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ABSTRACT 
Motivation for this research stems from drug-induced liver injury (DILI) being a leading cause of drug failure and market 
withdrawal, which calls for reliable, non-invasive hepatotoxicity assessment. The basis for this research was the work 
performed by Dubinsky et al., who established a deep learning (DL) model to predict ATP values (non-invasive estimation 
of cell viability), assess damage to liver spheroids, and predict hepatotoxicity based on spheroid images. They created a 
public database containing approximately 20,000 brightfield microscopy images of human liver spheroids exposed over 
a period of up to 7 days to 108 drug compounds for assessing cell viability. Our work focused on clustering applied 
compounds by the intensity of damage caused to liver spheroids (level of predicted ATP values), forming groups of 
compounds that have similar effects on liver cells and potentially similar mechanisms of toxicity. Then we explored 
whether selected drugs belong to the same class of pharmacotherapeutic classification – analgesics, antipyretics, antibi-
otics, etc. The model can detect if some drugs behave differently than expected, leading to detecting errors and revealing 
potential new phenomenological causes. Further, we analysed the temporal dependence of drugs on cell viability (tox-
icity), providing insights into the dynamics of effects and toxicity progression over time. Future work will investigate 
drug effects in combination, since co-exposure of drugs can lead to different outcomes of hepatotoxicity, in comparison 
to individual exposure. 
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1. INTRODUCTION 

The liver represents the main organ in charge of detoxification processes in the organism, responsible for processing 
ingested food, drinks and medications and, therefore, it is exposed to a potential harmful influence by these processed 
substances but also can be affected by environmental pollutants [1], [2]. Changing of human habits can significantly 
reduce the risk of harmful influences originating from food, drinks and environmental pollution, but adverse effects of 
medications are more difficult to avoid [3]. It is clinically confirmed that some drugs can cause hepatotoxicity [4], but 
there is also evidence of toxic effects of some drugs in a laboratory set up, affecting liver cells function and metabolisms, 
although they have not yet been confirmed as highly toxic drugs in clinical testing [5]. The early detection of detrimental 
effects is particularly important as well as analysis of applied drugs, specifically its molecular structure and chemical 
composition, that could be further linked to causing damage to the liver. 

Since the goal is to eliminate or reduce liver toxicity caused by applied medications, researchers established a safer ap-
proach in studying the field - in vitro testing systems, such as liver spheroids and other liver tissue models [6]. Develop-
ment and further improvement of the in vitro testing system, that can at a certain level recapitulate behaviour of living 
organs, significantly improved understanding of biological mechanisms in different organs, multi-organ systems, and 
testing and studying of mechanisms alerted by applied drugs. In that sense, drug testing became more effective and in 
accordance with the 3R principles (Replace, Reduce, Refine), which are part of the ethical guidance in animal research 
[7]. 
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Hepatotoxicity stands for chemical-driven liver damage and can appear when the liver is exposed to substances like 
medications, alcohol, supplements or industrial (environmental) chemicals. In this paper our focus is on the analysis of 
toxic drug effects to the liver spheroids, therefore, drugs hepatotoxicity. Overall symptoms of injured and malfunctioned 
liver, such as nausea, vomiting, yellowing of the skin, swelling of the abdominal area, appear with the increased level of 
liver injury - middle to high [3], moving investigation of drugs hepatotoxicity to the early phase - analysis of drug toxic 
effects to the liver cells after exposure and assessing liver damage from low to middle and high levels in laboratory 
conditions [8]. Because it is difficult to detect and diagnose low level liver injury in patients, a list of well-known drugs 
that can have hepatotoxic effects, together with the list of drugs that cause liver damage in the laboratory conditions can 
be used to create a computational in silico model to draw a conclusion about specific molecular structure section and 
chemical composition responsible for these adverse effects, which could be further useful in analysing novel drugs hepa-
totoxicity levels computationally prior to experimental testing. 

Literature survey revealed that further optimisation of testing drug safety is supported by development of in silico physics-
based and AI-based computational models. Machine learning approaches have proven effective across a wide range of 
scientific and engineering domains [9], [10], [11] demonstrating their capability to model complex non-linear relation-
ships in high-dimensional data. Geci et al. 2025 [12] integrated in vitro and in silico approaches to predict DILI upon 
drug exposures. They used an in silico model to predict pharmacokinetics of applied drugs and linked it to experimentally 
measured cytotoxicity, mitochondrial toxicity and bile salt export pump (BSEP) inhibition and obtained high DILI pre-
dictivity. A retrospective analysis of 241 drugs showed that the ratio of the in vivo maximum plasma concentration 
(Cmax) to the lowest in vitro toxicity strongly correlates with clinical DILI risks. Then they used the in silico model to 
predict Cmax and to analyse DILI levels, prospectively. Dynamic simulation through BSEP inhibition can identify drugs 
potentially causing DILI. Such an integrative, mechanistic approach enhanced DILI prediction and interpretability, offer-
ing an animal-free alternative for early drug development. Bergen et al. 2025 [13] analysed toxicogenomic resource for 
DILI prediction by developing ToxPredictor, a toxicogenomic framework combining RNA-seq data from primary human 
hepatocytes with pharmacokinetic data to predict dose-resolved DILI risks and safety margins, providing mechanistic 
insights into hepatotoxic pathways, enabling early de-risking and actionable safety decisions. The model flagged several 
compounds that later failed in late-stage clinical development because of liver toxicity, including drugs missed by tradi-
tional animal testing. This suggests human-cell transcriptomics may provide more clinically relevant toxicity signals than 
conventional preclinical approaches. Xiao et al. 2025 [14] also used toxicogenomic data but linked them to protein–
protein interaction networks, explicitly modelling biological relationships among genes. The results obtained from this 
research have raised a significant observation that incorporating known molecular pathways can significantly improve 
prediction of hepatotoxicity and strengthen biological interpretability. Han et al. 2025 [15] created a graph neural network 
(GNN) model and combined it with foundation-model representations of molecules, which was pre-trained with approx-
imately 10 million chemicals in the PubChem database [16]. They showed that the model can predict hepatotoxicity and 
that resulting platform enables both toxicity prediction and mechanistic exploration. Malka-Markovitz et al. 2025 [17] 
developed physics-based liver model to analyse DILI processes that integrates patient-specific anatomical data to predict 
acetaminophen-induced liver injury as a demonstration of its capability - a multi-scale model bridging vascular, lobular 
and cellular scales to simulate dynamic blood flow, drug transport, and injury mechanisms that accurately reflect clinically 
observed spatial heterogeneity. Even though AI models are these days in the focus of researching hepatotoxicity, physics-
based models are still dominant when it comes to mechanistic explanation, since they can properly address that gap by 
connecting molecular events, cellular damage, tissue architecture, and organ-level outcomes within one framework, im-
proving confidence in model predictions and supporting regulatory acceptance. 

In this paper, we created a multimodal explainable AI model for hepatotoxicity prediction standing between two major 
directions in drug hepatotoxicity research - image-based toxicity prediction and chemoinformatic toxicity approach, as 
we combined both in one analysis. Image-based analysis and open-source data provided by Dubinsky et al. 2026 [1] 
enable biological aspects for the analysis closer to reality because many DILI mechanisms emerge only after interaction 
with liver cells. Our research doesn’t analyse gene expression changes, but morphological changes which are more clin-
ically observable and sensitive to downstream cellular damage. In comparison against Physiologically Based Pharmaco-
kinetic (PBPK)/mechanistic models, our approach learns kinetics from features, which is a lack of the model and might 
be improved in future research. By fusing features extracted from images with physicochemical features extracted for 
applied drugs to the liver spheroids in our machine learning (ML) framework, our goal is to observe  from images what 
happened to the liver spheroids and then analyse physicochemical features to explain why this happened - identify the 
mechanisms behind the cellular processes and sequence of drug molecular structure and chemical composition responsi-
ble for it. Further we identify toxic effects by drug groups and explore whether a related group of drugs develops the same 
mechanism of toxicity upon assessment of cell viability in liver spheroids. 

2. METHODOLOGY 

To create a ML framework that captures both morphological changes in liver spheroids and physicochemical properties 
of applied drugs we started with research conducted by Dubinsky et al. 2026 [1], since they created a public database 
containing approximately 20,000 brightfield microscopy images of human liver spheroids exposed to 108 drugs over a 
period of up to 7 days. Out of these 20,000 brightfield images, 2359 images were labelled and used in their model for 
training and testing purposes. This labelled set includes images taken from four types of microscopes. Images taken from 



Vrnjačka Banja, Serbia, 25 – 27 June 2026 ET 2026 

 FMCE Kraljevo D89 

one microscope, echo rebel, were used for training purposes in their model (1022 images). The rest of them, from the 
other three microscopes, were used for testing the model. They developed a DL model for predicting ATP values by doing 
non-invasive estimation of cell viability, assessing damage to liver spheroids upon obtained morphology and predicting 
hepatotoxicity upon spheroid images.  

By analysing labelled dataset, we concluded that in total there are 21 different drugs applied to the spheroids (all in the 
test part, 1337 images) and they are not equally distributed by days (most of the images when drugs were applied were 
taken at day 7). In Dubinsky’s training set, drugs are not explicitly defined, but rather grouped in four merk compounds 
groups and for that reason not applicable to our concept, where we tend to extract physicochemical features for specific 
drugs. The other issue with our approach is that the set contains more images without applied drugs, namely medium and 
dimethyl sulfoxide (dmso), and that can cause disbalance in our analysis. Therefore, from the test labelled set, we created 
our own set by taking out only images when drugs were applied and randomly adding to it a certain amount of medium 
and dmso images. In total, out of 1337 images we extracted 320 images with applied drugs, plus randomly selected from 
the remaining image number 68 medium and 28 dmso images. Our dataset in total is composed out of 416 images, con-
taining 21 drugs. Features extracted from images, 512 in total per image, were obtained by running our dataset on Dubin-
sky’s model. 

The next phase in our approach was to extract physicochemical features for selected 21 drugs. For it, we used the RDKit 
library [18]. In total 25 physicochemical features were selected, and they are provided in Table 1. All features are dimen-
sionless, except molecular weight (MolWt) which is in grams and topological polar surface area (TPSA) which is in 
square angstrom. 

Table 1: List of physicochemical features extracted from RDKit library 

No. Name of the feature in 
RDKit library Meaning Interpretation of increased value 

1. MolWt Molecular weight Reduced membrane permeability, biliary excretion, cholestasis and fibrosis risk 

2. MolLogP Lipophilicity Higher membrane permeability, accumulation, fatty liver, mitochondrial toxicity, 
cholestasis, and reactive metabolite formation 

3. TPSA Topological polar surface 
area 

Forming hydrogen bonds. More polar, lower membrane permeability, lower lip-
ophilicity 

4. NumHDonors Number of hydrogen bond 
donors 

More polar, lower membrane permeability, lower lipophilicity, increasing im-
mune‑mediated interactions 

5. NumHAcceptors Number of hydrogen bond 
acceptors 

More polar, lower membrane permeability, lower lipophilicity, increasing inter-
actions with metabolic enzymes or immune pathways 

6. NumRotBonds Number of Rotatable Bonds Extensive CYP‑mediated oxidation, formation of reactive metabolites 

7. HeavyAtomCount Number of heavy (non‑hy-
drogen) atoms 

Larger molecular size, increasing molecular complexity, biliary excretion, cho-
lestasis, chronic accumulation, reactive intermediates 

8. FractionCSP3 Fraction of sp³‑hybridized 
carbons 

lower aromaticity, reducing formation of reactive metabolites, decreasing mito-
chondrial and oxidative stress 

9. RingCount Number of ring structures 
(aromatic or aliphatic) 

Rigid and planar structure, reactive metabolite formation, mitochondrial stress 
and cholestasis risk 

10. CalcNumAromaticRings Number of Aromatic Rings planar, rigid, and lipophilic structure, reactive metabolite formation, mitochon-
drial stress, cholestasis 

11. GetFormalCharge Formal Charge of the Mol-
ecule 

Polar, low membrane permeability and hepatic uptake, transport‑mediated or im-
mune‑mediated pathways or lipophilicity‑driven hepatotoxicity 

12. NumHeteroatoms Number of heteroatoms Polarity and hydrogen‑bonding capacity, immune‑mediated toxicity 

13. BertzCT Bertz Complexity Index More complex molecular topology, reactive metabolite formation, higher meta-
bolic burden and potential hepatotoxicity 

14. BalabanJ Balaban’s Topological In-
dex 

More rigid, interconnected, and aromatic topology, reactive metabolite for-
mation, mitochondrial stress, cholestasis 

15. aromatic_ratio Aromatic atom ratio More planar, rigid, hepatic accumulation, reactive metabolite formation, mito-
chondrial stress, cholestasis 

16. CalcNumAliphaticRings Number of aliphatic rings Reducing planarity, aromatic reactive metabolites, lower hepatotoxicity risk 

17. CalcNumSaturatedRings Number of saturated rings Reducing planarity, aromatic reactive metabolites, lower hepatotoxicity risk 

18. len(pattern_nitro) Number of nitro groups Reactive metabolite formation, nitro reduction, idiosyncratic toxicity, DNA/pro-
tein adduct formation 

19. len(pattern_aniline) Number of aniline substruc-
tures 

Bioactivation to reactive nitroso, hydroxylamine, and iminoquinone intermedi-
ates, protein adducts, idiosyncratic hepatotoxicity, CYP‑mediated oxidation 

20. len(pattern_quinone) Number of quinone sub-
structures 

Increasing electrophilicity, ROS generation, oxidative stress, protein and DNA 
adduct, mitochondrial toxicity, cholestasis and idiosyncratic toxicity 

21. len(pattern_michael) Number of Michael accep-
tor motifs 

Increasing electrophilicity, increasing oxidative stress, protein adducts, mito-
chondrial toxicity, covalent binding and idiosyncratic hepatotoxicity 

22. len(pattern_halide) Number of halide substitu-
ents 

Increasing lipophilicity, slowing clearance, undergoing bioactivation, cholestasis 
and mitochondrial stress 
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23. len(pattern_epoxide) Number of epoxide sub-
structures 

Covalent binding, reactive toward nucleophiles, protein adducts, reactive metab-
olites, mutagenicity, carcinogenicity and idiosyncratic hepatotoxicity 

24. len(pattern_thiophene) Number of thiophene rings Undergo S‑oxidation or ring epoxidation, covalent binding, immune‑mediated 
liver injury and idiosyncratic hepatotoxicity 

25. len(pattern_phenol) Number of phenol substruc-
tures Undergo phase I oxidation, protein/DNA adducts, idiosyncratic liver injury 

Out of 416 images we randomly selected two images for each drug (42 in total) and 8 medium images and 4 dmso images 
to serve as a test set in our framework. By excluding these images, the remaining set of 362 images was used as a training 
set. With a defined training dataset, we performed training using XG-Boost algorithm and applied 5-fold cross-validation 
(ratio 80% training to 20% testing). Hyperparameter optimisation was performed using the Optuna framework with 100 
trials of Bayesian search (TPE sampler), minimising mean absolute error (MAE) across cross-validation folds. Output 
from the model is predicted ATP values. As a reference ATP values, we used actual experimental measurement for these 
samples. We calculated accuracy from our model and MAE and RMSE. We presented obtained values in the Results 
section. 

Our training and testing set were combined and analysed upon morphological features to which we fused extracted phys-
icochemical features. In total, the generated csv file contained 416 images (rows) and 541 features (additional 4 features 
- drug name, drug concentration, day at which image is taken, check whether image is control image, then 512 image 
features and 25 physico-chemical features). We clustered the dataset into four clusters with the plan to map it to four 
classes, representing toxicity levels - no toxicity, low toxicity, medium toxicity and high toxicity. Mapping of clusters 
was performed upon calculated average ATP level per cluster, such as cluster with highest average ATP value is assigned 
to no toxicity class, imposing that cluster with lowest ATP value is assigned to high toxicity class. 

3. RESULTS 

The optimised model achieved a cross-validation MAE of 58.78 (normalised MAE of 20.5% relative to the standard 
deviation of ATP values in the training set), RMSE of 84.7, and R² of 0.909. On the external test set, comprising 21 drugs 
not seen during training, the model demonstrated notably higher predictive accuracy, with MAE of 24.50 (NMAE of 
8.6%), RMSE of 52.19, and R² of 0.968. The agreement between predicted and reference ATP values is illustrated in 
Figure 1, where most data points closely follow the identity line (y = x), indicating no systematic bias across the full range 
of ATP values. Minor local deviations are observed in the intermediate range (200–600 ATP units), which can be at-
tributed to intra-compound variability between the two representative images selected per drug for the test set. The most 
influential features were predominantly morphological (z-space) features derived from spheroid images, with physico-
chemical descriptors contributing a smaller but non-negligible share, consistent with the hypothesis that spheroid mor-
phology encodes most of the drug-induced viability information. The higher R² on the external test set (0.957) compared 
to cross-validation (0.909) can be attributed to the composition of the test set, which contains two representative images 
per drug, selected to cover diverse exposure conditions, whereas cross-validation folds include a broader range of samples 
with higher intra-compound variability in morphological features across different concentrations and time points. 

 
Figure 1: Comparison of predicted ATP values obtained from the XG-Boost model against corresponding experimen-

tally measured ATP values, including MAE and R². 

Classification of clusters was performed upon calculated average ATP value by cluster. ATP values are taken from a 
labelled data set, since they were measured experimentally. ATP value is assigned to each row of dataset used in our 
model. Then the average value of ATP is calculated for liver spheroids belonging to individual clusters. In the trend of 
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high to low average value, clusters were mapped to four classes - no toxicity, low toxicity, medium toxicity, high toxicity 
(Figure 2). A high level of ATP means better viability of cells and indirectly, a less toxic environment.  

 
Figure 2: Clustering of used data in the model and mapping to four toxicity classes. Green cluster - no toxicity, yellow 

cluster - low toxicity, orange cluster - medium toxicity, red cluster - high toxicity 

From Figure 2 can be concluded that the high-toxicity and the medium toxicity clusters are nicely grouped, while there 
are more dispersive groups of the no toxicity and the low toxicity clusters. The low toxicity class can correlate with all 
other three clusters, and it signalises that it was the most challenging to distinguish from other classes. 

We analysed the content of each cluster and elaborated on specific drug groups by exploring whether selected drugs 
belong to the same class of pharmacotherapeutic classification – analgesics, antipyretics, antibiotics, etc. The model can 
detect if some drugs behave differently than expected, which can be useful in detecting errors and potential new phenom-
enological causes. First, we analysed compounds that belong to the high toxicity class. All spheroids with applied rosig-
litazone and spectinomycin belong to this class (100%). Majority of spheroids with applied methotrexate (93.75%), ne-
ostigmine (93.75%), carbamazepine (87.5%), minoxidil (87.5%), nadolol (81.25%), imipramine hcl (75%) and nitrofu-
rantoin (68.75%) are presented in the high toxicity class. Around half of the spheroids with applied amitriptyline hydro-
chloride (56.25%), desipramine hydrochloride (50%) and pyridostigmine (43.75%) showed high-toxicity effects; other 
half of them is mainly in the medium toxicity class. A smaller presence of phenformin (31.25%) is noted in the high 
toxicity class (mostly represented in the low toxicity class). Procyclidine (25%), metergoline (25%) and tamoxifen 
(6.25%) are noted in the high toxicity class, but they are mainly positioned in the medium toxicity class. For most com-
pounds that are present in the high toxicity class there is clinical evidence of high or moderate hepatotoxicity. Some of 
them are not clinically known to cause hepatotoxicity, but in vitro models showed they can cause morphological changes 
to exposed liver spheroids, which are dependent on concentration and time of compound exposure. Figure 3 summarises 
all spheroids of the high toxicity class collected by their pharmacotherapeutic type and clinically known evidence of 
hepatotoxic effects. 

 
Figure 3: The high toxicity class spheroids grouped by pharmacotherapeutic types (number of occurrence) and clini-
cally known hepatotoxic effects. Red colour - high hepatotoxic effects, orange colour - moderate hepatotoxic effects 

and yellow colour - low hepatotoxic effects 
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We did the same analysis for the medium toxicity class and observed less compounds with known high hepatotoxic 
effects, most of them with known moderate effects and several with low clinical evidence of hepatotoxicity, as it is 
presented in Figure 4. 

 
Figure 4: The medium toxicity class spheroids grouped by pharmacotherapeutic types (number of occurrence) and clini-

cally known hepatotoxic effects. Red colour - high hepatotoxic effects, orange colour - moderate hepatotoxic effects 
and yellow colour - low hepatotoxic effects 

Spheroids belonging to the low toxicity class point out most of them with low clinically known hepatotoxic effects, as it 
is depicted in Figure 5. 

 
Figure 5: The low toxicity class spheroids grouped by pharmacotherapeutic types (number of occurrence) and clinically 
known hepatotoxic effects. Red colour - high hepatotoxic effects, orange colour - moderate hepatotoxic effects and yel-

low colour - low hepatotoxic effects 

Finally, in the no toxicity class we observed only spheroids exposed to dmso and medium, which are known as neutral 
when it comes to hepatotoxicity. Dmso can occasionally show low toxicity effects, depending on concentration and time 
of exposure, but in general can be considered as non-toxic. Medium does not show any toxic effect. However, presence 
of medium and dmso spheroids in all other classes in smaller amounts can signal that changes in spheroids do not originate 
from exposure to compounds, but can be due to other laboratory conditions, poor nutrition to the cells, poor image quality, 
etc. To gain a more profound conclusion on it, examination of spheroid images relating to the dmso and medium images 
belonging to the other toxicity classes needs to be performed. 

By analysing obtained results presented in Figures 3-5, it could be concluded that the most critical compounds pharma-
cotherapeutic type in causing hepatotoxicity are immunosuppressive agents, antiepileptic drugs, anti-gout agents and 
some antibiotics. Moderate hepatotoxic effects are causing antidiabetics and antidepressants, psychoactive medications 
and antimalarial drugs. Cardiovascular agents, cholinergic and anticholinergic agents, antipsychotic agents and some 
antibiotics are not very harmful to the liver. Dmso and medium are recognised as non-toxic to the liver. 

The five most toxic drugs in our dataset, with clinical evidence of it (methotrexate, tamoxifen, nitrofurantoin, carbamaz-
epine and benzbromarone), were analysed in terms of the five most influential physicochemical features. We created a 
heat map of values normalised to average values of all drugs in our dataset (Figure 6). Orange and red colours signalise 
values above the total average, while green colours stand for values below the total average. 
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Figure 6: Heat map of five top physicochemical features for five selected drugs  

normalised to average feature values of all drugs in used dataset 

From Figure 6 we can observe that tamoxifen and benzbromarone show high lipophilicity (high MolLogP) which corre-
lates with higher hepatic accumulation. Tamoxifen, benzbromarone and methotrexate are bigger molecules (high MolWt) 
that link to higher cholestasis risk (tamoxifen and benzbromarone) and fibrosis risk (methotrexate).  Tamoxifen and meth-
otrexate are flexible (high NumRotBonds) opposite to carbamazepine which is very rigid. Flexibility increases oxidation 
and formation of reactive metabolites that contribute to hepatotoxicity (tamoxifen). Increased BalabanJ feature indicated 
more complex connectivity and all five drugs are above total average value, meaning they have more complex molecular 
topology linked to diverse metabolic pathways and increased risk of toxicity. Higher values of FractionCSP3 means more 
saturated compounds, while lower values explain flat, aromatic structure. All five drugs have FractionCSP3 values below 
the total average, which could relate to mitochondrial stress, reactive metabolites, and cholestasis and therefore, increased 
hepatotoxicity risk. Overall, tamoxifen [19], benzbromarone [20] and carbamazepine [21] stand for lipophilic, aromatic 
and bulky molecules that cause metabolic changes in liver spheroids. Nitrofurantoin is not driven by lipophilicity, and 
even being small molecule and polar, causes chronic autoimmune-like liver injury, driven by nitro reduction and oxidative 
stress [22]. Methotrexate with high molecular weight and flexibility upon chronic exposure leads to liver fibrosis and 
steatosis. Methotrexate lacks the structural indicators for acute hepatotoxicity, but its size, polarity, and mechanism create 
a chronic hepatotoxicity pathway, meaning that bidirectional mechanism of methotrexate depends on dosage [23]. Simi-
larly, due to low lipophilicity, nitrofurantoin can show bidirectional behaviour in hepatotoxicity, but it depends on time 
of exposure. 

Finally, we analysed temporal dependence of drugs to cell viability (toxicity), providing the insights in the dynamic of 
effects and toxicity progress over time. We analysed only compounds known to be highly toxic to the liver - methotrexate, 
tamoxifen, nitrofurantoin, carbamazepine and benzbromarone. Since our dataset (used in training and testing of the 
model) contains only images taken at day 7, we used additional spheroid images exposed to these five selected drugs at 
other days from Dubinsky’s unlabelled set. To analyse toxic effects, we used our trained model to predict the level of 
ATP for each image. In total 15 new images were taken from an unlabelled dataset - for each drug at days 1, 4 and 7. 

 
Figure 7: Temporal dependence of cell viability (predicted ATP level) for selected five drugs 
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The predicted ATP trajectories (Figure 7) revealed distinct toxicity dynamics: benzbromarone and tamoxifen exhibited a 
rapid decline in viability already by day 4, nitrofurantoin showed a delayed but pronounced decrease between days 4 and 
7, whereas carbamazepine displayed a slow, gradual reduction, retaining comparatively high viability throughout. Be-
cause the training data contained drug samples only at day 7 (while control samples spanned days 1 to 21), predictions 
for days 1 and 4 represent an extrapolation along the temporal dimension for drugs. To assess the reliability of these 
predictions, the model outputs were validated against the reference Dubinsky predictions for the same images, Figure 8, 
accessed through the image identifiers and rescaled to the ATP value range by linear calibration. The validation yielded 
an overall R² of 0.891 (MAE 51.33), confirming that the model reproduces the reference ATP values for days 1 and 4 
with reasonable accuracy despite the absence of drug samples at these days in training of the model. This result supports 
the interpretation that the predictions are driven primarily by spheroid morphology, which implicitly encodes the temporal 
state of the spheroid, rather than by the day feature itself, thereby justifying the temporal toxicity analysis. 

A particular case worth highlighting is methotrexate, which exhibited anomalous behaviour across all stages of the anal-
ysis. Unlike the other four compounds, whose predicted ATP trajectories followed a monotonically decreasing pattern 
consistent with progressive cell damage, methotrexate displayed a non-monotonic profile, with ATP values slightly de-
creasing by day 4 and then rising again by day 7, contrary to the expected toxicity progression, as it can be noticed in 
Figure 7. This compound was also the most consistent outlier throughout the study: it produced the largest single predic-
tion error in the test-set evaluation, and in the temporal validation against the reference Dubinsky predictions it again 
showed the largest deviations, particularly at day 4 (absolute error of 171), with the model systematically underestimating 
its ATP values. 

 
Figure 8: Validation of our model outputs against referenced Dubinsky’s model for predicted ATP levels for 15 new 

samples of five selected drugs at days 1, 4 and 7, including MAE and R² 

Methotrexate is an antimetabolite (chemotherapy / immunosuppressant) whose cytotoxic mechanism acts primarily 
through inhibition of folate metabolism and DNA synthesis, an intracellular biochemical mode of action that may not be 
fully reflected in the morphological appearance of the spheroid [24]. This offers a plausible explanation for the model's 
reduced accuracy: since the predictions are driven predominantly by morphological latent features, a compound whose 
toxicity is not accompanied by a proportional change in spheroid morphology is inherently more difficult to characterise. 
Rather than representing a model failure, this discrepancy illustrates one of the stated objectives of the framework, the 
ability to detect compounds that behave differently than expected, thereby flagging potential errors or revealing new 
phenomenological causes that merit dedicated experimental investigation. 

4. CONCLUSION 

Our research showed that even though a lot of information can be extracted from liver spheroid images, it is important to 
take into account physicochemical features of applied drugs, since it would bring a bit better clustering of data, but more 
importantly can provide insight into reasoning why some changes in liver spheroids happens, instead of pointing out they 
happened. Interpretation of obtained results can give better insight into underlying mechanisms leading to hepatotoxic 
changes. We analysed pharmacotherapeutic types of drugs from used dataset and observed that immunosuppressive 
agents, antiepileptic drugs, anti-gout agents and some antibiotics showed highest toxicity risk. Antidiabetics and antide-
pressants indicated moderate toxicity risk, while cardiovascular agents, cholinergic and anticholinergic agents, antipsy-
chotic agents and some antibiotics revealed not very harmful effects to the liver. We then analysed values of the five most 
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influential physicochemical features for five most toxic drugs in our dataset (methotrexate, tamoxifen, nitrofurantoin, 
carbamazepine and benzbromarone) to show alignment with observed experimental and clinical data and to look for 
possible deviations from expected results. Our analysis explained potential bidirectional behaviour of methotrexate and 
nitrofurantoin in relation to hepatotoxic effects. Temporal analysis of five most toxic drugs from new external test on the 
trained model explained changes in liver spheroids and more profound hepatotoxicity effects with time but also captured 
bidirectional behaviour of methotrexate. Future research will include testing of additional drugs and analysis of their 
effects, as well as extending of developed ML framework to analyse liver spheroids co-exposures. In that way, we would 
be able to analyse combined effects of applied drugs on liver spheroids in terms of potential hepatotoxicity risk. Additional 
analysis will be dedicated to the influence of time and concentration of applied drugs for co-exposure scenarios. 
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