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Abstract 

Objective 

This thesis aimed to use a publicly available KNIME workflow to develop binary classifi-

cation models for predicting drug-induced fatty liver disease (DIFLD) employing structural 

and readily interpretable biological fingerprints. The work further included the feature im-

portance to enable potential hypotheses generation, and the evaluation of seven com-

pounds of interest with the best-performing models. 

Methods 

Four binary classification datasets were employed: three for DIFLD (LJMU, 

FAERS+DILIst, and FAERS+FDA) and one for general drug-induced liver injury (DILI) 

(DILIst). While the LJMU dataset could only be encoded using structural information, the 

other combined PubChem Bitvectors (BV) with biological fingerprints (targets and path-

ways). Class imbalances were addressed utilizing Synthetic Minority Oversampling 

(SMOTE) and Undersampling (US). For machine learning (ML), Random Forest (RF) and 

gradient-boosted tree (GB) models were used. Visualization of feature and chemical 

space was done via t-SNE and MolCompass. Uncertainty filtering and distance-to-near-

est-neighbor (DtNN) analysis were applied to assess confidence and applicability domain.  

Results 

The best-performing model based on the FAERS+DILIst dataset was only target-driven 

and achieved a sensitivity of 0.79 and a Matthews Correlation Coefficient (MCC) of 0.42. 

For the LJMU dataset, the best structure-based model reached a sensitivity of 0.47 and 

an MCC of 0.24. Nuclear receptors, Albumin, Prelamin A/C, CYP-enzymes, and ABC 

transporters were among the 30 most important features. Two of the best-performing 

models – one LJMU dataset model employing only substructural information and a 

FAERS+DILIst model which used all three fingerprints – were chosen to see how they 

would classify compounds of interest. For three molecules predictions were contradictory, 

with the LJMU model exhibiting notably lower uncertainties and a spatial proximity to a 

distinct cluster of DIFLD-positives.  

Conclusion 

Although the use of biological fingerprints and the designated workflow had limitations, 

models based on drug datasets still reached reasonable performance in ten-fold cross-
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validation. The feature importance, particularly of the target fingerprint, provided interpret-

able results often consistent with literature findings.  
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Zusammenfassung 

Zielsetzung 

Ziel dieser Arbeit war es, einen öffentlich verfügbaren KNIME-Workflow zu nutzen, um 

binäre Klassifikationsmodelle zur Vorhersage von arzneimittelinduzierter Fettlebererkran-

kung (DIFLD) unter Verwendung struktureller und leicht interpretierbarer biologischer Fin-

gerprints zu entwickeln. Darüber hinaus wurde die Feature Importance präsentiert, um 

die Generierung potenzieller Hypothesen zu ermöglichen, und sieben Verbindungen mit 

ausgewählten, leistungsstarken Modellen evaluiert. 

Methoden 

Es wurden vier binäre Klassifikationsdatensätze eingesetzt: drei für DIFLD (LJMU, FA-

ERS+DILIst, and FAERS+FDA) und einer für arzneimittelinduzierte Leberschädigung 

(DILI) im Allgemeinen (DILIst). Während der LJMU-Datensatz ausschließlich mit Struktur-

Information codiert werden konnte, kombinierten die anderen PubChem Bitvektoren (BV) 

mit biologischen Fingerprints (Targets und Signalwege). Unterschiede in der Anzahl an 

positiven und negativen Verbindungen innerhalb der Datensätze wurden mittels Synthetic 

Minority Oversampling (SMOTE) und Undersampling (US) ausgeglichen. Für das ma-

schinelle Lernen (ML) kamen Random Forest (RF) und Gradient-Boosted Tree (GB) Mo-

delle zum Einsatz. Die Visualisierung des Feature- und chemischen Raums erfolgte über 

t-SNE und MolCompass. Unsicherheitsfilterung und Distance-to-nearest-Neighbor 

(DtNN) Analyse wurden zur Bewertung der Klassifikationssicherheit und Anwendbarkeit 

herangezogen. 

Ergebnisse 

Das leistungsstärkste Modell, basierend auf dem FAERS+DILIst-Datensatz, war aus-

schließlich Target-basiert und erreichte eine Sensitivität von 0,79 sowie einen Matthews 

Korrelations-Koeffizient (MCC) von 0,42. Für den LJMU-Datensatz erreichte das beste 

struktur-basierte Modell eine Sensitivität von 0,47 und einen MCC von 0,24. Unter den 

30 wichtigsten Features waren nukleäre Rezeptoren, Albumin, Prelamin A/C, CYP-En-

zyme und ABC-Transporter. Zwei der besten Modelle – ein LJMU-Datensatzmodell, das 

nur auf struktureller Information basierte und ein FAERS+DILIst-Modell, das alle drei Fin-

gerprinttypen vereinte – wurden ausgewählt, um zu sehen, wie sie die sieben ausgewähl-

ten Verbindungen klassifizieren würden. Für drei Moleküle ergaben sich widersprüchliche 
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Vorhersagen; jedoch zeigte das LJMU-Modell deutlich geringere Unsicherheiten und eine 

räumliche Nähe zu einem abgegrenzten Cluster aus DIFLD-Positiven. 

Schlussfolgerung 

Obwohl die Verwendung biologischer Fingerprints und des vorgesehenen Workflows Ein-

schränkungen aufwies, konnten Modelle auf Basis von Arzneistoff-Datensätzen eine an-

gemessene Performance in der Ten-Fold-Cross-Validation erreichen. Die Feature Im-

portance – insbesondere bezogen auf den Target-Fingerprint – lieferte interpretierbare 

Ergebnisse, die teilweise mit der Literatur übereinstimmten. 
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1 Introduction 

1.1 Drug-induced liver injury and hepatic steatosis 

Drug-Induced Liver Injury (DILI) is a broadly applicable term that can be described as 

liver damage due to exposure to potentially hepatotoxic compounds (Allison et al., 2023). 

DILI is a substantial issue in early- and preclinical drug development, being a primary 

cause for attrition of drug candidates (Korver et al., 2021). Moreover, one third of the post-

marketing withdrawals of drugs because of adverse reactions are on account of DILI 

(Dirven et al., 2021). Although, it is a rare phenomenon with an incidence of 2.3-23.8 

cases per 100.00 persons per year (Li et al., 2022), DILI is the leading cause of acute 

liver failure in the western world, associated with a case fatality ranging from 10-50% 

(Hosack et al., 2023). A distinction is being made between intrinsic (predictable) DILI and 

idiosyncratic (unpredictable) DILI, which is the more frequently occurring one. While in-

trinsic DILI is dose-dependent and reproducible in animal models, idiosyncratic DILI is 

non-dose-dependent and in most cases not reproducible in any experimental animal 

models (Allison et al., 2023; Katarey & Verma, 2016), highlighting the need for alternative 

approaches. 

Hepatic Steatosis, which is also known as fatty liver disease, is defined by the hepatic 

accumulation of lipids. Since minor fat deposition in the liver also occurs in healthy indi-

viduals, at least 5% of the hepatocytes must be visually affected for the condition to be 

considered pathological (Borgne-Sanchez & Fromenty, 2025; Sharma & John, 2025). The 

increased fat deposition is due to disruptions in lipid synthesis, transport, clearance or a 

combination of these processes. Hepatic steatosis presents in two forms: macrovesicular 

steatosis, where large lipid droplets displace the hepatocyte nucleus to the cell periphery, 

and microvesicular steatosis, where smaller droplets occur without nucleus displacement 

(Ortega-Vallbona et al., 2024).  

Metabolic dysfunction-associated steatotic liver disease (MASLD, previously referred to 

as non-alcoholic fatty liver disease NAFLD) describes a spectrum of liver abnormalities, 

from simple hepatic fat accumulation (steatosis) to more advanced stages including in-

flammation and hepatocellular injury (steatohepatitis). MASLD is associated with meta-

bolic conditions such as obesity, insulin resistance, hyperglycemia, dyslipidemia, hyper-

tension and cardiometabolic risk factors (López-Pascual et al., 2024). Even though it has 

been estimated that fewer than 2% of metabolic dysfunction-associated steatohepatitis 
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(MASH, formerly non-alcoholic steatohepatitis NASH) cases are caused by drugs (Gar-

cía-Cortés et al., 2023), findings indicate that drugs can mimic and exacerbate MASLD. 

Furthermore, certain drugs that are frequently used in clinical practice (such as ibuprofen, 

naproxen, acetaminophen, irinotecan, methotrexate, and tamoxifen) are expected to pro-

mote/worsen hepatic steatosis in individuals with already existing MASLD. As stated by 

López-Pascual et al., a bi-directional link between DILI and MASLD seems likely: while 

some drugs act as pro-steatogenic agents, pre-existing MASLD may make hepatocytes 

more susceptible to drug-induced damage. Thus, patients with underlying MASLD are at 

elevated risk of developing DILI when exposed to these drugs (López-Pascual et al., 

2024).  

As reported by the Drug-Induced Liver Injury Network (DILIN), around 27% of DILI cases 

include some variation of steatosis (Kolaric et al., 2021). However, since pre-existing 

MASLD / hepatic steatosis may increase hepatocellular susceptibility to drug-induced in-

jury, it could be unclear whether the steatosis was present before drug exposure or de-

veloped because of it (López-Pascual et al., 2024).  

Drug-induced Fatty Liver Disease (DIFLD) and Drug-induced Steatohepatitis (DISH) are 

more specific terms which are also being used in this context (Kolaric et al., 2021; López-

Pascual et al., 2024). For the sake of simplicity and readability, DIFLD is used in this 

thesis to overall refer to drug-induced hepatic steatosis and steatohepatitis.  

 

1.2 Pathological mechanisms involved in drug-induced fatty liver disease  

Since DILI is a more generic term which can stand for different specific endpoints such 

as vasculitic, neoplastic, cholestatic and steatohepatitic liver injury (Hosack et al., 2023), 

postulated mechanisms of DILI may vary a lot. Taking this into consideration, the appli-

cation of more specific terms such as DIFLD seems to be important when talking about 

the potential mechanisms of drug-induced liver pathologies. Because this thesis focuses 

on drug-induced hepatic steatosis, DIFLD will be the main subject.  

Mitochondrial dysfunction is thought to be a primary mechanism of DIFLD (Borgne-

Sanchez & Fromenty, 2025). Particularly, drug-induced disruption of mitochondrial fatty 

acid oxidation (mtFAO) inhibits the oxidative breakdown of free fatty acids to acetyl-CoA. 

This leads to a hepatocellular accumulation of these fatty acids and ultimately to hepatic 

steatosis. Several drugs that are known to cause DIFLD (such as amiodarone, tamoxifen 
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and Irinotecan) can induce impairment of mtFAO (Kolaric et al., 2021). As stated by 

Borgne-Sanchez & Fromenty, microvesicular steatosis is associated with a strong inhibi-

tion of mtFAO, in contrast to macrovesicular steatosis which is linked to a milder dysfunc-

tion of beta-oxidation.  

Other proposed mechanisms for DIFLD include an upregulated fatty acid influx, a promo-

tion of de novo lipogenesis, an impairment of fatty acid transport across mitochondrial 

membranes and a reduced lipid export via VLDL (Kolaric et al., 2021; López-Pascual et 

al., 2024; Ortega-Vallbona et al., 2024). Carnitine palmitoyl-transferase 1 (CPT-1) is cru-

cial for mitochondrial uptake of fatty acids from the cytosol so that the beta-oxidation can 

take place. While steatogenic compounds such as valproate, tamoxifen and amiodarone 

inhibit CPT-1, Ibuprofen and salicylic acid seem to trap CoA or L-carnitine, which are 

important cofactors for said uptake of fatty acids through mitochondrial membranes. Con-

sequently, this may further contribute to the impairment of mtFAO (López-Pascual et al., 

2024). 

Since the microsomal triglyceride transfer protein (MTP) plays a role in the hepatic as-

sembly of VLDL, the inhibition of MTP results in a reduced lipid export via VLDL. Thus, 

drugs which evidently inhibit MTP, such as tetracycline and tianeptine, could lead to an 

increased hepatocellular lipid storage (López-Pascual et al., 2024). 

Besides these mechanisms, many nuclear receptors are thought to be involved in DIFLD. 

Several Adverse-Outcome-Pathway (AOP) networks contain these receptors as molecu-

lar initiating events (MIEs) which are started by interaction of the nuclear receptors with 

certain steatogenic chemicals (Ortega-Vallbona et al., 2024).  The MIEs include the liver 

x receptor (LXR), farnesoid x receptor (FXR), constitutive androstane receptor (CAR), 

pregnane x receptor (PXR), estrogen receptor (ER), peroxisome proliferator-activated re-

ceptors (PPARs) and the glucocorticoid receptor (GR) (AbdulHameed et al., 2019; Or-

tega-Vallbona et al., 2024). These nuclear receptors are, for example, involved in events 

such as lipid entry/efflux, de novo lipogenesis, and also mtFAO (AbdulHameed et al., 

2019). More specifically, PPARγ, LXR and PXR act as transcription factors, promoting de 

novo lipid synthesis and thus, upon activation, also potentially induce hepatic steatosis 

(López-Pascual et al., 2024).  

AbdulHameed et al., who investigated public toxicogenomic data, stated that nuclear re-

ceptor activation (e.g. activation of FXR) might not be directly linked to steatosis and sug-

gested that mitochondrial dysfunction itself may be a more relevant MIE. Moreover,  some 
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reports seem to indicate that nuclear receptor interaction alone does not always lead to 

steatosis (AbdulHameed et al., 2019). However, it is important to remember that the MIEs 

represent not necessarily the activation of these nuclear receptors, but sometimes rather 

the inhibition, which can lead to wrong conclusions. One example of this is indeed FXR, 

where several studies have shown that FXR activation actually protects against hepatic 

steatosis (Clifford et al., 2021; Neuschwander-Tetri et al., 2015), while another study has 

reported that a reduced expression of FXR seems to worsen steatohepatitis (Armstrong 

& Guo, 2017). 

 

1.2 Computational methods for hepatotoxicity-prediction 

Both, in vitro assays and in vivo models are used to determine hepatotoxicity in preclinical 

testing. While in vitro experiments are based on cytochrome P450 (CYP450) inducibility, 

mitochondrial impairment or bile salt export pump (BSEP) inhibition, in vivo models rely 

on chimeric mice with humanized hepatocytes. However, these approaches sometimes 

fail when extrapolating to humans. Moreover, since the incidence of DILI is low and con-

sequently large sample sizes are necessary, detection of DILI in clinical trials also re-

mains a difficult endeavor (Lin et al., 2022). Idiosyncratic (unpredictable) DILI, as already 

mentioned, represents a particular challenge since it is non-dose-dependent and in most 

cases not reproducible in any experimental animal models (Katarey & Verma, 2016). So-

called New Approach Methodologies (NAMs), including computational methods, such as 

machine learning (ML) systems, artificial intelligence (AI) or omics-based toxicity tests, 

provide an ethical, time-saving and cost-efficient alternative to conventional in vivo testing 

(Ortega-Vallbona et al., 2024). More specifically, used computational Methods to predict 

DILI or DIFLD include automatized structure-activity relationships (SARs), quantitative 

structure-activity relationship models (QSAR), read-across, omics, and structure-based 

approaches. SAR is based on molecular substructures which are thought to be responsi-

ble for certain biological or toxicological activities. Unlike SAR, QSAR models can also 

offer quantitative predictions such as affinity values or IC50 values (Ortega-Vallbona et 

al., 2024). While QSAR models may use structural alerts to encode the compounds, it 

can also be based on biological activity descriptors or pathway profiles (Füzi et al., 2023; 

Liu et al., 2021). 
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For predicting hepatotoxicity, Füzi et al. used binary fingerprints to encode DILI positive 

and negative compounds. These fingerprints included known target, interactome and 

pathway information from publicly available databases, such as ChEMBL and Reactome. 

Ultimately leading to binary matrices, where 0 indicates that there is no known connection 

between the compound and the biological entity and 1 stands for an existing interaction. 

Doing so, an accuracy of around 0.69 was achieved. Furthermore, the feature im-

portance, which is basically a ranking of the fingerprints by their predicting significance, 

was analyzed. The top ranked fingerprints were then used to assess possible mecha-

nisms for hepatotoxicity by comparing them to available evidence and literature. These 

fingerprints included, among others, fatty acid metabolism, arachidonic acid metabolism, 

heme degradation and CYP2C9 (Füzi et al., 2023).  

Another study, which used structural alerts and predicted protein targets as descriptors 

for modeling DILI, also analyzed the feature importance. Since they likewise used the 

FDA DILIrank dataset (M. Chen et al., 2016) as a basis for their binary classification 

model, similar results were achieved. CYP2C9, CYP1A2, proteins involved in arachidonic 

acid metabolism and fatty acid metabolism were among the higher-ranking features. 

Moreover, their highest-ranked proteins included adenosine A1 receptor (GPCR), AR (an-

drogen receptor) and oxidoreductases, such as aldose reductase (Liu et al., 2021). 

Jain et al. created binary classification models specifically for predicting drug-induced 

hepatic steatosis using physicochemical descriptors (RDKit), ToxPrint features (chemical 

substructures), predictions from in-silico nuclear receptor models and in-silico transporter 

models. Nuclear receptor activation or inactivation was specifically predicted for PXR, aryl 

hydrocarbon receptor (AhR), LXR, PPARγ and the nuclear factor (erythroid-derived 2)-

like 2 (NRF2). For transporters, the inhibition of P-gp, BCRP, BSEP, MRP3, MRP4 and 

OATPs was predicted. However, while the physicochemical and structural descriptors 

achieved reasonable results for predicting hepatic steatosis, the models based only on 

activity prediction data performed poorly (Jain et al., 2021).  

Using the freely available Path4Drug workflow (Füzi et al., 2021), Helmke & Ecker applied 

interacting targets and pathways as biological fingerprints for a binary hepatotoxicity pre-

diction model. More specifically, another subcategory of DILI, drug-induced cholestasis 

(DIC), was the endpoint of this model. In addition to targets and pathways, structure-

based PubChem bitvectors (BV) and hepatic transporter inhibition predictions were used 

to encode the compounds. While all fingerprint-types led to reasonable DIC prediction 
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performances, a combination of substructure, pathway information and hepatic trans-

porter inhibition predictions achieved the highest balanced accuracy (BA) (Helmke & 

Ecker, 2025). 

 

1.3 Aim of this thesis 

The aim of this thesis was to use and adapt the publicly available, cholestasis-based 

KNIME-workflow from Helmke & Ecker, which is based on the original work of Füzi et al., 

in an effort to create binary classification models which specifically predict DIFLD based 

on structural and readily interpretable biological fingerprints. Furthermore, this thesis aims 

to present the feature importance of these models for potential hypothesis discovery and 

development regarding the pathological mechanisms of DIFLD. Finally, seven com-

pounds of interest, including some with contradictory results between in vitro and in vivo 

experiments, were selected to observe how selected models would classify them. 
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2 Methods 

2.1 KNIME 

The Konstanz Information Miner (KNIME) is an intuitive, freely available platform which 

can be used for data preparation, analysis and machine learning (Berthold et al., 2009). 

For this thesis, KNIME (version 5.4) was utilized to retrieve and curate the data, develop 

machine learning models, and evaluate their predictive performances.  

 

2.2 Binary datasets 

Three binary classification datasets consisting of compounds labeled as DIFLD-positive 

or DIFLD-negative were employed to construct the models. One dataset was kindly pro-

vided by Cronin & Chrysochoou from Liverpool John Moores University (LJMU) in coop-

eration with the RISK-HUNT3R project. However, since for most of the compounds in this 

dataset the designated workflow did not find enough available bioactivity data, two other 

datasets were additionally generated focusing on approved drugs with increased data 

availability. Lastly, DILIst which is the largest drug list with a binary DILI classification from 

the Liver Toxicity Knowledge Base (LTKB) (Thakkar et al., 2020), was utilized to also 

develop a DILI model for comparative analysis. In summary, three binary classification 

datasets regarding DIFLD and one binary classification dataset regarding DILI were em-

ployed. To improve readability, LJMU, FAERS+DILIst, FAERS+FDA and DILIst are used 

to indicate the four different datasets.   

 

2.2.1 LJMU 

As already mentioned, the LJMU dataset was made available by Cronin & Chrysochoou 

from Liverpool John Moores University. This provided dataset originally contained 1379 

DIFLD-positive and -negative compounds with a DTXSID (a unique substance identifier 

used in the Environmental Protection Agency CompTox Dashboard) and canonical 

SMILES. The classification of these compounds was based on in-vivo rat and mice stud-

ies (Escher et al., 2022; Vrijenhoek et al., 2022), on in-vitro primary human hepatocytes 

and in-vivo rodent studies (Cotterill et al., 2020), on in-vivo rodent data collected from 

RepDose, ToxRefDB & HESS DB (Jain et al., 2021) and on two other original sources 
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(Kubickova & Jacobs, 2023; Lichtenstein et al., 2020). Since the designated workflow 

uses ChEMBL IDs to retrieve biological fingerprints, the DTXSID were mapped to their 

corresponding ChEMBL ID using KNIME. After curation and mapping the dataset con-

sisted of 1183 compounds ready for retrieval of biological and substructural fingerprints. 

As noted earlier, the designated workflow did not find sufficient biological fingerprints for 

modeling, thus only substructural fingerprints were calculated to encode these com-

pounds. Since substructural fingerprints are based on chemical structure and are not lim-

ited to data availability, all 1183 compounds were ultimately used to train the models. This 

final dataset showed an imbalance towards the number of DIFLD-negative compounds, 

containing 901 negatives (76.16%) and 282 positives (23.84%).  

 

2.2.2 FAERS+DILIst 

To create a DIFLD dataset which contains more approved drugs with increased data 

availability for biological fingerprints, post-marketing case reports from the FDA Adverse 

Event Reporting System (FAERS) were curated to assign DIFLD-positive labels to drugs. 

The FAERS database has already been used by Zhu et al. to annotate drugs on different 

hepatotoxicity endpoints (X. Zhu & Kruhlak, 2014). Furthermore, Shin et al. employed the 

frequencies of post-marketing reports on specific hepatic endpoints, including steatosis, 

from the PharmaPendium database (Shin et al., 2020). 

Three reaction terms (Hepatic Steatosis, Steatohepatitis, and Metabolic-Dysfunction as-

sociated Steatohepatitis) were selected in the FAERS Public Dashboard (FAERS Public 

Dashboard, 05.05.2025) to retrieve relevant adverse reaction data regarding DIFLD. 

First, the Case Count by Generic Name table was downloaded, which lists the total num-

ber of reported cases regarding each generic drug name. A cut-off of at least 50 cases 

was chosen to determine DIFLD-positive compounds, excluding biological therapeutics 

such as monoclonal antibodies. Since more frequently used drugs produce more reports, 

the line listing table was additionally considered. This table provides information on each 

case-report regarding the selected reaction terms. These cases were filtered for reports 

submitted by healthcare professionals. Furthermore, since many reports included multi-

ple, sometimes likely unrelated reactions, cases were screened for those which only con-

tained one of the selected terms. Following, these were further filtered for specific reports 

that only considered one active ingredient as the assumed cause for the adverse effect. 
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Ultimately, both generated lists of generic drug names were concatenated, representing 

the DIFLD-positive class.  

Since DIFLD is a subcategory of DILI, DILI-negative drugs should also be DIFLD-nega-

tive. Thus, for DIFLD-negative compounds, all suitable DILI-negatives from the publicly 

available DILIst dataset (Thakkar et al., 2020) were applied as DIFLD-negatives, exclud-

ing those which were positive according to the curated FAERS data.  

This dataset was then employed to obtain biological fingerprints, leading to a total of 453 

encoded compounds which were used for model training. Of these 453 compounds, 248 

(55%) were part of the DIFLD-negative class and 205 (45%) of the DIFLD-positive class. 

 

2.2.3 FAERS+FDA 

To also construct a binary DIFLD based dataset which is completely independent from 

already existing DILI datasets, all FDA approved drugs which did not show up as DIFLD-

positive in a curation of FAERS were applied as DIFLD-negatives. More specifically, this 

dataset contained FDA approved compounds which had 10 or less cases of the three 

selected reaction terms (Hepatic Steatosis, Steatohepatitis, and Metabolic-Dysfunction 

associated Steatohepatitis) in the FAERS Case Count by Generic Name, labeled as 

DIFLD-negatives. DIFLD-positives were curated from the FAERS Public Dashboard, as 

described before. 

After retrieval of biological information, utilizing the designated workflow, 200 (21.23%) 

DIFLD-positives and 742 (78.77%) DIFLD-negatives were encoded for model training. 

 

2.2.4 DILIst 

DILIst is the largest binary classification of drugs regarding DILI. DILIst augments the 

former DILIrank dataset by adding drugs from four literature datasets applying a statistical 

approach. While DILIrank was solely based on FDA drug-labeling information, the four 

added DILI datasets employ different strategies, like utilizing clinical evidence, literature, 

case-registries and specifically FAERS (Thakkar et al., 2020). Since Füzi et al. already 

used a curated version of the DILIrank dataset for developing a DILI model, employing 

target and pathway fingerprints, using DILIst will further provide evidence whether this 
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approach is effective (Füzi et al., 2023). Moreover, it will allow for a comparison to the 

other models and datasets which are specifically referring to DIFLD. 

Because DILIst only provides drug names, the ChEMBL IDs for the drugs were added 

manually. After retrieval of biological fingerprints, using the designated workflow, a total 

of 828 drugs were encoded for model training. This final DILIst based dataset was imbal-

anced towards the number of DILI-positive compounds, consisting of 535 (64.61%) pos-

itives and 293 (35.39%) negatives. 

 

2.3 Target fingerprint 

For the retrieval of biological fingerprints, the KNIME workflow from Helmke & Ecker, 

which was originally based on the Path4Drug workflow from Füzi et al., was utilized (Fig-

ure 2). A table of compound ChEMBL IDs served as input for data extraction. As a first 

step the designated workflow generates a list of drug-protein interactions using activity 

data from five different databases: ChEMBL (Zdrazil et al., 2024), IUPHAR/BPS (Harding 

et al., 2024), DrugBank (Knox et al., 2024), Therapeutic Target Database (Zhou et al., 

2024), and PharmGKB (Whirl-Carrillo et al., 2021). Retrieved target information is filtered 

for human single protein targets and, for targets from ChEMBL, a pChEMBL value of ≥5, 

which is equivalent to a potency of ≤10 µM, is required for inclusion. pChEMBL is a metric, 

utilized to indicate the binding strength of a given molecule to a target and is defined as 

−log10 molar of potency, IC50, XC50, AC50, EC50, Kd or Ki (Allaway et al., 2018). Thus, 

higher pChEMBL values express stronger molecular activity. However, since binary fin-

gerprints were used for encoding the compounds, all pChEMBL values ≥5 were seen as 

an interaction, resulting in a value of one in the final binary fingerprint matrix. Every eligi-

ble target protein was also mapped to the corresponding Uniprot ID (Helmke & Ecker, 

2025), ultimately leading to a list of compound-target pairs encoded as the ChEMBL ID 

of each drug and the Uniprot ID of each protein.  

Since bioactivity data availability was very low for some compounds, the workflow was 

supplemented with automated target retrieval from the PubChem database (Kim et al., 

2022), applying the same principle. This newly generated PubChem target data retrieval 

workflow (Figure 1) was also constructed in KNIME 5.4 and ultimately implemented in 

the workflow from Helmke & Ecker. The compound input ChEMBL IDs were mapped to 

their corresponding PubChem CIDs (compound indicators) using the latest Whole Source 
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Mapping Files from UniChem (Index of /Pub/Databases/Chembl/UniChem/Data/whole-

SourceMapping). An API call was performed to obtain biological test results from the 

PubChem assaysummary. The results were filtered for “Activity Outcome” equals “Active” 

and only tests clearly specifying a Target GeneID were included. Furthermore, the “Ac-

tivity Name” was restricted to “Potency”, “Ki”, “IC50”, “AC50”, “EC50”, “ID50”, “Kd”, 

“DC50”, and “ED50”, with a defined “Activity Value [uM]”. Since activity values were given 

in micromolar (µM), pChEMBL was calculated using the following formula: 6 – 

log10([µM]). The results were further filtered for a pChEMBL of ≥5 (Figure 1) and the 

corresponding Target GeneIDs were mapped to Uniprot IDs employing the UniProt id-

mapping tool (Retrieve/ID Mapping | UniProt). Lastly, the retrieved Uniprot IDs were fil-

tered for “Organism” equals “Homo sapiens (Human)” and reviewed UniProtKB entries. 

Ultimately, as with the other databases, a list with compound ChEMBL IDs and corre-

sponding protein Uniprot IDs was generated and used to supplement the target fingerprint 

matrix.  

 

Figure 1. Excerpt of the generated PubChem target data retrieval workflow. The pChEMBL is calculated 
from retrieved activity values [µM]. Results are filtered for pChEMBL ≥5. Retrieved Target GeneIDs are 
externally mapped to Uniprot IDs. Finally, Uniprot IDs are filtered for human and reviewed entries.  

 

2.4 Tissue filtering 

To refine the list of compound-target pairs for more relevant proteins regarding hepato-

toxicity, the tissue-filter from the Path4Drug workflow was employed. This filter uses 
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expression data from The Tissue Atlas of The Human Protein Atlas (Uhlén et al., 2015) 

to filter for proteins with sufficient liver expression (Füzi et al., 2021). The utilized expres-

sion data contained nTPM (normalized transcripts per million) (Jin et al., 2023) values for 

each gene-tissue pair. This dataset was restricted to genes with an expression of nTPM 

≥11 in liver tissue. Moreover, all target-protein Uniprot IDs were mapped to their corre-

sponding gene name and non-matching proteins were discarded, ultimately resulting in a 

filtered list of targets with a relevant liver expression level. 

 

2.5 Pathway fingerprint 

To obtain relevant compound-pathway connections, the databases MINT (Chatr-ary-

amontri et al., 2007) and IntAct (del Toro et al., 2022), were used to extract directly inter-

acting proteins of the previously retrieved targets (Helmke & Ecker, 2025). These interac-

tors were filtered for only human, reviewed proteins and utilized in a statistical overrepre-

sentation test, conducted via the Reactome pathway analysis API service (Füzi et al., 

2021). The pathway analysis identifies significantly overrepresented pathways through 

the number of pathway-related proteins in the submitted dataset. Consequently, for each 

compound-target pair a list of proteins is used to obtain relevant pathways. To decide 

whether the associated pathway is overrepresented or not, a False-discovery Rate (FDR) 

of 0.05 served as the cut-off, as done by Füzi et al. 

Additionally, all retrieved pathways were filtered for liver expressed pathways by using 

the Reactome Tissue Distribution analysis tool (Helmke & Ecker, 2025).  

After retrieval of liver-relevant targets and pathways of every compound, binary fingerprint 

matrices were created. While each column header indicated a specific target (Uniprot ID) 

or pathway (R-HSA ID), row headers represented the compounds (ChEMBL ID) (Figure 

3). A value of one indicated a retrieved interaction with the target or a connection to the 

pathway. However, a value of zero indicated that no interaction with the target or no con-

nection to the pathway could be found. 

Ultimately, compounds from the original datasets, for which the designated workflow 

could not identify any targets, were excluded. Since this was a major issue with the LJMU 

dataset, which mostly consisted of chemicals with low data availability, a biological fin-

gerprint based on targets and pathways could not be applied to this dataset. However, 

for the other datasets (FAERS+DILIst, FAERS+FDA and DILIst), which were based on 
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approved drugs, a sufficient number of compounds with at least one target was obtained, 

with an overall exclusion rate of 30.40%. Moreover, it should be noted that drug exclusion 

resulted not only from data availability but also from lack of fingerprint uniqueness. Com-

pounds which exhibited the exact same fingerprint as others were excluded, meaning that 

only unique drugs were ultimately used for modeling. To enable model comparison, this 

principle was applied to all three fingerprint categories (targets, pathways, bitvectors) in-

dependently, resulting in a consistent set of compounds, regardless of descriptor type.  

 

2.6 PubChem bitvectors for structural fingerprint 

For structural fingerprints, the PubChem Substructure Fingerprint was utilized, which en-

codes compounds by an arranged list of 881 binary bits. Each bit determines the pres-

ence (1) or absence (0) of certain structural features, such as the count of an element 

(e.g. >= 2 N), chemical ring systems (e.g. >= 1 hetero-aromatic ring), atom-pairs (e.g. N-

N), atom nearest neighbors, or SMARTS patterns (e.g. O-C-C=N) (Helmke & Ecker, 

2025; Kim, 2021). PubChem uses this fingerprint and the Tanimoto coefficient for 2-D 

molecular similarity assessment between two compounds (Kim, 2021). Before calculation 

of the bitvectors, SMILES of each compound were standardized, utilizing the KNIME-

standardizer node (Sosnin, 2024). In this harmonizing process, compounds underwent 

sanitization, reionization, normalization, charge neutralization, tautomer canonicalization 

and removal of stereochemistry, using the same in-house standardization pipeline as 

Helmke & Ecker. Following this, the SMILES were used as input to determine the 881 

bitvectors for each compound, employing the KNIME CDK Fingerprints node (Beisken et 

al., 2013). Ultimately, the list of bits for each compound was split up into a binary matrix, 

with column headers defining the bit-type (bitvector0-880) and row headers defining the 

corresponding compounds (ChEMBL ID) (Figure 3).  
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Figure 2. Schematic overview of the designated KNIME workflow. Dataset compounds ChEMBL IDs 
serve as input for the retrieval of target and pathway interactions. Retrieved targets and pathways with 
relevant liver expression for each compound are used for generating binary matrices, representing the 
target and pathway fingerprint. Compounds SMILES are standardized and used for computing the struc-
ture-based fingerprint (PubChem BV). Combinations of different fingerprint-matrices of a consistent set 
of compounds are used for model training. Performance is evaluated through ten-fold cross-validation.  

 

 

Figure 3. Example table view in KNIME illustrating the combined fingerprint matrix. Each row represents 
a compound. Compounds are identified by their ChEMBL ID. The steatosis column marks whether com-
pounds are DIFLD-positive (1) or -negative (0). Targets are named by their Uniprot ID, pathways by their 
R-HSA ID, and PubChem BV by their ID number. 1 indicates the presence of a substructure (PubChem 
BV) or a database entry (targets, pathways), 0 indicates its absence.  

 

2.7 Machine Learning 

For machine learning (ML), the designated workflow utilizes random forest (RF) and gra-

dient-boosted tree (GB) models from the H2O Driverless AI extension in KNIME (KNIME 

| H2O.Ai). 
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Both, RF and GB, are decision tree based ensemble learning models, which are regarded 

as robust and high-performing ML techniques for QSAR modeling (Boldini et al., 2023). 

While RF learns parallelly, by building decision trees from random feature selection (“bag-

ging”), GB works serially, selecting strongly correlated features and integrating them into 

multiple tree structures (“boosting”) (Cha et al., 2021; C.-H. Chen et al., 2020). 

Default settings were chosen regarding tree depth (10) and number of models (100), 

when configurating the model learner KNIME nodes. Moreover, a static seed was em-

ployed for the RF learner to enable reproducibility, and a default learning rate of 0.1 was 

selected for the GB machine learner.  

While these ML models determine a probability score for each compound to be DIFLD-

positive and negative, they also calculate the absolute and scaled importance of each 

fingerprint, which generally reflect how valuable a feature was for building the decision 

trees within the model (C.-H. Chen et al., 2020). A probability score of ≥0.5 for either 

DIFLD-positivity or DIFLD-negativity was defined as a positive or negative prediction, re-

spectively. The scaling of feature-importance between 0 and 1 is based on the fingerprint 

ranked as most important (=1).  

 

2.8 Dealing with class imbalances 

Since significant class imbalance was present in three out of four datasets, two different 

approaches were applied to balance the number of positive and negatives compounds. 

One is known as Synthetic Minority Oversampling (SMOTE), where the minority class is 

supplemented with artificial samples until both categories are balanced. To be more spe-

cific, synthetic examples of minority class compounds are created based on nearest 

neighbors of real minority class compounds from the original, imbalanced dataset (Hao 

et al., 2014). 

The other balancing method is known as Undersampling (US), where the majority class 

is reduced into subsets, which are then paired with the minority class compounds, ulti-

mately resulting in one prediction per subset for each drug. These subset predictions 

were then used to apply a consensus for the final predicted classification of a compound. 

The number of subsets was determined by the extent of class imbalance. For the LJMU 

dataset (76.16% negatives) and the FAERS+FDA dataset (78.77% negatives), the ma-

jority class was divided into four subsets, as done by Helmke & Ecker, resulting in subsets 
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which are slightly imbalanced towards the positive compounds (Helmke & Ecker, 2025). 

For the FAERS+DILIst dataset (55% negatives) and the DILIst dataset (64.61% posi-

tives), the majority class was divided into two subsets, resulting in a subset decently im-

balanced towards the positive compounds for FAERS+DILIst and in a subset slightly im-

balanced towards the negative compounds for DILIst. Although US partially led to imbal-

anced datasets, the method was applied to all datasets to assess its impact on model 

performance. The consensus of the predictions for each compound was determined by 

majority vote of the subset models, with ties resolved using the mean probability score. 

Lastly, the third approach was to implement the original imbalanced (Imb) datasets with-

out applying any balancing methods, thus further enabling assessment of their impact on 

model performance. 

 

2.9 Performance evaluation 

A ten-fold cross-validation was employed, which is a common practice for performance 

evaluation of QSAR-models (Mitchell, 2014). The compounds were split up into 10 differ-

ent folds. Each fold was then once applied as a test set, while the other folds were com-

bined and used as a training set. Consequently, 10 separate models are generated, re-

sulting in a prediction for each compound from the original dataset (Mitchell, 2014). 

As a next step, several performance metrics are calculated, including balanced accuracy 

(BA), the Matthews correlation coefficient (MCC), sensitivity, specificity, accuracy and 

precision. These performance indicators are computed using the outcomes of correct and 

incorrect predictions categorized as true positives (TP), true negatives (TN), false posi-

tives (FP), and false negatives (FN), as can be seen from their respective formulas (Duy 

& Srisongkram, 2025; Helmke & Ecker, 2025): 

 

Accuracy = 
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

 

MCC = 
(𝑇𝑃 ∗ 𝑇𝑁 − 𝐹𝑃 ∗ 𝐹𝑁)

√(𝑇𝑃 + 𝐹𝑃) ∗ (𝑇𝑃 + 𝐹𝑁) ∗ (𝑇𝑁 + 𝐹𝑃) ∗ (𝑇𝑁 + 𝐹𝑁)
 

 

Precision = 
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
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Sensitivity = 
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

 

Specificity = 
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
 

 

𝐵𝐴 =  
𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 + 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦

2
 

 

As outlined by Chicco et al., the MCC is thought to be the superior metric for evaluation 

of binary classification in ML, outperforming the receiver operating characteristic curve 

(ROC AUC) (Chicco & Jurman, 2023). Secondly, the BA was chosen because it is known 

to be more fitting for imbalanced datasets, as it is defined as the arithmetic mean of sen-

sitivity and specificity (Thölke et al., 2023). 

  

2.10 Feature space visualization via traditional t-SNE 

For feature space visualization, a new KNIME workflow was constructed, employing the 

t-SNE node from the KNIME Statistics Nodes (Labs) extension (T-SNE (L. Jonsson)), 

which is based on T-SNE-Java from Johnsson (Jonsson, 2014/2025). 

T-Distributed stochastic Neighbor Embedding (t-SNE) is a commonly applied dimension-

ality reduction technique for data space visualization. Through transformation to a two-

dimensional map, t-SNE allows for human interpretation of complex, high—dimensional 

feature spaces, by visualizing clusters and patterns in the data (Orlov et al., 2024). Ulti-

mately, the KNIME workflow (Figure 4) was built to generate an interactive scatter plot of 

the calculated t-SNE dimensions of each compound and to implement a visualization of 

correct and incorrect classifications (TP, TN, FP, FN). Furthermore, the seven external 

compounds of interest were also highlighted to see where they are positioned, providing 

insight into the model’s decision-making process and enabling visual validation. 
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Figure 4. Schematic excerpt of the generated feature visualization workflow. Compounds class, predic-
tion and fingerprint served as input. The t-SNE node determines two dimensions based on each com-
pounds fingerprint. Correct and incorrect predictions are labeled as TP, TN, FP, or FN and color-coded. 
Finally, all compounds are visualized as data points in a two-dimensional scatter plot. 

 

2.11 Chemical space visualization via MolCompass 

A second interactive scatter plot was generated for chemical space visualization, by em-

ploying the publicly available MolCompass KNIME node (Sosnin, 2024). MolCompass is 

primarily based on parametric t-SNE, which utilizes an artificial neural network to depict 

chemical structures in a two-dimensional space. The main difference between traditional 

t-SNE and parametric t-SNE is the fact that parametric t-SNE is deterministic. More spe-

cifically, while parametric t-SNE projects compounds on a predefined, consistent two-

dimensional chemical map, original t-SNE is non-deterministic, leading to different data 

point arrangements upon every execution. The MolCompass KNIME node utilizes 

SMILES as an input to compute structure-based ECFPs (Extended-Connectivity Finger-

prints), which the chemical map is based on (Sosnin, 2024). Consequently, the scatter 

plot did not depict the compounds in the same way as perceived by the models, as these 

were trained on PubChem BV, target, or pathway fingerprints. However, since parametric 

t-SNE is deterministic, meaning that the same exact compounds always end up at the 

same exact coordinates, MolCompass enabled direct comparison of the ECFP-based 

chemical space between the different datasets. As with the feature space, the compounds 

of interest and the prediction outcome class (TP, TN, FP, FN) were additionally visualized 

by color. 

 

2.12 Uncertainty and applicability domain 

Two probability scores between zero and one were computed for each compound during 

the ten-fold cross-validation, including P (steatosis =0) and P (steatosis =1), which reflect 

the predicted likelihood of the compound belonging to the negative and positive class, 
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respectively. These probability scores were utilized to determine the uncertainty (UC), by 

calculating the absolute difference between 1 and the higher prediction score for each 

compound, leading to values between 0 (no UC) and 0.5 (highest UC; same probability 

score for both classes). This was done for every compound to evaluate how excluding 

those with an UC of ≥0.35 would influence model performance, following Helmke & Ecker. 

Furthermore, a fixed cutoff of 0.35 was also applied to the seven external compounds of 

interest to classify their predictions as “UC_Risk” or “UC_OK”. 

To evaluate whether the external compounds of interest were part of the model’s applica-

bility domain (AD), the distance of each test compound to its nearest neighbor in the 

training set was considered. For this task, another new KNIME workflow (Figure 5) was 

generated, which at first calculates the Tanimoto distance between every pair of com-

pounds in the dataset. The Tanimoto coefficient is commonly utilized to calculate similar-

ities between fingerprints of molecules (Bajusz et al., 2015). However, the Tanimoto dis-

tance (or Soergel distance) between two molecules is defined as the complement of their 

Tanimoto coefficient, with values ranging from 0 (identical) to 1 (no shared features) (Ba-

jusz et al., 2015). Since the Tanimoto coefficient only considers the bits set to 1 in both 

compounds’ fingerprints, it is especially suitable for comparing molecular fingerprints, 

which contain relatively few active (1) bits, such as  ECFP4 (Tripp et al., 2023). Applying 

this rationale, the Tanimoto distance was employed for distance-to-nearest Neighbor 

(DtNN) calculation, particularly because PubChem bitvectors were used as fingerprints 

and the PubChem database itself applies the Tanimoto coefficient to this fingerprint for 

molecular similarity assessment, as mentioned before (Kim, 2021). Although others used 

a Euclidean distance-based k-nearest neighbors algorithm (Duy & Srisongkram, 2025; 

Tropsha et al., 2003), applying the Tanimoto distance appeared appropriate, since the 

target fingerprint also contained a low number of active (1) bits. After calculating the Tan-

imoto distances between all compound pairs, the DtNN for each compound is determined. 

Moreover, only regarding distances between training compounds (Figure 6), the mean 

and the SD (standard deviation) of DtNN is computed to determine a cutoff value, as done 

by Duy & Srisongkram and Tropsha et al. The cutoff was applied to the Tanimoto distance 

of each external test compound to their nearest training compound neighbor. The cutoff 

works as follows (Duy & Srisongkram, 2025):  
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Test compound within applicability domain: 

𝐷𝑡𝑁𝑁𝑡𝑒𝑠𝑡 < 𝑀𝑒𝑎𝑛(𝐷𝑡𝑁𝑁𝑡𝑟𝑎𝑖𝑛) + 𝑍 × 𝑆𝐷(𝐷𝑡𝑁𝑁𝑡𝑟𝑎𝑖𝑛) 

 

Test compound outside applicability domain: 

𝐷𝑡𝑁𝑁𝑡𝑒𝑠𝑡 ≥ 𝑀𝑒𝑎𝑛(𝐷𝑡𝑁𝑁𝑡𝑟𝑎𝑖𝑛) + 𝑍 × 𝑆𝐷(𝐷𝑡𝑁𝑁𝑡𝑟𝑎𝑖𝑛) 

 

The Z-score determines the significance level and is defined empirically. Since it is usually 

set to 0.5 (Duy & Srisongkram, 2025; Tropsha et al., 2003), this value was also chosen 

for this work. Ultimately, the threshold classified each external test compound as “in_do-

main” or “outside_domain”. 

 

Figure 5. Excerpt of the generated applicability domain workflow. DtNN analysis was applied to define 
the models applicability domain. Compounds are labeled as Test and Training molecules. Each fingerprint 
is used to create a singular Bit Vector. The Tanimoto distance is calculated and extracted for each mole-
cule pair. The shortest distances between train-train and test-train pairs for each compound is deter-
mined. The DtNN of each training molecule is utilized to calculate the cut-off. The DtNN of each test 
compound is employed for classification as “in_domain” or “outside_domain”.  

 

 

Figure 6. Table view in KNIME illustrating the Tanimoto distances between training compounds. Com-
pounds are identified by their ChEMBL ID. Distances for train-train pairs are sorted in ascending order. 
The shortest distance for each compound is defined as DtNN and used to compute the applicability do-
main cut-off.  
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3 Results 

A total of four binary classification datasets (Table 1) were used in this work, including 

three datasets regarding DIFLD and one comparative dataset regarding DILI in general. 

Only unique drugs regarding all fingerprint types (PubChem BV, targets, pathways) were 

used for the FAERS+DILIst, FAERS+FDA and DILIst datasets, and only unique com-

pounds concerning PubChem BV were employed for the LJMU dataset. 

The LJMU dataset was mainly based on in-vitro or in-vivo data and comprised 901 

(76.16%) DIFLD-negatives and 282 (23.84%) positives. The FAERS+DILIst dataset was 

generated using case reports from FAERS (FAERS Public Dashboard, 05.05.2025) for 

positives and the DILIst dataset (Thakkar et al., 2020) for negatives, leading to 248 (55%) 

DIFLD-negatives and 205 (45%) positives. The FAERS+FDA dataset was also con-

structed utilizing case reports from FAERS and a list of all FDA approved drugs, resulting 

in 742 (78.77%) DIFLD-negatives and 200 (21.23%) positives. Lastly, DILIst, the largest 

binary classification of drugs regarding DILI (Thakkar et al., 2020), was employed as a 

fourth, comparative dataset, which ultimately included 293 (35.39%) DILI-negatives and 

535 (64.61%) positives. 

 

Table 1. Sizes and class balances of datasets. 

Dataset Unique comp. Positives Negatives 

LJMU 1183 282 (23.84%) 901 (76.16%) 

FAERS+DILIst 453 205 (45.00%) 248 (55.00%) 

FAERS+FDA 942 200 (21.23%) 742 (78.77%) 

DILIst 828 535 (64.61%) 293 (35.39%) 

Unique comp. = compounds with a unique fingerprint. 

 

3.1 Fingerprint length 

While the number of the biological fingerprints (targets, pathways) differed throughout the 

datasets, the length of the structural fingerprint (PubChem BV) was consistent (Table 2). 

Since only PubChem BV were used for encoding the LJMU dataset compounds, the fin-

gerprint length for this dataset was 881. For the FAERS+DILIst dataset, 849 targets with 

sufficient liver expression and 1977 liver-expressed pathways were part of the biological 

fingerprint. The FAERS+FDA dataset led to the longest fingerprint with 1105 targets and 

2024 pathways. Finally, the DILIst datasets fingerprint included 997 targets and 2003 
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pathways. Unsurprisingly, larger datasets with more drugs generated a higher fingerprint 

count. 

 

Table 2. Fingerprint lengths of datasets 

Dataset Unique comp. Unique PubChem BV Unique targets Unique pathways 

LJMU 1183 881 - - 

FAERS+DILIst 453 881 849 1977 

FAERS+FDA 942 881 1105 2024 

DILIst 828 - 997 2003 

Unique comp. = compounds with a unique fingerprint; PubChem BV = PubChem Bitvectors (substructural fingerprint). 

 

3.2 Comparison of the FAERS-derived DIFLD-positives with DILI-positives 

In an attempt to assess the validity of the positive class in the FAERS+DILIst dataset, 

DILI-positive drugs from DILIst (Thakkar et al., 2020) were compared with compounds 

identified as steatogenic in the curation of FAERS (Figure 7). The FAERS+DILIst dataset 

itself was generated by combining FAERS-derived positives with DILI-negative drugs 

from DILIst. 

 

Figure 7. Bar chart illustrating the comparison of FAERS-derived DIFLD-positives with DILI-positives as 
reported in the DILIst dataset (Thakkar et al., 2020). 140 (68%) of DIFLD-positives are also classified as 
DILI-positive (1). 35 (17%) of DIFLD-positives are missing in the DILIst dataset. 30 (15%) of DIFLD-
positives are contradictory labeled as DILI-negatives (0). 
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From the 205 DIFLD-positive compounds regarding the curation of FAERS, 140 (68%) 

were also classified as DILI-positive in the DILIst dataset. However, 35 (17%) of the 

DIFLD-positive assigned drugs could not be found in the DILIst dataset, and 30 (15%) 

were part of the DILI-negatives. Interestingly, among the 30 contradicting compounds, 

several opioids such as fentanyl, oxycodone and codeine were found, whereas none were 

present within the 140 concordant drugs. Moreover, when examining the 35 DIFLD-pos-

itive assigned compounds, which were missing in the DILIst dataset, a relatively high 

number of tyrosine kinase inhibitors, including Ruxoltinib, Upadacitinib and Alectinib, was 

observed. However, among the 140 concordant drugs, there were also several drugs of 

this class, including Imatinib, Sunitinib and Dasatinib.  

 

3.2 Model performances 

Four different binary classification datasets (LJMU, FAERS+DILIst, FAERS+FDA, DILIst) 

were used for modeling (Table 1). Compounds were encoded via substructural (Pub-

Chem BV) and biological (targets, pathways) fingerprint-types. Since class imbalance 

was present in all four datasets, two different balancing techniques, US and SMOTE, 

were applied. However, the entire imbalanced datasets (Imb) were also modeled without 

any balancing. Two different types of tree-based ensemble ML models, RF and GB were 

employed for each dataset. A ten-fold cross-validation was used for performance evalu-

ation, ultimately calculating the BA, MCC, sensitivity, specificity, accuracy and precision. 

Models were ranked from highest to lowest BA.  

 

Table 3. Ten-fold cross-validation results of the LJMU dataset models 

Fingerprint Model BA MCC Sensitivity Specificity Accuracy Precision 

BV SMOTE_GB 0.627 0.242 0.472 0.782 0.708 0.404 

BV US_GB 0.608 0.185 0.706 0.511 0.557 0.311 

BV US_RF 0.605 0.180 0.706 0.505 0.553 0.309 

BV Imb_GB 0.598 0.209 0.351 0.846 0.728 0.416 

BV SMOTE_RF 0.581 0.168 0.337 0.825 0.708 0.375 

BV Imb_RF 0.542 0.151 0.124 0.960 0.761 0.493 

BA = balanced accuracy; MCC = Matthews correlation coefficient; BV = PubChem Bitvectors (substructural fingerprint); SMOTE = 
synthetic minority oversampling technique; US = undersampling; Imb = imbalanced (no balancing technique applied). 

 

For the LJMU dataset only PubChem BV were employed as the designated workflow did 

not retrieve sufficient bioactivity data for these compounds.  
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Regarding results, GB outperformed RF independent of balancing technique, with 

SMOTE_GB yielding the highest BA (0.63), MCC (0.24) and specificity (0.78). Unsurpris-

ingly, US scored the highest in sensitivity (0.71), however this came at the cost of speci-

ficity and precision (Table 3).  

 

Table 4. Ten-fold cross-validation results of the FAERS+DILIst dataset models 

Fingerprint Model BA MCC Sensitivity Specificity Accuracy Precision 

TARGETS US_GB 0.707 0.415 0.785 0.629 0.700 0.636 

TARGETS SMOTE_GB 0.700 0.413 0.580 0.819 0.711 0.726 

TARGETS_PATHS US_RF 0.697 0.403 0.829 0.565 0.684 0.612 

BV_PATHS Imb_RF 0.693 0.399 0.576 0.810 0.704 0.715 

TARGETS SMOTE_RF 0.687 0.385 0.580 0.794 0.698 0.700 

ALL SMOTE_RF 0.686 0.374 0.634 0.738 0.691 0.667 

TARGETS_BV Imb_GB 0.684 0.381 0.566 0.802 0.695 0.703 

ALL US_RF 0.683 0.379 0.834 0.532 0.669 0.596 

TARGETS Imb_GB 0.682 0.382 0.546 0.819 0.695 0.713 

TARGETS_BV SMOTE_GB 0.678 0.372 0.546 0.810 0.691 0.704 

TARGETS_BV US_GB 0.676 0.358 0.795 0.556 0.664 0.597 

BV_PATHS US_RF 0.675 0.362 0.829 0.520 0.660 0.588 

PATHS US_RF 0.674 0.355 0.800 0.548 0.662 0.594 

TARGETS_PATHS SMOTE_RF 0.673 0.348 0.624 0.722 0.678 0.650 

TARGETS_PATHS US_GB 0.671 0.347 0.785 0.556 0.660 0.594 

TARGETS US_RF 0.670 0.359 0.849 0.492 0.653 0.580 

ALL Imb_RF 0.669 0.341 0.595 0.742 0.675 0.656 

TARGETS_BV SMOTE_RF 0.669 0.341 0.595 0.742 0.675 0.656 

ALL US_GB 0.667 0.341 0.790 0.544 0.656 0.589 

TARGETS Imb_RF 0.662 0.340 0.517 0.806 0.675 0.688 

BV_PATHS SMOTE_RF 0.662 0.325 0.610 0.714 0.667 0.638 

PATHS US_GB 0.662 0.331 0.795 0.528 0.649 0.582 

BV_PATHS Imb_GB 0.654 0.326 0.502 0.806 0.669 0.682 

PATHS SMOTE_RF 0.654 0.308 0.610 0.698 0.658 0.625 

BV_PATHS SMOTE_GB 0.648 0.307 0.517 0.778 0.660 0.658 

BV_PATHS US_GB 0.643 0.293 0.771 0.516 0.631 0.568 

ALL SMOTE_GB 0.642 0.298 0.502 0.782 0.656 0.656 

TARGETS_PATHS Imb_RF 0.642 0.287 0.571 0.714 0.649 0.622 

TARGETS_PATHS Imb_GB 0.642 0.298 0.498 0.786 0.656 0.658 

PATHS Imb_GB 0.638 0.284 0.522 0.754 0.649 0.637 

ALL Imb_GB 0.637 0.284 0.507 0.766 0.649 0.642 

TARGETS_PATHS SMOTE_GB 0.636 0.284 0.502 0.770 0.649 0.644 

TARGETS_BV US_RF 0.632 0.286 0.844 0.419 0.611 0.546 
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PATHS Imb_RF 0.630 0.263 0.541 0.718 0.638 0.613 

TARGETS_BV Imb_RF 0.630 0.266 0.517 0.742 0.640 0.624 

PATHS SMOTE_GB 0.616 0.242 0.483 0.750 0.629 0.615 

BV US_RF 0.615 0.261 0.863 0.367 0.592 0.530 

BV SMOTE_GB 0.611 0.232 0.463 0.758 0.625 0.613 

BV Imb_GB 0.606 0.223 0.459 0.754 0.620 0.606 

BV US_GB 0.602 0.214 0.776 0.427 0.585 0.528 

BV SMOTE_RF 0.589 0.180 0.517 0.661 0.596 0.558 

BV Imb_RF 0.577 0.158 0.473 0.681 0.587 0.551 

BA = balanced accuracy; MCC = Matthews correlation coefficient; BV = PubChem Bitvectors (substructural fingerprint); SMOTE = 
synthetic minority oversampling technique; US = undersampling; Imb = imbalanced (no balancing technique applied). 

 

Regarding the FAERS+DILIst dataset, the target-based fingerprint achieved the best re-

sults, with a BA of 0.71, an MCC of 0.42 and a sensitivity of 0.79 for the US_GB model, 

which was also the highest scoring model throughout all datasets. Other similar scoring 

fingerprints were mostly combinations that included targets. Interestingly, although the 

pathway and PubChem BV fingerprints scored notably worse individually, their combina-

tion yielded results similar to those of the target-based fingerprints. Both RF and GB ap-

peared among the best scoring models in this dataset (Table 4). 

 

Table 5. Ten-fold cross-validation results of the FAERS+FDA dataset models 

Fingerprint Model BA MCC Sensitivity Specificity Accuracy Precision 

TARGETS US_GB 0.661 0.269 0.655 0.667 0.665 0.347 

TARGETS US_RF 0.650 0.255 0.605 0.695 0.676 0.349 

BV_PATHS US_RF 0.650 0.249 0.650 0.650 0.650 0.333 

TARGETS_PATHS US_RF 0.649 0.248 0.650 0.648 0.649 0.332 

TARGETS_BV US_RF 0.648 0.244 0.655 0.640 0.643 0.329 

TARGETS_BV US_GB 0.647 0.242 0.670 0.624 0.634 0.324 

ALL US_RF 0.646 0.243 0.640 0.652 0.650 0.332 

PATHS US_RF 0.641 0.234 0.635 0.647 0.644 0.326 

ALL US_GB 0.639 0.230 0.645 0.633 0.636 0.322 

BV_PATHS US_GB 0.637 0.227 0.655 0.620 0.627 0.317 

TARGETS_PATHS US_GB 0.635 0.223 0.655 0.616 0.624 0.315 

TARGETS SMOTE_GB 0.633 0.291 0.380 0.887 0.779 0.475 

TARGETS_BV SMOTE_RF 0.624 0.282 0.350 0.899 0.782 0.483 

TARGETS SMOTE_RF 0.618 0.243 0.385 0.852 0.753 0.412 

PATHS US_GB 0.617 0.192 0.655 0.580 0.596 0.296 

TARGETS Imb_GB 0.616 0.296 0.300 0.933 0.798 0.545 

TARGETS_PATHS SMOTE_RF 0.607 0.218 0.370 0.844 0.743 0.389 

BV_PATHS SMOTE_RF 0.603 0.225 0.330 0.876 0.760 0.418 
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ALL SMOTE_RF 0.601 0.231 0.310 0.892 0.769 0.437 

ALL SMOTE_GB 0.590 0.237 0.250 0.930 0.786 0.490 

TARGETS_BV SMOTE_GB 0.590 0.215 0.275 0.904 0.771 0.437 

TARGETS_BV Imb_GB 0.589 0.237 0.245 0.933 0.787 0.495 

ALL Imb_GB 0.587 0.247 0.230 0.945 0.793 0.529 

PATHS SMOTE_GB 0.583 0.196 0.270 0.896 0.763 0.412 

BV_PATHS SMOTE_GB 0.582 0.223 0.230 0.934 0.785 0.484 

TARGETS_PATHS SMOTE_GB 0.577 0.193 0.245 0.910 0.769 0.422 

BV_PATHS Imb_GB 0.570 0.219 0.185 0.956 0.792 0.529 

TARGETS_PATHS Imb_GB 0.566 0.184 0.200 0.933 0.777 0.444 

PATHS SMOTE_RF 0.566 0.135 0.300 0.832 0.719 0.324 

PATHS Imb_RF 0.558 0.213 0.145 0.972 0.796 0.580 

PATHS Imb_GB 0.556 0.151 0.190 0.922 0.766 0.396 

BV Imb_GB 0.552 0.140 0.185 0.919 0.763 0.381 

BV SMOTE_GB 0.548 0.114 0.215 0.881 0.740 0.328 

BV US_RF 0.547 0.077 0.595 0.499 0.519 0.242 

BV_PATHS Imb_RF 0.542 0.165 0.110 0.973 0.790 0.524 

BV SMOTE_RF 0.540 0.082 0.265 0.815 0.699 0.279 

BV US_GB 0.536 0.059 0.580 0.492 0.511 0.235 

BV Imb_RF 0.530 0.118 0.090 0.969 0.782 0.439 

TARGETS_PATHS Imb_RF 0.528 0.118 0.085 0.972 0.783 0.447 

TARGETS_BV Imb_RF 0.528 0.140 0.070 0.985 0.791 0.560 

TARGETS Imb_RF 0.523 0.126 0.060 0.987 0.790 0.545 

ALL Imb_RF 0.523 0.113 0.065 0.981 0.787 0.481 

BA = balanced accuracy; MCC = Matthews correlation coefficient; BV = PubChem Bitvectors (substructural fingerprint); SMOTE = 
synthetic minority oversampling technique; US = undersampling; Imb = imbalanced (no balancing technique applied). 

 

The target fingerprint-based model was also the best scoring one regarding the 

FAERS+FDA dataset, which was generated through curation of FAERS and a list of all 

FDA approved drugs. Since the positive class was constructed in a similar fashion, a 

certain correspondence in results was expected. However, overall performance was dis-

tinctly worse with a BA of 0.66 and an MCC of 0.27 for the highest scoring model. Con-

cerning models based solely on the PubChem BV fingerprint, the ten-fold cross-validation 

again yielded considerably poorer performances than models based on biological finger-

prints (Table 5). 

As the FAERS+FDA dataset was notably imbalanced (79% negatives vs. 21% positives), 

the US technique consistently outperformed SMOTE and Imb. Moreover, since US led to 

four almost balanced subsets, sensitivity and specificity showed very similar results, re-

garding this balancing approach. Also because of the unbalanced nature of this dataset, 
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models using the Imb_RF configuration exhibited an extremely low sensitivity close to 

zero. 

 

Table 6. Ten-fold cross-validation results of the DILIst dataset models 

Fingerprint Model BA MCC Sensitivity Specificity Accuracy Precision 

PATHS US_RF 0.589 0.172 0.492 0.686 0.561 0.740 

TARGETS SMOTE_RF 0.588 0.170 0.518 0.659 0.568 0.734 

TARGETS+PATHS US_GB 0.581 0.156 0.535 0.628 0.568 0.723 

TARGETS US_RF 0.578 0.159 0.381 0.775 0.521 0.755 

PATHS SMOTE_RF 0.577 0.150 0.619 0.536 0.590 0.708 

TARGETS US_GB 0.577 0.147 0.533 0.621 0.564 0.719 

TARGETS+PATHS US_RF 0.569 0.133 0.478 0.659 0.542 0.718 

TARGETS SMOTE_GB 0.564 0.123 0.568 0.560 0.565 0.701 

PATHS US_GB 0.558 0.111 0.525 0.590 0.548 0.700 

TARGETS+PATHS SMOTE_GB 0.554 0.105 0.630 0.478 0.576 0.687 

TARGETS Imb_GB 0.552 0.101 0.649 0.454 0.580 0.684 

TARGETS+PATHS SMOTE_RF 0.551 0.098 0.610 0.491 0.568 0.686 

TARGETS+PATHS Imb_GB 0.534 0.067 0.651 0.416 0.568 0.670 

PATHS SMOTE_GB 0.528 0.055 0.610 0.447 0.552 0.667 

PATHS Imb_GB 0.528 0.055 0.666 0.389 0.568 0.665 

TARGETS Imb_RF 0.508 0.038 0.959 0.058 0.639 0.649 

PATHS Imb_RF 0.504 0.015 0.946 0.061 0.632 0.647 

TARGETS+PATHS Imb_RF 0.499 0.005 0.957 0.041 0.632 0.645 

BA = balanced accuracy; MCC = Matthews correlation coefficient; SMOTE = synthetic minority oversampling technique; US = under-
sampling; Imb = imbalanced (no balancing technique applied). 

 

Interestingly, regarding the largest binary DILI classification dataset DILIst (Thakkar et 

al., 2020), model performance was significantly worse. Since this dataset was only em-

ployed for comparative analysis of the biological fingerprint-based models, PubChem BV 

were not included in these models. Unlike the two DIFLD-based datasets, which were 

generated through curation of FAERS, the best performing fingerprint were liver-ex-

pressed pathways alone. However, the target fingerprint and combinations of the two 

scored very similar with a BA of around 0.59 and an MCC of 0.17. As the FAERS+FDA 

dataset (Table 5), the DILIst dataset was also considerably imbalanced (35% negatives 

and 65% positives), thus models with the Imb_RF configuration likewise showed very low 

sensitivities (Table 6), approaching zero. 
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3.3 Number and Distribution of active Fingerprints per compound 

To analyze the number and distribution of active liver-expressed targets and pathways 

per compound in each dataset, a boxplot (Figure 8) was generated. Interestingly, the 

best performing FAERS+DILI dataset showed the largest discrepancy in active targets 

between positive and negative compounds, with a median of 12 active targets per drug 

for the positive class and 6 for the negative class (Table 7). This difference between the 

classes was present in all three models that employed biological fingerprints, however, 

for the poorest performing dataset DILIst, the discrepancy was notably smaller, with a 

median of 9 active targets per positive compound and 6 per negative compound. Regard-

ing pathways, this difference was also present, although the overall numbers of active 

pathways per compound were much higher. Since this observation raised the question of 

whether the models classified compounds according to this difference in actives-count, 

results from the ten-fold cross-validation were filtered for positive compounds with fewer 

than the median number of actives per drug and negative compounds with more than the 

median number of actives per drug. This was done for the target based FAERS+DILIst 

US_GB model and showed a BA of 0.5 (Table 8). The overall BA for this model was 0.71, 

indicating that these compounds were frequently misclassified. Moreover, the results 

were also filtered for drugs with more than the median number of actives per compound, 

regardless of class. As expected, this led to a high sensitivity (0.88) and a BA of 0.65. 

Even though the specificity was low regarding these compounds (0.42), some of the neg-

atives could still be correctly classified, indicating that the count of liver-expressed active 

targets per drug was not the only factor influencing the model’s decision-making.  

 

Table 7. Distribution of active target-count per compound across positives and negatives for the 
FAERS+DILIst dataset 

FAERS+DILIst Dataset Positives and negatives Positives Negatives 

Maximum 31.5 39.5 23 

Q3 15 20 11 

Median 9 12 6 

Q1 4 7 3 

Minimum 1 1 1 
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Figure 8. Boxplot illustrating the distribution of the active target-count per compound across the positive 
and negative class for the FAERS+DILIst dataset. Maximum, Q3, median and Q1 values were higher for 
DIFLD-positive compounds (Table 7).  
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Table 8. Impact of active-target count-based compound filtering on cross-validation results of the 
FAERS+DILIst US_GB model 

All compounds 

BA Specificity Sensitivity 

0.71 0.63 0.79 

 

Negatives with > Median number of active targets per compound 

Positives with < Median number of active targets per compound 

Confusion Matrix Prediction = negative Prediction = positive 

DIFLD negatives 36 49 

DIFLD positives 29 39 

BA Specificity Sensitivity 

0.50 0.42 0.57 

 

All compounds with > Median number of active targets per compound 

Confusion Matrix Prediction = negative Prediction = positive 

DIFLD negatives 36 49 

DIFLD positives 17 128 

BA Specificity Sensitivity 

0.65 0.42 0.88 

BA = balanced accuracy. 

 

3.4 Feature Importance and distribution of actives 

The scaled importance of each fingerprint (PubChem BV, targets, pathways) was calcu-

lated regarding every model. Since the US approach and the ten-fold cross validation 

generated several subsets, the mean scaled importance for each fingerprint was com-

puted and selected as the final scaled importance. Moreover, the ratio of active com-

pounds per fingerprint was determined for both classes separately. The absolute differ-

ence between these ratios was then calculated for each feature to illustrate the discrep-

ancy in occurrence of actives. Ultimately, tables listing all used fingerprints were gener-

ated for each model and sorted by the scaled feature importance. The 5 most important 

substructural features regarding the LJMU dataset-based model which only employed 

PubChem BV, are displayed in Table 9, including one selected example compound from 

the positive class per fingerprint. Moreover, the top 30 ranked fingerprints regarding mod-

els which also used biological features are presented in Table 10-13.  
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Table 9. Top 5 most important features of the LJMU SMOTE_GB model (PubChem BV) 

Feature ID BV substructure Example compounds (+) DIFLD+ Ratio in+ DIFLD- Ratio in- 

BV625 

 
 

Tetracycline 

14 0.050 21 0.023 

BV496 

 

 

Difenoconazole 

29 0.103 16 0.018 

BV38 >= 2 Cl 

 

Difenoconazole 

62 0.220 93 0.103 

BV622 

  

Methoxsalen 

5 0.018 15 0.017 

BV391 N(~C)(~C)(~C) 

 

Didanosine 

49 0.174 131 0.145 

BV = PubChem Bitvectors (substructural fingerprint); DIFLD+ / DIFLD- = total count of DIFLD-positive or -negative compounds con-
taining the given substructure; Ratio in+ / Ratio in- = fraction of compounds within the respective group containing the given substruc-
ture. 

 

Regarding the LJMU dataset-based model, which only used substructural information as 

fingerprints, three simple SMARTS patterns, one element count, and one simple atom 
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nearest neighbor pattern accounted for the top five most important features (Table 9). 

Simple SMARTS patterns determine the presence or absence of certain substructures 

with a specific bond order and bond aromaticity, regardless of count (List_finger-

prints.Pdf). Tetracycline was selected as a DIFLD-positive example compound, exhibiting 

the highest ranked structural pattern (O=C-C:C-O). For the next two most important fea-

tures (N:N-C-[#1] and >= 2 Cl), difenoconazole was chosen to illustrate them, as it con-

tained both. These features were notably overrepresented in the positive class, with ratios 

of 0.103 and 0.220, respectively. Methoxsalen and didanosine, both compounds that are 

also positive regarding DILI in the DILIst dataset (Thakkar et al., 2020), represent the 

remaining two top ranked fingerprints which included another SMARTS substructure 

(O=C-O-C:C) and an atom nearest neighbor pattern (N(~C)(~C)(~C)). 

 

Table 10. Top 30 most important features of the FAERS+DILIst SMOTE_RF model (all fingerprint-
types) 

Feature ID Feature type Description DIFLD+ Ratio in+ DIFLD- Ratio in- 

R-HSA-196849 pathway 
Metabolism of water-soluble vit-

amins and cofactors 
63 0.307 14 0.056 

R-HSA-9725554 pathway Differentiation of Keratinocytes 66 0.322 12 0.048 

R-HSA-879415 pathway 
Advanced glycosylation end-

product receptor signaling 
141 0.688 82 0.331 

R-HSA-2161517 pathway 
Abacavir transmembrane 

transport 
131 0.639 70 0.282 

R-HSA-9754706 pathway Atorvastatin ADME 176 0.859 137 0.552 

R-HSA-8939246 pathway 
RUNX1 regulates transcription 

of genes 
131 0.639 72 0.290 

P02768 target Albumin 94 0.459 47 0.190 

R-HSA-189483 pathway Heme degradation 98 0.478 34 0.137 

R-HSA-189445 pathway Metabolism of porphyrins 98 0.478 34 0.137 

R-HSA-9013408 pathway RHOG GTPase cycle 82 0.400 27 0.109 

R-HSA-9753281 pathway Paracetamol ADME 102 0.498 44 0.177 

R-HSA-4570464 pathway 
SUMOylation of RNA binding 

proteins 
129 0.629 83 0.335 

R-HSA-8878166 pathway 
Transcriptional regulation by 

RUNX2 
149 0.727 104 0.419 

Q9UNQ0 target 
ATP-binding cassette trans-

porter ABCG2 
53 0.259 9 0.036 

R-HSA-9757110 pathway Prednisone ADME 170 0.829 130 0.524 

R-HSA-1660661 pathway 
Sphingolipid de novo biosynthe-

sis 
91 0.444 36 0.145 
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P08183 target 
ATP-dependent translocase 

ABCB1 
116 0.566 55 0.222 

P10632 target CYP2C8 70 0.341 24 0.097 

R-HSA-917937 pathway Iron uptake and transport 57 0.278 12 0.048 

R-HSA-2161522 pathway Abacavir ADME 131 0.639 70 0.282 

R-HSA-199220 pathway Vitamin B5 metabolism 53 0.259 9 0.036 

R-HSA-5205647 pathway Mitophagy 115 0.561 71 0.286 

R-HSA-9748784 pathway Drug ADME 187 0.912 162 0.653 

R-HSA-9749641 pathway Aspirin ADME 178 0.868 154 0.621 

R-HSA-4655427 pathway 
SUMOylation of DNA methyla-

tion proteins 
125 0.610 79 0.319 

R-HSA-204005 pathway 
COPII-mediated vesicle 

transport 
54 0.263 14 0.056 

R-HSA-9013026 pathway RHOB GTPase cycle 62 0.302 19 0.077 

R-HSA-9013106 pathway RHOC GTPase cycle 64 0.312 19 0.077 

R-HSA-6783310 pathway Fanconi Anemia Pathway 150 0.732 122 0.492 

R-HSA-6807070 pathway PTEN Regulation 141 0.688 96 0.387 

DIFLD+ / DIFLD- = total count of DIFLD-positive or -negative compounds containing the given substructure; Ratio in+ / Ratio in- = 
fraction of compounds within the respective group containing the given substructure. 

 

Regarding the FAERS+DILIst dataset-based model, which used all three fingerprint-

types, 26 pathways and four targets were among the 30 fingerprints (Table 10) with the 

highest scaled importance. Unsurprisingly, since PubChem BV performed notably worse, 

the best ranked BV appeared only at position 56 with a scaled importance of 0.072. Sev-

eral pathways in relation to the pharmacokinetic, metabolism and transmembrane 

transport of certain drugs could be found within the top 20 fingerprints. Concerning the 

four most important targets, albumin, CYP2C8 and two members of the ATP-binding cas-

sette (ABC) family, ABCG2 and ABCB1, were included. 

 

Table 11. Top 30 most important features of the FAERS+DILIst US_GB model (targets) 

Feature ID Feature type Description DIFLD+ Ratio in+ DIFLD- Ratio in- 

P08183 target 
ATP-dependent translocase 

ABCB1 
116 0.57 55 0.22 

P02768 target Albumin 94 0.46 47 0.19 

Q9UNQ0 target 
ATP-binding cassette trans-

porter ABCG2 
53 0.26 9 0.04 

P11712 target CYP2C9 89 0.43 56 0.23 

P08684 target CYP3A4 149 0.73 122 0.49 

P10635 target CYP2D6 75 0.37 88 0.35 

P10632 target CYP2C8 70 0.34 24 0.10 
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P20815 target CYP3A5 70 0.34 46 0.19 

P24462 target CYP3A7 55 0.27 59 0.24 

P33261 target CYP2C19 74 0.36 67 0.27 

O95342 target Bile salt export pump (BSEP) 42 0.20 16 0.06 

P35348 target Alpha-1A adrenergic receptor 37 0.18 58 0.23 

Q9Y6L6 target 
Organic anion transporter 

(OATP1B1) 
47 0.23 13 0.05 

P22309 target 
UDP-glucuronosyltransferase 

1A1 
38 0.19 10 0.04 

P02545 target Prelamin-A/C 47 0.23 56 0.23 

P05177 target CYP1A2 54 0.26 48 0.19 

P07550 target Beta-2 adrenergic receptor 13 0.06 27 0.11 

P35368 target Alpha-1B adrenergic receptor 14 0.07 24 0.10 

Q99720 target 
Sigma non-opioid intracellular 

receptor 1 
15 0.07 26 0.10 

Q16236 target 
Nuclear factor erythroid 2-re-

lated factor 2 (NRF2) 
20 0.10 17 0.07 

P03372 target Estrogen receptor (ER-alpha) 21 0.10 25 0.10 

P20813 target CYP2B6 42 0.20 23 0.09 

Q16665 target Hypoxia-inducible factor 1-alpha 8 0.04 18 0.07 

P21397 target Amine oxidase 7 0.03 15 0.06 

O75469 target Pregnane X receptor (PXR) 38 0.19 25 0.10 

P02763 target Alpha-1-acid-glycoprotein 1 27 0.13 21 0.08 

P16662 target 
UDP-glucuronosyltransferase 

2B7 
27 0.13 10 0.04 

Q14994 target 
Constitutive androstane receptor 

(CAR) 
24 0.12 9 0.04 

Q92887 target 
ATP-binding cassette sub family 

C member 2 ABCC2 
32 0.16 9 0.04 

O15245 target 
Organic cation transporter 1 

(OCT1) 
18 0.09 19 0.08 

DIFLD+ / DIFLD- = total count of DIFLD-positive or -negative compounds containing the given substructure; Ratio in+ / Ratio in- = 
fraction of compounds within the respective group containing the given substructure. 

 

Multiple CYP-enzymes were also present in the top 30 feature importance of the best 

performing FAERS+DILIst dataset-based model (Table 11) which only used the target 

fingerprint-type. Moreover, the three most important were ABCB1, albumin and ABCG2. 

Other features ranked within the top 30 included different adrenergic receptor subtypes, 

transporter proteins, UDP-glucuronosyltransferases (UGT), Prelamin A/C and some nu-

clear receptors such as CAR, PXR and ER, which are part of several AOP networks (Ab-

dulHameed et al., 2019; Ortega-Vallbona et al., 2024).  
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Table 12. Top 30 most important features of the DILIst US_GB model (targets and pathways) 

Feature ID Feature type Description DIFLD+ Ratio in+ DIFLD- Ratio in- 

R-HSA-200425 pathway Carnitine shuttle 71 0.133 8 0.027 

R-HSA-9663891 pathway Selective autophagy 379 0.711 150 0.512 

P20815 target CYP3A5 117 0.22 60 0.205 

P10635 target CYP2D6 183 0.343 104 0.355 

P33261 target CYP2C19 185 0.347 79 0.27 

R-HSA-9753281 pathway Paracetamol ADME 187 0.351 60 0.205 

R-HSA-9837999 pathway 
Mitochondrial protein degrada-

tion 
107 0.201 29 0.099 

R-HSA-9013406 pathway RHOQ GTPase cycle 267 0.501 132 0.451 

P07550 target Beta-2 adrenergic receptor 23 0.043 30 0.102 

R-HSA-9609507 pathway Protein localization 244 0.458 81 0.276 

R-HSA-879415 pathway 
Advanced glycosylation end-

product receptor signaling 
263 0.493 102 0.348 

R-HSA-202427 pathway 
Phosphorylation of CD3 and 

TCR zeta chains 
71 0.133 11 0.038 

R-HSA-5579029 pathway 
Metabolic disorders of biological 

oxidation enzymes 
119 0.223 42 0.143 

R-HSA-156581 pathway Methylation 161 0.302 51 0.174 

R-HSA-211999 pathway CYP2E1 reactions 310 0.582 119 0.406 

R-HSA-196849 pathway 
Metabolism of water-soluble vit-

amins and cofactors 
92 0.173 21 0.072 

R-HSA-211945 pathway 
Phase I - Functionalization of 

compounds 
380 0.713 160 0.546 

R-HSA-2142670 pathway 

Synthesis of epoxy (EET) and 

dihydroxyeicosatrienoic acids 

(DHET) 

332 0.623 131 0.447 

R-HSA-418594 pathway G alpha(i) signalling events 63 0.118 38 0.13 

R-HSA-1632852 pathway Macroautophagy 300 0.563 112 0.382 

R-HSA-211859 pathway Biological oxidations 344 0.645 144 0.491 

R-HSA-5362517 pathway Signaling by Retinoic Acid 179 0.336 58 0.198 

R-HSA-9748784 pathway Drug ADME 427 0.801 198 0.676 

R-HSA-4551638 pathway 
SUMOylation of chromatin or-

ganization proteins 
317 0.595 141 0.481 

R-HSA-5423646 pathway 
Aflatoxin activation and detoxifi-

cation 
367 0.689 165 0.563 

R-HSA-162582 pathway Signal Transduction 332 0.623 159 0.543 

R-HSA-109704 pathway PI3K Cascade 108 0.203 27 0.092 

R-HSA-168256 pathway Immune System 288 0.54 136 0.464 
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R-HSA-199991 pathway Membrane Trafficking 326 0.612 147 0.502 

R-HSA-159418 pathway Recycling of bile acids and salts 288 0.54 110 0.375 

DIFLD+ / DIFLD- = total count of DIFLD-positive or -negative compounds containing the given substructure; Ratio in+ / Ratio in- = 
fraction of compounds within the respective group containing the given substructure. 

 

To assess whether relevant differences or similarities exist, the feature importance was 

also calculated for the general DILI prediction models which employed the DILIst dataset 

(Thakkar et al., 2020). This was done for the DILI model that combined target and path-

way fingerprints (Table 12) and for the DILI model that utilized targets only (Table 13).  

As with the FAERS+DILIst dataset-based model which used all fingerprint-types, 26 path-

ways and four targets were within the top 30 highest ranked features. Moreover, there 

were also some pathways related to the pharmacokinetics of drugs and metabolism of 

vitamins. Regarding the four targets, three different CYP-enzymes and the beta-2 adren-

ergic receptor were among the top 30 most important fingerprints. 

 

Table 13. Top 30 most important features of the DILIst SMOTE_RF model (targets) 

Feature ID Feature type Description DIFLD+ Ratio in+ DIFLD- Ratio in- 

P11712 target CYP2C9 210 0.394 69 0.235 

P05177 target CYP1A2 156 0.293 51 0.174 

Q5BJF2 target Sigma intracellular receptor 3 0.006 5 0.017 

P01911 target 
HLA class II histocompatibility 

antigen 
21 0.039 0 0.000 

P37231 target 

Peroxisome proliferator-acti-

vated receptor gamma (PPAR-

gamma) 

36 0.068 4 0.014 

Q9UNQ0 target 
ATP-binding cassette trans-

porter ABCG2 
71 0.133 15 0.051 

O94956 target 
Organic anion transporter B 

(OATP-B) 
35 0.066 5 0.017 

O95342 target Bile salt export pump (BSEP) 82 0.154 22 0.075 

P10632 target CYP2C8 110 0.206 32 0.109 

P02768 target Albumin 169 0.317 62 0.212 

P08684 target CYP3A4 314 0.589 146 0.498 

P28482 target MAP kinase 1 42 0.079 11 0.038 

Q9NPD5 target 
Organic anion transporter 

(OATP1B3) 
45 0.084 9 0.031 

P02545 target Prelamin-A/C 136 0.255 62 0.212 

Q99720 target 
Sigma non-opioid intracellular 

receptor 1 
38 0.071 28 0.096 



48 

 

 

 

O60656 target 
UDP-glucuronosyltransferase 

1A9 
43 0.081 8 0.027 

P11245 target Arylamine N-acetyltransferase 2 14 0.026 1 0.003 

P10275 target Androgen receptor (AR) 70 0.131 23 0.078 

Q9Y6L6 target 
Organic anion transporter 

(OATP-C) 
79 0.148 23 0.078 

P03372 target Estrogen receptor (ER-alpha) 77 0.144 32 0.109 

P07550 target Beta-2 adrenergic receptor 23 0.043 30 0.102 

P04626 target 
Receptor tyrosine-protein kinase 

erbB-2 
13 0.024 0 0.000 

P00352 target Aldehyde dehydrogenase 1A1 33 0.062 10 0.034 

P05181 target CYP2E1 54 0.101 18 0.061 

P04637 target Cellular tumor antigen p53 46 0.086 17 0.058 

Q96FL8 target 
Multidrug and toxin extrusion 

protein 1 (MATE1) 
31 0.058 8 0.027 

P33261 target CYP2C19 185 0.347 79 0.270 

P11509 target CYP2A6 36 0.068 9 0.031 

P00918 target Carbonic anhydrase 2 25 0.047 5 0.017 

P10635 target CYP2D6 183 0.343 104 0.355 

DIFLD+ / DIFLD- = total count of DIFLD-positive or -negative compounds containing the given substructure; Ratio in+ / Ratio in- = 
fraction of compounds within the respective group containing the given substructure. 

 

The 30 most important features of the only target-based DILI prediction model (Table 13) 

included several CYP-enzymes, OATPs, BSEP, albumin, prelamin-A/C, ABCG2 and two 

nuclear receptors (PPARγ, ER). 

 

3.5 A visualization of the feature space 

For the two models, which were ultimately employed for classification of the external com-

pounds of interest, traditional t-SNE was used to visualize the fingerprint of each com-

pound on a two-dimensional scatter plot (Figure 9-10). Moreover, the classification out-

come of each drug was illustrated by color: positives in red or purple (TP = red, FN = 

purple) and negatives in green or blue (TN = green, FP = blue). Finally, the seven com-

pounds of interest without an assigned DIFLD-label were highlighted in yellow. 
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Figure 9. Screenshot of the interactive feature-space scatter plot of LJMU compounds (PubChem BV 
fingerprint) generated in KNIME. Prediction outcomes are color-coded: positives in red or purple (TP = 
red, FN = purple) and negatives in green or blue (TN = green, FP = blue). The seven external compounds 
of interest are highlighted in yellow. 

 

Regarding the LJMU dataset, only the substructural PubChem BV fingerprint was em-

ployed to compute the two t-SNE dimensions. When examining the resulting scatter plot 

(Figure 9), several groupings mainly associated with DIFLD-negative compounds (green 

or blue) can be seen. However, for the DIFLD-positive compounds (red or purple) only 

one rather distinct cluster exists. Interestingly, three out of the seven external compounds 

of interest (yellow) are part of this cluster, namely propiconazole, tebuconazole and pro-

chloraz.  
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Figure 10. Screenshot of the interactive feature-space scatter plot of FAERS+DILIst compounds (com-
bined fingerprint) generated in KNIME. Prediction outcomes are color-coded: positives in red or purple 
(TP = red, FN = purple) and negatives in green or blue (TN = green, FP = blue). The seven external 
compounds of interest are highlighted in yellow. 

 

Some groupings were also evident regarding the FAERS+DILIst dataset-based model 

(Figure 10) which utilized all three fingerprint-types (PubChem BV, targets, pathways). 

However, in contrast to the scatter plot of the LJMU dataset (Figure 9), a greater number 

of clusters existed which were rather associated with true positive compounds (red). 

Moreover, near the true negative drugs (green), several false negatives (purple) were 

present. Concerning the external compounds of interest (yellow), no clear association 

with distinct groupings could be observed.  

 

3.6 A visualization of the chemical space 

The MolCompass tool (Sosnin, 2024) which computes ECFPs based on each compounds 

SMILES-code and ultimately establishes two coordinates for each drug employing deter-

ministic t-SNE, was used for visualization of the chemical space. This approach enabled 

direct comparison of the ECFP-based chemical space between both datasets that were 

ultimately utilized for classification of the external compounds of interest. As with the 
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visualization of the feature space, the prediction outcome class for each chemical was 

illustrated by color and the test compounds of interest were highlighted in yellow. 

 

Figure 11. Comparison of the chemical-space scatter plots of the LJMU (A) and FAERS+DILIst (B) da-
tasets. Prediction outcomes are color-coded: positives in red or purple (TP = red, FN = purple) and 

A 

B 
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negatives in green or blue (TN = green, FP = blue). The seven external compounds of interest are high-
lighted in yellow. 

 

Interestingly, when comparing the resulting scatter plots of the LJMU (Figure 11A) and 

FAERS+DILIst (Figure 11B) datasets, two more densely populated areas are present in 

both chemical maps, located approximately in the same regions with respect to the coor-

dinates. Moreover, for the LJMU dataset, these areas contain a remarkably high number 

of compounds, including many negatives (green or blue). Regarding groupings that are 

distinctly associated with one class, some smaller clusters with negative compounds can 

be found in the scatter plot of the LJMU dataset, with the largest one located around the 

-42/16 coordinate. However, concerning positive compounds (red or purple) no obvious 

groupings can be specified. In comparison, regarding the FAERS+DILIst dataset, only 

some smaller aggregations associated with positive or negative drugs are present. Unlike 

in the feature visualization of the LJMU dataset (Figure 9), which is determined by Pub-

Chem BVs, the ECFP-based chemical map (Figure 11A) does not arrange the external 

test molecules propiconazole, tebuconazole and prochloraz into a distinct cluster. Unsur-

prisingly, since MolCompass leads to a deterministic mapping of chemicals, all external 

compounds of interest (yellow) are located at the exact same coordinates, when compar-

ing the chemical visualizations of the FAERS+DILIst (Figure 11B) and LJMU (Figure 

11A) datasets. Finally, it is important to note that these chemical maps are just an illus-

tration of the ECFPs and therefore do not reflect how the models actually perceived the 

compounds.  

 

3.8 Prediction Results, Uncertainty and Applicability 

Two models were selected to see how the seven test compounds of interest would be 

classified by them. While the chosen model which was trained on the LJMU dataset em-

ployed SMOTE_GB and only the substructural PubChem BV fingerprint, the selected 

FAERS+DILIst-based model applied SMOTE_RF and utilized all fingerprint-types, includ-

ing target and pathway data. For the LJMU dataset, it was necessary to exclude all test 

compounds, since they were part of the original dataset. Regarding the FAERS+DILIst-

based model, chlormequat chloride could not be predicted, as no relevant liver-expressed 

target could be identified by the designated workflow. 
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Two probability scores were calculated for each compound, which were then used to 

compute the prediction UC. A threshold of 0.35 was chosen to label molecules as either 

“UC_Risk” (≥ 0.35) or “UC_OK” (< 0.35). 

The DtNN regarding test compounds and training compounds was employed to deter-

mine the model’s AD, with a cut-off individually defined by the mean and SD of the DtNN 

between training molecules. This resulted in a threshold of 0.321 for the LJMU dataset-

based model and a threshold of 0.516 for the FAERS+DILIst-based model, ultimately 

labeling each test compound as “in_domain” (< cut-off) or “outside_domain” (≥ cut-off).  

Moreover, this DtNN-cut-off was also applied to each training molecule, in order to exam-

ine how many training compounds the calculated threshold would define as not within the 

model’s range. This resulted in 316 (26.89%) and 137 (30.31%) training molecules that 

would be classified as outside of domain, regarding both datasets, LJMU and 

FAERS+DILIst, respectively. 

 

Table 14. Prediction outcomes, uncertainty and applicability domain of the external compounds of 
interest (LJMU dataset BV fingerprint SMOTE_GB model) 

Compound ID 
Compound 

name 
DIFLD Pred. P (1) P (0) UC UC flag DtNN AD flag 

CHEMBL560579 propiconazole ? 1 0.989 0.011 0.011 UC_OK 0.136 In_domain 

CHEMBL487186 tebuconazole ? 1 0.995 0.005 0.005 UC_OK 0.051 In_domain 

CHEMBL118539 
chlormequat 

chloride 
0 0 0.177 0.823 0.177 UC_OK 0.192 in_domain 

CHEMBL521027 cyprodinil 0 0 0.372 0.628 0.372 UC_Risk 0.056 in_domain 

CHEMBL230001 azoxystrobin ? 0 0.075 0.925 0.075 UC_OK 0.197 in_domain 

CHEMBL70971 carbendazim ? 0 0.067 0.933 0.067 UC_OK 0.076 in_domain 

CHEMBL522782 prochloraz ? 1 0.957 0.043 0.043 UC_OK 0.166 in_domain 

Based on: 

Dataset Fingerprint Model BA MCC Sensitivity Specificity 

LJMU✝ BV SMOTE_GB 0.610 0.213 0.427 0.793 

✝: Test compounds of interest were excluded.  

Pred. = prediction made by the model; P(1) / P(0) = predicted probability of DIFLD-positivity (1) or negativity (0); UC = calculated 
uncertainty score; UC flag = uncertainty threshold flag; DtNN = Tanimoto distance to the nearest neighbor; AD flag = applicability 
domain flag. 
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Figure 12. Feature-space scatter plot of LJMU compounds (PubChem BV). Prediction outcomes are 
color-coded: positives in red or purple (TP = red, FN = purple) and negatives in green or blue (TN = green, 
FP = blue). The seven external compounds of interest are highlighted in yellow, with their molecular 
structures displayed. Each structure is outlined with a colored frame indicating the prediction outcome 
(red = positive, green = negative).  

 

Unsurprisingly, propiconazole, tebuconazole and prochloraz, the three compounds which 

were part of the distinct cluster of positives regarding the LJMU-dataset based model 

(Figure 12), were predicted as being steatogenic. Notably, the calculated UCs were es-

pecially low for these molecules (Table 14). Prochloraz, which was the most distant com-

pound within the grouping, showed slightly higher UC. The remaining four test molecules 

were all classified as DIFLD-negative, two of them with a considerably higher UC. Since 

cyprodinil exceeded the threshold of 0.35, it was flagged as a prediction with “UC_Risk”. 

Regarding the applicability domain, all seven compounds exhibited a DtNN clearly lower 

than the cut-off (0.321), classifying them as “in_domain”. Interestingly, cyprodinil had the 

second lowest DtNN, despite displaying the highest UC. 
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Table 15. Prediction outcomes, uncertainty and applicability domain of the external compounds of 
interest (FAERS+DILIst dataset ALL fingerprint SMOTE_RF model) 

Compound ID 
Compound 

name 
DIFLD Pred. P (1) P (0) UC UC flag DtNN AD flag 

CHEMBL560579 propiconazole ? 0 0.404 0.596 0.404 UC_Risk 0.359 in_domain 

CHEMBL487186 tebuconazole ? 0 0.269 0.731 0.269 UC_OK 0.366 in_domain 

CHEMBL118539 
chlormequat 

chloride✝ 
0 ? ? ? ? ? ? ? 

CHEMBL521027 cyprodinil 0 0 0.182 0.818 0.182 UC_OK 0.398 in_domain 

CHEMBL230001 azoxystrobin ? 0 0.386 0.614 0.386 UC_Risk 0.404 in_domain 

CHEMBL70971 carbendazim ? 0 0.137 0.863 0.137 UC_OK 0.260 in_domain 

CHEMBL522782 prochloraz ? 0 0.310 0.690 0.310 UC_OK 0.501 in_domain 

Based on: 

Dataset Fingerprint Model BA MCC Sensitivity Specificity 

FAERS+DILIst ALL SMOTE_RF 0.686 0.374 0.634 0.738 

✝: Chlormequat chloride was not predicted because no active target could be identified. 

Pred. = prediction made by the model; P(1) / P(0) = predicted probability of  DIFLD-positivity (1) or negativity (0); UC = calculated 
uncertainty score; UC flag = uncertainty threshold flag; DtNN = Tanimoto distance to the nearest neighbor; AD flag = applicability 
domain flag. 

 

Examining the results of the FAERS+DILIst-based model (Table 15), the UCs were no-

tably higher regarding every compound other than cyprodinil. Moreover, the predictions 

for propiconazole, tebuconazole and prochloraz were contradictory when compared with 

those from the LJMU dataset-based model. However, their UC scores were considerably 

higher, with the DIFLD-negative classification of tebuconazole being flagged as 

“UC_Risk”. Moreover, the prediction of azoxystrobin also surpassed the UC threshold, 

labeling its classification as uncertain. Regarding the applicability domain, all test com-

pounds DtNN were clearly higher in this dataset. However, since this was also true for 

the DtNN values between training compounds, the calculated cut-off which defines 

whether a molecule is “in_domain”, or “outside_domain” was larger compared to that of 

the LJMU dataset. Hence, regarding the FAERS+DILIst-based model, all external test 

compounds were still labeled as within domain. Finally, the molecule with the lowest UC, 

carbendazim, also exhibited the lowest DtNN. 

 

3.9 Uncertainty filtering 

To see how filtering out uncertain compounds would influence the results of the ten-fold 

cross validation, the 0.35 cut-off was also applied to the determined UC scores of each 

molecule in the LJMU and FAERS+DILIst dataset.  
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Table 16. Impact of uncertainty filtering on cross-validation results of the LJMU SMOTE_GB model 
(PubChem BV) 

UC filtering Dataset FP Model BA MCC Sensitivity Specificity 

UC_OK LJMU✝ BV SMOTE_GB 0.621 0.245 0.414 0.827 

Unfiltered LJMU✝ BV SMOTE_GB 0.610 0.213 0.427 0.793 

UC_Risk LJMU✝ BV SMOTE_GB 0.552 0.088 0.500 0.604 

✝: External test compounds of interest were excluded.  

UC = uncertainty; FP = fingerprint-type; BA = balanced accuracy; MCC = Matthews correlation coefficient; BV = PubChem Bitvectors 
(substructural fingerprint); SMOTE = synthetic minority oversampling technique. 

 

997 (84.78%) of the LJMU compounds had a prediction uncertainty of under 0.35. When 

filtering for these molecules before statistical analysis, all performance scores except for 

the sensitivity went up (Table 16). Moreover, when only considering the 179 (15.22%) 

compounds classified as uncertain (≥ 0.35), the performance was lower, with significant 

decreases observed in BA, MCC, specificity, accuracy and precision. However, the sen-

sitivity reached its highest value for this subset, showing the same trend as before.  

 

Table 17. Impact of uncertainty filtering on cross-validation results of the FAERS+DILIst SMOTE_RF 
model (combined fingerprint) 

UC_filtering Dataset FP Model BA MCC Sensitivity Specificity 

UC_OK FAERS+DILIst ALL SMOTE_RF 0.747 0.498 0.681 0.813 

Unfiltered FAERS+DILIst ALL SMOTE_RF 0.686 0.374 0.634 0.738 

UC_Risk FAERS+DILIst ALL SMOTE_RF 0.588 0.175 0.573 0.602 

UC = uncertainty; FP = fingerprint-type; BA = balanced accuracy; MCC = Matthews correlation coefficient; SMOTE = synthetic minority 
oversampling technique. 

 

Regarding the FAERS+DILIst dataset, 276 (60.93%) compounds exhibited a prediction 

UC score of under 0.35. Unlike the other dataset (Table 16), filtering for these molecules 

before performance evaluation led to higher results across all metrics, including sensitivity 

(Table 17). This trend could also be examined when restricting this dataset to the 177 

(39.07%) compounds classified as uncertain (≥ 0.35), which resulted in lower perfor-

mances.  
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4 Discussion 

The main purpose of this thesis was to employ the KNIME-workflow from Helmke & Ecker, 

which is based on the approach by Füzi et al., to generate binary DIFLD prediction models 

from substructural and biological fingerprints, and to assess their predictive performance. 

Of particular interest was the feature importance computed by these models, which may 

allow for potential hypothesis formulation. Ultimately, seven compounds of interest were 

chosen to assess their classification by the best-performing models.  

To summarize results, it was found that for many non-pharmaceutical compounds, the 

workflow failed to retrieve sufficient target and pathway information. However, the best-

performing model, regarding the FAERS+DILIst dataset, which mainly consisted of ap-

proved drugs, was target-based and achieved a sensitivity of 0.79 and an MCC of 0.42. 

Across all pharmaceutical-based datasets, CYP-enzymes, ABC-transporters, prelamin 

A/C, albumin and certain nuclear receptors were frequently among the top 30 most im-

portant ranked features. The FAERS+DILIst based model which used all three fingerprint 

types and the LJMU dataset-based model which only employed substructural PubChem 

BV were chosen for classification of the external test compounds of interest. Predictions 

for three out of seven test molecules were contradictory, with the FAERS+DILIst based 

model exhibiting substantially higher uncertainties regarding these compounds. 

 

4.1 Datasets 

Given that the designated workflow did not manage to retrieve sufficient biological target 

data for the originally intended binary DIFLD dataset (LJMU) to encode the compounds 

for biological fingerprint-based modeling, a limitation of the applied approach became 

evident. The workflow appears to retrieve significantly more relevant data for drugs that 

are approved for human use. Possible reasons could be a general lack of data or the fact 

that the workflow, beyond PubChem and ChEMBL, incorporates other databases, such 

as DrugBank and PharmGKB with a specific focus on pharmaceuticals (Knox et al., 2024; 

Whirl-Carrillo et al., 2021). This likely explains why, for compounds from datasets which 

are based on post-marketing reports or focused on pharmaceuticals in general, sufficient 

target-information can usually be obtained to encode them for modeling, as seen here for 

the FAERS+DILIst dataset. Helmke & Ecker who utilized this information retrieval work-

flow to generate a biological fingerprint-based cholestasis prediction model, employed a 
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dataset that was also derived from adverse event reports and consisted mainly of human-

used pharmaceuticals (Kotsampasakou & Ecker, 2017).  

 

When comparing the DILI-positive class from DILIst (Thakkar et al., 2020) with DIFLD-

positives from the curation of FAERS (Figure 7), 140 (68%) of the positive labels were 

concordant and 35 (17%) of the possibly steatogenic drugs could not be found in the 

DILIst dataset, indicating reasonable validity of this self-curated dataset. Among the re-

maining 30 (15%) contradicting compounds, several frequently prescribed drugs were 

present, including opioids which can only be found in the DILI-negative class regarding 

DILIst. This may be due to the way FAERS was curated. Since an absolute cut-off of 50 

cases was chosen to define DIFLD-positive compounds, regardless of prescription fre-

quency, more commonly prescribed drugs are more likely to appear. Taking this into con-

sideration, an alternative way of curating the data, which also accounts for the total num-

ber of case reports per drug, may provide greater accuracy. Interestingly, among the 35 

(17%) DIFLD-positive compounds that could not be found in the DILIst dataset, a rela-

tively high number of tyrosine kinase inhibitors were observed. Since several drugs of this 

class were also among the 140 (68%) concordant DIFLD-positive compounds, the posi-

tive assignment seems legitimate. Moreover, hepatotoxicity has been reported for many 

of these tyrosine kinase inhibitors (Paech et al., 2017; L. Zhu et al., 2024), including 

ponatinib and nilotinib, which were classified as steatogenic according to the curation of 

FAERS but are missing in the DILIst dataset. Since these two compounds were retrieved 

by the additional curation and filtering of individual case reports from the FAERS line 

listing table, this approach may be advantageous compared to curation based solely on 

the total number of reported cases. 

 

4.2 Model Performances  

Performance evaluation results regarding the LJMU dataset-based model (Table 3), 

which relied solely on PubChem BV, were highly comparable to those reported by Jain et 

al., who also created a steatosis prediction model. Although Jain et al. employed ToxPrint 

chemotypes as the substructural fingerprint, the sensitivity (0.47) and specificity (0.78) of 

both structure-based models were nearly identical. This similarity is likely due to the fact 
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that the LJMU dataset largely consisted of compounds from Jain et al., resulting in a 

substantial overlap.  

 

While the FAERS+DILIst-based model which only employed the target fingerprint per-

formed well with a sensitivity of 0.79 and an MCC of 0.42 (Table 4), the observed dis-

crepancy in active targets per drug between the DIFLD-positives and negatives may in-

dicate an unintended dataset bias. Thus, it may be possible that the model’s classification 

of compounds into DIFLD-positive or -negative is influenced by this bias rather than by 

biological signals associated with steatosis. Moreover, the discrepancy in actives was 

notably smaller within the poorest performing dataset DILIst further supporting this as-

sumption. When filtering results from the ten-fold cross-validation for positive drugs with 

fewer than the median number of actives per compound and negative drugs with more 

than the median number of actives per compound, the BA decreased to 0.5, indicating 

that these drugs were frequently misclassified. However, given the fact that the desig-

nated workflow filters for targets with high expression in liver tissue, a higher number of 

interactions regarding DIFLD- or DILI-positive compounds seems plausible and hence 

may explain the observed discrepancy in active-count between the classes. Moreover, 

since some steatosis-relevant targets identified in the AOPs and literature were ranked 

among the 30 most important features, this may suggest that the model classifies not only 

by the sheer number of highly liver-expressed active targets, but also by particularly con-

sidering targets directly related to DIFLD. This assumption may be further supported by 

the observation that, when filtering all compounds for those with an active-count greater 

than the median, several negative drugs were still correctly classified (Table 8), with a 

sensitivity of 0.88 and a specificity of 0.42. Since Helmke & Ecker generated a choles-

tasis-prediction model utilizing the same fingerprint retrieval workflow and did not report 

on the active-count per drug for each class (Helmke & Ecker, 2025), it is unclear whether 

this discrepancy also occurred in their model. In the future, users of the workflow should 

take this aspect into account and share their observations, particularly regarding its im-

pact on model performance.  

 

Füzi et al., the creators of the original Path4Drug KNIME workflow (Füzi et al., 2021), 

generated DILI prediction models also employing target and pathway information. Their 

best performing models’ predictive accuracies (≈ 0.69) were higher than those of the 
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DILIst-based models in this thesis (≈ 0.57) (Table 6). However, this is likely because Füzi 

et al. utilized the DILIrank dataset (M. Chen et al., 2016), which comprises four categories 

– mostDILI, lessDILI, ambiguousDILI, and noDILI. While Füzi et all restricted their analy-

sis to the highest-confidence labels (mostDILI and noDILI), the binary DILIst dataset used 

here augments DILIrank with additional compounds and data from other sources, result-

ing in a substantially larger total number of drugs (Thakkar et al., 2020). Given the lower 

overall confidence of DILIst, the weaker predictive performance observed in this thesis 

appears reasonable. 

 

4.3 Feature importance  

One major aim of this thesis was to provide the feature importance to enable comparison 

with literature and previous findings, and for the potential generation of new hypotheses. 

When comparing the top 30 most important fingerprints with the feature importance re-

sults of other studies that generated hepatotoxicity prediction models employing target or 

pathway information as fingerprints, several parallels were observed. Liu et al., who cre-

ated a DILI classification model utilizing predicted protein targets as descriptors, provided 

a table with the 19 highest rated proteins, including CYP1A2 and CYP2C9. These targets 

were the top two most important proteins regarding the DILI prediction model of this thesis 

(Table 13) and also among the highest rated fingerprints of the FAERS+DILIst-based 

DIFLD prediction model (Table 11). CYP2C9 was also included in the top 10 descriptors 

of a hepatotoxicity prediction model from Füzi et al. Regarding pathways, two of the 10 

most important fingerprints, the heme degradation and metabolism of porphyrins path-

ways from Reactome (Milacic et al., 2024) were also among the 10 highest scoring fea-

tures of the FAERS+DILIst-based model (Table 10) which employed all three fingerprint 

types. Some parallels could also be found when comparing with feature importance re-

sults from the cholestasis prediction model generated by Helmke & Ecker. This involved 

the targets albumin and BSEP (Table 11), as well as the pathway sphingolipid de novo 

biosynthesis (Table 10). Interestingly, Helmke & Ecker noted that Jackson et al. had pre-

viously described dysregulation of this pathway as being associated with steatosis in pa-

tients with NAFLD. 
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Although other proteins scored higher in the fingerprint importance, several targets re-

garding MIEs from the AOP network for liver steatosis (Ortega-Vallbona et al., 2024) were 

among the 30 most important features, regarding the FAERS+DILIst-based DIFLD pre-

diction model, which only employed the target-fingerprint (Table 11). These proteins were 

nuclear receptors, including NRF2, ER, PXR, and CAR. Interestingly, compared to higher 

scoring proteins, the difference in active-occurrence ratios between the DIFLD-positive 

and negative class regarding these targets were considerably low, with ER exhibiting a 

ratio of 0.10 in both classes. One possible explanation could be that the fingerprint does 

not distinguish between activation and inhibition of these nuclear receptors. It is important 

to note that a value of 1(active) in the feature matrix only indicates a binding event, without 

specifying whether activation or inhibition occurs. Ultimately, this may explain why these 

nuclear receptors, which are thought to be highly associated with DIFLD (AbdulHameed 

et al., 2019; López-Pascual et al., 2024; Ortega-Vallbona et al., 2024), scored lower in 

importance compared to certain other proteins. Moreover, PPARγ, which was the only 

nuclear receptor among the 30 most important features of the DILIst dataset-based model 

(Table 13), showed a relatively high difference in active occurrence ratios and was placed 

fifth in the ranking. 

 

Interestingly, Schinderle et al. found that an accumulation of prelamin, which leads to 

nuclear morphology changes, can be observed in MASLD patients. Moreover, they report 

that the accumulation is due to downregulation of the prelamin-processing enzyme ZMP-

STE24, which is inhibited by several antiretrovirals used in HIV-therapy (Schinderle et al., 

2024). The morphologic changes of the nucleus result in different FOXA2 binding 

(Schinderle et al., 2024), a transcription factor important for liver function and develop-

ment (Aghadi et al., 2022). Schinderle et al. analyzed the changed FOXA2 binding sites 

in patients with moderate to severe steatosis and, through Ingenuity Pathway Analysis, 

identified some nuclear receptors, including CAR. Additionally, they identified ER as a 

regulator of genes bound by FOXA2 and pathways like “NRF2 Stress Response”, “PXR 

Activation” and “Fatty Acid Metabolism” when analyzing differences in gene expression 

in MASLD-patients. Finally, regarding female patients with moderate steatosis, they also 

detected the upregulation of several nuclear receptors, such as FXR, CAR, LXR and PXR 

(Schinderle et al., 2024). Notably, NRF2, ER, PXR, and CAR – all the nuclear receptors 

ranked among the top features of the best-performing DIFLD prediction model in this 
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thesis (Table 11) – were also identified as being associated with hepatic steatosis by 

Schinderle et al. Moreover, prelamin, which interestingly showed the same actives-occur-

rence ratio between DIFLD-positive and -negative compounds, was also among the most 

important targets in the feature importance. However, ZMPSTE24, the prelamin-pro-

cessing enzyme that is inhibited by certain antiretroviral drugs and as stated by 

Schinderle et al., is responsible for the subsequent accumulation of prelamin, was not 

detected. 

 

4.4 A cluster of DIFLD-positives in the feature space 

 

Figure 13. Zoomed-in excerpt of the feature-space scatter plot of LJMU compounds (PubChem BV). 
Prediction outcomes are color-coded: positives in red or purple (TP = red, FN = purple) and negatives in 
green or blue (TN = green, FP = blue). The seven external compounds of interest are highlighted in 
yellow, with their molecular structures displayed. Each structure is outlined with a colored frame indicating 
the prediction class (red = positive, green = negative). 

 

Interestingly, as highlighted in Figure 13, a rather distinct cluster of positive compounds 

could be observed, with only two false positives (blue) out of 27 molecules. Most of these 

compounds were azoles, including mostly pesticides such as difenoconazole and only 

few azole-antifungal drugs approved for human use, such as ketoconazole. Although 
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ketoconazole was one of the two incorrectly predicted negatives (blue), as it was labeled 

DIFLD-negative in the LJMU dataset, it is notably classified as DILI-positive in the DILIst 

dataset (Thakkar et al., 2020) and even assigned to the most-DILI-concern category in 

the DILIrank dataset (M. Chen et al., 2016), which raises doubts regarding the validity of 

its classification in the LJMU dataset. Unsurprisingly, propiconazole, tebuconazole and 

prochloraz – three external test compounds of interest which were part of this DIFLD-

positives cluster – were ultimately classified as being steatogenic, with remarkably low 

UCs (Table 14). Propiconazole and tebuconazole contain a triazole ring in their structure, 

meaning that, like difenoconazole, they carry BV496 (N:N-C-[#1]), which was ranked as 

the second most important substructural feature (Table 9). Moreover, prochloraz and pro-

piconazole possess two or more chloro groups, indicating that they contain BV38 (>= 2 

Cl), which was identified as the third most important feature. Although the best LJMU 

dataset-based model achieved only modest performance in the ten-fold cross-validation 

with a BA of 0.63 (Table 3), the prediction-outcome of these three compounds is further 

supported by their spatial association with the cluster of DIFLD-positives (Figure 13). 

Finally, their spatial proximity to this grouping also provides a rationale for their low UC 

scores. 

 

4.4 Limitations of this thesis 

This thesis has several limitations that should be acknowledged. Firstly, regarding the 

self-curated binary classification DIFLD datasets with positives derived from FAERS, only 

limited validity can be assumed, as these datasets were manually curated through self-

defined thresholds. Moreover, the biological fingerprint matrix, which included targets and 

pathways, was based solely on actives (1) retrieved from the chosen databases. Conse-

quently, inactives (0) merely indicated the absence of available information, rather than 

actually proven inactivity. This ultimately implies that compounds with little associated 

data in the respective databases exhibit substantially fewer actives, even though this does 

not necessarily reflect reality. Logically, models based on such biological fingerprints can-

not be directly used for classification of novel molecules with little or no available biologi-

cal data. Furthermore, it appeared that the models relying on biological fingerprints 

tended to classify compounds with many actives as DIFLD-positive and compounds with 

few actives as DIFLD-negative, possibly due to an observed discrepancy in active-count 
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between positive and negative training molecules. Considering these limitations, the pre-

sented classifications of the seven external test compounds of interest should be inter-

preted with caution, particularly regarding the FAER-DILIst-based model. Finally, when 

analyzing the feature importance for possible hypothesis generation, it is crucial to rec-

ognize that the computed importance of a descriptor is merely based on correlation and 

does not necessarily reflect any causal connections. 



65 

 

 

 

5 Conclusion and outlook 

This thesis applied and adapted the cholestasis-based KNIME workflow from Helmke & 

Ecker to generate binary DIFLD prediction models, employing PubChem BV as structural 

features and interpretable biological fingerprints (targets and pathways). The feature im-

portance was further presented to potentially enable hypothesis generation regarding 

pathological mechanisms of DIFLD. Ultimately, two of the best-performing models – one 

based solely on structural fingerprints and the other based on a combination of both Pub-

Chem BV and biological data – were chosen to see how they would classify seven com-

pounds of interest. 

The best-performing model based on the FAERS+DILIst dataset, which mainly comprised 

approved drugs, was target-driven and reached a sensitivity of 0.79 and an MCC of 0.42. 

In contrast, insufficient target and pathway information was retrieved for the LJMU dataset 

containing mostly non-pharmaceuticals. However, the best performing model for this da-

taset, which only employed a structure-based fingerprint, reached a sensitivity of 0.47 

and an MCC of 0.24. Across the target-based models, nuclear receptors (NRF2, ER, 

PXR, CAR), albumin, prelamin A/C, CYP-enzymes, and ABC transporters were among 

the 30 top-ranked features. For three compounds of interest, the two chosen models 

made contradictory predictions; however, the LJMU dataset-based model showed nota-

bly lower UCs, and the feature space analysis revealed a close spatial proximity of these 

molecules to a rather distinct cluster of DIFLD-positives. 

Although this thesis highlighted certain limitations in applying biological fingerprints ob-

tained through the designated workflow for the generation of toxicity prediction models, 

reasonable performance was achieved within ten-fold cross-validation. Furthermore, the 

feature importance – especially of the target fingerprint – yielded directly interpretable 

and comparable results, which showed similarities to findings reported in the literature. 

Finally, a combination of this data retrieval workflow with an automated curation of FAERS 

could provide a comprehensive pipeline to construct toxicity prediction models for any 

adverse events included in FAERS. Such models would rely on readily interpretable bio-

logical fingerprints and thus have the potential to deliver new insights into the underlying 

pathomechanisms. While data scarcity might present a challenge, especially when at-

tempting to classify novel compounds, emerging data imputation methods based on neu-

ral networks (Cerimagic et al., 2025) may offer a promising strategy to close this gap. 
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