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Edwin Tse, completing PhD student (University of Sydney, visitor at UCL), has acted as the
paid coordinator of the competition and will carry out the synthesis of all predicted molecules.
New contributors, since the close of the competition, include Evariste Technologies, and Jan
Jensen (University of Copenhagen).
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Publicity Summary

This project aims to harness artificial intelligence and machine learning approaches to improve
the discovery of new medicines.
One of the most common situations in drug discovery is to know a molecule that possesses a
desirable property and yet not to know how the molecule achieves that effect. The molecule
needs improvement (often for things like how well it does its job, or how soluble it is in water)
for it to be a realistic drug candidate and we must consider what changes need to be made. In
this AI3SD project we know of molecules that efficiently kill the malaria parasite. The
molecules need to be improved via small changes to their structures, yet we do not know the
molecular biological target of these molecules. Without knowledge of the target it is
impossible to design the improvements rationally. In such a project (known as “phenotypic
drug discovery”) it is typically the case that the scientist will apply rules of thumb and
intuition acquired over many related projects, in order to alter the structure of the molecule in
search of those improvements.
Yet it is also frequently the case that at such a stage of the project changes can be made to
the molecule that accidentally obliterate the desired properties; most typically the molecules
lose their potency against the pathogen. We will then have wasted time and resources making
inactive molecules. On average each “fail” costs about two thousand pounds to make. It
would be much more efficient if we could become more accurately predictive about which
molecules need to be made.
In our research consortium, Open Source Malaria (OSM), we have twice tried and failed to
generate predictive models. There have occurred, in the period since, major new advances in
AI and ML, particularly in the private sector. Since all of OSM’s data and ideas are freely
shared in the public domain, it is possible for us to work with anyone in the generation of new
models. We have therefore in this project used the AI3SD funds to run a predictive modelling
competition and elicited contributions from amateurs and leading AI companies. Several
models were better than the others and so, in a crucial part of this project, we asked those
winners to predict new molecules, molecules that have never existed before, that they predict
will be effective at killing the malaria parasite. We then went to the lab to validate these
predictions by making the molecules suggested, and measuring how effective they are at
killing the parasite in blood. The result of this was that three of the six predictions were
active, a “hit rate” of about the same as the human hit rate across the rest of the project.
Interestingly, these actives included a couple of molecules that the human chemists would
probably not have tried.
The end result of this work, aside from a new and predictive approach to the synthesis of
antimalarial drug candidates, is be a case study of the actual capabilities of new AI/ML
technologies in drug discovery: what works, what does not and an examination of why.
Notably the project is still ongoing: since all the data and details of the approaches taken are
in the public domain, others can try out their own predictive algorithms to see if they can do
better.
2
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Executive Summary

The discovery of new antimalarial medicines with novel mechanisms of action is key to
combating the increasing reports of resistance to our frontline treatments. The Open Source
Malaria (OSM) consortium have been developing compounds (“Series 4”) which possess
potent activity against Plasmodium falciparum in vitro and in vivo and have been suggested
to act through the inhibition of PfATP4, an essential ion pump in the parasite membrane that
regulates intracellular Na+ and H+ concentrations. This pump has not yet been crystallised,
so in the absence of structural information about this target, a public competition was created
to develop a model that would allow us to predict when compounds in Series 4 are likely to be
active.
In the first round in 2016, six participants used the open data collated by OSM to develop
moderately predictive models using diverse methods. Notably all submitted models were
available to all other participants in real time. Since then further bioactivity data have been
acquired and machine learning methods have rapidly developed, so a second round of the
competition was performed, with 10 models submitted. The best-performing models from this
second round were used to predict novel analogs in Series 4 that were synthesised and
evaluated against the parasite. Several new active molecules were found via the disparate
approaches used. This clearly demonstrates the potential for AI/ML methods to accelerate
progress in phenotypic drug discovery projects where the molecular details of the biological
target are not known.
The project continues, since all data and previous attempts are in the public domain, and
indeed two new entrants have decided to predict further structures for synthesis.
Experimental validation of AI/ML methods is likely to be a centrally important feature in this
field in the coming years.
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Aims and Objectives

We aimed to develop a general AI-enabled approach to solving the prediction of biological
activity in phenotypic drug discovery, through the use of a public competition.
This was achieved via the following objectives:
1. Data curation and sharing of everything that is known of the activity of molecules in a
particular research project, in this case OSM Series 4.
2. Invitation to our co-applicant partners to submit models, as well as an invitation for the
public to contribute.
3. Evaluation of the predictive models, including via synthesis of several of the predicted
compounds. Winners were determined and modest prizes offered (but declined).
4. Post-mortem collaborative discussion of the outcomes at a physical workshop.
5. Publication of a summary article. Description of how the project can be continued.
The two over-arching motivations are:
1. To improve drug discovery
2. To provide a public domain case study of the real capabilities of AI/ML in drug discovery

3
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6.1

Methodology
Scientific Methodology

Open science methods
Data shared using Google sheets. Collaboration enabled using Github (discussion and file
sharing). Recruitment of new participants via social media outreach (Twitter, LinkedIn) and
traditional cold-call emails.
Chemistry/biology methods
The molecules proposed were synthesised in the laboratory at UCL using (largely) methods
that have been discovered in the OSM consortium prior to this project. Potency evaluation
was measured in a standard blood stage assay performed regularly at the Drug Discovery Unit
in the University of Dundee. Verification that the active molecules operate via inhibition of
PfATP4, the suspected target, was performed pro bono in the laboratory of Professor Kiaran
Kirk (ANU, Canberra) using published methods.
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6.2

AI Methodology

The methods employed to generate a predictive model for the series depended on the
contributors and were not be defined prior. The means of analysis and comparison of the data
were also to be devised upon receipt of the entries, since the form of the predictions would
also be kept loosely defined.
The methods actually used were:
Entrant
(Affiliation)

Description of Modela

Precision of
Accurate
Predictions
(Active and
Inactive)b

Result

Jonathan CardosoSilva
(King’s
College London)

Network-based piecewise linear regression for QSAR
modelling.[43]

36%

Runner-up

Giovanni Cincilla
(Molomics)

P. falciparum inhibition classification model using:
CDK descriptors,[40] ECFC4 fingerprints and logistic
regression (with: stochastic average gradient as
solver, uniform regularisation and learning step size
= 0.01).

91%c

Winner
(company)

Mykola Galushka
(Auromind)

SMILES variational auto-encoder to generate
chemical compounds fingerprint and cascade models
Naive Bayes classifier with Multi-layer perceptron
regressor for filtering active components and
identifying a specific potency value.

58%

Runner-up

Davy Guan (The
University of
Sydney)

Automated machine learning method with 21
quantum mechanical descriptors using the Hartree
Fock with 3 corrections method[44] and JCLogP,
optimised for Mean Absolute Error.

82%

Winner
(noncompany)

Ben
Irwin,
Mario
Öeren,
Tom
Whitehead
(Optibrium/
Intellegens)

Deep imputation[45,46,47] with quantum mechanical
StarDrop6.6 Automodeller and pKa descriptors.[48]

81%

Second
place

Raymond Lui
(The University of
Sydney)

Automated machine learning method using 59
permutation feature importance selected Mordred
and quantum mechanical descriptors optimised for
Mean Absolute Error.

58%

Runner-up

Slade Matthews
(The University of
Sydney)

Random forest model using 200 Mordred descriptors
based on optimised 3D structures. Training RMSE
= 0.805.

N.A.

Runner-up

Ho-Leung
(Kansas
University)

Ng
State

QSAR model based on detailed homology modeling
of PfATP4 and docking. 3D features are combined
with 1D/2D QSAR features using XGBoost
(gradient boosted trees) to make a regression model.

71%

Runner-up

Vito Spadavecchio
(Interlinked TX)

Ensemble classification (logistic regression) and
regression (MLP) using ECFP4 (Morgan radius 2).

79%c

Runner-up

Laksh Aithani,
Willem van Hoorn
(Exscientia)

Ridge regression model with alpha = 1. ECFP4
fingerprints with (Morgan radius 2) were the input
to the model.

81%

Second
place

a

See paper for full details.
prediction

b

Based on regression prediction.
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c

Based on classification
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Results

Dataset was provided and improved by contributors:
(https://github.com/OpenSourceMalaria/Series4_PredictiveModel/issues/4)
Rules were defined and timescales set:
(https://github.com/OpenSourceMalaria/Series4_PredictiveModel/issues/1).
Ten entries were submitted by a mixture of amateur and professional teams (https://github
.com/OpenSourceMalaria/Series4_PredictiveModel/tree/master/Submitted%20Models).
These models were evaluated against data that had been kept back, with winners announced
following judgement by a panel of four people. Of note is that the models generated possess a
much higher degree of predictive ability than previous rounds of this competition. There has
been discussion of the relative merits of different means of evaluating the entries
(https://github.com/OpenSourceMalaria/Series4_PredictiveModel/issues/18).
The winners were tasked with prediction of two new chemical structures, with aqueous
solubility decided as a guiding criterion
(https://github.com/OpenSourceMalaria/Series4_PredictiveModel/issues/19).
Molecule synthesis was undertaken in the laboratory (impacted by COVID).
Meeting was held to examine project outcomes (Jan 2020)
(https://github.com/OpenSourceMalaria/Series4_PredictiveModel/issues/21).
Paper was written up (https://chemrxiv.org/articles/preprint/13194755) and is
undergoing revision for publication in the Journal of Medicinal Chemistry.
Project has successfully secured new inputs from the private sector after the competition
ended (https://github.com/OpenSourceMalaria/Series4_PredictiveModel/issues/29)
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Outputs

Paper was written openly: https://docs.google.com/document/d/1aD29GjC8RjqrSDcWcEUp
tS04Z2v10deReRp0eB3kcp4/edit?usp=sharing
And posted to a preprint server before submission to the Journal of Medicinal Chemistry.
Update talk at the AI3SD meeting, Winchester, Nov 2019.
Interview: https://eprints.soton.ac.uk/443554/
Talk at AI3SD Winter Webinar Series, Dec 2nd 2020:
https://www.ai3sd.org/ai3sd-event/02-12-2020-ai3sd-winter-seminar-seriesrobots-ai-and-nlp-in-drug-discovery/
Github repository of all activity:
https://github.com/OpenSourceMalaria/Series4_PredictiveModel
Curated biological dataset refined by entrant:
https://docs.google.com/spreadsheets/d/1Cgpx5aF-

6

HcJuE3jWjDRh_hhaAcVjzbskpdS1Y9x0wwU/edit#gid=952560208
Meeting
held
at
the
Royal
Society
https://eprints.soton.ac.uk/438123/

of

Chemistry

Jan

2020,

report:

Medicine Maker article about the project
https://themedicinemaker.com/discovery-development/data-finders
Use of the “winning” of the competition to advertise success, which may have contributed to
the company securing new investment:
https://www.kestercapital.com/allnews/kester-capital-invests-in-optibrium.html
Grant application to extend the work was submitted by one of the entrants, to continue to
work with Open Source Malaria, unfortunately unsuccessful (ca 4% success rate).
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Conclusions

With hit identification and lead optimization being key steps in the development of any new
drug, the continued advancements in machine learning and artificial intelligence approaches
possess significant promise to streamline this process, which would result in more efficient
medicinal chemistry campaigns.
In the absence of target structural information, a
crowdsourced approach was used to develop predictive models for a promising antimalarial
series. Importantly, the winning models of the most recent competition round were used to
generate novel compounds, which were then synthesized and evaluated for experimental
validation of each model leading to a new counterintuitive “active”. The simple open science
and crowdsourcing principles used throughout this campaign are applicable to many medicinal
chemistry projects, whereby the community’s combined efforts can be used to accelerate the
early stages of drug discovery and involve participants from public and private sectors. The
work conducted here has been designed to be “living”, in that all methods and results are
publicly available and contributions can continue to be made by anyone because everyone has
access to all data and ideas.
Two further points are of particular note:
1. It was possible to involve leading experts from the private sector in an open competition
to solve a public health challenge without those participants needing to compromise their
competitive business advantage; indeed success in this endeavor has already been used
as an unvarnished demonstration of capabilities (https://themedicinemaker.com/dis
covery-development/data-finders)
2. The private sector participants displayed high and sustained levels of collaborative
working and commitment to a public good, in what is counter to the public’s perception
of the secretive nature of the modern pharmaceutical industry; indeed the “winning”
and “losing” of the competition were less important than the extent to which entrants
worked together openly to improve the underlying research.—
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Future Plans

1. Synthesise new molecule variants to attempt to find improved potency.
2. Continue to seek new entrants attracted to the project by virtue of its openness.

7

3. Apply for new funding with AI/ML companies interested in experimental validation of
approaches, or work with such companies directly. Models can be developed and applied to
malaria, or another neglected/tropical infectious disease, yet be used to build a company’s
bottom line when applied to other areas.
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Data & Software Links

Dataset:
https://docs.google.com/spreadsheets/d/1Cgpx5aFHcJuE3jWjDRh_hhaAcVjzbskpdS1Y9x0wwU/edit#gid=952560208
Models: https://github.com/OpenSourceMalaria/Series4_PredictiveModel/tree/mast
er/Submitted%20Models
Repository: https://github.com/OpenSourceMalaria/Series4_PredictiveModel
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