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Rationale and related work[1-52]

 Demographic factors influence drug-induced toxicity

 Multiple clinical trials fail due to problems with toxicity

 Existing models focus mostly on the hERG channel and arrhythmias



Typical ML workflow



Dataset preparation



FAERS database[53]



A few numbers

 Data collection: Q4 2012 – Q3 2024

 Number of unique reports: 17,687,672

 Number of unique drug descriptions: 591,402

 Number of unique adverse effects: 35,966

 Data completeness:

- Sex: 87.2%

- Age: 57.2%

- Weight: 18.9%



Initial dataset

Primary ID Event date Sex
Age

[months]
Weight

[kg]
ADR Role code - Drug Indication

226913651 2023-07-10 Male 516 98
Hospitalisation,

Therapy Interrupted
PS - Humira

Rheumatoid arthritis,
Ankylosing spondylitis

200966371 2021-11-22 Female 876 UNK
Off label use,

Postperative wound 
infection

PS – Dexamethasone
SS – Lenalidomide

SS – Velcade
Plasma cell myeloma

114628731 2015-08-31 Female UNK UNK Seizure

PS – Cymbalta
C – Xanax

C – Ambien
C – Milnacipran

Depression

96157251 2013-10-11 Female UNK UNK Headache PS – Butrans
Product used for unknown 

indication

210530602 2022-07-07 UNK UNK UNK
Eye discharge,

Ocular hyperaemia
PS - Xiidra

Product used for unknown 
indication



No. Description Issues

01 Sulfamethoxazole/trimethoprim ds Varying separating character ('/')

02 Bi tildiem l.p. 90mg, comprim? Enrob? Lib?ration prolong?e Missing hyphen between, irrelevant information, non-English entry and characters

03 Diphenidol None

04 Depakine chrono 500mg, Irrelevant information

05 Diazepam ^aps^ Irrelevant information

06 Amlodipine/irbesartan Varying separating character ('/')

07 Urosdiol Typo (ursodiol)

08 Exemestane (exemestane) (unknown) Information in parentheses

09 Sodium chloride injection usp 0264?7800?09 Irrelevant information, non-standard characters

10 Quinapril pch 'pch' might be an abbreviation somewhere else

11 Lsartan Typo (losartan)

12 Oxybutynim cl er Abbreviated salt, abbreviated formulation

13 Dietary suplement\\ubidecarenone General term, varying separating character('\\')

14 Vincristina teva italia Non-English entry, irrelevant information

15 Cardio aspirin 'Cardio' might be a trade name somewhere elese

16 Fumarato de bisoprolol Non-English entry

17 Adco nevirapine Irrelevant information

18 Xeroquel lp 300mg, comprim? ? Lib?ration prolong?e Irrelevant information, non-standard characters, non-English entry

19 Rizatriptan doc Irrelevant information

20 Eptifibatid Typo (eptifibatide)



Token processing[55-57]

 Storage of DrugBank, PME, and ChEMBL synonym

dictionaries, and already seen drugs

 Automated queries to selected online resources while

caching results

 Automated similarity searches and processing of already-

seen entries

 Several options for string manipulation across the whole

dataset: substitution, removal, extraction, and extension,

using either string-based or regex-based solutions



Token processing

 The following groups were removed: vaccines, immunoglobulins, RNA-

based drugs, peptides, proteins, polymers, probiotics, herbal and

homeopathic formulations, infusion or dialysis fluids, multivitamins,

foods, nutritional preparations, unclear abbreviations, and entries with

contradictory results

 Additional string similarity-based full record linkage using prepared

mapping and remaining entries

 Final drug descriptions – active ingredients mapping statistics:

• 311,451 drug descriptions with assigned actives

• 8,260 drug combinations

• 4,333 unique drugs



MedDRA – terms selection[54]

 Standardized medical terminology developed by the 

International Conference for Harmonisation (ICH)

 Selected HLGT:

• Cardiac arrhythmias

• Myocardial disorders

• Heart Failures

• Pericardial / Endocardial disorders

• Coronary artery disorders

• Cardiac disorders, signs, and symptoms NEC

 Removed PTs:

• Mechanical injuries/complications

• Congenital/infectious conditions



Demographic data processing

 Sex was used without further processing

 Age was binned following the FDA classification:

• Children (birth - 12 years)

• Adolescent  (12 - 21 years)

• Adult (21 - 65 years)

• Elderly (65 - 100 years)

 Weight was binned based on quantiles:

• Low (Q0.05 - Q0.33)

• Average (Q0.05 - Q0.67)

• High (Q0.67 - Q0.95)



SMILES processing[58-65]

 Drug name to SMILES mapping:

• Chemical Identifier Resolver

• PubChem API

• Manual check

 Standardization:

• Stripping of salts

• Charge neutralization

• Removal of stereochemistry

 Calculated descriptors:

• Mordred molecular descriptors

• RDKIT molecular descriptors

• Klekota & Roth fingerprints

• ChemBERTa embeddings

• Morgan fingerprints

• MACCS fingerprints

• CDDD embeddings

 Final statistics:

• 7 types of descriptors

• 3,759 drugs with valid SMILES

• 3,618 drugs after standardization



Disproportionality Analysis



Disproportionality Analysis[66-68]

 Disproportionality Analysis (DPA):

• Based on a statistical analysis of the number of  reported drug-

reaction cases vs the expected number

• Used for the early detection of potential adverse drug reactions

• A signal does not equal a causal relationship

 Frequently used metrics:

• Proportional Reporting Rate (PRR)

• Reporting Odds Ratio (ROR)

• Information Component (IC)

 Three PT sets to describe Cardiotoxicity:

• Cardiovascular (Vasc)

• Cardiac (Card)

• Cardiac Reduced (CRed)



Disproportionality Analysis

 Four-class assignment based on the Confidence 

Interval (CI)

 Used thresholds:

• PRR and ROR: 1.0

• IC: 0.0

 Additional label confidence score:

 Further transformed using a modified sigmoid function:



Datasets evaluation



Dataset evaluation - setup

 5-fold cross-validation using stratified random split

 Stratification on molecule types, target, and demographic factors

 Four classes of models

 Three descriptor types

 Evaluated conditions:

• Inclusion of 'Secondary suspects'

• Three PT sets describing cardiotoxicity

• Three DPA metrics describing signal strength

 Multi-instance dataset



Inclusion of secondary suspects



Differences in DPA metrics



Differences in Preferred Term sets



Initial models



Dataset splitting

 Butina clustering using Tanimoto distance

 Morgan fingerprints (radius=2, nBits=2048)

 Test set - fold with the highest Mean Minimum Tanimoto distance



Baseline models - results



Deep learning architecture



DL model – initial results



Future plans

 Alternative standardization of data

 Evaluation of DPA parameters

 Testing of different models, descriptors, and DL 

architectures

 Explanation of predictions

 Applying the same pipeline to Hepatotoxicity and 

Nephrotoxicity



Financing

This study was partially funded by the Horizon
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