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Abstract. The paper presents a review of current research to develop predictive 
models for automated detection of drug-induced repolarization disorders and shows 
a feasibility study for developing machine learning tools trained on massive 
multimodal datasets of narrative, textual and electrocardiographic records. The goal 
is to reduce drug-induced long QT and associated complications (Torsades-de-
Pointes, sudden cardiac death), by identifying prescription patterns with pro-
arrhythmic propensity using a validated electronic application for the detection of 
adverse drug events with data mining and natural language processing; and to 
compute individual-based predictive scores in order to further identify clinical 
conditions, concomitant diseases, or other variables that correlate with higher risk 
of pro-arrhythmic situations. 
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1. Introduction 

Drug-induced ventricular arrhythmia is a major cause of iatrogenic morbidity and 
mortality [1], particularly in circumstances, where a wide range of psychotropic and 
illicit drugs are consumed (e.g. people who inject drugs, living in detention or with 
mental illness). Electrocardiographic (ECG) screening is a widely available method for 
detecting repolarization abnormalities. Long QT (LQT), defined as a QT interval 
duration of >470 ms for men and >480 ms for women, is the main surrogate marker for 
Torsades-de-Pointes (TdP), a pathognomonic, drug-induced polymorphic ventricular 
arrhythmia [2]. The probability to develop a TdP increases with the extent of the 
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corrected QT interval (QTc) prolongation. Most TdP are transient and unsustained, but 
can degenerate to malignant ventricular fibrillation (VF) and sudden cardiac death (SCD). 

Machine Learning (ML) based techniques are expected to support clinicians by 
allowing more accurate detection of abnormalities that would be missed using traditional 
diagnostic criteria (QT duration, axis, visual T-wave morphology). In the past decade, 
algorithms for pattern recognition and classification using learning techniques have 
become interesting in health applications for two main reasons; firstly, the digital 
information stored in Electronic Health Records (EHRs) is massively increasing [3], and 
there are available open databases, such as the MIT-BIH Arrhythmia Database [4]; 
secondly, the performance of ML algorithms have reached a point where either the task 
is better achieved by automatic systems, or further hidden underlying physiological 
phenomena can be re-addressed from a new analytical perspective. Recent research 
groups have tackled the problem of ECG-based heartbeat classification in order to detect 
arrhythmias [5]. ECG-based ML approaches include several steps after the acquisition 
of the ECG signals; preprocessing, segmentation, feature extraction, selection, and 
classification with learning algorithms [6]. 

2. Scope 

Virtually all medications inducing LQT act by blocking the outward IKr current, which 
is mediated by the potassium channel encoded by the KCNH2 gene [7].The measured 
QT value is further corrected according to a calculation based on heart rate (most 
frequently Bazett and Fridericia formulas), i.e. the QTc. Long QTc interval is a sensitive 
marker for TdP, but it is not specific since drug-induced QTc. More importantly, the lack 
of LQT specificity causes the discontinuation of valuable patients’ treatment and new 
drug development [8]. Separate analysis of J-Tpeak and Tpeak-Tend intervals helps to 
identify medications which prolong the QTc interval with counterbalancing inward 
current block and limited risk of arrhythmias. Automated measurement methodology and 
algorithm for the evaluation of the early repolarization J-Tpeak and late repolarization 
Tpeak-Tend intervals were proposed to assess drug-induced proarrhythmia propensity, 
using a two-step T-wave delineation method [9]. A wide range of illicit substances and 
medications are associated with repolarization abnormalities. In psychiatry, risk factors 
for developing drug-induced TdP include chronic hepatitis C infection, HIV, electrolyte 
abnormalities, renal or hepatic dysfunction, pre-existing coronary heart disease, 
treatment with more than one QT-prolonging drug, older age, female sex, and genetic 
predisposition [10,11]. Abnormal electrocardiographic (ECG) recordings are reported in 
27.3% of psychiatric inpatients at hospital admission and repolarization disorders were 
the most prevalent abnormal findings (11.8%). 

3. Methodology 

In the University Hospitals of Geneva (HUG), since 2017, all ECG devices (n=220) have 
been replaced by the same electrocardiographic devices (Philipps TC-70) and all records 
are automatically converted into a DICOM® [12] file (>8’000 ECGs per month 
performed in all care settings at HUG) and stored in the Picture Archiving 
Communication System (PACS) [13]. Computerized ECG health records with structured 
metadata in XML format are available to be extracted from the hospital DPI (Dossier 
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Patient Intégré) [14] secured servers for research purposes. All records can be analyzed 
with socio-demographic, clinical, laboratory, genetic, and drug prescription data at the 
individual patient level, using an agreed protocol and database structure. The latter 
cardiac information combined with electronic prescription systems and natural language 
processing (NLP), allow ECG feature extraction and drug imputability assessment, based 
on interactions, dose variations, and chronological relationship with drug exposition. 
Moreover, it stores all measurements from the recordings, meaning it includes boundary 
detection, epoch extraction, and characteristic measurements for each lead. In the 
proposed methodology (see Figure 1), electrographic, structured, and unstructured text 
data is collected and stored in a multimodal database, which will first pass a quality 
control, and then be used to extract and select relevant features to build models for RD 
prediction. 

 
Figure 1. Research Methodology. Database (DB), Repolarization Disorders (RD), LQT (Long QT), Torsades 

de Pointe (TdP), Machine Learning (ML). 

A feature set proposed in the literature include ECG-intervals, morphological (e.g. 
amplitude), Vector Cardiographs (VCG) [15], Temporal VCG (TVCG) [16], different 
transforms, including temporal polynomial fitting with Hermite Basis decompositions 
[17], and different versions of time-frequency representations, such as Discrete Wavelet 
Transforms (DWT) [18]. The classification, according to the resulting feature vectors is 
done using classifiers such as linear discriminant (LD), support vector machines (SVM) 
[19], Random Forests [20], and ensemble classifiers with the advantage of bagging both 
temporal and morphological feature-based classifiers [21]. Long-short-term memory 
(LSTM) networks, combined with a wavelet sequence (WS) [22], and algorithms with 
deep learning (DL) architectures [23] have been investigated. For inter-patient 
classification convolutional neural networks (CNN) and recurrent neural networks 
(RNN) give very promising results [24]. 

4. Feasibility study 

There are no a priori exclusion criteria. Nonetheless, ECG of insufficient quality (not 
present QT measurements) or with inverted electrodes will not be included. With a 
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minimum 70'000 ECG recorded and saved in the hospital's database (PACS), the 
estimated amount of available ECG over the target period (three years) is 200'000 EC. 
Figure 2 shows estimations, over a four week period, of QT density distributions 
depending on age and sex. 

Figure 2. Left: density distributions estimation (based on a four-week period in 2019) of patient age and 
QT/QTc (Bazett's formula, in red) values of patients at HUG. Right: QTc (Bazett's formula) distributions 

over a four-week period in 2019 at HUG. For children (under the age of 15 years), women (above 15 years 
old, female sex), and men (above 15 years old, male sex). From green to dark red; normal, intermediate, and 

long QTc [ms]. 

5. Discussion 

Approximately 30% of the inpatients are taking QT prolonging drugs, out of which 50% 
will have additional QT prolonging drugs [25]. In our preliminary analysis of ECG 
structured data (early 2019), RD prevalence and QT interval variability increased with 
patient age and the number of medications. The proposed research will exploit large 
databases to answer the central question of the influence of drugs on RD, particularly 
LQT and related severe complications. This question is of major importance since QT 
prolongation may lead to iatrogenic life-threatening arrhythmia, whose indicators could 
be detected to prevent consequences by instant electronic alert systems. ML-based 
approach could bring about innovation opportunities and new dimensions to comprehend 
iatrogenicity. Applied ML will influence decision-making processes (at individual and 
more global levels, such as health authorities), education, and training (including general 
practitioners, cardiologists, and medicine students). Additionally, CDSS can potentially 
decrease the number of misdiagnosed patients, the extra costs of non-suitable 
hospitalizations (40% of patients oriented to specialists for LQTS are misdiagnosed) [26], 
and prevent patients from severe cardiac events, such as arrhythmias or, possibly, sudden 
cardiac death. 
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