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Abstract 

Torsade de Pointes (TdP), a rare but lethal ventricular arrhythmia, is a toxic side effect of many drugs. To 

assess TdP risk, safety regulatory guidelines require quantification of hERG channel block in vitro and 

QT interval prolongation in vivo for all new therapeutic compounds. Unfortunately, these have proven to 

be poor predictors of torsadogenic risk, and are likely to have prevented safe compounds from reaching 

clinical phases. While this has stimulated numerous efforts to define new paradigms for cardiac safety, 

none of the recently developed strategies accounts for patient conditions. In particular, despite being a 

well-established independent risk factor for TdP, female sex is vastly underrepresented in both basic re-

search and clinical studies, and thus current TdP metrics are likely biased toward the male sex. Here, we 

apply statistical learning to synthetic data, generated by simulating drug effects on cardiac myocyte mod-

els capturing male and female electrophysiology, to develop new sex-specific classification frameworks 

for TdP risk. We show that (1) TdP classifiers require different features in females vs. males; (2) male-

based classifiers perform more poorly when applied to female data; (3) female-based classifier perfor-

mance is largely unaffected by acute effects of hormones (i.e., during various phases of the menstrual cy-

cle). Notably, when predicting TdP risk of intermediate drugs on female simulated data, male-biased pre-

dictive models consistently underestimate TdP risk in women. Therefore, we conclude that pipelines for 

preclinical cardiotoxicity risk assessment should consider sex as a key variable to avoid potentially life-

threatening consequences for the female population. 
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1. Introduction 

During drug development, promising therapeutic compounds are tested to evaluate their potential risk of 

inducing Torsade de Pointes (TdP), a specific form of polymorphic ventricular tachycardia that can pre-

cipitate ventricular fibrillation and cause sudden cardiac death.1 While TdP is a very rare adverse event, 

amounting to less than one case out of 100,000 exposures for some non-antiarrhythmic drugs, cardiac 

safety concerns have caused withdrawal from the market of several drugs, including antihistamines, an-

tidepressants, chemotherapeutics, pain medications, that had been associated with TdP proclivity in pa-

tients.2 The most simple mechanistic explanation of torsadogenicity involves a reduction of the rapid 

delayed rectifier K+ current (IKr), carried by the human Ether-à-go-go-Related Gene (hERG) channel, 

which importantly contributes to cardiac action potential (AP) repolarization.3 Pharmacological block of 

the hERG channel, which is a very promiscuous target interacting with cardiac and non-cardiac drugs, 

produces AP duration (APD) and QT interval prolongation, and leads to an increased susceptibility to 

pro-arrhythmic events. Based on this evidence, current safety regulatory guidelines require the meas-

urement of hERG channel block in vitro and QT interval prolongation in vivo to estimate TdP risk.4,5 

Since their adoption, these guidelines have successfully avoided that cardiotoxic drugs could endanger 

the welfare of people. However, it has also become apparent that these biomarkers are poor predictors of 

torsadogenic risk, and have in all probability prevented safe treatments from reaching the market.6,7  

In response to this problem, recent efforts have led to several proposed new paradigms for the predic-

tion of TdP. One notable example is the Comprehensive In Vitro Proarrhythmia Assay (CiPA) initiative, 

an international multi-group initiative by regulatory, industry, and academic partners including the US 

Food and Drug Administration.8 This paradigm relies upon the idea of combining in vitro studies to 

measure the drugs effects on each of the different types of ion channels and in silico models of cardiac 

myocyte electrophysiology to understand how these effects combine to influence cardiac function, thus 

creating a novel tool for TdP risk assessment of new drugs.9 Mathematical models of cardiac electro-

physiology, in fact, make it possible to simulate extreme conditions with precision (e.g., dangerously 
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supratherapeutic drug concentrations), and to obtain insights generally only accessible via animal exper-

iments. Thus, computational approaches have become essential components of numerous strategies to 

predict torsadogenic risk.10–12 In addition, simulated measurements extracted from the biophysical model 

simulations can also be applied to machine learning (ML) pipelines, as demonstrated by the Sobie 

group,13 with the potential to bring out mechanistic insights buried in the data that could be otherwise 

ignored.       

To our knowledge, however, no simulation-based approach has considered any risk factor for TdP in 

their predictive pipelines. An emblematic example is provided by known sex-differences: it is well es-

tablished that women are more susceptible to TdP than men when treated with QT-prolonging drugs,14,15 

suggesting that TdP risk classifiers could benefit from inclusion of biological sex as a predictive varia-

ble. However, female sex is highly underrepresented in both basic research16 and clinical studies17 in-

volved in the drug development process, with important consequences for the identification of accurate 

TdP predictors. In vitro studies tend to use mostly male animals,16 raising concerns on the generalizabil-

ity of findings to the whole population. This sex bias propagates onto the mathematical models of cardi-

ac cells,18 which are parameterized based on male-dominated datasets. The issue of underestimating po-

tential health risks for women is then aggravated by the fact that female sex is also underrepresented in 

clinical cohorts,17 making training of classifiers harder due to the lack of reliable ground truth data.  

Here, we combined simulations of these mathematical models with machine learning to generate sex-

specific TdP risk classifiers. We simulated the effects of 59 training drugs under different conditions us-

ing in silico models of human ventricular myocytes with sex-specific parameterizations.19,20 We fed the 

resulting high-dimensional datasets of simulated biomarkers to machine learning algorithms to generate 

male and female classifiers of torsadogenic risk. Finally, we evaluated the effects of using sex-specific 

models for risk prediction on a separated set of 36 drugs, which are deemed at intermediate risk of TdP. 

Our results show that TdP classifiers trained on sex-specific datasets identify distinct and not inter-

changeable sets of optimal features, suggesting potential different drivers of drug-induced arrhythmias, 
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and that the use of sex-biased predictive models underestimates the torsadogenic risk of drugs with in-

termediate risk of TdP in females, which could potentially lead to life-threatening consequences for 

women. 

 

2. Methods 

A schematic diagram describing the complete workflow used in the generation of the ML classifiers for 

TdP risk is shown in Fig 1, and a detailed Methods section is provided in the Supplementary Materials. 

Source code and documentation are freely available at http://elegrandi.wixsite.com/grandilab/downloads 

and https://github.com/drgrandilab. 

 

2.1 Drug simulations 

We updated the male and female human epicardial ventricular cardiomyocyte models developed by the 

Clancy lab,20 based on the O’Hara-Rudy model21 to recapitulate observed functional sex differences in 

Ca2+ handling.22–24 Drug effects were simulated with male and female models to build the complete set 

of biomarkers used to train the ML classifiers. The drug dataset used in this study (Table S1) was ob-

tained by combining 83 compounds analyzed in the study by the Lancaster and Sobie with 12 CiPA 

compounds.13,25 Each drug was simulated using a pore block model based on the available IC50 values 

and Hill coefficients for various ion channels (a full list is available in Table S1). We included multiple 

concentrations, ranging from 1 to 4 times their effective free therapeutic plasma concentration (EFTPC), 

and various pacing rates, ranging from 0.5 to 2 Hz. We extracted 27 “simulated” biomarkers (Table S2) 

for each, and added “direct” measures, such as IC50 values for IKr, INa (fast Na+ current) and ICaL (L-type 

Ca2+ current). 
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2.2 Drug labels 

Unfortunately, we are not aware of any clinical source of torsadogenic risk categorization that takes in 

account sex as an independent variable. In order to assign a unique binary label to each drug, we took 

advantage of the TdP risk classification available at www.crediblemeds.org,26 which reviews and ana-

lyzes adverse event reports for placing drugs in three broad categories: known, possible, and conditional 

risk of inducing TdP. Compounds characterized by known risk of inducing TdP in CredibleMeds were 

considered TdP+ in our analysis, while safe compounds (i.e., not included in any of the CredibleMeds 

categories) were considered TdP-. Given that sex is one of the potential risk factors for TdP, and thus 

determines the categorization of drugs in the possible or conditional risk categories, it would have been 

circular to assign these compounds to a specific class in our binary classification problem. Therefore, we 

did not use these drugs in training our classifiers. A similar selection was performed on the training set 

of drugs proposed by CiPA, which separates the compounds in high, intermediate, and low torsadogenic 

risk. Drugs classified differently by CredibleMeds and CiPA were excluded from the training dataset. 

Out of the 95 drugs in our initial dataset, 59 drugs met the requirements above and were used for creat-

ing our classifiers. The remaining 36 drugs, which are more likely to be associated with sex-specific ef-

fects, were later used to test our TdP classifiers and investigate the consequences of performing male-

sex-biased vs. sex-specific predictions. 

 

2.3 Machine Learning 

In order to select the biomarkers contributing to the most accurate prediction of torsadogenic outcome, 

we applied a recursive feature elimination (RFE) algorithm, as detailed in the Supplementary Materials. 

For the sake of feature interpretability, we limited the ML modeling algorithms to logistic regression and 

support vector machine (SVM) with linear kernel. All the results shown here were obtained using SVM 

models, which outperformed logistic regression models on our datasets. 
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3. Results 

3.1 Sex-specific biophysical models for action potential and Ca2+ transient  

The Yang and Clancy model20 nicely recapitulates the prolonged AP observed in females vs. males.27 

Conversely, we noted that the predicted larger Ca2+ loading and transient (CaT) amplitude in the female 

model does not match the sex differences measured in rodents.24 Our updated female model, with modi-

fications in Ca2+-handling processes described in the Methods, captures these sex-specific differences 

(Fig 2Aii). Namely, the female CaT amplitude is modestly reduced (Fig 2Biv) and decays slightly more 

slowly (CaT duration at 50% of decay or CaD50, Fig 2Bv) than in male. At the same time, the diastolic 

[Ca2+] and sarcoplasmic reticulum (SR) content do not appreciably differ in male and female (Fig 

2Biii,Bvi). These results are similar to Ca2+ measurements in myocytes from patients with cardiac hy-

pertrophy (Fig 2 insets), whereby no significant sex differences were detected in systolic or diastolic 

Ca2+ levels, decay rate, and SR Ca2+content.28–31 Notably, AP properties are very modestly affected by 

the modifications we introduced in the model parameters, thus preserving the typical differences in re-

polarization between the two sexes in the original Yang and Clancy model (Fig 2Ai,Bi,Bii).20  

 

3.2 Sex-specific TdP risk classifiers 

With the original male and updated female models, we simulated the effects of the 59 training drugs un-

der different pacing and drug regimen conditions (see Methods). Representative simulated traces reflect-

ing the ranges of variations induced by the drugs on the AP and CaT are shown in Fig 3A (male) and B 

(female). For each simulated condition, several biomarkers (Table S2) were extracted and, together with 

the IC50 values available for each drug, generated the final feature datasets used by the RFE algorithm. 

This process led to optimized male- and female-specific TdP classifiers.  

The final sets of features and relative weights selected and used by the best performing male and fe-

male TdP risk classifiers are illustrated in Fig 3C and 3E, respectively. TdP risk predictions for the male 

dataset are based on the current integrals of the inward rectifier IK1 and late Na+ current INaL, and the di-

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted November 19, 2020. ; https://doi.org/10.1101/2020.10.26.352740doi: bioRxiv preprint 

https://doi.org/10.1101/2020.10.26.352740
http://creativecommons.org/licenses/by-nc-nd/4.0/


 8

astolic [Ca2+]. With LOO-CV, this ML model can correctly classify 54 out of 59 drugs, whereby 4  

proarrhythmic drugs are predicted safe (4 false negatives, FNs – Amiodarone 1, Amiodarone 2, 

Cilostazol, Donepezil, where Amiodarone is simulated using different available IC50 values as shown in 

Table S1) and 1 safe drug is predicted harmful (1 false positive, FP – Prenylamine). The best perform-

ing female classifier is built on a set of 5 features. Four of the features are measurements extracted from 

the CaT (decay times, integral, and diastolic [Ca2+]), while the fifth one is the value of IC50 for the 

hERG channel. The predictive model optimized on the female dataset misclassifies 3 drugs: 1 FN (Pro-

cainamide) and 2 FPs (Ajmaline, Prenylamine). Despite the different set of features involved, both clas-

sifiers clearly demonstrate good ability in distinguishing torsadogenic from safe drugs. To evaluate 

model performances with commonly used metrics, we calculated F1 scores of 0.9148 and 0.9492, and 

MCCs of 0.8336 and 0.8987 for male and female TdP risk classifier, respectively (Table 1). Robust per-

formances were confirmed by AUC values of 0.9447 and 0.9424 (Fig 3D) values for male and female 

classifier, respectively.  

To visualize the TdP risk predictions of the classifiers, we created 2D scatterplots of the training 

compounds using the two most influential features used by each model (Fig 3F for male, Fig 3G for fe-

male). In this representation, the farther the features from the drug-free condition at coordinates (0,0), 

i.e., the larger the drug effect on the features, the more extreme are the predicted probabilities (darker 

colors). Interestingly, most of the misclassified drugs are located in the features space around the drug-

free condition (insets of Fig 3F and 3G), and are associated with probabilities close to the classification 

threshold of 0.5. To evaluate the robustness of our classifiers, we added random normally distributed 

noise (µ=0, σ=0.1) to the features and evaluated their performances by repeating this procedure 10,000 

times (Fig 3H). The noise injection tends to increase the misclassification rate of the classifiers, where-

by the drugs that are more frequently misclassified are those located in close proximity to the decision 

boundary of the SVM (r = -0.7653 and -0.8808 for male and female, respectively). However, despite 
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being negatively affected, the performances of the sex-specific classifiers remain satisfactory even in 

presence of confounding noise in the data.  

 

3.3 Testing the male classifier on female data 

To verify our contention that the creation of sex-specific classifiers is indeed critical to obtain accurate 

predictions, we evaluated the performance of the male classifier in predicting TdP risk of the training 

drugs applied to the female simulated features. When applied to female data, the predictive accuracy of 

the male classifier dropped, producing 1 FP and 12 FNs (Fig 4A). One possible explanation for this poor 

performance could be that the male classifier was trained on a different dataset. To test this idea, we re-

trained the male classifier using the data generated from the simulations with the female biophysical 

model (weights are compared in the insert of Fig 4B) and re-evaluated its performance. The retrained 

male ML model still produced more misclassified drugs compared to our female classifier (Fig 4A). 

This result demonstrates that the set of features used by the female classifier has superior predictive abil-

ity for drug-induced arrhythmias in females, and confirms the need for considering sex when estimating 

drug-induced torsadogenic risk in preclinical compounds (and in patients). 

       

3.4 Sex-specific prediction of drugs with intermediate risk of TdP 

From the initial list of drugs in our possession, 36 drugs had not been included in the training phase for 

belonging to the so-called intermediate torsadogenic risk category. In these drugs, TdP risk is associated 

with the presence of one or more risk factors. Indeed, when simulating these compounds with the sex-

specific cardiomyocyte models, the observed changes on the AP (Fig 5Ai,Bi) and CaT (Fig 5Aii,Bii) are 

milder compared to the drugs with higher risk (Fig 3A,B). In order to explore how sex could affect the 

estimated torsadogenic risk of the drugs in the intermediate category, we applied the sex-specific TdP 

classifiers to the simulated male and female features and compared the predicted TdP probabilities (Fig 

5Ci). In general, intermediate TdP risk drugs tend to have more dangerous outcomes in women, where-

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted November 19, 2020. ; https://doi.org/10.1101/2020.10.26.352740doi: bioRxiv preprint 

https://doi.org/10.1101/2020.10.26.352740
http://creativecommons.org/licenses/by-nc-nd/4.0/


 10

by a larger number of compounds is predicted to have higher probability of TdP in women (Fig Cii). 

Notably, if the male classifier is used on female data (right columns, Fig 5Ci), the predicted risk of the 

compounds is consistently underestimated, confirming the results obtained with the training dataset. 

 

3.5 Effect of hormones on TdP risk prediction 

It is well-established in the literature that circulating levels of hormones affect cardiac electrophysiolo-

gy.32 To test how the performance of the female TdP classifier is influenced by hormones, we simulated 

the drug effects during the different phases of the menstrual cycle. Notably, the performance of the fe-

male classifier is almost unaltered by the hormonal effects (Fig 6A), with some modest changes in pre-

diction in the late follicular phase. This is explained by hormones having minimal consequences on the 

CaT, which strongly influences the female predictions, while prolonging the AP duration considerably 

(Fig 6B). The consistency of the female classifier predictions in response to hormonal perturbations is 

also reflected in the probabilities forecasted for the drugs at intermediate TdP risk (Fig 6C). Similar re-

sults were obtained for the male classifier simulating the effects of testosterone (not shown). Taken to-

gether, these results show that this torsadogenic classifier is robust to acute changes in the levels of the 

sex hormones.  

   

4. Discussion 

Despite its important role in susceptibility to Torsade de Pointes,14,15 sex is rarely considered when de-

veloping predictive frameworks for torsadogenic risk. In the current study, we updated a published mod-

el of the human ventricular epicardial myocyte with sex-specific parameterizations20 to include experi-

mentally observed differences in Ca2+ handling,22–24 and used it to simulate the effects of drugs belong-

ing to different TdP risk categories. We then fed the simulated data to machine learning algorithms and 

generated sex-specific TdP risk classifiers. We showed that (1) classifiers trained on data reflecting male 

and female electrophysiological properties are built on distinct and not interchangeable sets of features; 
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(2) male classifiers underestimate the torsadogenic risk in females; (3) female classifier predictions are 

robust to changes in sex hormone fluctuations during the menstrual cycle. Taken together, these results 

confirm the need for including sex when estimating the torsadogenic risk of a drug and provide a new 

tool to aid in this investigation.  

 

4.1 Sex-specific model of ventricular electrophysiology and Ca2+ handling 

The female Yang and Clancy20 model was parameterized using differences in expression levels of ion 

channels and transporters measured in cardiac tissue explanted from female vs. male patients, and in-

cluded the effects of sex hormones on three ionic currents (IKr, IKs and ICaL).33 While the resulting pa-

rameterizations accurately recapitulate the well documented differences in AP (and QT) properties in the 

basic research and clinical literature,27,34 less is known about sex differences in Ca2+ handling in hu-

mans. Experimental studies in rodents revealed smaller CaT amplitudes in female animals, associated 

with a decreased excitation-contraction coupling gain.24 Interestingly, L-type Ca2+ current, diastolic 

[Ca2+] and SR Ca2+ content are not significantly different between sexes.24 The simulated Ca2+ levels of 

the original female model were unusually high, particularly at faster frequencies and compared to the 

simulated male Ca2+ levels. Therefore, we modified some parameters affecting the Ca2+-handling pro-

cesses in the female model (see Detailed Methods in the Supplementary Materials) and obtained CaTs in 

line with the differences reported in literature. Intriguingly, the outputs of our updated model more 

closely resemble the sex-specific Ca2+ recordings and related biomarkers acquired from isolated ventric-

ular myocytes of hypertrophic patients (Fig 2).28–31 We did not detect sex differences in a small subset of 

control patients from previous publications (3 female vs 5 males, not shown).29 Information on the sex-

specific differences in Ca2+ handling from a bigger sample of non-diseased patients would be highly de-

sirable, but we are not aware of any published data with larger cohorts. 

 

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted November 19, 2020. ; https://doi.org/10.1101/2020.10.26.352740doi: bioRxiv preprint 

https://doi.org/10.1101/2020.10.26.352740
http://creativecommons.org/licenses/by-nc-nd/4.0/


 12

4.2 Sex-specific TdP biomarkers 

Our work is preceded by a number of important studies that utilized in silico approaches to identify bi-

omarkers predictive for TdP.9–13,35 Here we propose for the first time the adoption of sex-specific 

torsadogenic risk predictors. Through an RFE algorithm, we obtained male and female classifiers built 

on distinct minimal sets of best performing features. Importantly, the RFE iterative process does not re-

quire any manual intervention, removing opportunity for user bias. From the analysis of predictive bi-

omarkers (Fig 3C), we found that the male classifier resembles the SVM classifier developed by Lan-

caster and Sobie.13 In both cases, TdP classification is based on changes in (1) diastolic [Ca2+] and (2) 

one or more metrics related to AP prolongation. Diastolic [Ca2+] is an index of cell Ca2+ loading. In fact, 

in these models it is highly correlated with SR Ca2+ content and CaT amplitude (r = 0.9803 and 0.8476, 

respectively). The integral of IK1 used by our male classifier is correlated with APD90/AP triangulation (r 

= 0.8872 and 0.8946 respectively). Accordingly, our Fig 3F is strikingly similar to Fig 3b in Lancaster 

and Sobie, 2016.13 The female classifier, on the contrary, selected hERG IC50 and several features relat-

ed to Ca2+-handling processes. Diastolic [Ca2+], the integral of the CaT, and CaT decay time are all posi-

tively associated with torsadogenic risk (Fig 3E). Altered Ca2+ homeostasis has been shown to be an 

important determinant of TdP susceptibility. Increased whole-cell Ca2+ load is well known to be capable 

of destabilizing repolarization through enhanced forward mode INCX.
36 This effect could be exacerbated 

in women, for whom NCX expression is higher in physiological conditions.37 While a detailed mecha-

nistic interpretation of the different CaT-related features for TdP remains unclear, their importance in 

this work clearly suggests that further investigation is warranted.  

 

4.3 Ground truth classification 

To solve the critical lack of ground truth regarding clinical sex-specific TdP risk classification, we oper-

ated under the assumption that drugs considered safe (i.e., missing in the CredibleMeds database,26 

which contains a continuously updated database of therapeutic compounds categorized for torsadogenic 
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risk) are so in both sexes. Conversely, drugs clearly associated with TdP (i.e., “Known Risk of TdP” 

category), are likely to be so in both sexes. On the contrary, drugs with intermediate risk of causing TdP 

(i.e., “Possible” or “Conditional Risk of TdP” categories) are more likely to change risk categorization 

depending on sex. Those drugs were therefore not used to build our classifiers. 

Based on this assumed ground truth, our sex-specific TdP classifiers have shown remarkable predic-

tive power (Fig 3D,H, Table 1). Additionally, looking further at the misclassified drugs, we note that 

both male and female ML models erroneously classified prenylamine. This compound, missing in the 

CredibleMeds26 and CiPA8 databases, is labeled as safe in our pipeline. However, prenylamine has been 

reported to cause TdP in patients,38 hence it is labeled as torsadogenic by other categorizations.39 This 

suggests that the classifiers in fact correctly detected the torsadogenicity of this compound despite an 

incorrect label. A similar conclusion can be reached exploring the clinical literature for ajmaline.40     

 

4.4 Predictions on intermediate drugs 

Our classification results with the intermediate risk drugs identified multiple therapeutic compounds that 

are predicted safe in men and torsadogenic in women (Fig 5C), which is in general agreement with the 

increased susceptibility to TdP in females. As drug-induced TdP is a rare event, prospective studies to 

evaluate the TdP risk factors are difficult to design and would require very large patient cohorts. We an-

alyzed retrospective reviews of case reports, and notably, found a nice correspondence in the predictions 

for some specific compounds with observations published in the clinical literature. Indeed, female sex is 

a risk factor for documented TdP episodes associated with the use of Risperidone,41 Sunitinib,42 Paroxe-

tine,43 and Quetiapine,44 which are among the intermediate-risk therapeutic compounds with the largest 

selectivity for women based on our estimated torsadogenic risk.  

It is also important to understand sex-differences in TdP outcome in high-risk drugs, which also 

demonstrate female sex-prevalence, as demonstrated for quinidine, amiodarone, sotalol, disopyramide, 

bepridil, prenylamine (but not procainamide).14  
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4.5 Limitations  

It is important to recognize that even at comparable drug dosages, drug exposure may vary between 

women and men owing to differences in absorption, distribution, metabolism and excretion that could 

explain higher TdP risk in women. The increased risk is not fully explained by sex difference in drug 

plasma levels,45 though cellular concentrations of a same systemic drug dose can vary across individuals 

and between sexes. Thus, future studies should account for both (population) pharmacokinetic and 

pharmacodynamic drug interactions. Experimental differences in pharmacokinetics observed between 

men and women have frequently been attributed to bodyweight differences and thus might be addressed 

by appropriate adjustment of dosage by body weight. In fact, in a cohort of more than 200 patients a sta-

tistically significant prevalence of dofetilide dose reduction or discontinuation was found in female vs. 

male patients mostly due to QTc prolongation, although no TdP cases were reported.46 On the other 

hand, the occurrence of TdP was not associated to any critical serum drug level of quinidine.47 

 

4.6 Summary and future directions  

Our results indicate the need for considering sex when developing and applying torsadogenic classifiers 

to obtain more accurate predictions and provide safer therapeutic treatments to patients. Of note, the cur-

rent structure and size of the human thorough QT/QTc study for evaluation of proarrhythmic potential 

are prohibitive of sex-specific safety screening, as guidelines stipulate that only if a sign of harm is de-

tected in a small (8-10 subjects) Phase I safety trial, then special populations (including women) should 

be assessed. We argue that the requirement for suitably powered sex-specific risk needs to be encoded in 

the early phase thorough QT/QTc study, and might be an attainable goal. 

Clinical risk assessment and trials suggest that, besides sex, other patient conditions, i.e., age, disease, 

electrolyte imbalance, interaction with other drugs should all be taken into account in evaluating TdP 

risk.48 Data gathered from experiments in human induced pluripotent stem cells-derived cardiomyocytes 
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obtained from male and female cell lines have been recently proven useful for investigating the sex-

differences in torsadogenicity,49 suggesting that these patient-derived cells could be used to guide new 

models and paradigms for safety pharmacology accounting for patient conditions.     

 

5. Study Highlights 

What is the current knowledge on the topic? 

While female sex is a well-known risk factor for Torsade de Pointes (TdP), it is generally ignored by 

current safety regulatory guidelines and most of the proarrhythmia risk prediction models. 

What question did this study address? 

We sought to develop and evaluate sex-specific TdP risk classifiers using mechanistic models of male 

and female cardiac myocytes electrophysiology. 

What does this study add to our knowledge? 

We found that sex-specific TdP risk classification relies on distinct and not interchangeable sets of bi-

omarkers and is robust to fluctuations in sex hormones levels. 

How might this change clinical pharmacology or translational science? 

Accounting for sex-specific TdP risk is critical for pro-arrhythmic risk evaluation during drug develop-

ment and can contribute to safer therapeutics. 
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9. Figure Legends 

 

Figure 1: Workflow for the creation and testing of the sex-specific classifiers for torsadogenic risk. 

 

Figure 2: Sex-specific biophysical models of cardiac electrophysiology and Ca2+ handling. A: simu-

lated AP (i) and CaT (ii) traces pacing at a BCL of 1,000 ms the baseline models of male (magenta) and 

female (blue) ventricular epicardial cardiomyocyte. B: Rate dependency of simulated biomarkers: meas-

urements of voltage- (i,ii) and Ca2+-related (iii-vi) biomarkers as a function of the BCL tested. Insets 

show representative and summary data for CaT characteristics measured in myocytes from patients with 

cardiac hypertrophy paced at a BCL of 2,000 ms unless noted otherwise (reproduced with permission 

from Fischer et al. 2016,28 Coppini et al. 2013,29 Ferrantini et al. 2018,30 and Coppini et al. 201931). 

 

Figure 3: Sex-specific TdP risk classifiers. A,B: simulated effects of the 59 training drugs on the AP 

(i) and CaT (ii) with male (A) and female (B) biophysical myocyte models paced at a BCL of 1,000 ms. 

Traces belonging to drugs TdP+ and TdP- are colored in red and green, respectively. C,E: best perform-

ing set of features selected through RFE and used to build the male (C) and female (E) TdP classifiers. 

Uncertainty of the feature weights is measured using LOO-CV (mean + SD). D: Receiver operating 

characteristic curve for male (magenta) and female (blue) TdP classifiers. Area under the curve (AUC) 

is 0.9447 and 0.9424 for male and female, respectively. F,G: scatterplot of the training drugs created 

using the two features with the largest weight for the male (F) and female (G) TdP classifiers. The esti-

mated TdP risk probability for each drug is indicated by the color of the filling. The misclassified drugs 

are indicated by arrows, and the color of the arrow and the stroke specifies the right class (green for TdP-

, red for TdP+). H: distributions of performance metrics for the male (magenta) and female (blue) TdP 

classifiers after injecting random normally-distributed (µ=0, σ=0.1) noise to the original data (10,000 

repetitions). 
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Figure 4: Predictions of TdP risk on female data with male-specific features. A: TdP classifier per-

formances are evaluated on the dataset created with the female biophysical model. The results obtained 

with the female classifier (left column) are compared with the ones of the original male classifier (center 

column) and of a male classifier retrained on the female dataset (right column). B: Receiver operating 

characteristic curve for female (blue), original male (blue), and retrained male (purple) TdP classifiers 

applied on female data; area under the curve (AUC) is 0.9424, 0.9159, and 0.9217, respectively. In the 

inset, bar plot comparing the weights of the original (magenta) and retrained (purple) male classifiers. 

Uncertainty of the feature weights is measured using LOO-CV (mean + SD).    

 

Figure 5: Sex-specific TdP predictions for intermediate-risk drugs. A,B: simulated effects of the 36 

intermediate drugs on the AP (i) and CaT (ii) on the male (A) and female (B) biophysical models paced 

at a BCL of 1,000 ms. C: heatmaps of the predicted torsadogenic risk probability estimated by the sex 

specific TdP classifiers. (i) Left and center columns show the predictions obtained in male and female, 

respectively. The torsadogenic risk probabilities predicted by the male TdP classifier on the female da-

taset are visualized in the right column. Drugs are sorted by the risk probability predicted by the male 

TdP classifier. (ii) Difference between torsadogenic risk probabilities predicted by female and male TdP 

classifiers. 

 

Figure 6: Effects of sex hormone fluctuations on female TdP classifier predictions. A: Receiver op-

erating characteristic curve for female TdP classifier applied on training drugs dataset in absence of 

hormonal effects (navy blue) or simulating early follicular (EF, azure blue), late follicular (LF, sky 

blue), and luteal (LU, turquoise) phases. Area under the curve (AUC) is 0.9574, 0.9516, 0.9516, and 

0.9505, respectively. B: Rate dependency of biomarkers simulated during different menstrual phases: 

measurements of voltage- (i) and Ca2+-related (ii-iv) biomarkers as a function of the BCL tested. C: 
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heatmap of the predicted torsadogenic risk probabilities of intermediate TdP risk drugs simulated during 

different menstrual phases. 

 

10. Table Caption 

 
Table 1: Summary of prediction performances for various combinations of TdP classifiers and feature 

datasets.  
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 1

 F1 score MCC AUC FN FP Misclassified drugs 

M on M 0.9148 0.8336 0.9447 4 1 Amiodarone 1, Amiodarone 2, Cilostazol, 
Donepezil, Prenylamine 

F on F 0.9492 0.8987 0.9424 1 2 Ajmaline, Prenylamine, Procainamide 

M on F 0.7693 0.5945 0.9159 12 1 Amiodarone 1, Amiodarone 2, Bepridil 2, 
Bepridil CiPA, Cilostazol, Donepezil, 
Flecainide, Halofantrine, Prenylamine, 

Procainamide, Quinidine 1, Sotalol, 
Thioridazine 1 

M retrained 
on F 

0.8980 0.7972 0.9217 4 2 Ajmaline, Amiodarone 1, Amiodarone 2, 
Cilostazol, Donepezil, Prenylamine 

F on EF 0.9322 0.8665 0.9516 1 3 Ajmaline, Prenylamine, Procainamide, 
Telbivudine 

F on LF 0.9492 0.8987 0.9516 1 2 Ajmaline, Prenylamine, Procainamide 

F on LU 0.9492 0.8987 0.9505 1 2 Ajmaline, Prenylamine, Procainamide 
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