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Outline

• Read-Across – background, issues – quick primer
• Generalised Read-Across (GenRA)
• Summary remarks
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Definitions: Chemical grouping 
approaches

• Read-across describes one of the methods for filling data gaps in 
either the analogue or category approaches i.e. not to be confused 
with the “analogue approach”

• “Analogue approach” refers to grouping based on a very limited 
number of chemicals (e.g. target substance) + source substance)

• “Category approach” is used when grouping is based on a more 
extensive range of analogues (e.g. 3 or more members)

• A chemical category is a group of chemicals whose physico-chemical 
and human heath and/or environmental toxicological and/or 
environmental fate properties are likely to be similar or follow a 
regular pattern as a result of structural similarity (or other similarity 
characteristics). 
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Read-across
• Read-across describes the method of filling a data gap whereby a 

chemical with existing data values is used to make a prediction for a 
‘similar’ chemical.

• Used within analogue and category approaches.
• A target chemical is a chemical which has a data gap that needs to be 

filled i.e. the subject of the read-across.
• A source analogue is a chemical that has been identified as an 

appropriate chemical for use in a read-across based on similarity to the 
target chemical and existence of relevant data.

Source 
chemical

Target 
chemical

Property  





Reliable data

Missing data Predicted to be 
harmful

Known to be 
harmful

Acute 
toxicity?



Decision context will have a bearing 
on approach….

Starting 
inventory

Pragmatic 
groupings

Initial target

TOP-DOWN

BOTTOM-UP
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• Lots of guidance for developing read-across assessment, acceptance an 
issue, not helped since read-across still remains a subjective, expert 
driven assessment.

• One issue thwarting acceptance related to the “uncertainty of the read-
across prediction”. 

• Many efforts undertaken to identify the sources of uncertainty in read-
across, characterise them in a consistent manner and identify practical 
strategies to address and reduce those uncertainties.

• Notable in these efforts have been the development of frameworks for 
the assessment of read-across & evaluating the utility of New Approach 
Methods (NAMs).

• Quantifying uncertainty and performance of read-across is still a need as 
are ways to better characterise different similarity contexts 
(metabolism, reactivity etc.)

Ongoing issues with read-across
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Read-Across Tools 

(Patlewicz et al., 2017)



A harmonised hybrid read-across workflow

Patlewicz et al., 2018

• Where do NAM data fit? 
• How should we transition to data-driven 

approaches? 
• Quantifying the uncertainty in the read-

across predictions made?



GenRA (Generalised Read-
Across)

•Predicting toxicity as a similarity-weighted 
activity of nearest neighbours based on 
chemistry and bioactivity descriptors (Shah 
et al, 2016)

•Goal: To establish an objective 
performance baseline for read-across and 
quantify the uncertainty in the predictions 
made



Decision Context Analogue 
identification

Data gap analysis 
for target and 

source analogues

Analogue evaluationData gap filling:
Read-across

Uncertainty 
assessment

Read-across workflow



Decision Context
Screening level assessment of 

hazard based on toxicity effects 
from ToxRefDB v1

Analogue 
identification

Similarity context is based on 
structural characteristics

Data gap analysis 
for target and 

source analogues

Analogue evaluation
Evaluate consistency and 

concordance of experimental 
data of source analogues across 

and between endpoints

Read-across
Similarity weighted average –

many to one read-across

Uncertainty 
assessment

Assess prediction and 
uncertainty using AUC and p 

value metrics

Read-across workflow in GenRA v1.0



GenRA tool in reality
• GenRA v1.0 Integrated into the EPA CompTox Chemicals Dashboard



GenRA tools

• GenRA v3.0 webapp released February 2022

• An alternative and programmatic batch means 
of using GenRA is available through genra-py, a 
standalone python library to enable user 
specific datasets to be analysed – see 
https://github.com/i-shah/genra-py (Shah et 
al, 2021)

• See https://github.com/patlewig/UNC_Rax for 
example to test out the tool with a specific 
acute toxicity example.

https://github.com/i-shah/genra-py
https://github.com/patlewig/UNC_Rax


• Consideration of other information to define and refine the 
analogue selection & evaluation 

• physicochemical similarity (Helman et al 2018)
• metabolic similarity (Boyce et al, 2022; Hagan et al, in prep; Groff et 
al, in prep) 

• reactivity similarity (Nelms et al 2018)
• transcriptomics similarity (Tate et al, 2021)

• Transitioning to quantitative predictions of toxicity 
• Using GenRA to predict Lowest Observed Adverse Effect Level (LOAEL), 
acute oral (median lethal dose) LD50 (Helman et al 2019a,b)

• Developing a compendium of expert driven read-across examples 
to investigate how data driven read-across with NAM data can 
mirror expert assessments (in prep)

GenRA – Past and ongoing research



• Similarity search using Jaccard distance of Morgan 
chemical fingerprints to find source analogues. (Default 
of 10 nearest neighbors (k=10))

• Calculate physchem similarity between target and source 
analogues using a generalised Jaccard similarity metric

• Reduce neighborhood based on the physchem similarity 
threshold

Physicochemical similarity
• Find structurally similar analogues and filter based on physicochemical 
considerations (filter out) vs find similar analogues with respect to 
structure and physicochemical similarity at the same time (Search 
expansion). 

• Similarity search using weighted sum of Morgan 
chemical fingerprint distance and physchem
distance to find source analogues



Metabolic similarity
• Metabolic similarity is a key consideration in read-across but approaches 
to quantify the contribution metabolism plays are still evolving.

• Characterising metabolic similarity could encompass codifying the 
structural similarity of the metabolites, the similarity in metabolite 
profile, the sequence of transformations as well as the transformations 
themselves.

• But availability of metabolite information is limited – how does reported 
metabolic information relate to predicted metabolic information from 
different tools…

• Several avenues being explored through proof-of-concept studies.
• 1) Generating in vitro data in primary hepatocytes and using Mass Spec to 

identify the metabolites produced relative to a suspect screening list derived 
from running different expert systems to predict metabolism

• 2) Evaluate the performance of the expert systems relative to reported 
literature data

• 3) Explore ways of codifying metabolic similarity



Proof of concept workflow for (1)

Boyce et al, under 
review



Selected expert systems evaluated in (2)
Model Availability Module/Species Prediction 

Settings
Number of 
Predicted 

Metabolites
BioTransformer Free

(http://biotransforme
r.ca)

Human Phase I: 2 
steps
Phase II: 1 
step

3464

Meteor Commercial
(https://www.lhasalimi
ted.org/)

Mammal* Default 714

Toolbox Free
(https://qsartoolbox.o
rg/)

Rat (S9, in vitro),
Rat (in vivo)

Default 194 (in vitro), 
236 (in vivo)

TIMESǂ Commercial
(http://oasis-lmc.org)

Rat (S9, in vitro), 
Rat (in vivo)

Default 283 (in vitro), 
570 (in vivo)

SyGMa Free
(https://sygma.readth
edocs.io)

Human Phase I: 2 
steps
Phase II: 1 
step

5215



Encoding metabolic similarity (3)

Creating custom fingerprints to characterise
metabolic transformations
Boyce et al (2022)



Encoding metabolic similarity (3)
• The structure of transformation pathways naturally lend 
themselves to graph representations, for which a number of 
different methods can be applied, including graph kernels, to 
determine the pairwise similarity. 

• Currently exploring the correlation between metabolic vs 
structural similarities on neighbourhood formation for a set of 18 
POC substances using predicted metabolites that have been 
generated using BioTransformer (CYP450 mode), and TIssue
MEtabolism Simulator (TIMES) (in vivo and in vitro). 

• Metabolic similarity is quantified by the graph kernel, Weisfeiler-
Lehman (WL)



Encoding metabolic similarity (3)
• Graph kernels are functions that can measure similarity 

between graphs by operating directly on the graph 
structures. Two graphs (metabolic trees) could be considered 
similar if they are composed of nodes (substances) with 
similar neighbourhoods

• The WL kernel creates a feature vector of counts of 
iteratively generated graph labels that are constructed by 
creating a superset of a node’s neighbours and then hashing 
that superset into a new, condensed label that contains both 
structural and contextual information

• Our similarity metric is then defined by the Jaccard 
similarity between the feature vectors generated by the 
kernel function
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• Search for a maximum of 10 nearest neighbours on entire dataset on 
the basis of Morgan chemical fingerprints

• Use a min similarity threshold of 0.5

• Linear regression used to fit 
predicted and observed 
LD50 values

• R2 = 0.61
• RMSE = 0.58

Quantitative predictions: Acute toxicity

• Monte Carlo CV
• Estimate confidence in R2
• 75-25 train-test splits
• R2 values range from 0.46 to 0.62Helman et al., 2019a
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GenRA Predictions using Morgan 
fingerprints with k=10 and s=0.05 
(mean aggregated LOAELs)
Linear regression used to fit 
predicted and observed LOAEL 
values

Endpoint Category R2
Cholinesterase 0.43
Developmental 0.22
Reproductive 0.14
Systemic 0.26

Quantitative predictions: LOAEL values

Helman et al., 2019b



• Version 2:
• Maintained existing read-across workflow 
• Complete rebuild of GenRA Version 1.0
• ToxRefDB updated from Version 1 to Version 2
• ToxCast data updated
• Chemical fingerprints recomputed to factor in additional 
substances in the DSSTox database that had been registered 
since initial release

• Ability to search for analogues without prefiltering on the basis 
of ToxRefDB data

• GenRA decoupled from the Dashboard i.e. an independent 
application but one which is still linked to the Dashboard

GenRA Version 2 Highlights



• Version 3
• UI rebuilt using AG Grid to provide more out of the box 
interactivity 

• Custom fingerprints (users can specify fingerprint combinations 
based on existing fingerprints provided)

• Ketcher drawing palette to allow SMILES/MOL to be introduced 
and predictions to be made for substances not already within the 
Dashboard

• Contact email added to track bugs/refinements

GenRA Version 3 Highlights



GenRA Version 3

Main entry point is from 
the portal 
comptox.epa.gov

However, can be accessed 
from the landing page 
within the Dashboard for 
a specific chemical or 
from the Tools menu 
within the Dashboard



Alternative entry 
points
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Search for a chemical of interest 
(target) using the search box

GenRA v3 in practice

Radial plot with target in the centre and 
source analogues (similar) ordered clockwise 
by decreasing similarity (Jaccard)

Default 10 analogues based on Morgan 
chemical fingerprints and prefiltered based 
on ToxRefDB v2 data



Search for a chemical of interest 
(target) using the Ketcher

GenRA v3 in practice



Search for a chemical of interest 
(target) using the Ketcher

GenRA v3 in practice



GenRA v3 in practice

Radial plot with target in the centre and 
source analogues (similar) ordered clockwise 
by decreasing similarity (Jaccard)

Default 10 analogues based on Morgan 
chemical fingerprints and prefiltered based 
on ToxRefDB v2 data

Can update to change what features are 
used to characterise substances and the 
number of analogues returned



GenRA v3 in practice

Update radial plot to return 
analogues irrespective of 
ToxRefDB v2 data

Caution! This can be quite 
slow



GenRA v3 in practice

Custom Fingerprints

Choose up to 3 fingerprints
e.g. 50% ToxCast vs 50% 
Chemical Morgan 
Fingerprints & 25% 
ToxPrints



GenRA v3 in practice

Custom Fingerprints

Choose up to 3 fingerprints
e.g. 50% ToxCast vs 25% 
Chemical Morgan 
Fingerprints & 25% 
ToxPrints



GenRA v3 in practice

• How data poor is my 
target and what data 
exists for the source 
analogues identified

• Do they address the data 
gaps of interest for the 
target chemical?



What is the consistency and concordance across my source analogues? 
Should I deselect analogues from consideration from the entire set of predictions?
Should I consider subcategorising the analogues selected?

Toxicity data represented as binary outcomes – red (positive), blue (negative), grey (no data)

GenRA v3 tool in practice



GenRA tool in practiceGenRA v3 in practice

First column is 
updated with 
predictions Can hover over 

the red/blue 
boxes for more 
information



GenRA v3 in practice
• Database underpinning GenRA v3.0: ToxRefDB v2

• Different study types and effects within them are predicted e.g. 
chronic_liver is annotated as CHR_liver

• Negative effects are inferred from guideline profiles which define 
the required tests for each study type. The assumption is that the 
study required an evaluation but no effects were reported.

• Positive results – min dose at which toxicity effects are observed in a 
study

• Prediction: Similarity weighted activity
• Performance is categorised by the Area under the Curve (AUC) of 
the Receiving Operating Characteristic (ROC)

• The significance was empirically estimated by constructing a null 
distribution by permuting the toxicity values 100 times and calculating 
the fraction of times the AUC was more extreme than what would be 
observed by chance (this is reported as the p-value). 



GenRA v3 in practice
• Ability to export the predictions as an excel file
• Output can be analysed in different ways



GenRA v3 in practice
• Rank order positive results based on AUC and p values
• Look at the distribution of positive vs negatives predictions
• Explore what effects are being identified for the source 
analogues – consider identifying the underlying data for 
source analogues (elsewhere on the Dashboard) – is there a 
critical effect that is driving the toxicity that should be 
compared with the target chemical predictions?

• ……
• Depends on the decision context and the level of uncertainty 
that can be tolerated.



GenRA v3.1 – released Sept 2022
• Assessment of physchemicochemical similarity
• Network view
• New fingerprints that capture other NAM data
• Potency predictions using ToxRefDB
• Other data beyond in vivo toxicity endpoints



GenRA v3.1



GenRA v3.1



GenRA v3.1



GenRA next release tbd
• Speed enhancements
• Change download file to allow easier sorting and ranking 
based on AUC and p-value

• Incorporate new sorting and filtering in Panel 4
• Analogue Identification Methodology (AIM) fingerprints 
(Adams et al, under review)

• Download top 100 chemicals and their fingerprint 
representations

• Sync underlying data sources to accommodate recent 
updates to ToxCast data 
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GenRA – Overall goal

• Quantify the contribution that different similarity contexts 
play in toxicity prediction and how that differs depending on 
the toxicity endpoint of interest, the chemical of interest 
and whether it mirrors expert driven read-across

• Quantify level of confidence for prediction made

=> objective, reproducible read-across assessments
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• GenRA is an attempt to move towards an objective read-across 
approach where uncertainties and performance can be quantified. 
Provides opportunities for NAM data to be incorporated.

• GenRA v1.0 established a baseline in performance. The approach 
relied on chemical descriptors to predict binary toxicity values 
but work continues to characterise other contexts of similarity 
(e.g. mechanistic, reactivity, metabolism) and quantify their 
contribution in predicting in vivo toxicity outcomes.

• GenRA v3.0 released is a standalone web app linked to the 
Dashboard. A python package (genra-py) was released (March 
2021) to facilitate batch processing using user specific datasets.

• Latest release is GenRA v3.1

GenRA Summary



Questions ?
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