31 (GI % = 11.9) and breast MCF7 (GI % = 12.9) cell
lines. Overall, the screening results for the thiazolidinone derivatives
were found to be superior to those of the thiosemicarbazide derivatives.
Three of the most active compounds, exhibiting broad-spectrum activity
against selected cancer cell lines, were selected for in vitro screening of
their inhibitory activities against EGFR and CDK2 enzymes, excluding
derivative 41.

In a comprehensive paper on recent developments for cancer treat-
ment targeting proviral integration sites for Moloney-murine leukemia
virus (PIM) kinases, interesting thiazolidinones were included and dis-
cussed for their potency. Novel thymol 4-thiazolidinone derivatives
were synthesized by connecting different compound fragments (42-44,
Fig. 6.). It was found that these compounds showed enzyme inhibition
effects involved in cancer and inflammation, such as COX-2, 5-LOX, and
PIM. Focusing on anticancer properties, it was found that the com-
pounds demonstrated a significantly higher inhibitory effect on PIM-2
relative to PIM-1. This enhanced specificity was elucidated through
molecular docking studies, which identified a crucial hydrogen bond
interaction between the hydroxyl group of the carboxyl (-COOH)
functional group and the amino acid residue Ala122. This interaction is
key to the compounds’ increased affinity and selectivity for PIM-2.
General observations suggest that the substituents present on the thia-
zolidinone ring might potentially decrease the enzymatic inhibition
effectiveness against PIM-1 [49].

3.5. Patented derivatives of (2-imino-4-oxo-1,3-thiazolidin-5-yl)acetic
acid possessing biological activity

Derivatives possessing the thiazolidin-5-yl-acetic acid scaffold have
also become subjects of legal protection. Below are examples of struc-
tures that have been patented along with a brief description of the legal
claims.

The patent EP0985670A1 focuses on novel compounds and methods
for controlling undesirable plant species, particularly weeds, which are a
significant agricultural problem globally. The invention introduces a
series of novel compounds categorized as 1-(3-heterocyclylphenyl)iso-
thiourea, —isourea, —guanidine, and —amidine. These compounds are
primarily designed to function as herbicidal agents [50,51]. Depicted
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below are example structures 45-47 (Fig. 7.) that were part of the claim.

The next example patent concerns medicinally active compounds
that inhibit peptidases, enzymes that cleave peptides at positions where
the amino acid alanine is linked to p-nitroanilide. These substances are
used for the prevention and treatment of a wide range of diseases
characterized by excessive immune responses. This includes autoim-
mune diseases (like lupus and rheumatoid arthritis), allergies, and
transplant rejections. The compounds are also applicable in the treat-
ment of other chronic inflammatory diseases, which may include con-
ditions such as inflammatory bowel disease and chronic obstructive
pulmonary disease. The patent covers not only the individual medici-
nally active substances such as derivative 48 (Fig. 7.) but also phar-
maceutical or cosmetic compositions that incorporate these substances
[52,53].

Another invention claims that these new thiazolidine derivatives
offer beneficial properties in antiviral medications, potentially contrib-
uting to more effective treatments against various viral diseases. The
inclusion of these compounds (49-50, Fig. 7.) in different types of
pharmaceutical formulations enhances their applicability in clinical
settings, offering flexible treatment options [54].

The next patent describes novel sirtuin-modulating compounds (51,
Fig. 7.) and their methods of use. Sirtuins are a family of proteins known
to regulate important biological pathways in aging, stress responses, and
metabolism. The invention provides significant therapeutic potential by
modulating sirtuin activity, which is central to many physiological and
pathological processes. The ability of these compounds to interact with
sirtuin pathways allows for broad-spectrum applications in medicine,
offering a foundational approach to developing treatments for diseases
associated with aging and cellular stress [55].

4. Conclusions

The scientific community continuously follows recent advances in
thiazolidinone-based compounds with various medicinal targets. How-
ever, the diversity of obtained compounds seems overwhelming in terms
of structure-activity relationship studies due to the large heterogeneity
of derivatives. In many cases, a single compound possesses thiazolidi-
none scaffolds as one of the few heterocyclic moieties. Our team
analyzed a homogeneous group of derivatives of (2-imino-4-oxo-1,3-
thiazolidin-5-yl)acetic acid. Presented derivatives are showing inter-
esting results in antiprotozoal, anti-inflammatory, anticancer, antiviral,
and antimicrobial studies. Some compounds targeting specific molecular
targets were patented for their significant therapeutic potential. This
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Fig. 7. Example patented derivatives of (2-imino-4-oxo-1,3-thiazolidin-5-yl)acetic acid possessing biological activity.
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broadening of applications is attributed to the molecular adaptability of
thiazolidinones, allowing for extensive structural modifications that
enable the targeting of different biological pathways.

For most of the disclosed compounds, certain structural tendencies
are apparent, regardless of their molecular targets. A proper structur-
e-activity relationship (SAR) analysis should be conducted on a larger
group of derivatives and focused on a single biological activity. None-
theless, it is evident that, in most structures, the Ry position (Scheme 1)
is occupied by primary groups such as methyl, ethyl, allyl, cyclohexyl,
and phenyl, which are occasionally substituted with hydroxy, methoxy,
or halogen groups in the para position. In contrast, more varied moieties
are observed at the N6 position (Scheme 1), predominantly heterocycles
such as triazole, benzothiazole, imidazole, pyrazole, coumarin, and
chromene. There are also substitutions with phenyl groups, but no
aliphatic moieties. In the analyzed homogeneous subset, we observe a
trend where compounds possessing an acetic acid substituent are rarely
selected for further research. Most often, the lead compounds are those
possessing different substituents on the thiazolidinone ring. However, it
cannot be definitively stated that the cause of the poorer biological ac-
tivity (regardless of the molecular target) is the substitution at the C5
position of the ring with acetic acid. A thorough study should be con-
ducted to examine this substituent’s impact on the compounds’ physi-
cochemical properties, such as solubility or pH, and to analyze its
influence on the desired biological activity. In most published studies,
only one or a few compounds containing the (2-imino-4-oxo-1,3-thia-
zolidin-5-yl)acetic acid core structure have progressed to further testing
as “lead” derivatives. As a result, there are no consistent motifs associ-
ated with higher biological potency. The diversity of substituents should
be enhanced by synthesizing a larger number of compounds in future
studies. Given the limited data available, it is too early to draw definitive
conclusions regarding the SAR.

Finally, it should be underlined that the stereochemistry of the ma-
jority of compounds under study was not specified. Additionally, the
obtained products have a stereogenic center at the C5 (Scheme 1) po-
sition, so the compounds exist as a racemic mixture. The value of the
presented conclusions regarding the biological activity of the studied
compounds may be questioned due to the lack of stereochemical purity.
Certainly, the results for mixtures of regioisomers or racemates can be
treated as preliminary. However, to understand the true pharmacolog-
ical potential of a molecule, it must be studied with defined
stereochemistry.
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Abstract: Introduction: Heterocyclic compounds remain cornerstones of contemporary
drug discovery because their ring-embedded heteroatoms confer adaptable electronics,
conformational flexibility, and a broad spectrum of biological activities. The skeleton
structure of 4-thiazolidinone is present in many cytotoxically active compounds and is
often used in the design of new antitumor agents. This study aimed to synthesize, charac-
terize, and evaluate the anticancer potential of fifteen new (2-imino-4-oxo-1,3-thiazolid-
in-5-yl)acetic acid derivatives.

Methods: Compounds were synthesized using a consistent synthetic route involving a re-
action between a thiourea derivative and maleic anhydride, which formed the thiazolid-
in-4-one ring through cyclization. The compounds were then categorized into three sets
based on the attached heterocyclic rings (tryptamine, thiazole, and 1,2,4-triazole). The
NMR and X-ray analysis followed the synthesis. Apoptotic effects, cell cycle arrest,
IL-6 suppression, docking, and dynamics simulations were conducted. Preliminary cyto-
toxic activity was tested on metastatic colorectal cancer (SW620) and human breast ade-
ARTICLE HISTORY nocarcinoma (MDA-MB-231) cell lines using the MTT assay.

Received: April 16, 2025 Results: Compounds 5, 6, and 7 demonstrated notable selectivity indexes (4.73, 2.42,
Revised: June 10, 2025 o o * . : s
Accepted: June 20, 2025 4.16, respectively) and were further investigated for their mechanisms of action, reveal-

ing pro-apoptotic properties and the ability to induce cell cycle arrest. Additionally, com-
pound 5 inhibited IL-6 secretion by 76%. In silico studies revealed the formation of an
energetically stable complex between compound 5 and the EGFR crystal structure (min/-

max binding affinities of -9.4|-8.0 kcal/mol, compared to the -7.71 kcal/mol for the na-

tive ligand).

Dor.
10.2174/0109298673400295250913044755

Discussion: This preliminary study provides compelling data on synthesized deriva-
tives, but more advanced testing is needed to assess their therapeutic value fully. Com-
pared with earlier reports on related thiazolidinone scaffolds, the present derivatives ex-
hibit improved potency, clearer selectivity, and mechanistic features consistent with
EGFR inhibition and cytokine modulation.

Conclusion: These findings validate (2-imino-4-oxo-1,3-thiazolidin-5-yl)acetic acid as
a privileged core for cytotoxic lead generation and indicate that strategic substitution
with either a tryptamine moiety (compound 5) or a 1,2,4-triazole ring (compound 7) is
particularly advantageous. These compounds are promising EGFR-targeting anticancer
candidates, warranting further investigation.

Keywords: 4-thiazolidinone, anticancer, cytotoxicity, selectivity index, breast adenocarcinoma, molecular docking.
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1. INTRODUCTION

Regardless of many recent discoveries in the field
of cancer treatment, its global epidemic remains one of
the biggest challenges to the healthcare system. De-
spite promising data, as reported by the American Can-
cer Society, the total mortality rate associated with can-
cer in the United States decreased by 27% from 1991
to 2016 [1]. However, this phenomenon concerns only
highly developed countries. According to Mattiuzzi
and Lippi, global cancer frequency and mortality in-
crease every year and are expected to maintain an incre-
mental trend [2]. Moreover, currently used cancer treat-
ments and newly discovered candidates for potential re-
placement are often highly toxic to normal human
cells. This indicates that some cancer therapies, even if
effective, cause dangerous adverse effects and reduce
patients’ quality of life [3]. Therefore, the development
of new anticancer compounds is of critical importance,
particularly those distinguished by high selectivity.

The group of 4-Thiazolidinones has been proven to
be particularly biologically active scaffolds. Their
wide spectrum of action includes anticancer, antiproto-
zoal, anti-inflammatory, anticonvulsant, and antimicro-
bial activity [4]. Currently, a few medicines containing
a 4-thiazolidinone structure are available on the world-
wide pharmaceutical market with particular emphasis
on their use in diabetes treatment. Glitazones, includ-
ing Pioglitazone (Fig. 1) [5] and Rosiglitazone [6], are
considered type 2 diabetes medicines, and Epalrestat
was approved in Japan for the treatment of diabetic pe-
ripheral neuropathy [7]. Other therapeutic areas using
medicines containing 4-thiazolidinones derivatives as
active substances include Diuretics (Etozoline) [8], an-
ticonvulsants (Ralitoline) [9], and, most recently, from
2021, Ponesimod (Ponvory), which was approved by
the FDA for the treatment of multiple sclerosis and pso-
riasis [10].

\ - H
>\ S O ~0°
agst
— Cl
(0]
Fig. (1). Chemical structure of Ponesimod containing 4-thia-

zolidinone ring.

The skeleton structure of 4-thiazolidinone is pre-
sent in many cytotoxically active compounds and is of-
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ten used in the design of new antitumor agents. Tiire et
al. synthesized a series of new 4-thiazolidinone deriva-
tives hybridized with Imatinib and investigated their cy-
totoxic properties. Three of the obtained hybrids de-
monstrated significant antiproliferative activity, further
confirmed through apoptosis and cell cycle arrest tests.
The most potent compound showed an IC,, of 4.86 +
0.73 uM and 3.52 £+ 0.91 uM for 24 and 48 hours, re-
spectively, against K562 cells [11]. Szychowski et al.
reported stimulation of ROS production in the squa-
mous carcinoma cell line (SCC-15) after treatment
with new 4-thiazolidinone derivatives (Les-2194,
Les-3377, Les-3640) [12].

Particularly interesting are derivatives of (2-Imi-
no-4-oxo-1,3-thiazolidin-5-yl)acetic acid, which were
reported as potential antitumor agents by Amin et al.
(2023). The compound was tested for antiproliferative
activity with different scaffolds, such as thiosemicar-
bazides, and showed results of GI% = 11.9 and G1% =
12.9 against renal (UO-31) and breast (MCF7) cancer
cell lines, respectively. Researchers concluded that pre-
liminary anticancer studies suggested a better potential
for (2-imino-4-oxo-1,3-thiazolidin-5-yl)acetic acid
over thiosemicarbazides in this study [13]. Nossier et
al. synthesized four new derivatives of 4-ox-
o-3-phenylthiazolidin-5-yl-acetic acid and evaluated
their in vitro cytotoxic activity. In the cell viability
test, the HEPG-2 (hepatoblastoma), PC-3 (prostatic
adenocarcinoma), and A549 (non-small cell lung can-
cer) cell lines were treated with the compounds at a
concentration of 100 pg/ml. Two synthesized com-
pounds exhibited significant cytotoxic activity com-
pared to the reference drug, doxorubicin. For the HEP-
G-2 cell line, the compounds showed viability percent-
ages of 97 £ 1.10% and 92.9 £ 1.62%, with IC,, values
of 3.43 £ 0.32 uM and 1.5 £ 0.18 puM, respectively. Th-
ese compounds were subsequently subjected to molecu-
lar docking studies, which revealed an inhibitory effect
against the GSTP1 enzyme [14].

The most recent research investigating the antitu-
mor activity of novel (2-imino-4-oxo-1,3-thiazolid-
in-5-yl)acetic acid derivatives comes from 2024. They
were hybridized with thymol and targeted against
proviral integration sites for Moloney-murine leukemia
(PIM) virus kinases. Researchers found that com-
pounds exhibited inhibitory properties toward enzymes
important for cancer metabolism and inflammation, in-
cluding 5-LOX, COX-2, and PIM [15].

Moreover, 4-thiazolidinones were chosen because,
unlike many frontline cytostatics that are virtually in-
soluble in water (e.g., paclitaxel <0.01 mg/ml and <
60% oral bioavailability) [16], recent profiling shows
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most thiazolidinone-bearing leads dissolve in phos-
phate-buffered saline at >0.2 mg/ml and satisfy Lipin-
ski/Veber rules, giving them a markedly better predict-
ed biopharmaceutical profile [17].

The aim of the study was to obtain new biological-
ly active compounds. To maximize the probability of
achieving the desired effect, a strategic approach was
necessary during the design phase of the synthesis. As
a solution, characteristic heterocyclic structures were
selected for inclusion in the new (2-imino-4-ox-
0-1,3-thiazolidin-5-yl)acetic acid derivatives scaffolds,
giving small molecule hybrids. Hybridization of
molecules with well-documented activity has been
proven to increase the probability of obtaining more cy-
totoxic, selective, multitargeting agents [18]. The
choice of specific heterocycles in our research was
based on recent scientific reports showing their poten-
tial for improving cytotoxic activity.

Heterocyclic compounds remain cornerstones of
contemporary drug discovery because their ring-
embedded heteroatoms confer adaptable electronics,
conformational flexibility, and a broad spectrum of bio-
logical activities. Recent examples illustrate this ver-
satility: bis-Schiff bases bearing a thiobarbiturate nu-
cleus have emerged as potent a-glucosidase inhibitors,
validated by docking and DFT analyses [19], and close-
ly related thiobarbiturate derivatives display dual ure-
ase-inhibitory and antioxidant properties [20]. Benzimi-
dazole frameworks continue to yield high-value leads,
ranging from submicromolar prolyl-oligopeptidase an-
tagonists [21] to neuroprotective analogues that target
enzymes implicated in neurodegeneration [22]. Hydra-
zone-Schiff benzimidazoles likewise inhibit urease and
perform robustly in molecular dynamics simulations
[23], while oxadiazole-flurbiprofen hybrids extend an-
ti-inflammatory chemistry into the anticancer arena
[24]. Quantum-chemical studies further clarify how
heteroatom substitution modulates charge distribution
and ligand-target recognition in these motifs [25]. Col-
lectively, such findings highlight the strategic value of
heterocycles and rationalize our focus on 4-thiazolidi-
none hybrids as a fertile platform for anticancer lead
optimization.

Tryptamine derivatives are considered mainly as 5-
hydroxytryptamine receptor agonists. However, recent
studies report that they can also possess cytotoxic activ-
ity. Salikov ef al., screened newly synthesized tryp-
tamine analogs for antiproliferative activity against
HEK293 (embryonic kidney), HEPG-2 (hepatoblastom-
a), and Jurkat (T lymphocyte) cell lines. The best candi-
date demonstrated an IC,, value of 4.3 £ 0.05 pM
against the HEPG-2 cell line. Further confirmation of
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cytotoxic activity was obtained through Annexin V/PI
staining, which indicated the presence of cells in apop-
totic and necrotic states [26]. In another similar study,
tryptamine derivatives exhibited even lower IC,, val-
ues. For example, the most active compound showed
an IC,, value of 0.0015 pM against IGROV1 (human
ovarian carcinoma) cells [27]. 1,2,4-Triazole and its
derivatives possess a broad spectrum of biological ac-
tivity including antifungal, antibacterial, and anti-
cancer effects [28]. One of the most successful com-
pounds containing 1,2,4-triazole, letrozole, has been ap-
proved for clinical tumor treatment [29]. Guan et al. re-
ported a series of 1,2,4-triazoles hybridized with other
N-heterocycles that showed promising cytotoxic activi-
ty through mechanisms of targeting VEGFR, TDO inhi-
bition, microtubule inhibition, and others. Notably, the
study mentions a hybrid of 1,2,3-triazole with 2,4-thia-
zolidinedione that exhibited higher cytotoxic activity
against MCF-7 (human breast cancer) cells compared
to the reference drug cisplatin [30]. The cytotoxic activ-
ity of thiazole derivatives is also well-known to scien-
tists, and they are often used in designing new scaf-
folds with the potential of having antitumor activity
[31]. Recent studies on thiazoles linked with other N-
heterocycles, specifically thiosemicarbazones, have re-
ported obtaining potentially cytotoxic active hybrids.
After preliminary tests against HL-60 (human leukemi-
a) cells, the best result of IC,, value was 3.67 +0.60
uM [32].

Thus, based on the extensive experience of our re-
search team, as evidenced by the successful discovery
of new biologically active compounds in previous
studies [33-36], we propose a well-justified strategy
for designing novel small-molecule hybrids. This ap-
proach focuses on aligning the highly active central
structure of (2-imino-4-oxo-1,3-thiazolidin-5-yl)acetic
acid with tryptamine, 1,2,4-triazole, and thiazole rings
as active substituents. This strategy holds significant
promise for the development of new potential antitu-
mor agents, highlighting the critical importance of th-
ese molecular frameworks in enhancing both cytotoxic
efficacy and selectivity.

2. MATERIALS AND METHODS
2.1. Chemistry

2.1.1. Chemicals and Reagents

Chloroform, methanol, and acetone were obtained
from Sigma Aldrich (Saint Louis, MO, USA). Tryp-
tamine (98%) was sourced from Acros Organics (Geel,
Belgium), while 2-aminothiazole (>99%) and 3-ami-
no-1,2,4-triazole (>98.5%) were purchased from Sig-
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ma Aldrich (Saint Louis, MO, USA). All other rea-
gents used were of analytical grade and applied with-
out additional purification. Nuclear magnetic reso-
nance (NMR) spectra were acquired using a Bruker
AVANCE spectrometer (Bruker, Karlsruhe, Germany)
operating at 300 or 500 MHz for 'H NMR, and at 75 or
125 MHz for "C NMR. The spectra were recorded in
CDC], or a CDCL,/CD,0OD mixture (9:1), and chemical
shifts (8) are reported in ppm relative to tetramethylsi-
lane (TMS). Electrospray ionization (ESI) mass spec-
tra were measured on a high-resolution LCT Micro-
mass TOF instrument (Micromass UK Limited, Manch-
ester, UK). Melting points were determined using a
KSP1D Melting Point Meter (A. Kriiss Optronic, Ham-
burg, Germany) and are uncorrected. Thin-layer chro-
matography (TLC) was performed on silica gel plates
(Merck Kiesegel GF254, Merck, Darmstadt, Germany)
and visualized under UV light or by exposure to iodine
vapors. Column chromatography was carried out at at-
mospheric pressure using Silica Gel 60 (230-400
mesh, Merck, Darmstadt, Germany), with a chlorofor-
m/methanol mixture (0-10%) as the mobile phase.

2.1.2. General Procedure for the Synthesis of the
Compounds

A solution containing the thiourea derivative (146
mg, 1 mmol) and maleic anhydride (98 mg, 1 mmol) in
acetone (15 mL) was stirred and heated under reflux
for 15 hours. Upon completion, the solvent was re-
moved under reduced pressure. The resulting residue
was then refluxed with a small volume of a
benzene/water mixture to eliminate any residual anhy-
dride. The organic phase was separated, washed with
water (30 mL), and dried over anhydrous sodium sul-
fate (Na,SO,). Following solvent evaporation under re-
duced pressure, the crude product was purified via col-
umn chromatography on silica gel using a chlorofor-
m/methanol gradient (0-10% MeOH) as the eluent.
The purified compound was subsequently recrystall-
ized from a 1:1 mixture of water and absolute ethanol.

2.1.2.1. 2Z,5R)-2-(3-chloro-4-fluorophenyl)imi-
no-3-(2-(1H-indol-3-yl) ethyl)-4-0xo-1,3-thiazolid-
in-5-yljacetic acid (1)

White solid, Mp 122-124°C, yield: 76%. '"H NMR
(300 MHz, DMSO-d,): & 2.73-2.82 (m, 1H), 3.00-3.09
(m, 3H), 3.97-4.02 (m, 2H), 4.49 (dd, J = 3.9 Hz, 6.3
Hz, 1H), 6.82-6.87 (m, 1H), 6.90-6.93 (m, 1H),
6.96-7.01 (m, 1H), 7.05-7.10 (m, 1H), 7.21 (d, ] =2.4
Hz, 1H), 7.34-7.38 (m, 2H), 7.59 (d, J = 7.8 Hz, 1H),
10.86 (d, J = 2.4 Hz, 1H, NH), 12.77 (1H, COOH). "°C
NMR (75 MHz, DMSO-d,): 22.4, 36.7, 43.0, 43.6,
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110.6, 111.4, 117.4 (d, J, = 21.8 Hz), 118.2, 118.4,
119.7(d, J, = 18.0 Hz), 121.0, 121.4 (d, J, = 7.5 Hz),
122.7, 123.3, 127.2, 136.3, 145.5 (d, J, = 3.0 Hz),
154.1 (d, J, = 241.5 Hz), 156.3 (2xC), 171.7, 173.3.
HRMS (ESI) m/z 446.9008 calc. for C, H,,CIFN,0,S
[M+H]+; found 446.9011.

2.1.2.2. {(2Z,5R)-2-ethylimino-3-[2-(1H-in-
dol-3-yl) ethyl]-4-0x0-1,3-thiazolidin-5-yl}acetic_acid
2

White solid, Mp 118-119°C, yield: 82%. 'H NMR
(300 MHz, DMSO-d6): § 1.21 (t, J = 7.2 Hz, 3H, CH,),
2.69-2.78 (m, 1H), 2.92-3.05 (m, 3H), 3.28 (q, ] = 7.2
Hz, 3H, CH,), 3.83-3.88 (m, 2H), 4.42 (dd, J = 3.9 Hz,
6.3 Hz, 1H), 6.96-7.01 (m, 1H), 7.04-7.07 (m, 1H),
7.17 (d, J= 2.4 Hz, 1H), 7.34 (d, J = 8.1 Hz, 1H), 7.62
(d, J = 7.5 Hz, 1H), 10.83 (d, J = 2.1 Hz, 1H, NH),
12.72 (1H, COOH). “"C NMR (75 MHz, DMSO-d6):
15.9, 22.5,37.1, 42.7, 43.1, 46.0, 110.8, 111.4, 118.3
(2xC), 121.0, 122.9, 127.2, 136.3, 151.0, 171.7, 172.9.
HRMS (ESI) m/z 346.4244 calc. for C;H,)N,0,S
[M+H]+; found 346.4246.

2.1.2.3.
0-2-phenylimino-1,3-thiazolidin-5-yl}acetic acid (3)

White solid, Mp 133-135°C, yield: 79%. 'H NMR
(300 MHz, DMSO-d,): $ 2.70-2.79 (m, 1H), 2.98-3.11
(m, 3H), 3.98-4.03 (m, 2H), 4.45 (dd, J = 3.6 Hz, 9.3
Hz, 1H), 6.88-6.91 (m, 2H), 6.96-7.01 (m, 1H),
7.05-7.16 (m, 2H), 7.23 (d, J = 2.1 Hz, 1H), 7.34-7.39
(m, 3H), 7.62 (d, J = 7.8 Hz, 1H), 10.87 (d, ] = 2.4 Hz,
1H, NH), 12.75 (1H, COOH). °C NMR (75 MHz, DM-
SO-dy): 22.4, 36.8, 43.0, 43.3, 110.6, 111.5, 118.1,
118.4, 120.9 (2C), 123.1, 124.2, 127.3, 129.3 (2C),
136.3, 148.3, 154.4, 171.7, 173.3. HRMS (ESI) m/z
394.4684 calc. for C,H,N;O,S [M+H]+; found
394.4687.

2.1.2.4. {(2Z,5R)-2-cyclohexylimino-3-/2-(1H-in-
dol-3-yl)ethyl]-4-oxo0-1,3-thiazolidin-5-yl}acetic _acid
“)

White solid, Mp 120-121°C, yield: 83%. 'H NMR
(300 MHz, DMSO-d,): 8 1.07-1.41 (m, SH), 1.49-1.77
(m, 5H), 2.18-2.5 (m, 1H), 2.64-2.70 (m, 1H¥*),
2.73-2.81 (m, 1H), 2.92-3.03 (m, 3H), 3.45 (t, J=17.2
Hz, 2H), 3.45 (t,J = 7.5 Hz, 2H*), 4.34 (dd, J = 3.6
Hz, 8.7 Hz, 1H), 4.40 (dd, J = 3.6 Hz, 9.3 Hz, 1H*),
6.94-7.00 (m, 1H), 7.03-7.09 (m, 1H), 7.16 (d, J = 2.1
Hz, 1H), 7.30 (d, J= 8.1 Hz, 1H), 7.55 (d, J = 7.8 Hz,
1H), 7.63 (d, J = 7.8 Hz, 1H*), 10.81 (s, 1H, NH),
12.75 (1H, COOH). “C NMR (75 MHz, DMSO-d,):
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22.4,25.7,26.3 (C*), 27.6, 27.7 (C*), 33.3, 33.3 (C¥),
37.3, 42.3, 42.7 (C¥*), 43.0, 53.1, 54.4 (C*), 110.7,
111.3, 111.4 (C*), 118.1, 118.2 (C*), 118.3 (C¥),
118.4, 120.8, 121.0 (C*), 122.8, 122.9 (C*), 127.3
(C*), 127.4, 136.1, 136.2 (C*), 149.1 (C*), 151.3,
171.5, 171.7 (C*), 172.9 (C¥*), 173.2. HRMS (ESI)
m/z 400.5164 calc. for C, H,N,O,S [M+H]+; found
400.5167.

2.1.2.5. {(2Z,5R)-2-(2-chloro-5-methylphenyl)imi-
no-3-[2-(1H-indol-3-yl) ethyl]-4-o0xo-1,3-thiazolid-
in-5-yllacetic acid (5)

White solid, Mp 129-131°C, yield: 87%. 'H NMR
(300 MHz, DMSO-d,): & 2.82-2.88 (m, 1H), 3.00-3.13
(m, 3H), 3.18 (s, 3H), 4.00-4.05 (m, 2H), 4.50 (dd, J =
3.6 Hz, 8.4 Hz, 1H), 4.57 (dd, J = 4.2 Hz, 7.8 Hz,
1H*), 6.88-6.76 (d, J = 2.4 Hz, 1H), 6.94-7.01 (m, 1H),
7.05-7.11 (m, 2H), 7.23 -7.25 (m, 1H), 7.35-7.38 (m,
1H), 7.42-7.48 (m, 1H), 7.60 (d, J = 7.8 Hz, 1H), 10.78
(s, 1H*, NH), 10.88 (s, 1H, NH), 12.87 (1H, COOH).
“C NMR (75 MHz, DMSO-d,): 16.9, 22.5, 22.6 (C*),
36.2 (C*), 36.6, 43.1, 43.3 (C*), 43.5, 110.5 (C*),
110.6, 111.3 (C*), 111.5, 118.1, 118.2 (C*), 118.3
(C*), 118.4, 119.6, 120.9 (C*), 121.1, 122.8 (C*),
123.2, 123.9 (C*), 123.9, 127.2 (C*), 127.2, 128.4
(C*), 128.4, 130.4, 132.0, 136.1 (C¥), 136.3, 148.4
(C*), 148.4, 155.1 (C*), 155.4, 170.5 (C*), 171.6,
173.2 (C¥), 173.4. HRMS (ESI) m/z 442.9374 calc. for
C,H,,CIN,O,S [M+H]+; found 442.9377.

triazol-5-yl)-1,3-thiazolidin-5-yljacetic_acid (6)

White solid, Mp 154-156°C, yield: 34%. '"H NMR
(300 MHz, DMSO-d,): & 3.12-3.35 (m, 2H, CH,), 4.59
(s, 1H, CH), 6.84-7.60 (m, 5H), 8.58 (s, 1H, CH) 11.18
(s, 1H, NH), 11.80 (s, 1H, COOH). °C NMR (75
MHz, DMSO-d,): 43.52, 51.73, 119.52, 120.60,
124.33 (2C), 125.50, 128.52 (2C), 128.81, 138.76,
166.88, 171,76. HRMS (ESI) m/z 318.3304 calc. for
C,,H,,N,0,S [M+H]+; found 318.3307.

2.1.2.7. [(2Z,5R)-2-(4-methylphenyl)imino-4-0x-
0-3-(1H-1,2,4-triazol-5-yl)-1,3-thiazolidin-5-yl]acetic

White solid, Mp 157-159°C, yield: 29%. '"H NMR
(300 MHz, DMSO-d,): & 2.29 (s, 3H, CH,), 3.05-3.08
(m, 2H, CH,), 4.60 (s, 1H, CH), 7.16-7.32 (m, 3H),
7.46-7.48 (d, ] = 8.4 Hz, 2H), 8.56 (s, 1H, CH) 11.13
(s, 1H, NH), 11.72 (s, 1H, COOH). "C NMR (75
MHz, DMSO-d,): 20.55, 43.26, 51.71, 120.56 (2C),
124.36 (2C), 133.10 (2C), 134.76, 136.19, 145.69,
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157.46, 166.77. HRMS (ESI) m/z 332.3574 calc. for
C,.H,.N,0,S [M+H]+; found 332.3577.

2.1.2.8. [(2Z,5R)-4-0x0-2-phenylimino-3-(1,3-thia-
zol-2-yl)-1,3-thiazolidin-5-yllacetic_acid (8)

White solid, Mp 144-146°C, yield: 72%. '"H NMR
(300 MHz, DMSO-d,): & 3.14-3.17 (m, 2H, CH,),
4.60-4.64 (m, 1H, CH), 7.40-7.42 (m, 3H), 7.43-7.48
(m, 3H), 7.60-7.61 (d, J=2.1 Hz, 1H), 7.60-7.61 (d, J
= 1.5 Hz, 1H), 12.82 (s, 1H, COOH). "C NMR (75
MHz, DMSO-d,): 43.38, 60.83, 117.26, 120.71,
124.18, 129.21 (2C), 135.40, 137.71, 139.86, 148.21,
155.39, 161.45, 169.01. HRMS (ESI) m/z 334.3874
calc. for C,,H,N,0,S, [M+H]+; found 334.3876.

0-3-(1,3-thiazol-2-yl)-1,3-thiazolidin-5-yl]acetic acid

(L]

White solid, Mp 139-141°C, yield: 80%. 'H NMR
(300 MHz, DMSO-dy): § 3.12-3.14 (m, 2H, CH,), 3.81
(s, 3H, OCH,), 4.55-4.59 (m, 1H, CH), 7.03-7.10 (m,
3H), 7.23-7.31 (m, 3H), 7.39-7.40 (d, J = 3.6 Hz, 1H),
7.59-7.60 (d, J = 3.6 Hz, 1H), 12.78 (s, 1H, COOH).
“C NMR (75 MHz, DMSO-d,): 43.48, 55.35, 114.27
(2C), 117.17, 121.76, 127.80, 129.48 (2C), 139.83,
141.26, 159.20, 161.68, 171.76, 173.46. HRMS (ESI)
m/z 364.4134 calc. for C,;H,N,O,S, [M+H]+; found
364.4136.

2.1.2.10. [(2Z,5R)-2-(4-iodophenyl)imino-4-0x-
0-3-(1,3-thiazol-2-yl)-1,3-thiazolidin-5-yl]acetic acid

ao)

White solid, Mp 162-165°C, yield: 83%. 'H NMR
(300 MHz, DMSO-d,): & 3.13-3.17 (m, 2H, CH,),
4.57-4.65 (m, 1H, CH), 7.20-7.23 (m, 2H), 7.23-7.31
(m, 3H), 7.40-7.41 (d, J = 2.4 Hz, 1H), 7.60-7.61 (d, J
= 2.1 Hz, 1H), 12.75 (s, 1H, COOH). "C NMR (75
MHz, DMSO-d,): 43.75, 60.91, 115.35, 117.38,
123.34 (2C), 130.71 (2C), 138.04 (2C), 147.81,
156.85, 161.20, 168.88. HRMS (ESI) m/z 460.2839
calc. for C, ;H,,IN,O,S, [M+H]+; found 460.2842.

2.1.2.11. [(2Z,5R)-2-(2-chlorophenyl)imino-4-0x-
0-3-(1,3-thiazol-2-yl)-1,3-thiazolidin-5-yl]acetic_acid

White solid, Mp 147-148°C, yield: 72%. '"H NMR
(300 MHz, DMSO-d,): 3 3.27-3.34 (m, 2H, CH,),
5.73-5.75 (m, 1H, CH), 7.41-7.65 (m, 5H), 7.67-7.70
(t, ] = 3.6 Hz, 1H), 7.82-7.88 (m, 1H), 12.84 (s, 1H,
COOH). C NMR (75 MHz, DMSO-d,): 34.04, 60.76,
115.55, 123.03, 129.11, 130.61, 131.88, 132.66,
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133.29, 137.82, 156.49, 170.86 (2C), 177.63. HRMS
(ESI) m/z 368.8294 calc. for C,.H,,CIN,0,S, [M+H]+;

found 368.8297.

2.1.2.12. [(2Z,5R)-2-(4-bromophenyl)imino-4-0x-
0-3-(1,3-thiazol-2-yl)-1,3-thiazolidin-5-yllacetic acid
a2

White solid, Mp 150-152°C, yield: 69%. '"H NMR
(300 MHz, DMSO-d,): & 3.13-3.15 (m, 2H, CH,),
4.56-4.60 (m, 1H, CH), 7.24-7.27 (m, 2H), 7.40-7.53
(m, 3H), 7.60-7.62 (d, J = 3.6 Hz, 1H), 7.67-7.68 (d, J
= 3.6 Hz, 1H), 12.86 (s, 1H, COOH). "C NMR (75
MHz, DMSO-d): 36.25, 43.70, 117.35, 127.36,
128.63, 131.54, 133.11, 134.10, 136.45, 139.89,
161.29, 168.88, 171.84. 173.87. HRMS (ESI) m/z
413.2834 calc. for C,H,BrN,0,S, [M+H]+; found
413.2837.

2.1.2.13. [(2Z,5R)-2-(3,4-dichlorophenyl)imino-4-ox-
l]acetic_acid

White solid, Mp 122-125°C, yield: 71%. 'H NMR
(300 MHz, DMSO-d,): 8 3.66 (s, 2H, CH,), 4.56-4.61
(t, J = 6.0 Hz, 1H, CH), 7.36-7.44 (m, 2H), 7.40-7.53
(m, 2H), 7.61-7.63 (d, J = 3.6 Hz, 1H), 7.72-7.73 (d, J
= 2.1 Hz, 1H), 12.93 (s, 1H, COOH). "C NMR (75
MHz, DMSO-d;): 36.28, 43.83, 117.51, 129.18,
130.55, 131.15, 131.29, 131.79, 135.03, 139.92,
161.02, 166.82, 168.70, 170.91. HRMS (ESI) m/z
403.2714 calc. for C H,,CI,N,0,S, [M+H]+; found
403.2717.

2.1.2.14. [(2Z,5R)-2-(3-chloro-4-methylphenyl)imi-
no-4-0xo-3-(1,3-thiazol-2-yl)-1,3-thiazolidin-5-yllacet-
ic acid (14)

White solid, Mp 146-148°C, yield: 77%. '"H NMR
(300 MHz, DMSO-d,): 8 3.57 (s, 3H, CH,), 4.42-4.43
(m, 2H, CH,), 5.68-5.70 (d, J = 7.2 Hz, 1H, CH),
7.34-7.38 (m, 3H), 7.57-7.58 (d, J = 2.1 Hz, 1H),
7.70-7.72 (d, J = 3.9 Hz, 2H), 12.90 (s, 1H, COOH).
“C NMR (75 MHz, DMSO-d,): 45.98, 50.95, 116.96,
120.83, 121.79, 123.21, 130.92, 131.52, 131.98,
134.81, 139.84, 162.74, 166.88, 169.06, 169.31.
HRMS (ESI) m/z 382.8564 calc. for C,;H,,CIN,O,S,
[M+H]+; found 382.8567.

2.1.2.15. [(2Z,5R)-2-(3-chloro-4-fluorophenyl)imi-

no-4-oxo-3-(1,3-thiazol-2-yl)-1,3-thiazolidin-5-yllacet-

ic acid (15).

White solid, Mp 147-149°C, yield: 82%. '"H NMR
(300 MHz, DMSO-d,): 8 3.34-3.35 (m, 2H, CH,),
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4.56-4.60 (t, J = 3.0 Hz, 1H, CH), 7.41-7.61 (m, 3H),
7.61-7.64 (m, 1H), 7.66-7.70 (m, 2H), 12.85 (s, 1H,
COOH). °C NMR (75 MHz, DMSO-d,): 43.76, 48.60,
117.32, 117.46, 117.62, 119.60, 119.86, 129.68,
129.78, 130.74, 132.09, 132.14, 139.91, 161.18.
HRMS (ESI) m/z 386.8198 calc. for C,.H,,CIFN;O.S,
[M+H]+; found 386.8201.

The example NMR spectra are given in the Supple-
mentary file (see Figs. S1-S30).

2.2. X-Ray Studies

The experiment was performed on a SuperNova,
single-source at offset/far, Eos diffractometer. The
crystal was kept at 100.00(10) K during data collec-
tion. Using Olex2 [37], the structure was solved with
the XS structure solution program using Direct Meth-
ods and refined with the XL refinement package using
Least Squares minimization.

2.3. Biological Assay

2.3.1. Cell Line and Culture

The human cell lines utilized in this study included
MDA-MB-231 (breast adenocarcinoma), SW620 (me-
tastatic colorectal carcinoma), and HaCaT (immortal-
ized human keratinocytes), all obtained from the Amer-
ican Type Culture Collection (ATCC, Rockville, US-
A). Cell culturing was conducted under specific condi-
tions: HCT116 and SW620 cells were maintained in
Minimum Essential Medium (MEM; Thermo Fisher
Scientific, Waltham, MA, USA), whereas MDA-M-
B-231 and HaCaT cells were grown in Dulbecco’s
Modified Eagle Medium (DMEM) with high glucose
content. The culture media were supplemented with
10% fetal bovine serum (FBS; Sigma-Aldrich, St.
Louis, MO, USA), 20 mM HEPES buffer (Biowest,
Nuaill¢, France), and antibiotics (100 U/mL penicillin
and 100 pg/mL streptomycin; Gibco, Grand Island,
NY, USA). All cell lines were incubated at 37 °C in a
humidified atmosphere containing 5% CO, until reach-
ing approximately 80-90% confluence [36].

2.3.2. MTT Assay

To assess cytotoxic properties, the MTT assay was
employed across three distinct cell lines, with results
expressed as IC,, values. The selected cancer models
included human metastatic colon carcinoma (SW620)
and human breast adenocarcinoma (MDA-MB-231).
As a reference for selectivity, a non-cancerous human
keratinocyte line derived from adult skin (HaCaT) was
used, and results were further evaluated using the Se-
lectivity Index (SI).
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The MTT assay is based on the enzymatic reduc-
tion of the yellow tetrazolium salt, 3-(4,5-dimethylthia-
zol-2-yl)-2,5-diphenyltetrazolium bromide (MTT), into
purple formazan crystals by mitochondrial dehydroge-
nases in metabolically active cells.

Cells were seeded into 96-well plates at a density
of 1 x 10" cells per well and allowed to adhere during a
24-hour incubation period. Subsequently, they were
treated with varying concentrations (20-100 pM) of
1,3-thiazolidin-5-yl derivatives, while the control
group remained untreated. After a 72-hour incubation
at 37°C in a humidified atmosphere with 5% CO,,
MTT solution (0.5 mg/mL) was added to each well, fol-
lowed by an additional 4-hour incubation under the
same conditions. To solubilize the resulting formazan
crystals, a 1:1 (v/v) mixture of DMSO and isopropanol
was used.

Absorbance was measured at 570 nm using a Multi-
scanGo microplate reader (Thermo Scientific). Cell via-
bility was calculated as the percentage of MTT reduc-
tion in treated cells relative to the untreated control, us-
ing the formula: ([A]/[B]) x 100%, where [A] repre-
sents the absorbance of treated cells and [B] denotes
the absorbance of the control group. Lower MTT val-
ues indicate reduced viability. IC;, values, defined as
the concentration of compound that inhibits 50% of
cell viability, were determined using GraphPad Prism
8.0.1 software [36]. The MTT assay was conducted
across a concentration range of 1 to 100 pM. For com-
pounds that failed to induce at least 50% inhibition of
cell viability at 100 pM, IC,, values were recorded as
“>100 uM” to indicate the absence of significant cyto-
toxicity within the tested range.

2.3.3. Cell Cycle and Apoptosis

2.3.3.1. Cell Cycle Analysis

SW620 and MDA-MB-231 cells were seeded in
six-well plates at a density of 1 x 10° cells per well and
incubated for 24 hours to facilitate attachment. Follow-
ing this period, compounds 5, 6, and 7 were introduced
at concentrations equivalent to their respective IC,, val-
ues, excluding the control wells, and cells were incubat-
ed for an additional 24 hours. Subsequently, both ad-
herent and non-adherent cells were harvested and cen-
trifuged at 400 x g for 5 minutes at 4 °C. The cell pel-
lets were washed twice with 0.9% NaCl and fixed
overnight in 500 pL of pre-cooled 70% ethanol.

Prior to flow cytometric analysis, samples were cen-
trifuged at 850 x g for 5 minutes at 4 °C and rinsed
with phosphate-buffered saline (PBS). Cells were then
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incubated at 37 °C for 30 minutes in the dark with 50
pL of RNase (100 pg/mL) and 200 pL of propidium io-
dide (PI; 50 pg/mL). Before measurement, each sam-
ple was diluted with an additional 100 pL of PBS. Cell
cycle distribution was analyzed using a FACSVerse
flow cytometer (Becton Dickinson, Franklin Lakes,
NIJ, USA). All experiments were carried out in quadru-
plicate [34].

2.3.3.2. Apoptosis

SW620 and MDA-MB-231 cells were seeded into
6-well plates at a density of 1 x 10° cells per well and
incubated for 24 hours to promote cell attachment. Fol-
lowing this, compounds 5, 6, and 7 were administered
at concentrations corresponding to their respective IC,,
values, while control wells remained untreated. Cells
were then incubated for an additional 72 hours.

Apoptosis was assessed using the commercially
available FITC Annexin V Apoptosis Detection Kit I
(Biosciences Pharmingen, San Jose, CA, USA). After
treatment, cells were harvested, washed with phos-
phate-buffered saline (PBS), and stained with Annexin
V-FITC and propidium iodide (PI), following the man-
ufacturer's instructions (Becton Dickinson). Flow cy-
tometry analysis was performed using a FACSVerse in-
strument (Becton Dickinson, Franklin Lakes, NJ, US-
A) to evaluate apoptotic status. Based on staining, cells
were categorized as early apoptotic (Annexin V+/PI-)
or late apoptotic/necrotic (Annexin V+/PI+) [34].

2.3.4. Human Interleukin 6

To assess interleukin-6 (IL-6) production, a human
IL-6 ELISA kit (Diaclone SAS, Besangon Cedex,
France) was used. The SW620 and MDA-MB-231 cell
lines were treated with compounds 5, 6, and 7 at con-
centrations equivalent to their IC,, values and incubat-
ed for 72 hours. Non-treated cells were included as a
control group. Following incubation, culture superna-
tants were collected and analyzed for IL-6 content us-
ing the enzyme-linked immunosorbent assay method,
following the supplier’s instructions. Each experimen-
tal condition was performed in triplicate.

2.3.5. In Silico Studies

2.3.5.1. Molecular Docking

To investigate interactions with the Epidermal
Growth Factor Receptor, we performed pocket-based
molecular docking of 15 studied molecules against 5
different crystal structures of the receptor, each featur-
ing a defined active site and a confirmed antagonist of
the receptor under study (1M17, 2ITO, 4123, 4LQM,
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7AEM). In selecting the crystal structures, we aimed
for the greatest possible diversity in the Shape of the
Binding Pocket (pocket IDDT metric) and Tanimoto Li-
gand Similarity while maintaining the appropriate anta-
gonist properties of the native ligand.

Molecular docking was performed using the classi-
cal software AutoDock Smina 1.1.2 [38], targeting the
native ligand pocket with an additional amount of buf-
fer space measuring 4 A. Subsequently, the docking
scoring function results were compared with the results
for native ligands. Visualizations were presented using
PyMOL software.

2.3.5.2. Molecular Dynamics Simulation

Molecular dynamics simulations for selected com-
plexes were performed using OpenMM 8.2.0 [39]. Pri-
or to this, the protein was properly repaired by adding
missing residues and amino acids, as well as standardiz-
ing non-standard residues. This process was carried
out using MODELLER 10.6 [40] and the PDBFixer
package.

For the dynamics simulations, the Amber {f14SB
force field [41] was applied for the protein, while the
gaff-2.11 force field was used for the ligand. The en-
tire complex was placed in a solvent using the TIP3P
water model with a padding of 10.0 A. The ion concen-
tration was set to 150 mM NaCl.

The prepared system underwent a multi-step prelim-
inary dynamics process, which included the following
stages: energy minimization, heating from 50 to 300
K, release of backbone restraints, and equilibration un-
der NVT conditions, followed by NPT conditions. Af-
ter these preparations, a full molecular dynamics simu-
lation of the complex was conducted for 100 ns with a
1ps timestep and 100ps write interval.

The detailed parameters for the dynamics and each
stage of the preparation process are presented in Table
1.

Subsequently, the trajectories were analyzed using
the PyTraj 2.0.2 python package [42], and free energy
calculations were performed via gmx MMPBSA 1.6.4
software [43]. MM/PBSA [44] and MM/GBSA [45]
were calculated for every 100 simulation snapshots.

When analyzing molecular dynamics by the protein
trajectory, we refer to the trajectories of all C-alpha
atoms in the protein. By the ligand trajectory, we con-
sider all atoms of the ligand molecule except for hydro-
gen. Finally, the pocket trajectory encompasses the
amino acids located within a 6 A distance from the na-
tive ligand in the first frame of its simulation.

Szostek et al.

2.3.5.3. ADMET Prediction

To perform the prediction of key-druglike parame-
ters, the open source ADMET-AI python package [46]
was used in our local batch environment. The ottained-
data file of predictions was given to standardization us-
ing MaxAbsScaller, which is an estimator for scaling
each feature by its maximum absolute value, ensuring
that all values lie between -1 and 1 while preserving
the data's sparsity. Then, a standardized data file was
provided to hierarchical clustering using the Ward
method, which groups compounds based on their simi-
larities across selected molecular properties. The ward
method minimizes the variance within each cluster, cre-
ating a more distinct clustering pattern. To create a vi-
sualization as a heatmap with a dendrogram, the clus-
ter map function from Seaborn was used, which auto-
matically performs hierarchical clustering and gener-
ates a heatmap with a dendrogram. To create a radial
chart, standard python coding with the NumPy library
was used. To display the plots with matplotlib.pyplot li-
brary was used.

2.3.6. Statistical Analysis

Statistical evaluations were performed using Graph-
Pad Prism 9 (San Diego, CA, USA). Results are ex-
pressed as mean + standard deviation (SD) based on a
minimum of three independent experiments. Differ-
ences between groups were analyzed using one-way
ANOVA, followed by Dunnett’s post hoc test for multi-
ple comparisons. A p-value of less than 0.05 was con-
sidered statistically significant [34].

3. RESULTS AND DISCUSSION
3.1. Chemistry

3.1.1. Synthesis

In this paper, we disclose fifteen novel (2-imi-
no-4-oxo-1,3-thiazolidin-5-yl)acetic acid derivatives.
The synthetic strategy involved obtaining five com-
pounds in each group based on the heterocyclic sub-
stituent used (Table 2). We aimed to test the effective-
ness of the reaction in terms of yields, universality, and
biological activity outcomes. The obtained derivatives
were categorized into three sets based on the hetero-
cyclic rings attached to the core 4-thiazolidinone mo-
tif: tryptamine, thiazole, and 1,2,4-triazole. The synthet-
ic route was consistent across all derivatives, involving
a reaction between a thiourea derivative and maleic an-
hydride, resulting in the formation of thiazolidin-4-one
ring analogs through cyclization (Fig. 2).
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Table 1. Summary of parameters used in molecular dynamics simulations.

Molecular Dynamics Simulation Step
Properties -
P Minimization Heating Ba?kbone Res NVT Equilibration (NPT Equilibration| Production Run
trains Removal
Time [ns] ~ until 10*kj/mole 0.025 0.5 0.5 0.5 100
Temperature 50 from 50 to 300 300 300 300 300
Integrator Langevin Integrator
Thermostat Andersen Thermostat
Barostat MonteCarlo Barostat
Timestep Value [ps] 1.0
Friction Value [1/ps] 1.0
NonBonded Method Periodic Mesh Ewald with 10.0A cutoff
R
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Fig. (2). The scheme of the synthetic pathway of new (2-imino-4-oxo-1,3-thiazolidin-5-yl)acetic acid derivatives (compounds
1-15) with proposed general mechanism of product formation.
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Table 2. Summary of main heterocyclic substituent (R,) and additional substituents (R,) applied for the synthesis of
new (2-imino-4-oxo-1,3-thiazolidin-5-yl)acetic acid derivatives (compounds 1-15).

R, R,
1(-3CL4F-Ph)
. 4 (-cyclohexyl)
Tryptamine 2 (-Et),
3 (P 5 (-2C1,4Me-Ph)
. 6 (-Ph)
1,2,4-Triazole 7 (-4Me-Ph)
8 (-Ph) 12 (-4Br-Ph)
. 9 (-OMe-Ph) 13 (-3.4C1-Ph)
Aiszols 10 (-41-Ph) 14 (-3Me 4C1-Ph)
11 (-2C1-Ph) 15 (-3F,4C-Ph)

Based on previous reports, acetone [47] was select-
ed as the solvent for this reaction to predefine regiose-
lectivity, as the nucleophilic attack by the nonequiva-
lent nitrogen atoms of the thiourea could result in vary-
ing ratios of regioisomers. We can confirm that the use
of acetone promoted the formation of a single regioi-
somer, as reported in the previous studies [48, 49].

However, the synthesis of 4-thiazolidinones com-
bined with a 1,2,4-triazole ring resulted in unsatisfacto-
ry yields due to the low solubility of the triazole subs-
trate under the reaction conditions. This limitation led
to the formation of only two derivatives in this group
(compounds 6 and 7). Despite this, the promising pre-
liminary anticancer screening results for these com-
pounds motivated us to include them in further tests,
which are detailed in this article. Additionally, we plan
to perform separate studies on a larger group of 4-thia-
zolidinone and triazole hybrids, applying alternative
synthetic pathways to improve yields, solubility, and
stereochemical purity.

The structures of all obtained products were con-
firmed using NMR spectroscopic analysis, including
'H and “C NMR, revealing characteristic chemical
shifts consistent with the proposed molecular frame-
works. In the case of 'H NMR, the most identifiable
were: the methine proton (adjacent to carbonyl, and at-
tached to the acetic acid group), the methylene protons
of the CH,COOH side chain, and the COOH proton.
For "C NMR: the C=0 (lactam carbon), the C=N (imi-
no group), and the COOH carbon (carboxylic acid).

It should be noted that for (2-imino-4-oxo-1,3-thia-
zolidin-5-yl)acetic acid derivatives, tautomerism and
H-bonding may appear and influence the NH, COOH,
or other group signals not only due to the central 4-thia-
zolidinone skeleton, but also due to the chosen hetero-
cycles. The Supplementary file includes the specific da-

ta. In addition, confirmation of stereochemistry was
achieved via X-ray analysis of the monocrystal of com-
pound 2 (see section 2.1.2). Such a study is widely con-
sidered the gold standard or final proof for structure
confirmation because it provides direct, three-dimensio-
nal atomic-level details of a molecule.

3.1.2. X-ray Diffraction Studies

After synthesis, compound 2 was successfully sub-
mitted for crystallization using a 1:1 mixture of water
and absolute ethanol, resulting in the isolation of a
monocrystal structure. This allowed us to perform X-
ray diffraction studies, which confirmed the regioselec-
tive nature of the presented synthetic route under the
given conditions and previously described formation
of a single regioisomer. Crystal data and structure
refinement are summarized in Table 3. The Cambridge
Crystallographic Data Centre (CCDC 2456121) con-
tains the supplementary crystallographic data for this
paper. These data can be obtained free of charge
viahttps://www.ccdc.cam.ac.uk/structures/. To our
knowledge, this is the first crystal structure of (2-imi-
no-4-oxo-1,3-thiazolidin-5-yl)acetic acid derivative re-
ported to date.

Compound 2 crystallizes in the monoclinic crystal
system, belonging to the space group P2,/c. The asym-
metric unit contains one molecule of {(2Z,5R)-2-
ethylimino-3-[2-(1H-indol-3-yl)ethyl]-4-0x0-1,3-thia-
zolidin-5-yl}acetic acid, along with two water
molecules (Fig. 3). The crystal packing reveals several
intermolecular N-H---O hydrogen bonds, including
N3-H3---020 (2.794 A) and N22-H22---021 (2.745
A), as illustrated in Fig. (4). Moreover, the overall
structure is further stabilized by O-H:--O hydrogen
bonding interactions involving the water molecules,
with bond lengths ranging from 2.766 to 3.007 A.
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Table 3. Crystallographic parameters and structure refinement details for compound 2.

Properties Compound 2
Empirical formula C,;H,)N;O,S,,2(H,0)
Formula weight 381.44
Temperature [K] 100.00(10)
Space group P2 /c
Unit cell dimensions
a[A) 7.4109(2)
b[A) 12.5547(4)
c[A] 19.1743(7)
a[°] 90.00
B[] 100.129(3)
Y [°] 90.00
Volume ¥ [A’] 1756.21(10)
Z [molecules/cell] 4
Dyuues [g €M) 1.443
Absorption cqlefﬁcient 0219
wmm
26 range for data collection [°] 3.9-52.72
Limiting indices 6<=h=>9
-12<=k=>15
20<=1=>23
Reflections collected/unique 6615/3594
Data/parameters 3594/254
Goodness of Fit 1.041
Final R index (/> 20) 0.0543
wR’ 0.1334
Largest diff. Peak and hole [A”] 0.90 and -0.60

Fig. (3). The molecular structure of compound 2 with two water molecules showing displacement ellipsoids at the 50% proba-
bility level.
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Fig. (4). Packing arrangement and key intermolecular interactions within the crystal lattice of compound 2, viewed along the

[100] crystallographic axis.

This unequivocal structural confirmation not only
validates the regio- and stereochemical integrity of our
synthetic route but also provides a solid foundation for
the subsequent biological evaluation of these thiazolidi-
none derivatives in cytotoxicity assays in the next
steps of this research.

3.2. Cytotoxic Activity

A preliminary assessment of cytotoxic activity was
performed for all newly obtained compounds (Table
4). It was expressed in IC,, values and established us-
ing the MTT method. The tumor cells used in the study
were derived from human metastatic colon cancer
(SW620) and human breast adenocarcinoma (MDA-M-
B-231) cell lines. The results of IC,, values against can-
cer cell lines were compared to those obtained from
tests with the human immortal keratinocyte cell line
(HaCaT), representing normal cells, and expressed as
selectivity index (SI).

Most of the new 4-thiazolidinone derivatives from
the first set, containing a tryptamine ring, were found
not to be active toward the studied cancer cell lines.

However, compound 5 bearing a 2-chloro-4-methy-
lophenyl substituent exhibited significant cytotoxic ac-
tivity at a level of ICy, =21.16 £ 0.36 uM, registered
against the MDA-MB-231 cancer cell line. It is worth
emphasizing that HaCaT cells were not affected by
compound 5, which resulted in a high selectivity index
of 4.73. In the group of 4-thiazolidinones containing a
thiazole ring, most of the compounds did not show an-
tiproliferative activity. The best result in this group
was observed for compound 15, presenting IC,= 53.24
+ 2.80 uM against SW620 cell line.

In general, the thiazole-substituted derivatives ex-
hibited the weakest cytotoxic activity among the tested
compounds, with several showing IC;, values above
100 puM. This decreased potency may be attributed to
the electronic and steric characteristics of the thiazole
moiety, which introduces planarity and rigidity that
may impair optimal receptor binding. In contrast to the
more flexible triazole and tryptamine derivatives, the
thiazole ring may reduce compound permeability or
hinder critical interactions within the active site of
molecular targets.
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Table 4. Assessment of cell viability reduction by the studied compounds via MTT" assay.

Cancer Cell Lines Normal Cells
Compound MDA’ SW 620° HaCaT*

IC,," SI° (o SI ICc.’
1 100 1 100 1 >100
2 100 1 100 1 >100
3 100 1 100 1 >100
4 100 1 100 1 >100
5 21.16 = 0.36 473 100 1 >100
6 100 41.31+ 1.98 2.42 >100
7 36.82 +2.78 2.71 24.10 +3.98 4.16 >100
8 100 1 100 1 >100
9 100 1 100 1 >100
10 77.18 + 3.68 1.30 100 1 >100
11 100 1 100 1 >100
12 100 1 100 1 >100

13 100 0.24 75.71 + 8.06 0.31 23.48 +7.45
14 100 1 100 1 >100
15 100 1 53.24 +2.80 1.88 >100

Ref* 1.65+0.23 0.28 1.83+0.10 0.16 0.46 +0.03

“The MTT assay is a commonly applied colorimetric technique to evaluate cell viability based on metabolic activity. It functions through NADPH-dependent
oxidoreductase enzymes that convert the MTT tetrazolium salt into an insoluble, purple-colored formazan product. " Data are reported as mean + SD. The IC.,
(uM) value indicates the compound concentration that reduces cell growth by 50% in comparison to untreated control cells, following 72 hours of exposure. *
The Selectivity Index (SI) was determined using the equation: SI = IC,, for non-cancerous cells / IC,, for cancerous cells. * Human metastatic colon cancer cell
line (SW620). * Human keratinocyte cell line derived from adult skin (HaCaT). ' Human breast adenocarcinoma cells (MDA).

* Doxorubicin was used as a standard reference drug due to its established role in anticancer therapy.

The 1,2,4-triazole derivatives (compounds 6 and 7)
contained phenyl and 4-methylophenyl substituents, re-
spectively, and exhibited significant cytotoxic activity.
Compound 7 showed IC;;= 36.82 + 2.78 uM and IC;=
24.10 £ 3.98 uM, against MDA-MB-231 and SW620
cancer cells, respectively. Compound 6 had slightly
lower activity, with an IC,= 4131 += 1.98 uM
(SW620). Neither of the compounds exhibited cytotox-
ic properties toward the normal human cell line (Ha-
CaT), giving IC,, values greater than 100 pM. This in-
dicated high selectivity indexes for compounds 6 and 7
at 2.42 and 4.16, respectively.

Based on their favorable antiproliferative profiles
observed in the MTT assay, particularly in the MDA-
MB-231 cell line and extraordinary selectivity, com-
pounds 5, 6, and 7 were selected for further investiga-
tion. These derivatives exhibited the most pronounced
cytotoxic activity within the tested series. Their en-
hanced performance suggested a promising struc-
ture-activity relationship, warranting more detailed
mechanistic and molecular docking studies to elucidate

their potential mode of action and interaction with
oncogenic targets.

3.3. Investigation of Anticancer Mechanism

3.3.1. Apoptotic Activity

Due to the results from preliminary cytotoxic activi-
ty evaluations against human metastatic colon cancer
(SW620) and human breast adenocarcinoma (MDA-M-
B-231) cell lines, compounds 5, 6, and 7 were selected
for further testing to investigate their mechanism of ac-
tion. To establish the apoptotic effects of the novel (2-
imino-4-oxo-1,3-thiazolidin-5-yl)acetic acid deriva-
tives on these cancer cell lines, flow cytometry fol-
lowed by annexin V-FITC and PI staining was used.
As shown in Figs. (5§ and 6), we observed significant
differences in the number of cells in the apoptotic state
in samples treated with the studied compounds com-
pared to the untreated control group, suggesting that th-
ese compounds may possess proapoptotic properties.
Overall, MDA-MB-231 cells demonstrated greater sen-
sitivity to the studied compounds in inducing apoptosis
compared to SW620 cells.
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Fig. (5). Effect of novel N-derivatives of (2-imino-4-oxo-1,3-thiazolidin-5-yl)acetic acid 5, 6, and 7 on late apoptosis or necro-
sis and early apoptosis in human metastatic colon cancer (SW620) and human breast adenocarcinoma (MDA-MB-231) cell
lines. Cells were treated with compounds at their IC;, values and incubated for 72h, followed by staining with annexin V-FITC
and propidium iodide (PI). The assay was performed using flow cytometry. The outcomes are expressed as the proportion of
cells undergoing early apoptosis and those in late apoptosis or necrotic stages. *** p < 0.0001, ** p <0.001, in comparison to
the control group. (4 higher resolution / colour version of this figure is available in the electronic copy of the article).
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Fig. (6). Representative percentages presented as dot plots illustrate the apoptosis assessment of (A) MDA-MB-231, (B)
SW620, and other cancer cell lines treated with compounds 5, 6, and 7. The analysis was carried out via flow cytometry using
Annexin V-FITC/PI double staining, distinguishing between Q1-viable cells, Q2-early apoptotic, Q3-late apoptotic/necrotic,
and Q4-necrotic populations. (4 higher resolution / colour version of this figure is available in the electronic copy of the arti-
cle).
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Compound 7 (Figs. 5 and 6) had the strongest
proapoptotic effect, leading 6.60 + 0.69% (p < 0.0001)
and 2.38 + 0.15% (p < 0.001) of MDA-MB-231 and
SW620 cells, respectively, to late apoptosis or necro-
sis, compared to 0.15 £ 0.029% for MDA-MB-231 and
1.05 = 0.07% for SW620 in the control groups. Com-
pound 6 acted similarly towards SW620 cells, result-
ing in 2.91 + 0.12% (p < 0.0001) of cells being regis-
tered in the stage of late apoptosis or necrosis (Figs. 5
and 6B). Furthermore, derivative 5 led a significant
number of MDA-MB-231 cells to enter the state of late
apoptosis or necrosis (Figs. 5 and 6A) with a percent-
age of 5.19+ 0.17% (p < 0.0001), compared to 0.93 +
0.015% in the control group.

The results obtained from the apoptosis assay con-
firmed the observations from the MTT experiment, re-
vealing the properties of compounds 5, 6, and 7 in in-
ducing a moderate number of cells to late apoptosis
and necrosis. Additionally, MDA-MB-231 cancer cells
showed slightly higher sensitivity to this effect. This
suggests that the antiproliferative properties of the
studied compounds may be related to their potential to
induce proapoptotic effects in cancer cells.

Since apoptosis often arises from earlier disruptions
of cell-cycle control, we asked whether the same com-
pounds that triggered late-stage cell death might also
halt proliferation at specific checkpoints. Therefore, af-
ter confirming that derivatives 5, 6, and 7 significantly
increased the fraction of cells in late apoptosis or necro-
sis, we analyzed their impact on cell-cycle distribution
in both MDA-MB-231 and SW620 cell lines. The next
section details how these compounds influence the G1,
S, and G2/M phase populations, shedding light on
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whether cell-cycle arrest precedes and possibly drives
the proapoptotic effects observed above.

3.3.2. Induction of Cell Cycle Arrest

The cell cycle is a series of events, including DNA
duplication, protein translation, and gene transcription,
which take place in a single cell before it divides into
two new cells [50]. Dysregulation of crucial cell cycle
proteins and the cell cycle itself is a hallmark of cancer
cells, enabling their uncontrolled proliferation and
growth. Thus, therapies targeting dysregulated cell cy-
cle processes in cancer cells can potentially hinder
their development [51-53].

To evaluate the effect of compounds 5, 6, and 7 on
cell cycle progression in MDA-MB-231 and SW620
cancer cells, the cells were exposed to IC,,-equivalent
concentrations of the compounds and incubated for 24
hours. Cell cycle distribution was then analyzed using
flow cytometry.

Both compounds S and 7 influenced cell cycle pro-
gression in MDA-MB-231 cells, although their effects
differed (Figs. 7 and 8A). Compound 7 caused cell cy-
cle arrest in the GO/G1 phase, as indicated by a higher
percentage of cells in this phase compared to untreated
controls. A reduction in the proportion of cells in the S
and G2/M phases accompanied this. These findings im-
ply that compound 7 may exhibit antiproliferative activ-
ity, potentially promoting apoptosis, which is further
supported by a modest increase in the sub-G1 fraction,
representing apoptotic or dead cells. In contrast, com-
pound 5 led to an accumulation of cells in the G2/M
phase, with a concurrent decline in the S phase popula-
tion, suggesting a different mechanism of cell cycle dis-
ruption.

= G2M

1 Go/G1
Bl subG1

Cul 6 7
SW620

Fig. (7). Cell cycle analysis of MDA-MB-231 and SW620 cells was performed after 24-hour treatment with compounds 5, 6,
and 7 at concentrations equivalent to their respective IC;, values. The SubG1 population corresponds to apoptotic and non-vi-
able cells. Data are shown as mean + standard deviation (SD) from three independent experiments. ** p < 0.001, * p <0.05,
compared to the untreated control. (4 higher resolution / colour version of this figure is available in the electronic copy of the

article).
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Fig. (8). Flow cytometric evaluation of cell cycle distribution was conducted following 24-hour exposure of (A) MDA and (B)
SW620 cancer cells to compounds 5, 6, and 7 at concentrations corresponding to their ICy, values. The SubG1 phase indicates
the proportion of apoptotic or non-viable cells. Data are expressed as mean + standard deviation (SD) from three independent

experiments. (4 higher resolution / colour version of this figure is available in the electronic copy of the article).

In SW620 colorectal cancer cells, compound 7 de-
monstrated the most pronounced effect, significantly in-
creasing the proportion of cells in the G2/M phase,
alongside a rise in the S phase population, relative to
the control group (Figs. 7 and 8B). This was coupled
with a marked reduction in GO/Gl phase cells
(48.89%, p < 0.001), suggesting cell cycle arrest at a
later checkpoint. Treatment with compound 6 resulted
in a 1.7-fold increase in the S phase cell population (p
< 0.05), along with a decrease in cells residing in the
GO0/G1 phase. Furthermore, exposure to compound 6
led to a 2.77-fold increase in the sub-G1 fraction com-
pared to the control, indicating elevated levels of apop-
tosis or cell death.

The results obtained from the cell cycle investiga-
tion are consistent with those from previous analyses.
The induction of cell cycle arrest in the GO/G1 phase
and an increased population of cells in the sub-Gl
phase, representing dead cells, confirmed the proapop-
totic potential of compounds 6 and 7. Compound 5 de-
monstrated antiproliferative potential through inhibi-
tion of cell growth in the S phase, preventing cells
from progressing to mitosis, which occurs in the G2/M
phase.

Because checkpoint blockade and apoptosis are of-
ten modulated by inflammatory cues—especially the
IL-6/JAK-STAT3 axis, which can either push tumor
cells into GO/G1 arrest or, conversely, promote survi-
val depending on context [54, 55] —we next examined
whether our thiazolidinone derivatives alter IL-6 signal-
ing. The following section therefore, reports how com-
pounds 5, 6, and 7 affect IL-6 secretion and pathway
activation in MDA-MB-231 and SW620 cultures, clari-
fying whether modulation of this cytokine accompa-
nies the cell cycle and apoptotic changes described
above.

3.3.3. Human Interleukin 6

To better understand the cytotoxic mechanisms of
action, (2-imino-4-0xo0-1,3-thiazolidin-5-yl)acetic acid
derivatives (compounds 5, 6, and 7) were subjected to
a human interleukin-6 (IL-6) assay (Fig. 9). IL-6 is a
prototypical, pro-inflammatory cytokine involved in
maintaining homeostasis [56] and is overexpressed in
almost every type of cancer. A higher concentration of
IL-6 has been shown to promote tumorigenesis by regu-
lating crucial metabolic and signaling pathways. There-
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fore, compounds that reduce IL-6 secretion in cancer
cells can be considered potential antitumor agents [57].

To conduct a Human IL-6 test, previously used can-
cer cells were treated with the compounds at concentra-
tions corresponding to their IC;, values. Among the hu-
man cancer cell lines used in the study, MDA-MB-231
was identified as more sensitive to the inhibition of
IL-6 release compared to SW620. The strongest effect
on MDA-MB-231 cells was observed with compound
5, which inhibited IL-6 secretion by a factor of 4.1,
compared to the control group (p< 0.001).

However, for compound 7, the registered concentra-
tion of IL-6 was 6.63%£1.76 pg/mL, compared to
8.67£1.54 pg/mL in the control group, indicating its
moderate inhibitory influence on the same cancer cell
line (p< 0.01). For SW620 cells, inhibition of IL-6 se-
cretion was observed at levels of 1.38-fold and 2.21--
fold compared to the control group, for compounds 6
and 7, respectively.

The reduction of IL-6 concentration in cells caused
by the studied compounds complements the previous
results from cytotoxic evaluation tests. MDA-MB-231
cells were shown to be more sensitive to exposure to
the studied compounds compared to the SW620 cancer
cell line. The strongest effect was registered for com-
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pound 5, which inhibited IL-6 secretion by 76%, com-
pared to the control group.

Having shown that compounds 5, 6, and 7 stall the
cell cycle and drive apoptosis, we next asked how th-
ese molecules might engage their protein targets at the
atomic level. Therefore, the following section presents
our molecular docking studies, in which each com-
pound was fitted into the active sites of key cancer-re-
lated kinases. These in silico results help explain the
distinct cell cycle checkpoints affected by each deriva-
tive and provide a structural basis for the antiprolifera-
tive trends observed in vitro.

3.4. In Silico Studies

3.4.1. Molecular Docking and Molecular Dynamics
Simulation

Molecular docking is a bioinformatics technique
used to predict the conformation of a ligand within the
active site of a macromolecule and to estimate the bind-
ing affinity of the resulting protein-ligand complex.
This prediction is guided by strictly defined scoring
functions. It is important to emphasize that molecular
docking primarily serves as a preliminary screening
tool, paving the way for more complex and computatio-
nally intensive molecular dynamics simulations of the
complex.
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Fig. (9). The influence of novel (2-imino-4-oxo-1,3-thiazolidin-5-yl)acetic acid derivatives 5, 6, and 7 on IL-6 secretion was
evaluated using ELISA in supernatants collected from human metastatic colon cancer (SW620) and human breast adenocarci-
noma (MDA-MB-231) cell cultures. Results are presented as mean + standard deviation (SD) from three independent experi-
ments, each performed in triplicate. *** p < 0.001, ** p <0.01, * p <0.05, relative to the control group. (4 higher resolution /
colour version of this figure is available in the electronic copy of the article).
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The MDA-MB-231 cancer cell line demonstrated
greater sensitivity to the studied compounds during pre-
liminary evaluations of cytotoxicity, apoptosis induc-
tion, and cell cycle arrest. Scientific reports have
shown that various types of human breast cancer, in-
cluding human breast adenocarcinoma, often exhibit
overexpression of the epidermal growth factor receptor
(EGFR) [58]. Moreover, combined therapy of the well--
known antitumor agent doxorubicin with EGFR inhibi-
tors improved the efficacy of cytotoxic action and was
identified as a synergistic interaction [59].

To determine whether the cytotoxic mechanism of
the candidate compounds (5, 6, and 7) identified in the
in vitro phase is associated with potential interference
with EGFR receptor, we conducted docking experi-
ments using five crystal structures of EGFR (1M17, 2I-
TO, 4123, 4LQM, and 7AEM) [60-64], each featuring
defined active pockets. These structures correspond to
conformations bound with five different receptor antag-
onists: erlotinib, gefitinib, dacomitinib, PD-168393,
and brigatinib (Fig. 10). We evaluated the three
studied molecules (compounds S, 6, and 7) against th-
ese active pockets.

This preliminary study aimed to evaluate whether
compounds 5, 6, and 7, later discussed as ligands, pos-
sess the biophysical potential to act as antagonists for
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EGFR. Such findings could provide valuable insights
into their mechanism of action, which, despite existing
hypotheses based on known pharmacodynamic effects,
remains unconfirmed. Notably, the scoring function re-
sults for these compounds significantly exceeded those
of the native ligands, as shown in Table 5.

Through the docking results obtained from the stat-
ic crystal structures, we derived not only a numerical
evaluation of binding affinity but also a spatial repre-
sentation of the molecular conformation. This spatial
arrangement served as the initial positioning for subse-
quent molecular dynamics simulations. In total, we per-
formed four simulations: three involving the target
molecules within the most promising binding pocket
(7AEM), and one with the same pocket bound to the
native ligand.

The best-docked poses from each complex, along
with the native pose of the original ligand, were used
as starting points for our molecular dynamics simula-
tions. From the generated trajectories, we analyzed and
compared changes in the RMSD (root mean square de-
viation) of the protein's C-alpha atoms, the active site,
and the entire ligand. Additionally, we evaluated the
RMSF (root mean square fluctuation) of protein resi-
dues, with particular emphasis on those in the active
site and the ligand atoms.

l
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Native Ligand: Gefitinib
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Native Ligand: Dacomitinib Native Ligand: PD-168393  Native Ligand: Brigatinib

Fig. (10). Native ligands from RCSB protein data bank EGFR complexes.
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Table 5. Comparison of average AutoDock SMINA results for native and studied molecules.

Compound Crystal ID
1M17 [ 2ITO | 4123 | 4LQM TAEM
Predicted Binding Score [kcal/mol] (])
Native Molecule -6.74 | -7.34 | -7.83 | -1.51 -7.71
10 Poses Predicted Binding Score (minjmax) [kcal/mol]
5 8.7-7.5 -8.8/-8.1 8.4]-7.6 8.7]-7.9 -9.4/-8.0
6 -7.61-6.9 -7.6]-7.0 8.6/-7.3 8.4-7.5 -8.7]-7.5
7 -8.4]-7.8 8.11-7.4 8.7]-7.2 8.4]-7.8 9.2/-8.0
Table 6. Root mean square deviation (RMSD) of ligand, protein, and pocket in angstrom.
Compound
native 5 6 7
Ligand RMSD (mean|std) [A] 1.29]0.27 1.22]0.28 0.73]0.18 0.740.31
Protein RMSD (mean|std) [A] 8.41(3.14 545(1.3 6.47]1.70 6.13]2.06
Pocket RMSD (mean|std) [A] 0.9410.15 1.7210.24 1.32]0.24 0.70]0.11

The first stage of analysis involved calculating the
superimposed root mean square deviation (RMSD) of
atomic positions, using the first simulation frame as
the reference. As shown in Fig. (11 and 12) and Table
6, the RMSD of protein trajectories revealed stable
mean values (~5-6 A) with low deviations in the pres-
ence of compounds 5-7, indicating improved global
structural stability over time. In contrast, the RMSD of
ligands 6 and 7 showed similar values, suggesting com-
parable dynamic behavior, while the native ligand and
compound 5 exhibited lower average RMSD values
(~1.2 A), which may reflect difficulties in achieving a
thermodynamically stable conformation. A similar
trend was observed in the active site residues. Except
in the presence of compound 5, the active site RMSD
vallﬁs remained relatively constant, averaging below
1.5 A.

In contrast, the RMSF analysis indicated greater
flexibility in the heavy atoms of the native ligand com-
pared to the studied molecules. This observation
suggests that the tested compounds may align more ef-

fectively with the active site. The increased flexibility
of the native ligand could be attributed to its larger size
and the spatial constraints of the active site pocket.
Consequently, larger ligands, such as the native ligand,
may exhibit less favorable interactions compared to
smaller molecules like compounds 5-7.

Surprisingly, the analysis of free binding energy us-
ing two methods (Table 7) revealed that, despite the
significant mobility of the native ligand, it exhibited
the most stable affinity towards the protein. In con-
trast, molecule 6 displayed a different performance due
to its relatively constant intermolecular van der Waals
interactions (Fig. 11 and 12), which led to a significant
and unfavorable increase in binding energy. A detailed
analysis of the trajectory movements of the native li-
gand and molecule 6 complexes, visualized in Fig.
(13), highlights that the stability of the native ligand
arises from its incomplete embedding within the active
pocket. For the native ligand, only a portion of its
atoms interacts with the pocket, while the remaining
atoms, responsible for high fluctuations, rotate freely
at a greater distance from the protein surface.

Table 7. AMM/PBSA and AMM/GBSA total energy comparison between native and studied molecules.

Compound
Native 5 6 7
AMM/PBSA -34.4210.82 94.22|3.40 1584.83 | 149.11 562.43 | 84.10
AMM/GBSA -41.840.38 72.15|3.20 1554.31 | 149.25 536.40 | 84.36
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Fig. (11). A visualization of intermolecular interactions for EGFR protein complexes with: (a) the native molecule, (b) com-

pound 5, (¢) compound 6, and (d) compound 7.

Molecular docking and dynamics studies were com-
plementary to previous results obtained from the in
vitro phase of the research and revealed that com-
pounds 5, 6, and 7 exhibited the strongest binding to
the 7AEM structure of EGFR, which represents the ac-
tive kinase domain in complex with brigatinib. As
EGFR activation triggers both PI3K/AKT and RAS-
MAPK signaling cascades, it is likely that our com-
pounds may affect both pathways by interfering with
ATP binding at the kinase site. This hypothesis aligns

with known mechanisms of EGFR tyrosine kinase in-
hibitors and their impact on downstream signaling in
EGFR-positive tumors [65]. EGFR is commonly over-
expressed in many types of human breast cancer,
which indicates that an inhibitory effect on this fac-
tor’s expression and action is desirable and can explain
the cytotoxic effect on MDA-MB-231 cancer cells
[58]. Among all analyzed structures, molecule 5 was
identified as the most promising candidate. It demons-
trated the most similar binding affinity to the native li-
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gand, which represents well-known antagonists of the
EGFR. In contrast, the least energetically stable com-
plex was observed for compound 6, which did not ex-
hibit cytotoxic activity against the MDA-MB-231 can-

Protein RMSD
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cer cell line. This effect was instead noted in SW620
cancer cells, which have low EGFR expression, mak-
ing therapies targeting this receptor largely ineffective
[66].
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Fig. (13). A visualization comparing the shape of the protein-ligand complex between the native protein-molecule complex
and the protein-molecule 5 complex at 0 ns, 25 ns, 50 ns, 75 ns, and 100ns. (4 higher resolution / colour version of this figure

is available in the electronic copy of the article).

3.4.2. ADMET

Computer science and its various in silico models
are increasingly used in the drug design process, assist-
ing in the evaluation of newly discovered compounds.
The integration of traditional scientific knowledge
with the high computational power of artificial intelli-
gence (AI) models helps to reduce costs and risks asso-
ciated with preclinical and clinical trials, while also ac-
celerating the drug discovery process [67, 68].

To assess the potential of the newly obtained (2-imi-
no-4-oxo-1,3-thiazolidin-5-yl)acetic acid derivatives,
we utilized the new ADMET-AI [46] model to predict
key drug-like parameters and compared them to those
of the reference antitumor drug etoposide [69], using
standard statistical tools.

As key drug-like parameters, we selected LogP,
bioavailability, quantitative estimate of drug-likeness
(QED), and topological polar surface area (TPSA):

e LogP: A measure of a compound’s hydrophobic-
ity, reflecting its ability to cross cell mem-
branes. It helps predict a drug’s permeability, in-
fluencing its absorption and distribution [70].

¢ Bioavailability: Refers to the proportion of the
drug that reaches systemic circulation in an ac-
tive form after administration. It's critical for bal-
ancing efficacy, safety, and patient compliance
[71].

¢ Quantitative Estimate of Drug-likeness (QED):
This metric quantifies how similar a compound
is to known drugs by considering properties
such as molecular weight, solubility, and
lipophilicity, helping prioritize candidates dur-
ing drug development [72]

e Topological Polar Surface Area (TPSA): A
molecular descriptor that estimates a com-
pound’s polarity, which in turn affects its ab-
sorption, distribution, and permeability through
biological membranes [73].

After prediction, the obtained data were stan-
dardized for better visualization on the heatmap and
submitted to hierarchical cluster analysis, displayed as
a dendrogram. As depicted in Fig. (14), the studied
compounds formed clusters based on the similarities in
their predicted parameter values. The closer and lower
the branches are in the hierarchical clustering, the
greater the similarity between the compounds. Particu-
larly interesting are the placements of compounds 6
and 7, which tend to be closer to and connected with
the reference drug etoposide, despite the higher level
of the branch. The connection between compounds at
higher levels of the branches in the cluster may suggest
that they share similarities in major parameters, with
some exceptions. Compounds 6 and 7 registered the
same QED and TPSA scores, 0.95 and 1.0, respective-
ly, compared to etoposide, with scores of 0.73 and
0.77. The LogP values predicted for derivatives 6 and
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7 were at the levels of 0.31 and 0.37, respectively, com- the reference drug was observed in bioavailability,
pared to 0.54 for Etoposide (see Fig. 15). The most sig- with a score difference of 0.59, which may account for
nificant difference between the studied compounds and the height of the cluster branch.
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Fig. (14). A heatmap chart with hierarchical cluster analysis of predicted and standardized key drug-like parameters- logP, bioa-
vailability, Quantitative Estimate of Drug-likeness (QED), and Topological Polar Surface Area (TPSA), for all novel (2-imi-
no-4-oxo-1,3-thiazolidin-5-yl)acetic acid derivatives, compared to the reference drug Etoposide, and performed by AD-
MET-AI model. (4 higher resolution / colour version of this figure is available in the electronic copy of the article).
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Fig. (15). A radar chart of compounds 6 and 7, comparing predicted and standardized values of QED, logP, bioavailability, and
TPSA to the reference drug Etoposide. (4 higher resolution / colour version of this figure is available in the electronic copy of
the article).
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The results of in silico studies suggest that com-
pounds 6 and 7 may have potential drug-like proper-
ties, due to their similarities to the reference antitumor
medicine, Etoposide, in key parameters crucial for
drug design. Moreover, the high QED and TPSA
scores further emphasize their drug-likeness, reflecting
structural and chemical similarities to known
medicines, along with potentially favorable surface po-
larity that could enhance solubility and permeability.
The height of the cluster branch, representing dissimi-
larities between compounds and the reference drug, is
primarily due to significant differences in bioavailabili-
ty. Compounds 6 and 7 achieved the highest possible
bioavailability scores, indicating potentially better ad-
ministration and absorption in the human body, com-
pared to etoposide.

CONCLUSION

The present work has established a coherent struc-
ture-activity narrative for a new family of fifteen (2-
imino-4-oxo-1,3-thiazolidin-5-yl)acetic-acid deriva-
tives and has identified two particularly promising
molecules, compounds 5 and 7, as credible leads for
the development of anticancer drugs. Their superiority
was first demonstrated in cytotoxic screening, where
both showed low, micromolar ICy, values and the high-
est selectivity indices (2.42 - 4.73) in the panel, and
was then reinforced by mechanistic assays. Flow-cy-
tometry analysis revealed that compound 7 imposes a
GO0/G1 blockade in the highly EGFR-positive MDA-M-
B-231 line, whereas compound 5 accumulates cells in
G2/M. In both cases, the arrest was accompanied by a
significant rise in the sub-G1 fraction, confirming a
shift toward apoptosis. Consistent with these findings,
MDA-MB-231 cells proved more vulnerable than
SW620 cells, and compound 7 produced the strongest
pro-apoptotic effect, driving 6.60 = 0.69% of the breast-
-cancer population into late apoptosis or necrosis.

Biochemical assays complemented the cell cycle da-
ta. Compound 5 suppressed IL-6 secretion in MDA-M-
B-231 cultures by 76%, linking its antiproliferative ac-
tivity to the reduction of pro-inflammatory, tumor-pro-
moting signaling. At the molecular level, docking ex-
periments showed that this compound forms an energet-
ically favorable complex with the EGFR kinase do-
main, surpassing the native ligand in calculated bind-
ing affinity. The 100 ns molecular dynamics simula-
tions further demonstrated that the complex remains
conformationally stable throughout the trajectory. Com-
pound 7 distinguished itself in silico by combining
equally strong docking scores with excellent bioavaila-
bility and drug-likeness parameters, its physicochemi-
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cal profile closely matching that of the clinical refer-
ence etoposide.

Despite these encouraging in vitro and in silico re-
sults, several limitations should be acknowledged. This
preliminary study provides compelling data on synthe-
sized derivatives, but more advanced testing is needed
to fully assess their therapeutic value. First, a broader
panel of cancer cell lines will be included in future in
vitro tests, involving the most potent compounds 5 and
7. Second, only two triazole hybrids were evaluated
due to solubility constraints and reaction conditions
limitations. Alternative synthetic strategies will be em-
ployed to expand this series. Building on these encour-
aging results, future work will focus on broadening the
scope of biological evaluation, including ADMET char-
acterization, in vivo validation, and synthetic refine-
ment to fully explore the clinical promise of this thiazo-
lidinone series. Combination strategies involving the
lead compounds may further enhance their therapeutic
relevance.

Taken together, these findings validate (2-imi-
no-4-oxo-1,3-thiazolidin-5-yl)acetic acid as a privi-
leged core for cytotoxic lead generation and indicate
that strategic substitution with either a tryptamine moie-
ty (compound 5) or a 1,2,4-triazole ring (compound 7)
is particularly advantageous. Compared with earlier re-
ports on related thiazolidinone scaffolds [74], the pre-
sent derivatives exhibit improved potency, clearer se-
lectivity, and mechanistic features consistent with
EGFR inhibition and cytokine modulation. On this
foundation, future studies will focus on (i) Broadening
the chemical space around the tryptamine and triazole
vectors to generate a second-generation library, (ii)
Refining synthetic protocols, especially for the hybrid
4-thiazolidinone and 1,2,4-triazole framework to im-
prove yield and facilitate late-stage diversification, and
(iii) Extending the evaluation to pharmacokinetic pro-
filing and in vivo efficacy models. By coupling itera-
tive scaffold optimization with targeted kinase-panel
screening and metabolic stability assays, we aim to pro-
duce thiazolidinone-based candidates exhibiting nano-
molar potency, robust selectivity, and a safety profile
suitable for preclinical advancement.
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From obstacle to design advantage:
activity cliff aware modeling for small-

molecule drug discovery

Tomasz Szostek *, Daniel Szulczyk

Department of Biochemistry, Medical University of Warsaw 02-097 Warsaw, Poland

Activity cliffs (ACs), defined as near structural neighbors
with large potency differences, provide high-value infor-
mation on structure-activity relationship discontinuities
that medicinal chemists have leveraged for years. Yet
modern artificial intelligence-based discovery frame-
works often smooth this signal, yielding confident but
unrealistic proposals. We present a three-layer roadmap
that treats ACs as a first-class design feature: representa-
tion is tuned to expose AC signal during pretraining and
sampling; evaluation focuses on steep regions with early
recognition, pair-level retrieval, and calibrated uncer-
tainty under fair, series-aware splits; and de novo gener-
ation is steered toward the best candidates. Integrated as a
closed, self-improving loop, this framework helps practi-
tioners build AC-aware drug design tools.

Keywords: activity cliffs; structure-activity relationship;
cheminformatics; artificial intelligence; drug design

Introduction
Rapid advances in artificial intelligence (Al) applied to drug-
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design workflows promise substantial improvements across the
target-specific small-molecule discovery process. Beyond pipeline
acceleration, cost reduction, ®"®2"(®* data-driven target identifi-
cation, and potency prediction,”** ™ modern models now
enable de novo molecular design through powerful generative
paradigms, P® 7 ®8.09 Degpite evolving solutions, the eco-
nomics and risk profile of R&D in the industry remain stubborn.
Recent audits have estimated single-drug development costs to
be in the hundreds of millions to multi-billion USD range, while
clinical success still hovers at around ~10-15%.7'?®') At the

= Corresponding author. Szostek, T. (tomasz.szostek@wum.edu.pl)

same time, there are several flagship Al-enabled drug programs
that have progressed to clinical development, including the
allosteric TYK2 inhibitor TAK-279/NDI-034858 and DSP-0038
for Alzheimer’s disease.®'?»®'* Despite this momentum, chem-
informatics still faces obstacles that, if addressed, would substan-
tially improve the predictive accuracy and generative capability
of current models.

Activity cliffs (ACs), pairs of closely related molecules display-
ing disproportionately large potency differences, are the most
prominent example of these obstacles.”'* Even single-atom sub-
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https://doi.org/10.1016/j.drudis.2025.104589

www.drugdiscoverytoday.com 1



KEYNOTE (GREEN)

Drug Discovery Today ® Volume 31, Number 1 ¢ January 2026

stitutions can induce potency changes of tenfold or more,®'*

leading to costly mis-prioritizations: models that interpolate well
in smooth regions of chemical space often fail at the edges of the
structure-activity relationship (SAR), where one motif change
determines program success.”'® Importantly, in medicinal
chemistry, ACs have long been treated as informative signals of
SAR determinants rather than ‘noise’ or outliers, and their utility
is well documented. But Al practice - from classical quantitative
structure-activity relationships (QSARs) through graph neural
networks (GNNs) and transformers to diffusion-based 3D gener-
ators and reinforcement learning (RL) — tends to be optimized
towards objectives that favor averaging, effectively smoothing
the landscape.”'” As a result, ACs become invisible to predictors
and propagate into generators, degrading calibration and rank-
ing power exactly where medicinal chemists make high-stakes
decisions. Crucially, ACs are not noise: they encode high-
information structural edits that, if recognized and exploited,
can accelerate SAR navigation rather than blur it.®'®®19.(020)
Consistently across public studies, performance degrades on
AC-enriched evaluations, even when average metrics remain
strong.

In this article, we advocate for a modeling focus that treats
ACs as a design-relevant signal rather than a liability, and we
show how to make this focus operational in practice. We present
a comprehensive, data-centric, layer-by-layer review of the chem-
informatics workflow that covers molecular representation,
model assessment and prediction, and de novo design, all inte-
grated into a closed, AC-aware learning system. Our goal is to
summarize the best practices in AC management that give mea-
surable gains in calibration and ranking, exactly where medicinal
chemists make high-stakes choices. To our knowledge, there is
no comprehensive review that treats ACs as a useful signal and
pulls together working solutions built on this idea. Prior articles
either review ACs conceptually within medicinal chemistry or
survey Al for small-molecule discovery with only brief mentions
of ACs.??D:(P22) The motivation is straightforward: most models
still drop in performance on AC-rich data sets, and the first AC-
aware predictors and generators are now appearing. This makes
it the right moment to turn a long-standing obstacle into a
repeatable advantage for design.

Activity cliffs: definitions, measures, and good

practices
In cheminformatics, ACs are most often defined as pairs of struc-
turally similar compounds that show a large potency difference
against the same target (Figure 1). Such local discontinuities in
the SAR can degrade model performance: They make it harder
for models trained with smooth, average-loss objectives to inter-
polate and to generalize reliably. In practice, definitions vary
because researchers choose different operational settings for the
two core criteria of ACs: molecular similarity and potency differ-
ence (Ap)'u:w).(plS).(plé),(p17),11)18).(p19),(p21),(p22) Throughout this
section, we make these choices explicit, show how they change,
show which pairs are labeled as ACs, and explain the implica-
tions for model training and evaluation.

Before we introduce pairwise definitions, we first detail how
Ap is computed and which similarity metrics and pairing

A B
(OO} S
N NH ¥ NH
ICs,= 88152 ICgo= 3512
pICs,= 4.05 pICsy= 5.45
Drug Discovery Today

Example of an AC pair identified with 2048-bit ECFP4 fingerprints and the
Tanimoto index (similarity T > 0.90) combined with a >tenfold potency
difference (6 = 1.0). The compounds were retrieved from ChEMBL and have
bioassay data (ICso) against the lung adenocarcinoma cell line (A549).

schemes are commonly used. Regarding similarity, a key design
choice is the molecule representation. Two major families of
embeddings are two-dimensional (2D; extracted from molecular
graphs) and three-dimensional (3D; adding spatial orientation),
each capturing a different aspect of structure. The most popular
2D (bit-based, numerical vector) representations are:

e Extended connectivity/Morgan fingerprint (ECFP/Morgan).
Circular fingerprints in which each bit marks the presence
of an atom-centered environment within a given radius. The
bit vector length controls hashing granularity. It is widely
used in high-throughput screening (HTS), QSAR analysis,
and structure-activity similarity maps (SAS maps). Typical
parameters: radius 2-3 (ECFP4/ECFP6) and 1024-2048
bits.®**

MACCS keys. Faster but less expressive than ECFP. Useful for
baselines and cross-checks.?*"

Atom pairs (APs). Encodes labeled atom-atom pairs and their
shortest topological distances while capturing dispersed simi-
larity patterns.®?®

Topological torsion (TT). Encodes labeled four-atom
sequences (torsions). Often more selective than APs for local
changes.”*® To represent a level of similarity of two mole-
cules, scientists use similarity coefficients, which on a 2D fin-
gerprint is mostly computed using the Tanimoto index
(Tanimoto coefficient, Jaccard index), measuring overlap rela-
tive to the union of bits. Popular alternatives are the Dice/
Cosine/Soergel index and Tversky index (asymmetric), which
generalizes Jaccard.??7 P28

Recently, graph-based similarity methods have gained special
attention, of which the two most common are:

e Maximum common substructure (MCS). Defines similarity by
the size of the largest common subgraph (the ‘core’) between
two molecules; similarity can be expressed as the fraction of

2 www.drugdiscoverytoday.com
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atoms/bonds in the MCS. The method is chemically intuitive,
allows control over scaffold consistency, and is less sensitive
to hashing artifacts.**”

e Graph-based similarity. Represents molecules as labeled
graphs, where atoms are nodes and bonds are edges. Graph
edit distance (GED) is the minimal cost of transforming one
graph into the other. Weisfeiler-Lehman (WL) graph kernels
are fast kernels that compare graphs via iterative node ‘relabel-
ing’ (subtree patterns).®**»®31

3D embeddings complement 2D topology by capturing shape
complementarity and pharmacophoric arrangements that under-
lie molecular recognition. They can reveal similarities missed by
2D methods, but they rely on explicit spatial conformers.?3?¢
P339 Analogous to 2D practice, 3D similarity metrics can be
used in pairwise AC definitions by imposing a threshold on a
shape metric (e.g., Shape Tanimoto or TanimotoCombo) and
combining it with a Ap cutoff. We refer to such cases as 3D
AC, highlighting discontinuities invisible to purely topological
criteria:

o Rapid overlay of chemical structures (ROCS). Represents each
molecule’s volume as a sum of Gaussians and search orienta-
tions that maximize volumetric overlap (Shape Tanimoto).
Pharmacophoric features (‘color’: H-bond donors/acceptors,
aromatic, cation/anion) are overlaid in parallel. The standard
score is Tanimoto Combo = Shape Tanimoto + Color Tani-
moto (range ~ 0-2). ROCS performs strongly in ligand-based
virtual screening and scaffold hopping.®**®*%)

Ultrafast shape recognition (USR) characterizes 3D shapes
using moments of distance distributions from a set of refer-
ence points, yielding a pose-independent, alignment-free
descriptor that is orders of magnitude faster than overlay
methods. Ultrafast shape recognition with CREDO atom types
(USRCAT) extends USR by adding pharmacophoric categories
(‘color’) while retaining speed.”*”

The most popular, abundant, and consistently curated end
points in public resources such as ChEMBL are ICs, and K;. They
capture complementary biological information (functional effect
versus equilibrium binding) with a well-defined theoretical link.
However, mixing heterogeneous end points (e.g., ECso/ACsq
with K,/ICsg) increases variance and can confound AC calls. Even
within one end point class, cross-source variability warrants cau-
tion, P¥®:(P30.040) 1O depends on many conditions, such as
assay type, substrate concentration, mechanism of action, and
time of incubation, making it questionable, in some cases, to
even compare only ICs, values (from different studies), whereas
K, is an equilibrium inhibition constant.”*" Under competitive
inhibition at equilibrium, the relationship between them is:

ICso
1+5

Ki= (1)
where [S] is substrate concentration and K., is the Michaelis con-
stant. Equation (1) should be used only when its assumptions are
justified. Otherwise, avoid converting ICso to K; or mixing end
points in the same Ap calculation. P2 ®43).(44)

The Ap is defined as the difference of two given potency val-
ues on a —log scale (e.g., pK;):

Ap = |p, = p,| ()

Because the scale is logarithmic, Ap has a direct fold-change
interpretation: Ap = 0.5, 1.0, or 2.0 corresponds approximately
to 3%, 10x, or 100x differences, respectively. These thresholds
are widely used as operational cutoffs in the AC literature, with
Ap > 1.0 (=10-fold) being the most common choice. Recent Drug
Discovery Today work shows that dose response context can cre-
ate potency discontinuities that mimic structural ACs. To sepa-
rate structure from dose, we recommend reporting Hill slope,
top and bottom constraints, and replicate quality for pairs used
in AC calls. When dose-driven effects are suspected, perform a
sensitivity check and only retain the pair as an AC if the discon-
tinuity persists after harmonizing dose parameters.*>

In the context of Ap, two complementary views are used to
define ACs. First, fixed global thresholds among similar pairs
(e.g., ECFP4/Tanimoto > 0.85 or Matched Molecular Pairs
(MMP)-based matches), with fixed cutoffs at Ap > 1.0 and
Ap > 2.0, which aids interpretability and benchmarking across
methods. Second, continuous, threshold-free formulations,
where the Structure Activity Landscape Index (SALI) ranks pairs
by local steepness. Activity difference maps and consensus simi-
larity landscapes likewise treat ACs as the extreme tail of a
potency-similarity continuum rather than a binary label. In
practice, the continuous view is useful for sensitivity analyses
and for comparing representations without committing to a sin-
gle cutoff.®*®

Crucially, Ap cutoffs are not universal. Potency distributions
differ by target and activity class, so a single global threshold
yields different precision-recall trade-offs across classes. Recent
large-scale analyses therefore define class-specific, statistically
grounded thresholds from the empirical distribution of Ap
within each target/activity class (under a fixed similarity regime),
using simple rules such as class-wise quantiles (e.g., top 5-10% of
Ap) or robust z-scores. This target-set dependent approach
improves detection precision and interpretability and should
be preferred when class sizes permit.*”)

Most importantly, ACs do not only emerge from the data
science point of view as a molecular representation and Ap defi-
nition. They are a property of the interaction between a ligand
and its biological target. Different proteins exhibit different
propensities to produce a steep SAR: rigid, sterically gated pockets
tend to generate abrupt affinity drops upon small substituent
changes, whereas flexible or solvent-exposed sites accommodate
edits more smoothly. Structural analyses have repeatedly
rationalized single-atom or single-motif ACs in co-crystal con-
texts (loss/gain of a key H-bond, displacement of conserved
waters, emergent steric clash), underscoring that ACs are
frequently target-dependent rather than only ligand arti-
facts. P19 P19.(0200P22) This js precisely why ACs should be
diagnosed and explored as a first-class feature in the context of
targets.

When high-quality spatial conformations of protein and
ligand are available, ACs can be analyzed in the binding site to
check shape/pharmacophore complementarity and water net-
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works, and to attribute Ap to concrete interactions (n—cation, salt
bridges, steric gating). Operationally, use pocket-aware 3D over-
lays and alignment/shape methods to expose ACs that 2D meth-
ods might miss. When reliable conformations are not available, a
protein-aware but light in 3D path remains: build per-target
models on harmonized K;i/K4 subsets to reduce assay condition
variance, add target descriptors or protein embeddings to inject
binding site context, and set class-specific Ap thresholds (quan-
tile or robust z-score) so that AC calling reflects a target’s intrinsic
steepness rather than a global cutoff.

After establishing how potency differences are computed and
how molecular similarity is represented, we now make the pair-
ing step explicit. This step determines which molecular pairs
are eligible to be called Acs, and it is therefore the main knob that
controls both sensitivity (how many ACs did you find?) and
specificity (how many are chemically credible?). Operationally,
‘pairing’ makes AC eligibility explicit. We first fix a similarity
regime and an end point within a target, then enumerate
candidate pairs and score potency differences on the p-scale. In
practice, complementary families cover most use cases: ECFP/
Tanimoto for close analogs in 2D topology, MMP/MMS to
attribute changes to single edits or coherent R-group progres-
sions, MCS to enforce a strict shared core, SALI/SAS-style land-
scape diagnostics to quantify local steepness, and a 3D track
(shape alignment/docking) to reveal ACs that are invisible in
2D, P15).(p27),(p48),(p49),(p50), (P51), (P52),(P53),(P54),(PS5),(PS6),(P57),(P58),(PS9),
(P60)(PE1.(PE2) Consistent assay metadata and transparent thresh-
olds (t, Ap) matter as much as algorithmic choice. Table S1 in
the supplementary information consolidates concise definitions,
recommended defaults, known failure modes (e.g., end point
mixing, hubness, oversmoothing), and concrete mitigations for
each pairing family. For the simplified pairing method selection,
follow the decision diagram in Figure S1 in the supplementary
information.

Large-scale surveys on ChEMBL have systematically quanti-
fied how often ACs occur and how many compounds participate,
across multiple AC definitions (fingerprint-based ACs, MMP-ACs,
and retrosynthetic MMP-ACs with class-dependent thresholds).
In an early global analysis of high confidence potency data,
~22-34% of active compounds participated in at least one AC
with >100-fold potency difference, whereas only ~4.7-5.7% of
qualifying similar pairs formed ACs. Thus, ACs are rare at the pair
level, but common at the compound level. Subsequent updates
across ChEMBL releases reported remarkably stable proportions
(~4.6-6.9% of qualifying pairs form ACs), with ~23-35% of
compounds involved, and documented 16096 class-dependent
MMP ACs across 212 activity classes. These trends persisted over
a decade, indicating steady growth in absolute AC counts while
relative frequencies remain constant. Collectively, these studies
demonstrated that ACs are not outliers, but a recurrent feature
of medicinal chemistry data. 7%

To summarize, building generative and predictive models in
chemistry requires special caution and understanding of used
chemical representations and biological information. The best
solution for building effective models is a data-centric approach,
where we focus on careful database building and its curation. In
this approach, we can emphasize several common, universal
good practices that, when implemented into a pipeline, can

increase model efficacy, interpretability, and correct AC recogni-
tion. During the stage of data collecting, assay harmonization
must be ensured. For reliable Ap, prefer a single-end-point subset
with only K; or ICs¢/ECso/Kg4 results without mixing them. The
results obtained should be consistent with bioassay type, bioas-
say conditions (e.g., incubation time, concentration range),
organism type, and cell line. The results should be mapped to
—logo (pPChEMBL) with attention to non-trivial variability across
sources, avoiding non-specific results with qualifiers (‘<’, >/, ‘>,
‘<’), especially for regression models, and exclusion of non-
reliable data sources.?*?"% Before computing any form of fin-
gerprints or descriptors, a correct chemical compounds library
must be cleaned and normalized from obvious structural dupli-
cates on canonicalized Simplified Molecular Input Line Entry
System (SMILES) or InCHIKeys, as well as from more hidden
duplicates such as tautomers, protonated compounds, stereoiso-
mers, salt, and solvate forms. The presence of such duplicates
exposes the model to data leakage, especially when a random
training/test set split is applied, leading to falsely increased accu-
racy values [area under the curve (AUC)]. A good practice is to
prefer time-based splits or scaffold and series/cluster splits. More-
over, the current bioinformatic tools allow for the detection and
removal of pan-assay interference compounds (PAINS) from the
data set.P®P%9) To avoid overfitting, for classification models,
address class imbalance with stratification or class-weighted
losses; for regression models, ensure broad response-range cover-
age and consider robust losses when noise is heteroge-
neous.P*”*P%®) Declare the molecular representation and its
parameters and define the applicability domain (AD) matched
to that representation, understood as a chemical space in which
models’ predictions are reliable. Finally, among the results,
release a complete, reproducible protocol: data sets, thresholds,
calculations, software, code, and all methods to regenerate splits
and features.

Activity cliff aware modeling

Clean data provide models with a solid foundation, but in chem-
informatics, the landscape of SAR rarely changes smoothly. The
greatest changes often result from small structural edits that flip
potency by orders of magnitude. Recognizing this phenomenon
is the first step in moving from treating them as a malfunction or
statistical outlier to using them as a concentrated, actionable
source of SAR signal. If you want to use ACs as a signal, first
choose a pairing strategy consciously by comparing alternative
methods (see Table S1 and Figure S1 in the supplementary infor-
mation) and run a sensitivity analysis across thresholds so that
the calling rules match your end point.®”*” Then follow the good
practices and methods presented in this section, which explain
how to turn ACs from a liability into leverage.

Layer I. Embeddings and pretraining (AC-aware molecule
representation)

In chemical ligand-based modeling, a representation maps a
molecule to a vector of computed features (fingerprints, descrip-
tors) or learned patterns (e.g., GNN). The embedding is the vector
consumed by the model, such as the final GNN graph state or the
fingerprint bit vector.””” Latent similarity denotes proximity in
this embedding space, measured with cosine or Euclidean dis-

4 www.drugdiscoverytoday.com

105



106

Drug Discovery Today ® Volume 31, Number 1 ¢ January 2026

KEYNOTE (GREEN)

tance. It can align with structural similarity, such as ECFP Tani-
moto, or with biological similarity, such as activity, but fre-
quently it does not. The similar property principle remains a
heuristic, and ACs are systematic exceptions. Benchmarks con-
firm this gap. MoleculeACE reports that widely used machine
learning (ML) and deep learning (DL) methods perform well on
global metrics, yet underperform on AC compounds. Two repre-
sentation effects contribute to this behavior. Oversmoothing,
common for GNNs, compresses neighborhoods and attenuates
local AC SAR.””" Hubness in high-dimensional spaces produces
universal neighbors and conceals discontinuities.”’? Taken
together, both effects put AC neighbors close to each other in
the learned space, despite large potency gaps. t-distributed
stochastic neighbor embedding (t-SNE) or uniform manifold

approximation and projection (UAMP) plots can visualize this,
but must be read cautiously: they preserve local structure only
approximately and distort global geometry.”’® The practical
conclusion is that simple, latent proximity is not AC robustness,
unless the representation is explicitly trained to keep AC neigh-
bors apart. To illustrate this issue, we conducted a simple AC
exercise using a comparison of principal component analysis
(PCA), which showed global variance and t-SNE (which allows
an insight into local neighbors differences and clusterization)
on compounds with bioequivalent results (ICs, in nM) against
the A549 cancer cell line (fetched from ChEMBL database).”*

From 32 598 cleaned and standardized compounds, we identi-
fied 574 AC pairs using ECPF4 with Tanimoto threshold = > 0.9
and Ap > 1.0 (xtenfold difference). Figure 2 integrates four views.
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(a) PCA (PC1-PC2) and (b) t-SNE (2D) projections of ECFP4 fingerprints. Color encodes plCs, (shared scale), red outlines highlight ACs. Both views reveal
numerous ACs occurring in regions of close latent proximity. (¢, d) Closer views of PCA (c) and t-SNE (d) plots. Color encodes the interquartile range of plCsq
(IQR plCsp) within each hex (a robust measure of local variability), with a shared color scale. Red markers highlight ACs. (For interpretation of the references to
color in this figure legend, the reader is referred to the web version of this article.)
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Figure 2a and Figure 2b show PCA and t-SNE colored by pICs,
which locates potency gradients in chemical space, but does not
quantify local steepness. Figure 2c and Figure 2d zoom into
regions with high interquartile range (IQR) of pICs,, marking
zones where predictions are unstable, and ranking errors accumu-
late. These plots are descriptive: they reveal global trends and
local variance, but not the true local slope of the activity land-
scape. Figure 3 shows an SAS map with ACs that occupy the high
similarity and high Ap region, and appear as continuous, ridge-
like corridors. These ridges are coherent features of the activity
landscape rather than isolated anomalies. In PCA, variance com-
presses along these ridges. Together, Figures 2 and 3 connect AC
with SAR discontinuity and show where standard averaging mod-
els are most likely to be misled. This motivates AC-aware pretrain-
ing and evaluation precisely in these high-gradient regions to
improve ranking, calibration, and uncertainty.

Triplet-shaped latent geometry methods align the embedding
space with potency contrasts by design. The family is represented
by ACtriplet and ACANet/ACA."7*"®7% Both treat ACs as a met-
ric learning signal: ACtriplet separates pretraining (triplet and
bio-triplet loss functions with subsequent fine-tuning) from
downstream supervision, whereas ACANet folds online triplet
mining directly into the predictive objective. In practice, these
approaches are strong defaults for moderately sized, assay-
consistent data sets, dominated by close analogs. Both methods
tend to improve the root mean squared error (RMSE) computed
from AC compounds (RMSEy;) without sacrificing global fit,
and they are comparatively straightforward to drop into existing
GNN stacks. Triplet geometry is especially valuable when mole-
cules that exhibit large Ap nonetheless occupy nearby regions
of the activity landscape, because it enforces separation in latent
space commensurate with potency contrast. These methods are
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Structure-activity similarity (SAS) map. Each point is a compound pair built from ECFP4 neighbors. The x axis is Tanimoto similarity t. The y axis is the potency
difference Ap on the log scale. Color encodes SALL. Warm colors mark a steeper local slope.
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most appropriate when 2D topology captures the relevant SAR,
and they are not recommended when shape- or conformation-
driven discontinuities are suspected to underlie the signal.

A second category, molecular pair anchored encoders, exploits
MMPs as structured supervision to inject the local SAR directly
into the embedding. SiamACLoss is the canonical representative:
two weight-sharing encoder-decoders reconstruct fingerprints
while pulling non-AC MMPs together and pushing AC MMPs
apart by a margin, so latent distance scales with Ap."””” This
methods family is attractive when your project workflow already
mines MMPs and when you want edit-level interpretability that
maps naturally to R-group reasoning. Because supervision comes
from pairs, training is comparatively light. Moreover, fine-tuning
the pretrained encoder into potency regression preserves the AC-
aware geometry without requiring end-to-end architectural
changes. Use this path when you need a transparent ‘one-edit,
one-effect’ narrative and when you prefer to use 2D embeddings
while correcting the usual collapse of near neighbors. Avoid it
when the ACs in your data set are primarily 3D or when your ser-
ies lacks reliable pair enumeration. A sibling on the predictive
side is ACGCN, which ingests either the two full MMP molecules
or the explicit core plus substituents, and classifies the pair as
AC/non-AC.""® It is a pragmatic bridge between representation
and Layer II evaluation, excelling when your goal is to triage can-
didate edits rather than to learn a universal molecule encoder.

A third category, image-centric fine-edit encoders, is repre-
sented by MaskMol and is motivated by empirical observation
that graph encoders tend to blur micro-edits as molecular similar-
ity increases, whereas chemically faithful 2D depictions preserve
the very cues that flip potency.”’” Masked image pretraining
with chemically guided masking produces embeddings that keep
AC neighbors apart and transfer downstream tasks. It is an attrac-
tive method for detecting subtle molecular features of ACs, such
as local aromatic decoration or heteroatom positioning, using a
standard input pipeline enriched by imagine AC logic without
the costs of full 3D frameworks.

SemiMol addresses the low label regime head-on through cur-
riculum and confidence.”®” It is a supervised learning frame-
work with an instructor that filters proxy-labeled examples,
allowing the model to learn in smooth regions of SAR first. Then
it graduates into AC, high-variance cases to add more nuance to
the basic knowledge. This design is the right first move when you
are early in a program, labels are sparse or heterogeneous, and
you nevertheless want the encoder to experience enough AC-
like perturbations to generalize.

Finally, physics- and reaction-informed pretraining, which
injects structural context before task supervision, is exemplified
by SCAGE and REMO.P*1#%2) SCAGE injects 3D geometry and
functional group semantics into a graph transformer, so atten-
tion becomes explicitly distance-aware. It excels when ACs are
genuinely shape driven by steric gating, 3D pharmacophore
alignment, or conformational locking, and when reliable con-
formers are available. REMO replaces single-molecule masking
with reaction-center objectives learned from curated transforma-
tions, allocating capacity to the atoms and bonds that actually
change, which is precisely where potency flips tend to occur. It
is a sensible default when your series evolves through well-
defined transformations and when you want the encoder to ‘ex-

pect’ minimal edits with maximal effects. Both methods typi-
cally require heavier pretraining budgets and cleaner inputs
(reliable conformer and reaction data) but repay that investment
with the most faithful treatment of discontinuities that emerge
from spatial shape and chemistry, rather than 2D topology.

Crucially, the added complexity and computational cost of
3D transformers such as SCAGE is justified when the biological
system is dominated by rigid or highly structured binding sites,
when stereochemistry, atropoisomerism, ring puckering, halo-
gen bonding, or metal coordination repeatedly coincide with
SALI spikes around ACs, and when docking or structural assays
indicate shape complementarity as a first-order driver for
potency flips. Conversely, in flat landscapes with topology-
driven SARs and limited labels, robust 2D baselines (ECFP4 plus
regularized learners), MMP-anchored encoders, or triplet-
shaped GNNs often match or exceed 3D methods at a fraction
of the cost, and sample complexity (with simple ECFP4 com-
bined with classical ML methods often winning over deeper
architecture, especially in AC-rich benchmarks). In low-data
regimes, complex encoders are prone to overfitting and unstable
calibration, so we favor pair-anchored pretraining, conservative
series-aware splits, and explicit early recognition objectives.
Table 1 consolidates the head-to-head evidence (data sets, split
protocols, AC-subset metrics, code availability, and compute
footprint) so that a practitioner can choose a method under real-
istic constraints. Complete detailed methods descriptions and
implementation notes are provided in the supplementary infor-
mation online (‘Layer I - embeddings and pretraining’).

Layer . Prediction under ACs: objectives, sampling, and
validation

The problem of assessing both overall fit and the more trustwor-
thy, AC-focused performance was clearly surfaced by the Molecu-
1eACE benchmark.”'”’ The authors evaluated predictive power
on a broad suite of traditional ML and DL models across 30
molecular target data sets collected from the ChEMBL database.
In general, every method struggled with AC performance, but
surprisingly, less advanced ML models showed better results than
deep architecture frameworks, proving their better application to
small-molecule drug design tasks. The authors hypothesize that
the difference in performance might come from suboptimal
molecular representation (addressed in ‘Layer I’). MoleculeACE
is a state-of-the-art tool for AC-aware model assessment, enabling
standardized identification of ACs with different methods, bio-
logical activity thresholds, and reporting models, enabling fair
comparison of ML/DL methods in order to choose the one best
suited for a particular data set. The benchmark introduced a shift
in the model evaluation through introducing a new, currently
widely used metric, RMSEq; (RMSE computed on molecules
being part of at least one AC pair), which together with the glo-
bal metric, reveals models’ predictive power around difficult SAR
regions.

ACNet®*¥ complements MoleculeACE by recasting ACs as a
pairwise classification, rather than regression. It is a curated data
set of 400 000 MMPs with biological annotations across 190 tar-
gets (ACs are identified based on x100-fold Ap) extracted from
the ChEMBL database and designed as a benchmark for the eval-
uation of the performance of AC-aware models. The authors

www.drugdiscoverytoday.com 7



KEYNOTE (GREEN)

Drug Discovery Today ® Volume 31, Number 1 ¢ January 2026

TABLE 1

Head-to-head comparison of AC-aware molecular representation and pretraining methods.

When to apply Method Data set (splits)

MoleculeACE
(stratified random
sampling on AC
labels)

SAR dominated by close analogs; 2D  ACtriplet
topology captures essential
structural edits easy to use with;
GNN architecture
ACANet/
ACA series-aware)

Edit-level accountability; fast triage of SiamACLoss MoleculeACE + 7
candidates R-group edits diagnostic subsets
(per subset)

ACGCN
three single-target
sets (random split)

Subtle micro-edits drive flip potency; MaskMol
graph models blurring close split)
neighbors’ edits; AC uplift without
conformers

Sparse or noisy labels; heterogenous SemiMol
end points; prioritize robustness
and calibration under limited
supervision

MoleculeACE
(stratified random
sampling on AC
labels)

Shape, pharmacophore, steric SCAGE MoleculeACE + 3D
alignment drives ACs; functional groups
stereochemistry is crucial; reliable (per-target splits with
conformers or reactions 3D features)

REMO MoleculeACE and
ACNet style (AC-aware
splits)

MoleculeACE (nested,

ChEMBL v28 MMPs for

MoleculeACE (scaffold

Primary metric/gain Code Compute footprint
availability
RMSEi¢ = 0.603-0.995, https:// Moderate; 2D GNN
consistently lower than github.com/ pretraining + finetuning
non-pretrained DL githubXin123/
baselines ACtriplet.git
RMSE i 0.711 vs 0.742; https:// Moderate; 2D GNN,
average improvement github.com/ online triplet mining
6.59% across all data sets  shenwanxiang/  adds overhead
ACANet.git
Overall improvements of  https:// Light; 2D encoders with
RMSE ¢ and AUROC ¢ github.com/ weight sharing
cmvcordova/
acsuite.git
AC classification with https:// Light; no pretraining,
AUROC reporting github.com/ three-layered GCN
chunkyun/
ACGCN.git
ACE average gain of https:// Moderate; 2D
34.43% github.com/ only + pretraining
ZhixiangCheng/
MaskMol.git
RMSE, ;¢ reduced on https:// Moderate; 2D GNN with
average by 26.5% vs github.com/ SSL instructor
baselines smiles724/
InstructMol.git
Major RMSE ¢ https:// Heavy; conformer
improvements for 23/30 github.com/ generation + 3D
targets KazeDog/ attention
SCAGE.git

RMSE and Graphomer.  —
First DL model to beat

ECFP ML baseline on AC
benchmark

Heavy; huge reaction-
aware pretraining

release multiple target-specific subsets (small/medium/large
‘tasks’) to teach models which local structural edits drive large
potency changes, and additionally they include a cross-target
‘mixed’ setting with target-wise splits to probe generalization.
Trained and evaluated across these subsets, descriptor-based ML
baselines with ECFP fingerprints consistently outperform deep
encoders, attaining ROC-AUC (area under the receiver operating
characteristic curve) up to 0.984 + 0.003 on the large split. ACNet
provides AUC/precision on AC pairs alongside AC-stratified
regression metrics (RMSE¢) to avoid optimistic bias from non-
AC baselines. Because AC pairs are a minority class, ROC-AUC
can look deceptively strong under rarity. Accordingly, we treat
the area under the precision-recall curve (AUCPR) with reported
prevalence and early recognition of enrichment factor on AC
(EFAc) as the primary retrieval metrics for AC detection.
Precision on SALI-ranked pairs*** allows early retrieval of the
steepest AC. After conducting SALI analysis, in which a large
number indicates severe ACs, define an elite set (top k SALI pairs
or top q%) with pairs ranked by models’ AC score/probability and
compute precision. This method directly tests whether the model
helps triage candidates into high-information, AC-rich SAR
regions. Because ACs are in general rare among data sets, we sug-
gest treating their detection as an imbalanced retrieval task and
report the AUCPR (and AUCPR;;¢ computed on AC pairs), ?5>
which is more informative than ROC-AUC under class imbal-

ance. The AC prevalence should always be reported, so AUCPR
is interpretable against the random baseline. To quantify early-
recognition performance, we suggest reporting the EFsc.®%¢
EFcx = 1 corresponds to random ranking, and values >1 indicate
that the top « fraction of the list is proportionally richer in true
ACs than expected by chance. Building on this early-
recognition view, the subsequent analysis examines whether
the enriched top-ranked ACs are identified with calibrated confi-
dence via conformal prediction (CP) and calibration diagnostics,
and how these calibrated signals can be operationalized in prac-
tice through AC-targeted active learning (AL).

Large predicted Ap between close structural neighbors is use-
ful only when accompanied by calibrated uncertainty. A widely
used framework is CP,"®” which provides per-sample prediction
sets/intervals with a finite-sample validity guarantee. In regres-
sion, inductive CP associates with each input x; in an interval
(Li, Ui). In classification models, CP returns a label set with error
controlled at o. Because CP validity is marginal over the full dis-
tribution, good practice is to stratify uncertainty by landscape
region, especially for the AC subset. Two transparent readouts
are therefore reported: coveragesc and widthsc. These summaries
are shown alongside the non-AC subset, confirming that inter-
vals are wider (but still correctly covering) where SAR is discon-
tinuous. Because CP wvalidity is marginal over the full
distribution, we explicitly stratify calibration by landscape
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region. Concretely, compute coverage,c and widthyc on the sub-
set of molecules that participate in at least one AC pair (14¢), and
coveragenon.ac and width,,,.ac on the complement. Claims of
improved decision reliability near steep SAR should be supported
by coveragesc =~ 1 — o, with width,c increasing only moderately
relative to widthponac. In practice, we also recommend SALI-
stratified calibration curves (coverage and median width across
SALI quantiles) to localize over- or under-confidence along activ-
ity ridges. In parallel, report NLL (negative log-likelihood for
probabilistic regressors) for probabilistic regressors and ECE (ex-
pected calibration error for classification models) for classifiers
separately on AC and non-AC strata. Reductions in NLLyc/ECEac
are the relevant improvements under ACs. These AC-specific
summaries make uncertainty statements auditable exactly where
Ap is large and models are most likely to mislead. In cheminfor-
matics pipelines, CPSign is commonly used for inductive/trans-
ductive CP."®*® In deep models, uncertainty is often
decomposed via ensembles or evidential heads on GNNs to sep-
arate epistemic models from aleatoric data/assay components.
Therefore, CP is complemented by NLL, which evaluates sharp-
ness and calibration of the predictive density, and ECE. Both
metrics are reported separately on AC and non-AC subsets to
detect overconfidence near ACs.

Crucially, all AC-aware metrics are definition sensitive, which
bears directly on the fairness of comparisons and on the transfer-
ability of conclusions across projects; therefore, we treat ‘What
counts as an AC?’ as a controlled factor rather than a constant
and recommend exploring the same chemical space under mul-
tiple similarity kernels and potency thresholds while holding
the split protocol fixed. In practice, this means repeating AC
detection with alternative embeddings (e.g., ECFP4, ECFP6,
MMP-based or pharmacophore/MCS similarity) at several simi-
larity cutoffs (e.g., Tanimoto > 0.8, >0.9, >0.95), potency thresh-
olds (e.g., Ap > 1.0/2.0/5.0), and engines (various ML versus DL
models). Report the number of identified AC pairs for each recipe
and threshold. Assess the best model architecture using RMSE s
for regressive and AUCPR; for classification tasks. To character-
ize the SAR landscape, where decisions are taken, summarize
early recognition with EF,¢, at small budget (o = 1 — 5%), and
audit trustworthiness on the AC subset with coverageyc and
width,c from CP. Quantify actionability by the percentage of
high SALI pairs recovered in top k or g%, along with the observed
fluctuation of false positives near assay-variability bands. Opera-
tional details, exact formulas, and a reporting checklist are com-
piled in Table S2 in the supplementary information so that
practitioners can implement the discussed procedures without
ambiguity.

With uncertainty quantified and calibrated, we close the pre-
diction layer by introducing AL that targets AC neighbor-
hoods.®%?:(P?0 " Recent studies in drug discovery have
demonstrated AL’s leverage for prioritizing syntheses/screens,
offering concrete patterns for batch sizing, exploration-exploita
tion balancing, and recalibration after each assay cycle. These
design maps can be applied to AC-aware acquisition by swapping
target-agnostic heuristics for SALI-conditioned uncertainty
querying. The algorithm prioritizes molecular pairs that are
simultaneously informative (uncertain) and probably AC-

bearing, as established by high SALI. A practical acquisition score
for a candidate pair (i, j) is:

A(i,j) = ASALL (i) + (1 — 2) U, j), 3)

where SALI is SALI standardized to [0,1], U is a standardized
uncertainty proxy (e.g., CP interval width or ensemble variance)
on the model’s AC score, and A € [0,1] trades off AC likelihood
and epistemic uncertainty.

The model should not only predict two near-identical mole-
cules that differ strongly in activity, but also indicate where in
the structure this difference originates. Explanations (saliency/at-
tribution maps) tell us which atoms/scaffold fragments the
model believes are responsible for large Ap. That is the purpose
of XAI (Explainable AI) under AC."?" Concretely, AC pairs are
aligned using maximum common substr (MCS) with the edited
fragment explicitly marked, then per-atom attribution maps are
computed with a method appropriate to the model class [inte-
grated gradients for neural networks; Grad-CAM-style methods
for graph neural networks (GNNs); SHAP (SHapley Additive
exPlanations), which quantify feature contributions based on
cooperative game theory, for descriptor-based models] and nor-
malized. P72 ®#?:(?%) We read the maps with a small set of audi-
table checks that test three things at once: Do attributions stay
consistent on the shared scaffold; do they concentrate on the
actual edit; and do they recover any known AC motif? This keeps
the model from crediting the wrong atoms for the activity shift.

Beyond small molecules, AC-aware principles were extended
to peptides via the AMPAC framework, ”” which formalizes
sequence-level ACs and supplies a curated benchmark, applying
Layer II diagnostics to antimicrobial peptides (AMPs). AMPAC
defines ACs at the sequence level using normalized BLOSUM62
similarity (> 0.9), where BLOSUM62 is a substitution matrix
quantifying evolutionary similarity between amino-acid
sequences, combined with a >2-fold change in minimal inhibi-
tory concetration (MIC), and organizes paired AMPs into a
curated benchmark for training and evaluation. The study
applies identity-controlled splits and reports consistent readouts
such as AUROC/AUPRC for AC detection and correlation-based
metrics for MIC regression, across a broad model suite [various
classical ML and pretrained protein language models
(PLMs)].*?% Results show one clear pattern — large PLMs such
as ESM2 set the best baselines for AC detection and MIC, but
their performance is still modest. A Spearman value of around
0.47 on MIC leaves clear headroom for improvement, and con-
firms that the analysis of discontinuous SARs is hard, even with
strong encoders.

Layer Ill. AC-aware small molecule generation

Collectively, the AC metrics, calibrated uncertainty (CP/UQ),
and AL indicate where the SAR breaks and how models behave
around these breaks. The natural progression is to use these sig-
nals as a design advantage and as rewards that guide lead opti-
mization. Modern de novo design should treat local chemical
edits leading to extensive potency difference as first-class infor-
mation for lead optimization. The most prominent example of
such tools is ACARL®?” (Activity Cliffs-Aware Reinforcement
Learning).
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ACARL integrates AC signals directly into a de novo design,
injecting high-impact SARs from AC-rich regions and steering
generation toward them, allowing drug candidate optimization.
The framework consists of two crucial functions: activity cliff
index (ACI) for AC detection, and contrastive loss in RL, a func-
tion that prioritizes learning from ACs. ACI is similar to the SALI
form of molecular landscape visualization, but more generalized
and applicable to various potency metrics, such as molecular
docking. ACI is defined as:

If(x) =)l
dT(X,Y) '

where dy is the Tanimoto distance between molecules represented
as ECFP. A pair of molecules is declared as an AC when two con-
ditions are met:

f(y)] > oy and ACI(x,y; f) > o (5)

ACI(xy;f) = xyes, @)

Fine-tuning of the pipeline proceeds from a pretrained
SMILES Transformer decoder, with a reward that preserves
language-model knowledge while pushing the objective:

R(x) = log — likelihood(x) + o - f(x) (6)

To handle imbalance and highlight high-value SARs, ACARL
uses a weighted replay across all past steps, emphasizing ACs:

(k) ). plk)
Lm(g ) P 12f1‘“u:21:iz=:wL(x o @

where w; > 0 increases for samples linked to detected ACs, allocat-
ing more updates to high-impact regions. By leveraging dense
SARs previously treated as outliers, ACARL consistently improves
target metrics, indicating that gains come from explicit AC-aware
prioritization rather than replay alone. The authors also note a
key limitation: current pipeline evaluation leans on docking-
based protocols, which might misalign with in vivo outcomes,
leading to oversight of the most optimal structures. In practice,
ACARL is complementary to synthesizability and multi-
objective filters.

In published reports, ACARL is the only explicitly AC-aware
generator that quantifies gains against strong RL baselines under
a common docking-score objective. On three tested molecular
targets, ACARL improves top one docking from —9.83/-11.05/
—9.76 kcal/mol (generic RL) to —13.92/—12.15/—12.92 kcal/mo
1 (A = 4.09/1.10/3.16) and strengthens top 100 means while
maintaining or increasing internal diversity (IntDiv ~ 0.86-0.8
8), indicating that replay weighting toward AC-rich edits yields
harder-binding proposals without mode collapse.

Whereas ACARL encodes AC signals by design, the next tools
are not explicitly AC-aware; however, they are presented here
because they can be configured to operate under the same logic.
REINVENT provides an RL framework that accepts AC-oriented
scores, such as predicted |Ap| or ACI with CP and uncertainty gat-
ing and with XAI checks, and mmpdb (matched molecular pair
engine for AC-aware generation) supplies a matched molecular
pair single edit mechanism that keeps proposals local and chem-
ically plausible. Together, they implement the AC logic through
reward functions and constraints rather than through a new
architecture, and they therefore offer a practical route to AC-
aware generation within standard pipelines.

REINVENT 4%°® is an advanced tool for new molecule gener-
ation, R-group replacement, scaffold hopping, library design, lin-
ker design, and lead optimization. Its RL objective enables the
injection of AC signals as a reward or augmented likelihood.
The pipeline built around RL allows various molecule optimiza-
tion strategies, where some actions can be rewarded when bene-
ficial for the output. The main logic behind that is driven by
augmented log-likelihood:

R(x) = 108 ppios(x) + 7 - S(x) (8)

where log p,,,,.w(x) preserves the pretrained language model and S
(x) € [0,1] is a task score, where ¢ > 0 modulates task pressure (a
similar structure to that of ACARL in Equation (6)). To apply AC
logic into RL, define a pair relative score using a AC-calibrated pre-
dictor fand nearest neighbor NN(x) in reference series S:

ACh () = ) = TNNGO)

T, Te to(ECFP 9
1 simy (x, NN(x)) simy = Tanimoto( ) 9)

This parallels ACI from the ACARL pipeline (Equation (4)), but
at the same time uses generated molecule x against the closest
analog in S. A gated task score then reads:

S,

ac(x) = 1{(U - L) <t} - W{|f(x)| > o} - min (1, ACE s (% ),

(10

where [L, U] is the conformal interval for f{x) (uncertainty gate),
controls admissible uncertainty, and o;,o; are potency/ACI
thresholds (like in Equation (5)). Plugging Ssc into Equation (8)
yields an AC-aware REINVENT objective that rewards large pre-
dicted |Ap| under high similarity and rejects low-confidence cases.
Mmpdb®”® complements AC-aware design by turning local,
single-edit transformations into first-class actions for the genera-
tor, so that rewarded Ap reflects one auditable medicinal chem-
istry change rather than diffuse scaffold drift. Practically,
mmpdb mines a rule set R of MMP transforms from a project
library (Hussain-Rea cut and RDKit canonicalization; https://
www.rdkit.org/docs/) and applies them as constrained edits dur-
ing generation. Each rule r € R indicates a one-step proposal:

= Tr(x), (11)

which is accepted only if locality/feasibility filters hold, for
example:

Simp(X,X') 2> Smin, |[AMW/| < Sy,  SA(X1) < SApax, (12)

with simyas Tanimoto similarity computed on ECFP, SA as a syn-
thetic accessibility, ' and optional alerts such as PAINS applied
as hard stops. AC-awareness is then layered in by scoring each
accepted analog x’ relative to a nearest neighbor NN(x’) drawn
from a reference series S (seed set or growing memory). By using
an AC-calibrated predictor f from Layer II, define the predicted
AC strength as
If (x1) — F(NN(x))]

ACTmea(X1f) = 772 simy(x1, NN (x1))’ (13)
and plug it into a gated AC score for RL in REINVENT:

AClyea(X'; )
AClil)).

$1c) = 1{(U ~1) £ ) (9] > o) i (1,
(14)
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where [L, U] is the CP interval on uncertainty gate f{x’), f* orients
the objective (e.g., docking binding energy E,, or pICsg), and
oy, 0 are potency/ACI thresholds as in the ACARL criteria. The
augmented-likelihood objective in REINVENT keeps the
language-model prior while rewarding AC-consistent moves:

Rutg(X) = 108 Py () + 0S1c(1) (15)

In this configuration, mmpdb guarantees that rewarded
improvements come from single, interpretable edits within a ser-
ies; nearest-neighbor anchoring enforces the local definition of
an AC, and the CP gate suppresses noisy jumps.

Presented generative frameworks operationalize signal from
ACs through RL architectures with scoring functions, weights,
and rewards that steer AC-aware candidate design. However,
the flywheel of the drug-design pipeline is the activity prediction
of generated molecules, which can be misleading when the
model used for this task is overconfident or overfitted to AC
logic. This failure mode yields high-scoring models that become
experts at maximizing predicted activity with unrealistic candi-
dates exploiting the model’s flaws, the opposite of making chem-
informatics more laboratory-oriented. To prevent this, tune each
generative model with chemical boundaries that limit generation
by medicinal chemistry reality rules. Concretely, use a synthesiz-
ability score (e.g., RDKit's SA_score) to inject knowledge of syn-
thetic accessibility and reduce the probability of proposing

impossible-to-create candidates; apply general ADMET (absorp-
tion, distribution, metabolism, excretion, toxicity) filtering to
constrain liabilities; and include QED (quantitative estimate of
drug-likeness) scoring to balance potency with drug-likeness.
These constraints should be enforced early (during training and
sampling), not only as post-hoc filters, and can be comple-
mented by simple novelty and diversity caps to avoid trivial
exploitation.

Conclusions

ACs create dense, high-value regions of chemical space that are
deliberately explored by medicinal chemists and can point
directly toward new active chemotypes. To properly exploit the
knowledge concentrated at the edges of SARs, in silico models
must pay special attention to those regions, steering the model-
ing process. In practice, regularized 2D baselines (e.g., ECFP4
with SVM/GBM) often match or surpass more complex, deep
architectures on AC-enriched tests under fair, series-aware splits
and careful data curation. Deeper models earn their place when
the task supplies the right inductive bias: AC-aware objectives
or pretraining that shape latent distances around Ap, trustworthy
3D shape/conformer information where ACs are genuinely
shape-driven, and multimodal target-ligand embeddings that
capture protein context. This can be complemented by a
structure-based design that proactively reads the AC signal in
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three dimensions. Close analogs aligned in a common binding
pose frequently expose the minimal interaction changes — such
as the gain or loss of a hydrogen bond or salt bridge, a
halogen-bond geometry shift, or a narrow steric gate — that con-
vert a smooth SAR into discontinuity. Docking and virtual
screening studies already show that 3D analyses can rationalize,
and occasionally anticipate, AC behavior when shape comple-
mentarity and electrostatics dominate, whereas 2D AC mining
alone can miss such cases. Looking ahead, progress will likely
come from better embedding and pretraining schemes that bind
ACs to structure, including physics-informed training signals
and related formulations, rather than from capacity alone.®'%"
Treating ACs as a signal, not a nuisance, reframes both bench-
marking and design practice and can raise the quality of pro-
posed molecules when applied with disciplined curation and
fair evaluation.

To satisfy practitioners, we propose a three-layered dynamic
loop: a guidance for cheminformaticians in creating effective
drug design generators, built on the foundation of leveraging
local SAR discontinuities, to outperform conventional AC-blind
workflows. Layer I concentrates sampling and pretraining on
steep regions so that molecular representations carry AC-
relevant geometry into downstream tasks. Layer II then evaluates
ACs using early recognition and pair-triage metrics that surface
the most informative micro-edits responsible for large potency
flips, while calibrated uncertainty keeps decisions honest in
high-gradient neighborhoods. The resulting embeddings recali-
brate the predictors, and generators in Layer III propose candi-
dates that explicitly probe uncertain and AC-rich SAR regions
flagged by Layer II predictors, rather than only optimizing the
static scorer. In practice, this yields the cycle shown in Figure 4,
Represent — Evaluate — Generate — Test — Represent, in which
a newly identified AC can trigger contrastive re-weighting in
Layer I, an uncertainty spike can redirect Layer III toward tar-
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Abstract

Activity cliffs (AC) correspond to large potency differences between highly similar compounds and pose a persis-
tent challenge for both predictive modeling and de novo molecular design, particularly in small and underexplored
areas of the chemical space. In this study, we introduce an AC-aware generative framework for the de novo design

of anticancer thiazolidinone derivatives relevant to non-small cell lung cancer. We identify difficult regions of struc-
ture-activity landscape and extract chemical pattern signals hidden in its discontinuities directly from AC pairs using
a dedicated algorithm. These signals are incorporated into a fragment-based generative pipeline to guide molecular
construction and candidate selection. Compared with a standard QSAR-guided approach, the proposed framework
yields a higher fraction of candidates with favorable docking profiles across multiple cancer-relevant targets and pro-
duces ligands with more stable binding modes in molecular dynamics simulations. Among the top five candidates
selected by a molecular dynamics, multi-metric consensus combining docking affinity, binding stability (ligand

and pocket RMSD/RMSF), and energetic criteria, four were generated using the AC-aware CAFE LATE strategy. The two
highest-ranked hits exhibited binding energies of —7.78 and —7.70 kcal/mol, markedly more favorable than the native
reference (—4.09 kcal/mol), and consistently outperformed native ligands across all evaluated stability metrics. Those
results suggest that explicit use of AC information can improve the quality of de novo generated small-molecule
candidates in data-limited settings.

Scientific Contribution statement

This study introduces a new AC-informed small-molecule design framework that explicitly exposes crucial structure—
activity information hidden in steep regions of the SAR landscape and uses it as an operationalized design signal.
Our algorithm converts AC knowledge into reverse QSAR and generation leverage, enabling exploration of unknown
areas of the chemical space, and discovery of the best performing candidates supported in molecular dynamics
simulations. To the best of our knowledge, this is the first reverse QSAR and fragment-based generative framework
to operationalize AC information at the fragment level within a unified machine learning workflow.
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Introduction

Lung cancer remains the most diagnosed cancer and
the leading cause of cancer death worldwide. In 2022
it accounted for~2.48 million new cases (12.4% of all
cancers) and ~1.82 million deaths (18.7%) [1]. Despite
advances in screening and therapeutics, the absolute
global burden continues to rise, driven by population
aging and growth alongside persistent exposures to
major risk factors. The World Health Organization pro-
jects more than 35 million new cancer cases per year by
2050 [2]. Consequently, the clinical management of the
predominant histologic category of non-small cell lung
cancer (NSCLC) centers on comprehensive biomarker
testing to guide targeted and individualized therapies and
immunotherapies, as reflected in contemporary interna-
tional guidelines [3]. Nevertheless, durable disease con-
trol in advanced NSCLC remains uncommon because
relapse and progression are frequent, reflecting tumor
heterogeneity and acquired resistance (e.g. secondary
epidermal growth factor receptor mutation [4]), bypass
signaling [5], and lineage transformation [6]. Recent
randomized trials have moved targeted and immune
therapies into earlier stages, for example perioperative
durvalumab improved event-free survival and pathologic
complete response (7], and adjuvant alectinib prolonged
disease-free survival after resection of anaplastic lym-
phoma kinase positive disease (ALINA) [8], but they have
not eliminated relapse. Given the clinical reality and ther-
apeutic pressure, there is a profound need for new small-
molecules discovery, which could expand possibilities of
NSCLC selective treatment.

Thiazolidinone is a widely investigated, pharmaco-
logically versatile scaffold and remains a promising core
chemotype for anticancer lead discovery. As summarized
in prior reviews, thiazolidinones have attracted sustained
attention from medicinal chemists owing to their broad
spectrum of biological activities, including anticancer
effects, and their synthetically accessible substitution
patterns [9, 10]. Recent studies further underscore the
anticancer potential of this pharmacophore. Podolak
et al. (2025) reported a new series of highly active deriv-
atives with lead achieving IC;,=0.85 uM in MCEF-7
human breast adenocarcinoma cells and 0.28 uM in Jur-
kat human T-cell leukemia cells, while exhibiting mark-
edly weaker effects in normal human dermal fibroblasts
(HDF IC4,=16.9 uM), indicating useful selectivity [11].
In a complementary series, Shawky et al. (2023) disclosed
2,3-diaryl-1,3-thiazolidin-4-ones with IC,, values rang-
ing from 0.02 to 17.02 uM across MCF-7 human breast
adenocarcinoma cells, HT-29 human colorectal adeno-
carcinoma cells, and A2780 human ovarian carcinoma
cells, along with in vivo tumor growth suppression in an
Ehrlich solid carcinoma model [12]. Most importantly,
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several studies show that thiazolidinone derivatives
exhibit measurable cytotoxicity against NSCLC models.
For example, novel 4-thiazolidinone-based compounds
were screened for in vitro anticancer activity and dem-
onstrated inhibitory effects on the A-549 human cell
line in MTT assays, with ICy, values in the low-to-mid
micromolar range [13]. Moreover, related thiazolidinone
hybrids have shown apoptosis induction and cell cycle
arrest in A-549 cells, reinforcing the relevance of this
scaffold to NSCLC drug discovery [14].

Yet the thiazolidinone chemical space understood as
the conceptual space of compounds with common chem-
ical motif, remains underexplored, particularly along
substituent vectors relevant to potency, selectivity, and
drug-like properties. This motivates a systematic, struc-
ture-guided expansion in search of the new effective anti-
cancer agents.

Modern in silico methods, including Artificial Intelli-
gence (Al) powered frameworks, have become a standard
tool in medicinal chemistry for de novo small-molecules
generation, giving a promise of effective digital data pro-
cessing and analysis. These approaches typically rely on
predictive models trained on large chemical databases,
which learn structure—property and structure—activ-
ity relationships and subsequently generate or prioritize
new molecular structures with desired biological profiles
[15]. Statistically, discovery phase of active molecule lasts
from 3 to 6 years, but applying Al driven computational
aided drug design (CADD) can accelerate the process by
even 2 years. Moreover, it can shorten the clinical trial
duration by ~15—30% and significantly rise drug candi-
date’s early-stage success (Phase I 80-90% vs historical
40-65%) [16, 17], as evidenced by small-molecule TNIK
inhibitor INS018_055 which was designed using AI pow-
ered methodology and has successfully reached 2a phase
of clinical trial targeting fibrosis [18]. Despite undeniable
progress, several assessments caution that the real-world
impact of Al on drug discovery remains uneven indicat-
ing necessary improvements in data quality management
and models architecture [19].

From computational chemistry perspective, building
AI models that capture a continuous structure-activity
relationship (SAR) and reliable performance is primar-
ily disrupted by pairs of very similar compounds with
large potency differences (Ap)- Activity Cliffs (AC) [20,
21]. These discontinuities function as outliers that break
the apparent correlation between shared chemical motifs
and biological effects, where even single-atom edits can
yield > tenfold potency shifts [22]. As a result, generative
and predictive models with tendency to generalization
often produce overly optimistic estimates and inflated
accuracy metrics, wasting time and resources, and risk-
ing overlooking of relevant candidates [23]. Importantly,
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medicinal chemists view AC as a dense, high-gradient,
information rich regions of SAR landscape, which can
be operationalized in AI pipelines using dedicated tech-
niques enhancing the models’ performance [24]. At the
molecular representation level, methods such as ACtri-
plet [25], ACANT [26], MaskMol [27] and SiamACLoss
[28] inject pairwise/contrastive AC information during
model training, explicitly separating AC neighbors in
latent space and improving sample efficiency and reliabil-
ity. For evaluation, MoleculeACE formalized AC-aware
benchmarking by introducing RMSE ;; (Root Mean
Square Error calculated on AC pairs) and subset metrics
[23], while ACNet [29] complements this by casting AC
detection as a pairwise classification problem. Finally, de
novo generative modeling was reshaped to explore dif-
ficult SAR region with Activity Cliffs Aware Reinforce-
ment Learning (ACARL) [30] via contrastive objectives.

Quantitative Structure Activity Relationship (QSAR)
models learn a statistical relationship between molecular
structure and biological activity [31]. Once trained, they
can predict unknown activity for new compounds within
a defined Applicability Domain (AD), understood as a
pre-specified region of chemical space where the model’s
assumptions and uncertainty bounds justify using the
prediction. Reverse QSAR (r-QSAR, often called inverse-
QSAR) turns the problem around. Starting from desired
property values or activity profiles, it searches the chemi-
cal space for structures likely to satisfy those targets,
typically by coupling prediction model (QSAR) with a
structure generator/decoder or chemically constrained
mutation engine [32].

Rapid progress of Al and its implementation to QSAR
modeling extended representation learning, and brought
a great improvement to data interpretability, accelerat-
ing hypothesis testing in drug discovery pipelines. At the
same time, extensive comparative studies in small-mole-
cule frameworks, comparing Machine Learning (ML) and
Deep Learning (DL) methods, consistently reveal supe-
riority of simpler ML approaches. Rigorous evaluation
under AC-aware conditions related to strict assessment
metrics such as RMSE ;z further highlights this advan-
tage [23]. As evidenced in recent analysis conducted on
62,820 trained models, classical molecular representation
aligned with ML methods can be the best choice, espe-
cially for smaller datasets [33].

In this study, we continue to expand thiazolidinones
chemical space to identify new candidates against
NSCLC [34]. To increase the likelihood of discover-
ing highly active analogues in a limited and under-
explored dataset, we introduce an AC-informed
generative framework built around r-QSAR and frag-
ment-based design. In contrast to previously reported
AC-aware approaches, which primarily incorporate cliff
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information at the level of model training, latent-space
shaping, loss design, or reinforcement-learning control,
our strategy operates at the level of chemically inter-
pretable building blocks. Specifically, it extracts direc-
tional SAR information from AC pairs, resolves this
signal into fragment-level enrichment rules, and rein-
jects the corrected fragment knowledge into r-QSAR-
guided molecular generation. To the best of our
knowledge, this is the first study to combine r-QSAR,
fragment-level AC knowledge extraction, and de novo
design within one coherent small-molecule discovery
workflow. This new approach turns AC from sources
of model error into actionable signal, focusing search
on high-value regions of chemical space and yielding a
small library of thiazolidinone derivatives with higher
probability of desirable potency gains against NSCLC.

Methods

Data acquisition and standardization

To establish a robust modeling foundation and define
actionable chemical space for downstream analysis, we
enforced strict data management rules. We retrieved
all compounds, bearing the thiazolidinone scaffold
with reported activity against A549 adenocarcinoma
cell line, commonly used as a model of NSCLC from
ChEMBL database (CHEMBL392), using the platform’s
curated bioactivity records, and added 21 compounds
previously synthesized by our team [34-36]. For end-
point consistency, we selected a single readout of ICs,
values, derived exclusively from MTT colorimetric
assay, and converted all measurements to pICs, in
common nM unit for concentration [38]:

pICso = —log,,(UC50[M]) = 9 — log,,(ICs50[nM])
1
This choice aligns with best practice for harmoniz-
ing potency scales and leverages ChEMBL's conventions
for comparability across studies. The dataset encoded as
canonical SMILES was subjected to a standard curation
workflow to minimize artifacts and leakage: removal of
exact duplicates, resolution of tautomeric variants, strip-
ping salts/solvates, and exclusion of structurally implau-
sible or ill-specified records (“odd compounds”), though
molecular weight (MolWt<900 Da) and LogP< 8 filters.
This follows established recommendations that rigor-
ous, transparent curation is a precondition for reliable
QSAR/ML modeling [39]. For subsequent classification
tasks, each chemical of the cleaned set was binarized to
an activity label y; using the common cheminformatics
threshold /Cs5p <10 uM (=active, otherwise inactive), a
cutoff frequently adopted in benchmarking and target-
agnostic screens [40]:
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1 ifICsp, < 10000nM
Yi= { 0 / else )

Chemical space and structure activity landscape

To align with community standards, we define AC as a
pair of compounds with high 2D structural similarity
computed on Morgan fingerprints ECFP4 (radius=2,
length=2048) and Jaccard Tanimoto similarity index
t > 0.8, combined with a ApICs5¢ > 1.0 (10- fold differ-
ence in ICy;) using RDKit [23, 41, 42]. For a dataset of n
valid molecules, all unordered pairs (i,j) with i < are
enumerated. For each pair, we compute Tanimoto simi-
larity s;; and potency difference ApIC,. A pair is retained
as an AC if it meets both thresholds: high 2D similar-
ity (s;j > 7, default 1=0.80) and large potency contrast
(ApICsp = 8, default §=1.0 on ICsp). For every retained
pair we quantify AC severity with Structure Activity
Landscape Index SALI defined as:

ApICsg
SALIL; = m (3)
where s;; is Tanimoto similarity and e=1x10"° is added
in the denominator to guard against division by zero for
near-identical pairs. SALI is used strictly as a diagnostic
in this step and later as a weight in fragment enrichment
in r-QSAR.

Two complementary visual diagnostics are produced
directly from the fingerprints and potency values (these
maps are only chemical space visualizations and are not
used by any predictive model):

« Structure Activity Similarity (SAS) map: SALI scat-
ter plots ApICsg versus Tanimoto for all pairs, using
a continuous colormap for SALI values on the subset
that meets AC criteria. The similarity and potency
thresholds (t, 8) are drawn as dashed reference lines
to delimit the AC region [43].

+ t-SNE embedding with AC overlay: projects molecule
level fingerprints to two dimensions using t-SNE [44].
Points are colored by pICs, and molecules partici-
pating in at least one AC (present in mol; or mol)) are
overlaid as highlighted markers.

+ Multidimensional Scaling (MDS): projects molecu-
lar fingerprints into two dimensions using classical
metric multidimensional scaling based on pairwise
dissimilarities derived from ECFP4 fingerprints. The
dissimilarity matrix is computed as 1—Tanimoto
similarity, and molecules are embedded such that
inter-point distances best preserve the original dis-
similarities in the low-dimensional space. Points are
colored by pICs values, while molecules participat-
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ing in at least one AC pair are marked as triangles.
This representation provides a global, distance-pre-
serving baseline view of the chemical space, comple-
mentary to the nonlinear t-SNE projection [45].

Machine learning models

Both the r-QSAR and prediction-QSAR model were
trained on 9 classical ML engines using scikit learn and
imbalanced libraries [45]: logistic regression (LogReg),
linear support vector machine (Linear SVM), radial basis
function support vector machine (RBF-SVM; SVC),
k-nearest neighbors (k-NN), random forest (RF), bal-
anced random forest (BRF), ExtraTrees, gradient boost-
ing (GB), XGBoost, and CatBoost.

Reverse QSAR

We trained a r-QSAR classifier across nine distinct ML
engines to identify the best one suited for the task: min-
ing chemical patterns mostly accountable for anticancer
activity against A549 cancer cell line. All compounds in
the final thiazolidinone dataset were defragmented to
chemically meaningful fragments using RDKit BRICS
[42]. Those fragments were normalized to customized
SMILES in which broken bonds are marked with attach-
ment points [*]. We then build a binary fragment inci-
dence matrix:

X e {0,1)N*F , Xif = 1, iffispresentinmoleculei  (4)

where N is the number of molecules in training set, and
L = {f1,.fr} is the vocabulary of normalized fragments
(each f corresponds to one column of X). This representa-
tion is analogous to MACCS keys [47], and enables the
classifier to learn SAR as fragment presence/absence and
to rank fragments by learned importance [48]. This pre-
serves the highest learned importance per normalized
fragment. As a sanity filter, any fragment observed only
in the inactive class has its importance set to 0 before
selection to prevent one-class artifacts.

To avoid indirect data leakage from splitting AC pairs
across folds, we generated ten independent repeats of a
stratified, group-aware train/test split. For each repeat:

+ We constructed the set of molecules that participate
in at least one AC pair (from the SALI analysis table).

« All molecules in this set were forced into train (AC
pairs and their neighbors remain together, preserving
the AC logic).

+ The remaining non-AC molecules were split by class-
stratified sampling to form test at the target propor-
tion (default 20%) the rest joined train.
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+ Class labels remain balanced across repeats by
stratification. Random seeds were varied per repeat
to ensure independence.

This policy keeps AC relationships intact and pre-
vents the model from “seeing one side of an AC” in
train and the other in test set, which would inflate AC
related performance. The operating point (classifica-
tion threshold) used for thresholded metrics within
each repeat was chosen by scanning probability scores
p €[0;1] and selecting a single operating threshold
that maximized the designated objective (F1-score by
default) on that repeat’s held-out set.

We summarize r-QSAR performance by the
mean over the 10 repeats of the following metrics:
AUPRC, ;.. emphasizing performance on the positive
class under imbalance (chosen as a primary metric),
AUROC, Accuracy, Precision, Recall, F1- score, Mat-
thews Correlation Coefficient (MCC). For each engine
we report the mean of these metrics across the 10
repeats the best model is selected by maximizing mean
AUPRC, ;.- Tie-breakers, when needed, follow (in
order) higher AUROC, higher MCC, and higher F1 at
the chosen operating point.

The best r-QSAR model builds the fragment library
from the ranked fragment-importance profile. Let I(j)
denote the learned importance of fragment f, and let I(j)
denote the corresponding importance value after sorting
in descending order. The cumulative importance curve is
then defined as:

k
Ej:l 1g)

gk) = )
i1 1)

k=1,.,F (5)

where k is the number of top-ranked fragments included
in the cumulative sum. Among all importance mass, g(k)
shows what fraction is already covered by the top-k frag-
ments. The final number of important fragments is cho-
sen by Kneedle detector [49], which searches for natural
bend in importance curve (“the elbow”), and keep the
compact, high-signal features.

This split strategy minimizes pairwise leakage but also
renders the AC-free, and therefore easier test set, so the
reported global metrics are overoptimistic. The perfor-
mance is expected to degrade on real-world scenarios. To
recover SAR signal hidden inside AC and correct r-QSAR
fragments choices, we introduce a new logic Cliff Active
Fragment Extraction (CAFE): a lightweight, training-only
postprocessor. CAFE requires exactly three artifacts:

+ A binary fragment incidence matrix X from Eq. (4)
+ SMILES list of the same N molecules, to map AC
pairs to row indices in X.
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+ Table of listed AC pairs (i,j) with ApICso values,
Tanimoto similarity s;, potency gap ApICs, and
SALI

CAFE processes each AC pair in turn. It first checks
that both molecules are present in the X and that ApICs,,
values are available. The partner with the highest ApICy,
is treated as the more active molecule (i*), the part-
ner with lower ApICsg as inactive (i7), and the pair is
oriented:

it = argmax{pICqy}, i~ = argmin{pICs) (6)

Each molecule is represented as a binary vector over
the same fragment set, where 1 means the fragment is
present and 0 means it is absent. Let x;+ and x;- denote
the binary fragment-incidence vectors of the more active
and less active analogues, respectively, corresponding
to their rows in matrix X. CAFE performs element-wise
subtraction to obtain a signed delta vector:

dij = xi+) — % {—1,0,+1} @)

which encodes fragment by fragment, whether a fea-
ture helps explain the potency flip for this pair. Each
entry of dj; takes one of three values {—1, 0,+1}. Posi-
tive one means the fragment is present only in the more
active partner. Negative one means the fragment is pre-
sent only in the less active partner. Zero means the frag-
ment is present in both partners or in neither partner,
nor carries information about the potency flip:

+1, ifii ) = landxi-p) =0
dj(f)=4 0 ifxi+ 5y = Xi(f) (8)
-1, ifx"+(f) = Oandx,-—(f) =1

where f indexes the customized fragment vocabulary
L ={fy,....fr}. Each f corresponds to one column of
the binary matrix X (one feature). For each pair, a frag-
ment that occurs only in the more active partner receives
a positive contribution equal to the SALI value of that
pair. A fragment that occurs only in the less active part-
ner receives a negative contribution of the same mag-
nitude. Fragments with delta equal to zero are ignored.
SALI values are clipped to 99th percentile g to prevent
single extreme pairs from dominating the sum:

wjj = min(SALIjj, c), ¢ = quantile, ({SALI; : (i,j) € Train))

©)

In the present dataset, this cap corresponded to a
SALI value of 14.92 and affected only 1 of 47 AC pairs
(2.13%). Comparison of fragment rankings obtained with
and without clipping showed complete preservation
of the main enrichment signal (top 10 overlap=10/10;
top 20 overlap=20/20; Spearman correlation=1.000),
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indicating that clipping acted purely as a stabilization
step preventing disproportionate influence from a rare
extreme pair, rather than materially altering fragment
prioritization.

The per-pair contribution is then:

eii(f) = widi(f) (10)

This comparison is repeated across all valid AC pairs in
the training data, and the contributions are accumulated
per fragment. A fragment that is repeatedly unique to the
more active side builds a large positive Enrichment Fac-
tor E(s)) and becomes a candidate to add. A fragment that
is repeatedly unique to the less active side builds a large
negative score and becomes a candidate to remove:

Ep= Y. elN= D wydif) 1)

(ij)eTrain (ij)eTrain

The output is a structured table that maps each frag-
ment to its total AC enrichment score and lists the
supporting AC pairs with their row indices, so every
recommendation has traceable provenance. Figure 1
illustrates the basic scoring on a toy example. Consider
AC pair consisting of more potent analogue it (active)
and less potent analogue i~ (inactive), represented by
binary fragment presence vectors xiy, and x;_ respec-
tively, over three fragments fi, f2andf; with a SALI value
of 3.2. Subtracting the binary vectors yields a directed
dij with entries -1, 0, or+1. A value of +1 indicates that

i+ X;.

Pt

= X
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the fragment is present only in the more active analogue
and therefore contributes+ 3.2 to its enrichment score. A
value of -1 indicates that the fragment is present only in
the less active analogue and therefore contributes -3.2. A
value of 0 means that the fragment is shared by both ana-
logues or absent from both and thus does not contribute
to the potency flip. When such contributions are accu-
mulated across many AC pairs, local SAR discontinuities
are transformed into a stable fragment-level enrichment
signal. The final fragment library is then corrected by
CAFE through promotion of fragments repeatedly asso-
ciated with the more active side of AC pairs and demo-
tion of fragments repeatedly associated with the less
active side.

Prediction QSAR

We trained a binary classification QSAR across the same
nine ML engines using four molecular representations:
circular Morgan/ECFP fingerprints with radius 2 at 1024
and 2048 bits (hash-based, neighborhood-expansion),
MACCS structural keys (classical 166-bit MDL keyset),
and 31 physicochemical descriptors selected by Boruta
feature selection algorithm from a pool of 1500 com-
puted features (all-relevant wrapper over Random For-
est) [50]. Continuous features are z-standardized, binary
fingerprints are used as is. Performance is estimated
over ten independent repeats. For each repeat, we build
AC groups from the SALI table and perform a stratified,
group-aware split that keeps each AC component in the

+1
0 o z — +#1 X SALI
dy E(f)

Fig. 1 Operational principle of CAFE on a toy example. Fragment-level differences between the more and less potent analogues are encoded
by the signed vector dj = x;+ — x;-, allowing AC pairs to generate positive, negative, or null fragment-enrichment contributions
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same fold (train or test), with test ~ 20% and class pro-
portions preserved [51]. Unlike r-QSAR (where test was
AC free), here AC can appear in test, enabling AC-aware
error estimates. After fitting on train, each model pro-
duces probabilities p € [0,1]. We select operating thresh-
old tx per repeat by grid search on a held-out validation
split of train:

tx = argmaxMCC ) (12)

where MCC(;) denotes the Matthews Correlation Coef-
ficient evaluated at decision threshold ¢ on the validation
split.

Model selection prioritized AC-aware accuracy: we
chose the configuration with the lowest and most stable
RMSE i across repeats, the smallest mean and the nar-
rowest 95% CI on AC compounds, as recommended by
MoleculeACE benchmark [23]. Because our prediction
task is binary (active vs inactive), we adapt this AC-aware
evaluation principle and assess models on the AC subset
using the squared error between predicted probabilities
and binary labels- the Brier score [52], reported as its
square root (RMSE). For each repeat r, let C") be the test
molecules that belong to at least one AC pair, then:

1
RMSE®) — @i — y)°
SEay = | [co] 2) i =) (13)
ieClr

This metric is a proper scoring rule for Bernoulli out-
comes (minimized at the true class probability), hence it
jointly rewards calibration and accuracy on the steep
SAR region [53]. For aggregation across repeats, let
(r=1,...,R),andc(y) = RMSE®)_ then:

cliff?

= %lecm (14)
CI95% = [Q25, Qo7:5] (15)
= Qo75(c(r)) — Qas(c(r) (16)

The best model is chosen based on the lowest final
score (Sc) from aggregated mean RMSE;y from ten
repeats, combined with confidence interval width correc-
tion (p):

Sc=CHp 17)

This strategy allows to choose model with the lowest
and most stable predictions on AC pairs.

De novo design
To expand the thiazolidinone chemical space we use
an island framework [54]. Each island is anchored on a
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distinct thiazolidinone core extracted from the final frag-
ment library, and generation proceeds independently
on each island, so coverage is spread across cores rather
than collapsing onto a single neighborhood. Fragments
and cores expose attachment points as [*] in SMILES.
The generator aligns a library fragment to a compat-
ible attachment on a core and builds a candidate mol-
ecule until no [*] attachment is left. Fragment sampling
is two-phase. In the coverage phase, we iterate across the
deduplicated fragment set on every core, so each core—
fragment combination is tried at least once, fragment
order is skewed to under-used pieces to prevent early
collapse. After roughly 30% of the target is reached, we
switch to a bandit phase: each fragment carries a proba-
bility that is updated from its recent post-generation per-
formance. A small, fixed exploration mass is retained, so
learning never shuts off diverse fragments. Island sched-
uling mirrors this logic. During coverage, islands are vis-
ited round-robin to ensure balanced growth. In bandit
mode, island selection becomes performance-aware so
that productive cores get proportionally more attempts
without starving others.

Every candidate must pass basic medicinal chemistry
gates before scoring. We require successful sanitization
in RDKit terms (valence, aromaticity, formal charge con-
sistency), full resolution of all placeholder atoms, a non-
trivial size window (atom count 2-200), valid SMILES,
and a molecular weight between 150 and 800 Da. Only
molecules that satisfy these rules are forwarded to eval-
uation. After passing basic gates, candidate is trans-
ferred to multi-objective scoring consisting of the best
selected QSAR classifier, QED [55] (Quantitative Esti-
mate of Drug-Likeliness), RDKit implementation of
Ertl-Schuffenhauer SA score (measuring synthetic acces-
sibility), which was invert-normalized:

SA

~1y (18)

SAr =1 — min(
9

where lower raw SA scores indicate easier synthesis,
and the transformed SA’ rescales this quantity so that
higher values correspond to more favorable synthetic
accessibility.

The aggregate score for molecule (m) used for ranking
the best candidates is a convex combination:

@(m) = Bosarb(m) + Bsa SA/(m)
+ BoepQED(m) + AcareB(m)

where p(m) is the QSAR predicted probability, B(m)
is the CAFE LATE bonus defined below, and §B
(Bosar = 0.4, Bsa = 0.4, Boep = 0.2) are the tunable
weights for each of the scorers. Then Acare controls the
contribution of the AC-aware CAFE LATE bonus to the

(19)
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final ranking score. However, the baseline predictor can
still underestimate analogues that carry favorable AC-
enriched fragments, particularly near steep SAR regions.
To address this, we introduce CAFE LATE, a lightweight
post hoc selection-stage extension of CAFE. Whereas
CAFE operates during fragment prioritization by extract-
ing enrichment signal from AC pairs, CAFE LATE reuses
this supervised fragment knowledge during candidate
ranking by assigning an additional bonus to newly gen-
erated molecules containing positively enriched AC
fragments.

For each newly synthesized molecule m, it checks
whether each AC fragment f occurs in m using RDKit
substructure match of the normalized fragment pattern
(same key used by CAFE). Presence is encoded by the
indicator:

8(m) = 1{f < m} (20)

Multiple occurrences of the same fragment f in mol-
ecule m are counted once (prevents length bias from
repeated substructures). CAFE LATE converts fragment
level evidence into a single signed bonus by summing the
previously computed E(f) over fragments found in

B(m) =Y 8(mE(f) (1)
fefac

AC positive motifs (E(f) > 0) increase the ranking
score through trough B(m), and molecules containing no
positively enriched CAFE fragments have B(m) = 0 and
therefore remain unchanged by CAFE LATE.

Final selection proceeds in two parallel arms. In the
vanilla arm, used here to denote the baseline workflow
without AC-derived post hoc boosting, we set A=0 and
select the best 100 compounds by ranked aggregated
score ¢(m). In the CAFE arm we run the same pipeline
repeatedly over a grid of Acare = {0.4; 0.6; 0.8; 1.0; 1.5}
values, each time independently producing the best 100
hits ranked by ¢ (). Final selection follows a multi-stage
funnel that guarantees quality and diversity while always
filling to the target size. We first pre-rank candidates
by ¢(m) and retain a working pool. We then compute a
Pareto front on the three base objectives QSAR, SA” and
QED to keep only non-dominated solutions. The front is
re-ranked by ¢ (m), after which we apply diversity selec-
tion with ECFP4 (radius 2, 2048 bits) and Tanimoto simi-
larity using a greedy best-first procedure that starts from
the highest-scoring molecule and iteratively admits the
next most dissimilar candidate. If diversity constraints
make the set too small the similarity threshold is relaxed
stepwise until the target count is reached. A minimum
representation per core scaffold is enforced, canonical
SMILES de-duplication is applied, and ties are broken
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by ¢(m). Each ablation arm yields exactly 100 molecules.
For discovery-oriented analyses we additionally build a
union of all unique candidates from CAFE boosted runs,
which is used downstream to surface “all-star” candidates
irrespective of the specific weight that promoted them.
The simplified scheme of new molecules generator with
enhanced AC-aware methods CAFE and CAFE LATE is
presented on Fig. 2.

Molecular docking

Protein structures were retrieved from the Protein Data
Bank (PDB) [56], identified by their PDB IDs (1M17,
4123, 8GUA, 4EKL, 50Q4, 4LMN, 5HD4, 6SCM, 5EHR,
4L7B, 5L2S, 5L2I, 5L2T), stored locally and preprocessed
to remove alternate conformations, water molecules,
ions, and crystallization additives. Hydrogen atoms were
added, and protonation states were assigned using pdb-
fixer [57]. Cleaned receptor structures were converted
to PDBQT format using AutoDockTools [58]. Ligand
structures, provided as SMILES representations, were
transformed into 3D conformations using Open Babel
[59] and converted to PDBQT format. Ligand protona-
tion states were assigned during 3D preparation using the
standard Open Babel workflow under consistent, near-
physiological conditions across the full ligand set.

The docking grids were automatically generated based
on native ligand coordinates. The grid box was defined
using the ligand center of mass with a padding of 4 A
to ensure the binding site was fully encompassed [60].
Docking simulations were conducted using Smina, an
optimized fork of AutoDock Vina [61], using a fixed pro-
tocol across all receptors and ligands. Parameters were
set to default values, including exhaustiveness of 24 and
10 docking poses per ligand-receptor pair. Native ligand
re-docking served as validation, with the root mean
square deviation (RMSD) calculated to assess docking
accuracy. An RMSD <2.0 A was considered a successful
redocking [62].

Docking poses were evaluated based on calculated
binding affinities (kcal/mol). For downstream compara-
tive analyses, the retained pose for each ligand—receptor
pair was defined as the lowest-energy valid pose returned
under the same docking setup. Docking scores were used
as a comparative prioritization criterion within this fixed
protocol rather than as absolute estimates of binding
affinity.

Ligands with docking scores more favorable than those
of the corresponding native ligands under the same pro-
tocol were selected as preliminary hits for further refine-
ment. Interaction profiles of the best docking poses were
analyzed using the Protein-Ligand Interaction Profiler
(PLIP) [63], generating detailed reports of interaction
types such as hydrogen bonds, hydrophobic interactions,
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and m-stacking. Complex structures (receptor-ligand) of
the top hits were visualized using py3Dmol [64] within
Jupyter Notebooks and 2D interaction diagrams were
created using python scripts. Visualizations included
highlighting binding sites, ligand conformations, and
receptor-ligand interactions.

Ablation analysis

To quantify the contribution of CAFE/CAFE LATE
beyond baseline QSAR scoring, we dock, per receptor,
the top 100 compounds from vanilla (baseline) arm and
each CAFE top 100 (for every Acarg) under the same pro-
tocol, filter invalid poses (non-negative scores) and native
ligands, and then form one-to-one matched pairs within
each target by rank with a molecular-weight tolerance
of <25 Da (unmatched ranks are discarded to preserve
comparability). For every retained pair we compute:

AE = Ecare — Evan (20)

on minimal binding affinities, so that AE < 0 denotes a
CAFE LATE candidate win (lower binding affinity), and
we summarize per-target and pooled effects using the
paired Wilcoxon signed-rank test on AE with two-sided
p-values and the matched-pairs rank-biserial correla-
tion as effect size, alongside outcome-focused statistics
that reflect medicinal-chemistry priorities: namely the
mean AE, the 5th-percentile improvement (Q5) captur-
ing uplift among the very best candidates, and the 25th-
percentile (Q25) for the top quartile. Finally, across CAFE
LATE weights we identify the “best” configuration by
the most negative mean Q5 averaged over receptors (ties
broken by mean AE), use this single configuration for
head-to-head top-k visualizations against vanilla (ranks
1-6 per receptor), and report the unified CAFE union
only for discovery summaries

Molecular dynamics

Based on the molecular docking results, both native
ligand complexes and ligands exhibiting superior pre-
dicted binding affinities compared to their native coun-
terparts (better-than-native hits) were selected for
further dynamic evaluation. In total, molecular dynamics
(MD) simulations were performed for approximately 245
protein—ligand complexes, enabling a systematic assess-
ment of binding stability and interaction persistence
beyond static docking poses. As a result, four protein
structures were used in the MD campaign and down-
stream analysis: 1M17, 4123, 5L2S, 50Q4.

All MD simulations were carried out using OpenMM
8.2.0 [65]. Prior to simulation, receptor structures
were carefully repaired to ensure structural complete-
ness and consistency. Missing residues and atoms were
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reconstructed, non-standard residues were standard-
ized, and protonation states were preserved, using PDB-
Fixer. Ligand topologies and parameters were generated
separately to ensure compatibility with the selected force
fields.

Protein atoms were described using the Amber ff14SB
force field [66], while ligands were parameterized with
GAFF-2.11 [67]. Each protein-ligand complex was
solvated in an explicit TIP3P water box with a minimum
padding of 10.0 A from the solute to the box edge. Physi-
ological conditions were mimicked by adding Na* and CI-
ions to achieve a final salt concentration of 150 mM.

A multistage equilibration protocol was applied to all
systems prior to production simulations. This proto-
col consisted of energy minimization to remove steric
clashes, gradual heating from 50 to 300 K, progressive
release of backbone restraints, and equilibration under
constant volume (NVT), followed by constant pressure
(NPT) conditions.

Temperature and pressure were controlled using Lan-
gevin dynamics and a Monte Carlo barostat, respectively,
while long-range electrostatics were treated with the Par-
ticle Mesh Ewald (PME) method. Following equilibration,
each complex was subjected to a 100 ns production MD
simulation at 300 K. A timestep of 1 fs was employed, and
trajectory frames were saved every 100 fs for subsequent
analysis. This extensive MD campaign enabled compara-
tive evaluation of native versus better-than-native ligands
in terms of structural stability, interaction longevity, and
dynamic behavior within the binding site.

To quantify stability and pose retention, we computed
Ligand RMSD (only heavy atoms), after fitting to the pro-
tein backbone; reported as time series, Pocket RMSD
(residues within a defined radius around the ligand within
6 A) to capture local receptor stability. Moreover, RMSF
per residue, with emphasis on binding-site residues (e.g.,
residues within 6 A of the ligand in the starting structure)
to measure binding-site flexibility and Ligand—pocket
COM distance and a bound-state fraction, defined by a
geometric criterion, to detect partial unbinding or large
rearrangements.

Results and discussion

Chemical space and structure activity landscape

After standardization, de-duplication, and scope filter-
ing, the operational thiazolidinone dataset consisted
of 356 compounds (Additional file 1), with a work-
able potency class balance: 117 actives (32.9%) and 239
inactives (67.1%). We removed a small set of “odd com-
pounds” bearing cholesterol derived motifs (Additional
file 2), because they lie outside thiazolidinone area of the
chemical space and would inject nontransferable signal
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for small-molecule optimization. Using ECFP4/Tanimoto
similarity T and a log-scale potency difference (ApICsy),
we identified 47 AC pairs (Additional file 3), covering
54 unique molecules, meaning 15.2% of the dataset par-
ticipate in at least one AC pair. Within all high-similar-
ity neighborhoods we observe: 349 pairs with t > 0.80
(of which 13.5% are AC), 119 pairs with t > 0.85 (10.1%
AC), and 18 pairs with T > 0.90 (5.6% AC), indicating that
while most close neighbors behave smoothly, a non-triv-
ial fraction encodes steep SAR.

To visualize thiazolidinones chemical space, we con-
ducted a t-SNE projection of ECFP4 space (Fig. 3A),
which reveals molecules gathered in dense scaffold con-
sistent clusters with broadly coherent potency, concen-
trating easy to learn SAR signal. Critically, AC pairs are
mostly located on the edges of those smooth regions,
where minor structural edits yield disproportionate activ-
ity changes. This is precisely where disrupted signal mis-
calibrates model, leading to overgeneralization and bad
predictions. Those observations are only unpowered by
MDS projection showing structurally similar compounds
aggregated together while AC are randomly scattered
among whole chemical space leading to SAR discontinu-
ation (see Figure S1).

To quantify those discontinuities, hidden in clusters,
we computed SALI which captures how different a pair of
seemingly similar compounds is and set it against struc-
tural similarity to produce a SAS map. As a result, we
detected twelve AC pairs with SALI > 10, forming com-
pact “hot zones” of very steep SAR. Of these, 7 pairs also
meet our AC rule (ApICg, > 1.0 and t > 0.8) (Fig. 3B).
The remaining 5 are SALI only steep pairs where extreme
similarity magnifies moderate ApICjg, still mechanis-
tically informative, and easy to miss with a binary AC
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definition. Together, t-SNE, MDS and the SAS map pro-
vide complementary views of the landscape: rule-based
AC emphasize large ApIC5;, among close neighbors,
while SALI also surfaces micro-edits that create sharp
local gradient. Practically, the dataset offers favorable
mix for model guided design: cluster structured regions
support generalization, and exposed AC carry valuable
insights about crucial structural edits driving activity. In
the next section we convert these high-gradient signals
into supervised fragment knowledge for r-QSAR and
generation, so that the library prioritizes thiazolidinone
variants carrying the key modifications linked to activity
gains.

Fragments library

Across trained ML engines, using the area under the pre-
cision—recall curve for the active class (AUPRC,;,.) as
the primary criterion, logistic regression delivered the
best mean performance of 0.889 (95% CI 0.856-0.917),
and was therefore selected as the r-QSAR architecture
(Fig. 3A, detailed metrics in Table S.1). The model mis-
classified 8 compounds (4 false negatives and 4 false
positives), as shown on confusion matrix (Fig. 4B) these
errors concentrate near high-gradient regions where
small structural edits produce large potency flips, out-
side those zones, interpolation is stable and the clas-
sifier behaves as expected. This pattern justifies our
choice of AUPRC,;,. (robust to prevalence and aligned
with the practical objective of recovering actives) and
motivates a fragment level audit of failures. To identify
and extract fragments responsible for those failures, we
implemented a new logic CAFE, which corrects model
choices by injecting important SAR signal hidden in AC
pairs. Consistent with that, vanilla r-QSAR (without

B Non-cliffs w
o Activity cliffs

0.0 02 08 1.0

0.4 0.6
Tanimoto Similarity

Fig. 3 A t-SNE projection of the thiazolidinone chemical space, computed on ECFP/Tanimoto, colored by plCy, values. Green scatters are AC
molecules. B Distribution of SALI values across molecule pairs in thiazolidinone dataset
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CAFE interference) identified 25 fragments with impor-
tance score cutoff as the most influential on compound’s
activity. However, as depicted on Fig. 4C, CAFE analysis
revealed that r-QSAR overlooked nine important activity
driving fragments, and critically included two fragments
that are likely to occur on the inactive side of AC. Those
falsely recognized motifs explain models’ failures and
metrics dropouts. If used as building blocks, they would
bias generation toward suboptimal proposals. The inter-
vention is surgical and keeps the library consistent with
the measured landscape: smooth SAR regions still sup-
port generalization, while high-gradient edits are now
explicitly represented as constructive design rules rather
than noise. The final fragments library modified by CAFE
(Table S.2), gives promise for generation of more reliable
proposals.

Hit discovery

De novo generated thiazolidinone candidates must be
preliminary assessed for predicted activity against the
A549 lung cancer cell line, to prioritize productive design
and by filtering out suboptimal building blocks combina-
tions. For this task, we follow a MoleculeACE guideline
and select the best prediction model based on AC-aware

metric (RMSE ), instead of global ones that could show
overoptimistic results when tested on non-AC molecules.
We used our version of that metric tuned for the clas-
sification task specificity, which identified BRF trained
on MACCS as the most AC-aware model with the most
robust results of RMSE 5= 0.421, 95% CI 0.324-0.487
(see Fig. 5A and Table S3 for detailed performance
metrics).

This model choice is further substantiated by the
broader error and calibration patterns observed across
QSAR settings. Global RMSE is frequently lower than
RMSE jif, indicating that performance estimated over
the random test set is often more optimistic than perfor-
mance measured in steep SAR regions. In Fig. 5B, many
model configurations lie above the dashed identity line,
confirming that prediction error on AC compounds is
systematically higher than the corresponding global error.
This pattern highlights the extent to which AC distort the
apparent predictive performance of QSAR models and
demonstrates that global error metrics alone can under-
estimate the true difficulty of the task. Importantly, the
pink points representing mean global RMSE calculated
on the AC-free test sets used in the r-QSAR setting are,
in most cases, shifted toward even lower values, further
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representations from ten independent training splits

illustrating how removal of AC from the evaluation set
creates an artificially easier and more favorable assess-
ment scenario. The same trend is reflected in the calibra-
tion analysis (Fig. 6). For most QSAR settings and across
the majority of split realizations, AC restricted expected
calibration error (ECE_y) exceeds the corresponding
global ECE, again with many points located above the

dashed line. Thus, activity cliffs impair not only predic-
tive accuracy, but also the reliability of probabilistic out-
puts. Taken together, these results show that AC define a
region of chemical space in which both error magnitude
and probability calibration deteriorate, making global
metrics insufficiently informative for model selection. In
this context, the use of RMSE ¢ as the primary criterion
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(ECEj)

is not only methodologically justified, but necessary to
identify a model that remains robust in the most chal-
lenging and decision-relevant part of the SAR landscape.

Having established a CAFE-corrected fragment library
and selected the best-performing QSAR scorer, we next
deployed both components in the de novo design stage.
At the same time, we remained aware that even the most
AC-robust available classifier, selected here through
RMSE i cannot fully resolve the intrinsic predictive dif-
ficulty associated with steep SAR regions. Because learn-
ing activity directly from chemical structure becomes
particularly challenging in the vicinity of AC, we intro-
duced CAFE LATE as a supervised post hoc correction
layer that adjusts the QSAR-based ranking of newly gen-
erated candidates carrying positively enriched CAFE
fragments.

Generation was therefore conducted in two parallel
arms. The first was the vanilla branch, corresponding to
the baseline workflow without AC-derived post hoc cor-
rection. The second was the AC-aware branch, in which
the corrected fragment library was combined with CAFE
LATE supervision during candidate ranking. To deter-
mine the most effective contribution of the AC-aware
bonus while preserving balanced exploration of chemical
space, we evaluated a grid of post hoc boosting weights,
Acare = {0.4; 0.6; 0.8; 1.0; 1.5}, applied independently
during candidate scoring.

Because the final fragment library contained five dis-
tinct thiazolidinone ring variants, we adopted an island-
style genetic generator to distribute exploration more
evenly across the scaffold space. In both branches,
500,000 candidates were generated and subsequently
standardized and evaluated using the aggregated score
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@(m), composed of the QSAR-predicted probability, syn-
thetic accessibility, and drug-likeness scores. In the AC-
aware branch, this baseline score was further corrected
by the CAFE LATE bonus under the tested Acarr set-
tings. As a result, we obtained one top100 set from the
vanilla branch and one topl00 set from each AC-aware
weight setting, giving six topl00 datasets in total. The
overlap between the vanilla and CAFE LATE top-ranked
sets decreased progressively with increasing Acark,
reaching 5%, 1%, and finally 0% for the strongest boosting
settings. In total, 282 unique candidates were identified
and forwarded to molecular modeling studies (see Addi-
tional file 4).

Mechanism supported lead selection

To confirm results from preliminary assessment and
choose the best candidates we implemented mechanistic
prediction studies and compared the docking scores of all
unique 282 candidates against those of the corresponding
native ligands across well-characterized protein targets
relevant to A549 cancer cell line. Those included:

+ 1M17, Epidermal Growth Factor Receptor (EGFR)
wild kinase domain co-crystallized with gefitinib a
reversible, ATP-site, type-I binder that blocks recep-
tor autophosphorylation. In A549, upstream receptor
inhibition may be partially bypassed by constitutively
active KRAS signaling [68].

+ 4123, EGFR wild kinase domain co-crystallized with
dacomitinib, clinically used inhibitor [69].

+ 8GUA, phosphoinositide 3-kinase alpha (PI3Ka,
E542K mutant) with alpelisib (BYL-719). Direct
structural reference for the class-I PI3Ka pocket
engaged by an approved a-selective inhibitor [70].

+ 4EKL, AKT1 co-crystallized with the clinical ATP-
site inhibitor ipatasertib (GDC-0068). Supports
docking and pharmacophore transfer for the central
P13k and AKT node [71].

+ 50Q4, class I PI3K/mTOR dual inhibitor (PQR309/
paxalisib) in complex with PI3K. Relevant for KRAS
mutant cancers [72].

+ 4LMN, MEK1 bound to cobimetinib (allosteric, type-
III site). Defines the MEK1 allosteric pocket and
activation-loop geometry; essential for modeling the
RAS - RAF—-MEK— ERK cascade that sits imme-
diately downstream of KRAS in A549 [73].

+ 5HD4, ERK2 co-crystallized with SCH772984 (inhib-
itor induced pocket). Shows the distinctive inhibitor
induced binding mode in ERK. Valuable when prob-
ing terminal MAPK pathway blockade after KRAS/
MEK (74].

+ 6SCM, SOS1 in complex with BI-3406 (protein—
protein interaction blocker). Orthosteric disruption

Page 15 of 22

of the SOS1-KRAS nucleotide exchange interface.
Structurally and mechanistically aligned to damp-
ening KRAS activation irrespective of the specific
codon-12 substitution in A549 [75].

+ 5EHR, SHP2 (PTPN11) co-crystallized with the allos-
teric inhibitor SHP099. Stabilizes SHP2 in an autoin-
hibited conformation at the interface of its SH2 and
PTP domains. Structurally underpins strategies that
blunt receptor-tyrosine-kinase-RAS signaling input
feeding the KRAS pathway[74].

+ 4L7B, KEAP1 Kelch domain bound to a small-mol-
ecule antagonist. High-resolution Kelch-propeller
pocket usable for modeling disruption of KEAP1-
NRF2. Relevant because A549 carries KEAPI loss-of-
function and exhibits NRF2 pathway dysregulation
(76].

+ L2S, CDK6 co-crystallized with abemaciclib, 5L2I
with palbociclib, and 5L2T with ribociclib. Three
orthogonal, drug-resolved views of the CDK6 ATP
site that support modeling cytostatic control over
G1/S progression. Useful phenotypic leverage even
when signaling is KRAS dominant [77].

All native ligands were successfully redocked into
their cognate receptors, and the resulting poses matched
the crystallographic references with RMSD<2.0 A
(Table S4), qualifying the receptor ensemble and dock-
ing setup. Preliminary analysis revealed influence of
CAFE LATE on designing candidates with more favora-
ble docking scores against many of studied molecu-
lar targets. The largest mean paired improvement was
observed for the SEHR receptor in the Acqpr= 0.6 data-
set (A= —0.139 kcal/mol across 95 matched pairs; Wil-
coxon signed-rank test, p<0.0001). Although differences
of this magnitude should not be overinterpreted in abso-
lute scoring terms, their directionality was consistent
under the same docking protocol and therefore remains
informative as a comparative signal. Importantly, the
effect of AC-aware boosting became more pronounced at
the top end of the ranking, which is the practically rel-
evant region for hit prioritization. For instance, the mean
improvements in binding affinities of top 5 matched pairs
of Acare = 0.8 and vanilla dataset for 5EHR, 4123, 4L7B
were -2.5 kcal/mol, -0.980 kcal/mol and -0.7 kcal/mol,
respectively. As depicted on Fig. 7 in head-to-head com-
parison of top 6 docking results from Acarr = 0.8 dataset
to vanilla, hits generated with AC boosting achieved bet-
ter predicted binding affinities for most targets (points
below dashed line symbolize CAFE LATE candidate with
more favorable binding affinity colored by protein target).

Across the 282 unique combined CAFE LATE and
vanilla hit molecules docked against all thirteen vali-
dated protein structures, 241 protein-ligand complexes
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achieved docking scores more favorable than the cor-
responding native ligand (see Additional file 5). Among
those, 63.9% originated from CAFE LATE arm, indicat-
ing that vanilla generation model would miss more than
a half ligand—protein complexes beating referent results,
highly decreasing a chance for in vitro success. The best
three docking scores in better-than-native dataset were
formed by CAFE LATE candidates (—11.0 | —=9.7; —10.9
| —8.2; —10.8 | —8.8 kcal/mol). Most importantly, five
candidates showed better results than native ligands for
more than one molecular target suggesting a potential
multitargeted activity, and four from them were designed
with AC-aware modeling strategy. For illustration, mol-
ecule 314 (from dataset with Ac4rg = 0.6) formed a par-
ticularly strong complexes with 1M17: min|max scores
of =9.8 | —=7.4 kcal/mol, 50Q4: —9.8 | —7.3 kcal/mol,
and 5L2S: —11.0 | —9.7 kcal/mol, compared to the native
ligands results of —7.1 | —6.4; —=9.1 | —8.1; —10.2 | —8.9,
respectively.

All complexes from better-than-native dataset were
transferred to structure-based comparative refinement:

short replicate molecular dynamics (MD) simulations
to quantify pose stability and interaction persistence,
followed by MM-GBSA postprocessing to estimate
relative binding free energies from MD snapshots. To
reduce receptor conformation bias, per-ligand results
were aggregated across the validated receptor ensemble
(robust statistics over the best conformations), and a con-
sensus ranking integrated post-MD MM-PBSA, pose sta-
bility, and contact occupancy.

We evaluated the proposed CAFE LATE molecule
design approach against a vanilla baseline using MD
simulations across four protein-ligand complexes from
better-than-native molecular docking analysis: 1M17
(n=203 total systems), 50Q4 (n=23), 4123 (n=16), and
5L2S (n=3). For each complex, the native ligand was re-
docked and simulated under the same protocol and used
as a per-target reference. For each designed ligand we
computed: Pocket RMSD, Pocket RMSF, Ligand RMSD,
Ligand RMSE, and Binding Energy. The whole distribu-
tion of results is presented on Figure S2.
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In the cross-section by targets where we have both
methods (1M17, 50Q4, and 4123) we run 91 vanilla
ligands and 148 generated by the proposed algorithm.
CAFE LATE shifts the distributions towards better
structural stability more often than the baseline vanilla
approach, which is best quantified as the percentage of
candidates better than native one on each metric. Pooled
across proteins, CAFE LATE molecules win more often
on Pocket RMSD, Pocket RMSF, Ligand RMSD and
Ligand RMSF, as shown in Table 1.

In MD MM-PBSA alone, the picture is more protein-
dependent and does not show a unidirectional advantage
of CAFE LATE across the entire set, suggesting that the
main strength of CAFE LATE is revealed in stability met-
rics, while binding energy is more sensitive to the nature
of the pocket and the underlying target difficulty. The
largest and most representative set is 1IM17 (203 systems
in total: 73 vanilla, 129 CAFE LATE, and native), so we
treat it as the main test. In 1M17, CAFE LATE consist-
ently increases the percentage of candidates more stable
than native in both ligand and pocket metrics, especially
for Ligand RMSD and Ligand RMSEF, as well as others.
For MM-PBSA in 1M17, both methods achieve a com-
parable, moderate rate of outperforming native one. The
key point, however, is that despite the moderate “average”
advantage on MM-PBSA, CAFE LATE delivers strong
individual hits that simultaneously satisfy all stability and
energy criteria. In 1M17, CAFE LATE candidates such
as 239 or 343 improved on all metrics relative to native,
while in the vanilla set, similar cases are rarer.

To show whether the method produces individual hot
candidates or rather a general shift in the distribution we
present Fig. 8A, where the mean of the number of met-
rics improved simultaneously is higher for CAFE LATE
(2.20 vs 2.07), reflecting a subtle but systematic shift
towards multimetric improvement.

In 50Q4 (23 complexes: 8 vanilla, 14 CAFE LATE,
and native one), the advantage of AC-aware candi-
dates is more pronounced and covers both stability and
energy. CAFE LATE molecules more often improve
Pocket RMSF (42.9% vs. 12.5%), Ligand RMSD (57.1%
vs. 37.5%), Ligand RMSF (78.6% vs. 50.0%), and Binding
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Energy (42.9% vs. 25.0%), which indicates that the CAFE
LATE algorithm better targets stable poses while main-
taining or enhancing energetic interactions. The stability
vs energy tradeoff is particularly well illustrated by the
Pareto analysis shown in Fig. 8B. In this representation.
The quadrant corresponding to simultaneously improved
stability and binding energy (lower RMSD and Bind-
ing Energy) provides an immediate visual summary of
method performance. In this region, ligands generated by
CAFE are markedly more abundant than those obtained
with the vanilla approach. Notably, ligand 241 exempli-
fies this behavior by outperforming the native reference
across all five evaluated metrics, including a substantially
improved Binding Energy value of —5.951. The whole cal-
culation metrics are available in Additional file 6.

To identify the most promising candidates generated
in this study, we ranked all non-native ligands across
protein targets according to their multi-metric improve-
ment relative to the native redocked reference. The five
highest-ranked ligands’ complexes all outperform the
native reference simultaneously across all five evaluated
metrics, representing the strongest overall candidates
identified in this benchmark shown in Table 2. Notably,
4 out of the 5 top ligands were generated by the CAFE
LATE method, despite the presence of strong vanilla can-
didates, indicating that our algorithm not only increases
the overall hit rate but also enriches the good quality
region of chemical space. As depicted on Fig. 9, the best
overall results were observed for hit 239 with computed
binding energy of —7.78 kcal/mol formed with 1M17 tar-
get (compared to native ligand result of —4.09 kcal/mol),
what complemented stability of favorable protein ligand
interactions previously detected in molecular docking
simulations (see Figure S3).

To place these hits in the context of the modeled chem-
ical space, we additionally identified their nearest analogs
in the training set using the same ECFP4/Tanimoto defi-
nition applied throughout the study. The resulting simi-
larities were moderate (0.338-0.537; Additional file 7),
indicating that the top-ranked compounds remain chem-
ically anchored in the thiazolidinone design space with-
out being trivial replicas of the training molecules.

Table 1 Summary of molecular dynamics simulation metrics for studied protein—ligand complexes

Metric CAFE LATE molecules
Better Worse
Pocket RMSD 95 54
Pocket RMSF 4] 108
Ligand RMSD 70 79
Ligand RMSF 80 69
Binding Energy 55 94

Vanilla molecules

% Better Worse %
63.76 55 37 59.78
27.52 21 Al 2283
46.98 37 55 40.22
53.69 43 49 46.74
3691 41 51 44.57
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Fig.8 A Multi-metric improvement profile relative to the native ligand. For each protein, we show the distribution of the number of molecular
dynamics metrics for which a given ligand outperforms the native reference for each protein target. B Stability and energy tradeoff for ligand
binding across protein complexes. Scatter plots show Ligand RMSD versus Binding Energy for ligands generated by the vanilla approach and by the

CAFE method for each protein complex

Conclusions
As development of in silico approaches continue to
expand across cheminformatics and drug design, the
present results have not reached the promised level yet,
indicating the need for paradigm shift in building reli-
able predictive and generative models. In this work, we
address this limitation by enriching classical, well-per-
forming ML frameworks with an AC-aware fragment-
based strategy, implemented as the CAFE and CAFE
LATE algorithms. Unlike previously reported AC-aware
methods, such as SiamACLoss and ACTriplet, which
increase AC sensitivity during model training, or Mol-
eculeACE, which formalizes cliff-centered benchmarking
and evaluation, our framework aims the same problem
from the perspective of drug design logic.

The proposed approach explicitly detects AC pairs,
mines fragments hidden within steep SAR regions,
removes fragments falsely identified as activity-driving,

and recovers overlooked fragments that may promote
activity, feeding this corrected fragment knowledge back
into de novo molecular generation. Using this AC-aware
design logic, we generated and evaluated thiazolidi-
none derivatives in a focused chemical space relevant to
NSCLC. Among 282 unique molecules docked against
multiple molecular targets, 241 protein-ligand com-
plexes achieved predicted binding affinities superior to
their native ligands, indicating favorable intermolecular
interactions. These candidates were further subjected to
molecular dynamics simulations to assess the stability of
ligand binding within the active site.

Across docking and molecular dynamics benchmarks,
CAFE LATE consistently produced a higher proportion
of candidates with stable binding modes than the vanilla
QSAR-guided baseline. This effect was particularly evi-
dent in structural stability metrics, including pocket
RMSD and RMSF, where AC-aware candidates more
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Table 2 Top-performing ligands across molecular dynamics benchmark identified against 1M17 protein target
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frequently outperformed native references. More impor-
tantly, the AC-aware framework generated the strongest
individual hits, characterized by simultaneous improve-
ments across multiple metrics: pocket RMSD, pocket
RMSE, ligand RMSD, ligand RMSE, and binding energy.
Compounds 239 and 343 emerged as the most promis-
ing examples, exhibiting both favorable binding energies
(—7.78 and—7.70 kcal/mol, respectively, compared to
native ligand -4.09 kcal/mol) and stable protein-ligand
interactions. Importantly, these values are interpreted
here in a comparative, protocol-dependent manner and
are meant to indicate relative trends rather than absolute
binding affinities of studied molecules.

Method Binding energy QED|SA
[kcal/mol]
CAFE LATE -7.78 085]0.77
CAFE LATE -7.70 072|081
Vanilla baseline =731 087081
CAFE LATE -7.12 0.80|0.78
CAFE LATE -6.84 0.87]0.82

These results suggest that incorporating AC-aware
fragment logic into small-molecule generative frame-
works can enhance exploration of unknown areas of the
chemical space, reduce systematic design errors caused
by misleading SAR generalization, and enrich the region
of highest-quality candidates with increased likelihood of
experimental success. At the same time, the present study
is limited by its fully computational nature, reliance on
docking and force-field based MD approximations, and
restriction to a single chemical scaffold and a predefined
set of protein targets. While all evaluations reported here
were conducted following current community best prac-
tices for data curation and benchmarking, future work
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