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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 (“Młody 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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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 Gdańsk (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 I&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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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 AI 

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 leków małocząsteczkowych pozostaje jednym z największych wyzwań 

współczesnej medycyny. Pomimo ogromnego postępu chemii medycznej liczba związków 

przebadanych eksperymentalnie stanowi jedynie niewielki fragment dostępnej przestrzeni 

chemicznej. Klasyczna optymalizacja związków wiodących pozwala skutecznie rozwijać 

pojedyncze serie analogów, jednak dostarcza jedynie lokalnej wiedzy o zależnościach 

struktura–aktywność. W konsekwencji wiele potencjalnie wartościowych obszarów przestrzeni 

chemicznej pozostaje nadal niewykorzystanych. 

Wśród uprzywilejowanych układów heterocyklicznych szczególne miejsce zajmują 4-

tiazolidynony, które od wielu lat stanowią przedmiot intensywnych badań ze względu na swoją 

różnorodność strukturalną oraz szerokie spektrum aktywności biologicznej. Opisano setki 

pochodnych wykazujących między innymi aktywność przeciwnowotworową i 

przeciwbakteryjną. Dotychczasowa wiedza dotycząca zależności struktura–aktywność tych 

związków pozostaje jednak rozproszona pomiędzy licznymi, niezależnymi seriami analogów. 

Utrudnia to identyfikację uniwersalnych zasad projektowania nowych cząsteczek oraz 

racjonalną eksplorację słabo poznanych obszarów przestrzeni chemicznej 4-tiazolidynonów. 

Celem rozprawy było opracowanie zintegrowanego podejścia do odkrywania i optymalizacji 

biologicznie aktywnych pochodnych 4-tiazolidynonu poprzez połączenie klasycznych metod 

chemii medycznej z nowoczesnymi metodami sztucznej inteligencji. Szczególną uwagę 

poświęcono lokalnym zależnościom struktura–aktywność, klifom aktywności oraz 

projektowaniu cząsteczek de novo. 

Praca obejmowała projektowanie związków, ich syntezę, ocenę aktywności biologicznej oraz 

analizy obliczeniowe. Otrzymano nowe pochodne 4-tiazolidynonu, które oceniono pod 

względem aktywności przeciwnowotworowej i przeciwbakteryjnej, identyfikując najbardziej 

obiecujące struktury wiodące. W celu wyjaśnienia molekularnych podstaw obserwowanej 

aktywności zastosowano dokowanie molekularne oraz symulacje dynamiki molekularnej. 

Zależności struktura–aktywność analizowano również z wykorzystaniem modeli QSAR, które 

umożliwiły identyfikację cech strukturalnych odpowiedzialnych za aktywność biologiczną oraz 

predykcję właściwości nowych pochodnych. 

Rozprawa wykracza jednak poza klasyczną analizę SAR. Szczególną uwagę poświęcono 

klifom aktywności, czyli lokalnym obszarom krajobrazu struktura–aktywność, w których 
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niewielkie zmiany struktury prowadzą do dużych zmian aktywności biologicznej. Regiony te 

stanowią jedno z największych wyzwań dla współczesnych modeli uczenia maszynowego, ale 

jednocześnie zawierają wyjątkowo cenną wiedzę z punktu widzenia chemii medycznej. W 

niniejszej pracy klify aktywności potraktowano nie jako źródło błędów predykcyjnych, lecz 

jako nośniki informacji wspierających racjonalne projektowanie nowych cząsteczek. 

Przeanalizowano ich znaczenie na kolejnych etapach wykorzystania sztucznej inteligencji w 

odkrywaniu leków – od reprezentacji molekularnych i oceny modeli predykcyjnych po 

generatywne projektowanie związków. 

Na podstawie uzyskanych wyników opracowano strategię projektowania cząsteczek de novo 

uwzględniającą informacje pochodzące z klifów aktywności. Zaproponowane podejście 

integruje dane eksperymentalne, modelowanie predykcyjne oraz lokalną wiedzę o 

zależnościach struktura–aktywność w celu identyfikacji nowych pochodnych 4-tiazolidynonu 

o zwiększonym potencjale biologicznym. Uzyskane wyniki pokazują, że połączenie chemii 

medycznej ze sztuczną inteligencją umożliwia bardziej efektywną eksplorację przestrzeni 

chemicznej niż klasyczna optymalizacja oparta wyłącznie na seriach analogów. Jednocześnie 

wskazują, że klify aktywności mogą stanowić praktyczne narzędzie wspierające projektowanie 

nowych związków oraz rozwój kolejnej generacji metod wykorzystywanych w odkrywaniu 

leków. 

Słowa kluczowe: 4-Thiazolidinony; Chemia Medyczna; Klify Aktywności; 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.1,2 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.3,4 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.5 Consequently, 

improving the efficiency of early-stage drug discovery has become one of the major priorities 

of contemporary pharmaceutical research.6 

The need for innovative therapeutic strategies is particularly evident in oncology and infectious 

diseases.7,8 Cancer remains one of the leading causes of mortality worldwide, with 

approximately 20 million new cases and 9.7 million deaths reported in 2022.9 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.10 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.11 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.12,13 

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.14,15 

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.16 Consequently, the search for 

versatile heterocyclic systems remains one of the major directions of modern small-molecule 

drug discovery.17 
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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.18 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.19 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.20 This structural adaptability has 

supported the development of compounds with anticancer, antibacterial, antifungal, antiviral, 

antiparasitic, anti-inflammatory, and metabolic activities.21 

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.22 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 C2.23 Their clinical 

success provides broader evidence that thiazolidinone-based heterocycles can combine 

biological activity with physicochemical and pharmacological properties compatible with 

therapeutic use.24 
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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.25 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.26 

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.27 More recent structure-guided investigations have likewise shown that 

appropriately substituted thiazolidin-4-ones may inhibit wild-type EGFR at submicromolar 

concentrations, with reported IC50 values of 0.043-0.200 μM.28 

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 (IC50 = 2.25 and 

6.70 μM, respectively). Mechanistic studies revealed G0/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.29 
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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.30 Their proposed antibacterial mechanisms include interference with bacterial 

cell-wall biosynthesis and inhibition of enzymes essential for DNA replication or other cellular 

processes.31 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.32  

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.33 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.34 

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.35 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.20 
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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.36,37 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.  

 

Figure 2. Two-dimensional representation of the chemical space occupied by compounds with 

experimentally determined antiproliferative activity against the A549 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 1003 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.38 

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.39 
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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.40 

AI 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.45–47 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.48,49 In contrast to conventional 

virtual screening, where candidate molecules are selected from predefined libraries, generative 

AI enables the de novo design of compounds that may occupy previously unexplored regions 

of chemical space while remaining consistent with learned SAR.50–52  

The success of these approaches depends not only on advances in algorithms but also on the 

quality of the information extracted from experimental data. AI models are ultimately limited 

by the knowledge contained within the datasets on which they are trained.53 Most AI 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.54,55 

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.56 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 (ΔpIC50 ≥ 

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 pIC50 

values derived from experimentally determined IC50 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 AI-driven molecular design. Activity cliffs 

consistently expose the limitations of conventional QSAR and remain one of the most 

demanding benchmarks for property prediction.54 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.57  
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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 

pIC50. 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 (ΔpIC50 ≥ 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 AI 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: 

• 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. 

  



 
33 

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 (“Młody 

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.II, fifteen novel (2-imino-4-oxo-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 1H and 13C 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. IC50 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 IC50 >100 μM. Cytotoxic selectivity was assessed using 

the Selectivity Index (SI) calculated from IC50 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 IC50 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: 

1M17, 2ITO, 4I23, 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 Å 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 Å 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.III, activity cliffs were investigated as local discontinuities in SAR and as potential sources 

of information for AI-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 IC50 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 IC50 values obtained using the MTT assay were retained. Measurements were standardized 

to nM, transformed to pIC50, 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 ΔpIC50 ≥1.0 (10x -fold difference in IC50). 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), 
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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 RMSEcliff (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 Å 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 IC50 values of approximately 100 μM 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 IC50 of 21.16 

± 0.36 μM and a SI of 4.73. Compound 7 showed activity against both cancer models, with IC50 
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values of 36.82 ± 2.78 μM in MDA-MB-231 and 24.10 ± 3.98 μM in SW620 cells. The 

corresponding SIs were 2.71 and 4.16, respectively, with an IC50 >100 μM in HaCaT cells. 

Compound 6 was preferentially active against SW620 cells, with an IC50 of 41.31 ± 1.98 μM 

and a SI of 2.42, while its IC50 against MDA-MB-231 and HaCaT cells was ≥100 μM. (Figure 

5.A) 

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 IC50 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 IC50 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 G0/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 4I23, 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 Å for 

the native ligand, 1.22 ± 0.28 Å for compound 5, 0.73 ± 0.18 Å for compound 6, and 0.74 ± 

0.31 Å for compound 7. Mean protein RMSD values were 8.41 ± 3.14 Å, 5.45 ± 1.30 Å, 6.47 

± 1.70 Å, and 6.13 ± 2.06 Å, respectively. Pocket RMSD values were 0.94 ± 0.15 Å for the 

native complex, 1.72 ± 0.24 Å for compound 5, 1.32 ± 0.24 Å for compound 6, and 0.70 ± 0.11 

Å 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 ΔpIC50 ≥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 ΔpIC50 ≥1.0. The remaining five 

represented highly similar pairs with steep SALI values but potency differences below the 

binary ΔpIC50 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 Å. 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 1M17 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 

1M17 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. 

Ligand 

ID 
Ligand Structure Method 

Binding 

Energy 

[kcal/mol] 

QED | SA 

239 

 

CAFE LATE -7.78 0.85 | 0.77 

343 

 

CAFE LATE -7.70 0.72 | 0.81 

86 

 

Baseline -7.31 0.87 | 0.81 

265 

 

CAFE LATE -7.12 0.80 | 0.78 

271 

 

CAFE LATE -6.84 0.87 | 0.82 
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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.57–59 

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.60 

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 

transferred into the model.61,62 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.63 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.54 

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.64 For medicinal chemistry, such ambiguity directly weakens SAR interpretation because 

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

defined.65 

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.66,67 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.68 

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.53,69  Large-

scale molecular property benchmarks similarly show that activity cliffs expose prediction 

failures that remain obscured by aggregate test-set performance.70 

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 
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and predictive molecular models can operate effectively in low-data regimes when chemical 

and biological information are incorporated in a task-aware manner.71,72 More recent work also 

indicates that chemical diversity and information content can matter as much as raw dataset 

size for downstream molecular learning.73 

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.59,74 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.75 

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.59 Related active-learning workflows likewise use computationally expensive 

physics-based calculations selectively, concentrating them on molecules carrying the highest 

expected design value.76 

These findings place the present results within a broader challenge in AI-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 
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experimentally. Prospective studies indicate that achieving this requires progressive integration 

of biological relevance, structural plausibility, and synthetic feasibility across the design 

cycle.77 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.78 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 

AI — 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 — Cliff 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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