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Abstract

Nuclear receptors (NRs) are involved in
fundamental human health processes and
are a relevant target for toxicological risk
assessment. To help prioritize chemicals
that can mimic natural hormones and be
endocrine disruptors, computational models
can be a useful tool.l2 In this work we 1)
created an exhaustive collection of NR
modulators and ii) applied machine learning
methods to fill the data-gap and prioritize
NRs modulators by building predictive
models.

Introduction

The human nuclear receptor superfami-
ly is composed by 48 key transcription fac-
tors, which constitute 16% of drug targets.3
Although the NRs ligand binding domain is
highly conserved, NRs have been shown to
be promiscuous targets, as demonstrated by
the endocrine interference [4]. In this
framework, in-silico modelling based on
machine learning can be used to fill the
data-gap in order to reduce animal testing
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and protect human health. Thus, we collect-
ed bioactivity data from different sources
and then applied machine learning methods,
with a particular focus on the simultaneous
prediction of bioactivities for 8 NRs.

Materials and Methods

We created a publicly available dataset
(NURA-NUclear  Receptor  Activity
dataset)S containing annotations for bind-
ing, agonism and antagonism activity for
15,206 molecules and 8 selected NRs taken
from 4 public databases (i.e., Tox21,
ChEMBL, NR-DBIND and BindingDB).
Each bioactivity type for a given receptor
was considered as a task (e.g., binding
activity for androgen receptor), obtaining a
total of 30 tasks. The structural information
of each molecule was encoded in a binary
vector, i.e., as extended connectivity finger-
prints (ECFPs).6 We applied two multi-task
neural networks (FFNLI and FFNL3),
which allow to simultaneously model the 30
tasks. To assist the validation of in-silico
models, molecules were randomly split into
training set (11,970 molecules, 80%) and
test set (2,993 molecules, 20%).

Results

NURA dataset is a useful tool to bridge
the gap between toxicology-and medicinal-
chemistry-related databases, as it is
enriched in terms of number of molecules,
structural diversity and covered atomic
scaffolds compared to the single sources as
shown in Figure 1 and Figure 2.

NURA dataset is intended to support
decision-making in pharmacology and toxi-
cology, as well as to contribute to data-driv-
en applications. It can be downloaded at the
following DOI: https://doi.org/10.5281/zen-
0do.3991561.
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Figure 1. Venn diagram of the NURA data collected from Tox21, ChEMBL, NR-DBIND
and Binding-DB and pruned. The numbers of shared and not shared molecules (in bold)
and scaffolds are reported.
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Figure 2. Distribution of molecules in the
NURA dataset, divided into active (orange
bar, activity lower than 10,000 nM), and
inactive (blue bar, activity larger than
100,000 nM).
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Table 1. Global classification measures expressed as the percentage of correctly classified
active (Snf), inactive compounds (Spt) and their average (NERy) achieved on the test set.”

FFNLI 95.3
FFNL3 95.2

95.3 95.4
954 95.1

As shown in Table 1, all the in-silico
approaches achieved good classification
performances on test chemicals with a 95%
of correctly classified compounds.

Discussion and Conclusions

The increased coverage of chemical and
bioactivity space offered by NURA dataset
result in a broader applicability domain and
improved robustness of the developed com-
putational models, which can help reducing
animal testing by filling the data-gap and
prioritizing chemicals. Furthermore, multi-
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task neural networks might offer other
advantages, such as i) the possibility of
leveraging information on related tasks, ii)
modelling less represented tasks and iii)
identifying ligands with selective or
promiscuous activity.
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