
Predicting hERG 
channel liabilities
POEM, Cyclica’s supervised machine 
learning algorithm, predicts hERG 
activity for small molecules   
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hERG modeling in drug discovery
Human Ether-à-go-go-Related Gene (hERG), a voltage-dependent 
potassium channel involved in cardiac action potential repolarization, 
is a prominent anti-target in drug discovery. Inhibition of hERG can 
lead to a delay in cardiac repolarization, resulting in  a prolonged QT 
interval on an electrocardiogram; this prolongation, also known as  
long QT syndrome (LQTS), can lead to the fatal ventricular 
arrhythmia known as Torsades de Pointes. 

Drugs capable of blocking hERG span diverse therapeutic classes 
including antibiotics, antihistamine, antimalarial, and antipsychotics1. 
In 1997 the �rst regulatory considerations for QT interval 
prolongation were disseminated by the Committee for Proprietary 
Medicinal Products. A total of 38 drugs were withdrawn globally 
from 1990 to 2006, ten of which were withdrawn due to Torsades de 
Pointes or for prolonging the QT interval2. �e importance of 
evaluating possible drug interactions with hERG still persists and is 
re�ected by the current requirement from the International 
Conference on Harmonization (ICH) S7B to assess the inhibition of 
hERG-1 (Potassium voltage-gated channel subfamily H member 2) 
early in the drug discovery process3.  

In silico approaches to predict hERG binding include ligand-based 
methods, such as QSAR and pharmacophore models, and biophysical 
(i.e. protein structure based) models, each with their own associated 
strengths and limitations4. For example, due to the broad chemical 
diversity of hERG channel inhibitors, a single pharmacophore model 
is not robust to the prediction of hERG inhibitions in a 
chemotype-independent manner4. Structure-based methods are 
limited by hERG’s sizable binding site, rendering the selection of 
correct binding pose di�cult, which can lead to limited predictive 
performance

POEM yields a robust model for hERG activity
�e chemical landscape of compounds contained within the POEM 
model against ~2000 “druglike'' random molecules from DrugBank 
is depicted in Figure 1. Considerable overlap is observed between the 
two datasets, indicating that the compounds used within hERG 
channel POEM model are representative of the small molecule 
chemical space de�ned by drug-like molecules. �e LOOCV metrics 
for the hERG POEM model are described in Table 1. Generated 
against a balanced dataset of active and inactives, the hERG channel 
POEM model LOOCV yielded both high sensitivity (0.9380) and 
speci�city (0.9772). Applying an external dataset of 10,606 
compounds to our hERG channel POEM model yielded a 

Building a hERG activity classifier with POEM
Compounds tested against the hERG channel  (retrieved using its 
gene name KCNH2, aka potassium voltage-gated channel subfamily 
H member 2 (human); NCBI Gene 3757)  were retrieved from 
PubChem6. Compounds with con�icting labels (i.e. a compound with 
multiple entries labelled as both ‘active’ and ‘inactive’) were removed. 
Only actives with corresponding IC50 values <50µM were included in 
the POEM model. �e POEM model was generated using a 
balanced dataset of actives and inactives, ensuring that performance 
metrics were not in�ated due to a heavily skewed dataset. Since the 
number of active compounds was smaller in count (n=3114), 
compounds from the inactive class were randomly downsampled to 
match the number of compounds in the active class (n=3114). 
Following model generation, leave-one-out-cross-validation 
(LOOCV) was performed. As an orthogonal approach for 
benchmarking, we curated a distinct  dataset from PubChem and also 
by retrieving compounds from Konda et al., 20197 with IC50 values 
<50µM. After removing those which were included in the POEM 
model (n=2,783) a total of 5,303 remained. An equal number of 
random inactives from PubChem, which were not included in the 
POEM model generation, were also retrieved (n=5,303) and led to a 
complete test set consisting of 10,606 molecules.

POEM is a supervised machine learning (ML) algorithm developed 
by Cyclica that is based on chemical similarity5. Unlike other ML 
approaches, POEM simultaneously uses multiple chemical 
�ngerprints to build property prediction models resulting in less 
information loss as compared to using a single �ngerprint for   
compound representation. Further, POEM models do not require 
hyperparameter optimization, allowing for rapid creation of predictive 
models that can be enhanced easily as new data becomes available. 

In this study we generated a POEM model from publically available 
data to predict whether a compound will be active or inactive against 
the hERG channel. Importantly, following some e�cient data 
processing, the hERG POEM model produced accurate predictions 
when tested on an external real-world data set.

sensitivity and speci�city of 0.83 and 0.93 respectively (Table 2). Each 
prediction is accompanied by the compound within the dataset which 
is most similar to the query compound, an example of which is shown 
in Figure 2.
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Summary
Using publicly available data,  we have generated a hERG predictive 
model that can query hundreds of compounds simultaneously to gain 
insights on hERG channel liability. Applying an external real-world 
dataset of 10,606 compounds yielded a sensitivity and speci�city of 
0.83 and 0.93 respectively. �is model is also compatible with our 
Ligand Design platform, serving as a selective pressure to design 
compounds predicted to be inactive against the hERG channel. 
Predicting whether a compound is likely to be active towards hERG 
early in the drug discovery process allows for compound prioritizing, 
mitigating the risk of drug-induced arrhythmia and signi�cantly 
contributing to patient safety. 
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Figure 1. Chemical landscape depicting the compounds from the hERG dataset in 
red against ~2000 “druglike” molecules randomly retrieved from Drugbank as the 
background dataset in blue. Of the 6,228 compounds used to generate the hERG 
POEM model 2,000 were randomly selected for plotting.  Plotted using the UMAP 
(Uniform Manifold Approximation and Projection) dimensionality reduction 
algorithm. 
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Human Ether-à-go-go-Related Gene (hERG), a voltage-dependent 
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chemical space de�ned by drug-like molecules. �e LOOCV metrics 
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gene name KCNH2, aka potassium voltage-gated channel subfamily 
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PubChem6. Compounds with con�icting labels (i.e. a compound with 
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Only actives with corresponding IC50 values <50µM were included in 
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balanced dataset of actives and inactives, ensuring that performance 
metrics were not in�ated due to a heavily skewed dataset. Since the 
number of active compounds was smaller in count (n=3114), 
compounds from the inactive class were randomly downsampled to 
match the number of compounds in the active class (n=3114). 
Following model generation, leave-one-out-cross-validation 
(LOOCV) was performed. As an orthogonal approach for 
benchmarking, we curated a distinct  dataset from PubChem and also 
by retrieving compounds from Konda et al., 20197 with IC50 values 
<50µM. After removing those which were included in the POEM 
model (n=2,783) a total of 5,303 remained. An equal number of 
random inactives from PubChem, which were not included in the 
POEM model generation, were also retrieved (n=5,303) and led to a 
complete test set consisting of 10,606 molecules.

POEM is a supervised machine learning (ML) algorithm developed 
by Cyclica that is based on chemical similarity5. Unlike other ML 
approaches, POEM simultaneously uses multiple chemical 
�ngerprints to build property prediction models resulting in less 
information loss as compared to using a single �ngerprint for   
compound representation. Further, POEM models do not require 
hyperparameter optimization, allowing for rapid creation of predictive 
models that can be enhanced easily as new data becomes available. 

In this study we generated a POEM model from publically available 
data to predict whether a compound will be active or inactive against 
the hERG channel. Importantly, following some e�cient data 
processing, the hERG POEM model produced accurate predictions 
when tested on an external real-world data set.
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sensitivity and speci�city of 0.83 and 0.93 respectively (Table 2). Each 
prediction is accompanied by the compound within the dataset which 
is most similar to the query compound, an example of which is shown 
in Figure 2.

Summary
Using publicly available data,  we have generated a hERG predictive 
model that can query hundreds of compounds simultaneously to gain 
insights on hERG channel liability. Applying an external real-world 
dataset of 10,606 compounds yielded a sensitivity and speci�city of 
0.83 and 0.93 respectively. �is model is also compatible with our 
Ligand Design platform, serving as a selective pressure to design 
compounds predicted to be inactive against the hERG channel. 
Predicting whether a compound is likely to be active towards hERG 
early in the drug discovery process allows for compound prioritizing, 
mitigating the risk of drug-induced arrhythmia and signi�cantly 
contributing to patient safety. 
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Figure 2. Each prediction is accompanied by the compound within the dataset 
which is most similar to the query compound

Most similar known active in the modelQuery Compound

Most similar known inactive in the model

Predicted probability of being active: 89.5%
Predicted probability of being inactive: 10.5%

Table 1. Leave-one-out cross-validation values for the hERG POEM model
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Table 2.  hERG channel POEM model validation on blind dataset 


