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Chemists: Al 1s here, unite to get the benefits

Edward J. Griffen*, Alexander G. Dossetter, Andrew G. Leach
MedChemica Ltd, Alderley Park, Macclesfield, Cheshire. SK10 4TG
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Abstract:

The latest developments in artificial intelligence(Al) have arrived into an existing state of creative
tension between computational and medicinal chemists. At their most productive, medicinal and
computational chemists have made significant progress in delivering new therapeutic agents into
the clinic. However, the relationship between these communities has the prospect of being
weakened by application of over-simplistic Al methods which, if they fail to deliver, will reinforce
unproductive prejudices. We review what can be learnt from our history of integrating QSAR
and structure-based methods into drug discovery. Now with synthesis and testing available as
contract services, the environment for computational innovation has changed and we consider the
impact this may have on the relationships in our disciplines. We discuss the current state of
interdisciplinary communication and suggest approaches to bring the sub-disciplines together in
order to improve computational medicinal chemistry and, most importantly, deliver better

medicines to the clinic faster.



What is Artificial intelligence in Medicinal Chemistry?

To refer to Artificial intelligence(Al) immediately requires clarification because of the age of the
term and its checkered history. Here we will take the approach suggested by Edward Feigenbaum!
in suggesting that there is intelligence when a system when presented with a problem generates a
solution indistinguishable from that generated by a skilled human. This is like the Turing test? but
just applied to a specific field. The usefulness of this definition is that is focusses on outputs rather
than the mechanics of a system. If we then consider intelligence there are six facets we can
describe. The first three are: the synthesis of information, pattern recognition and decision making.
The second three are all based around autonomy: intelligence reacts to information and based on
some goals, generates a proposal to increase the likelihood of achieving that goal, it makes
mistakes, but then learns from them, and at the most sophisticated level exhibits strategic thinking
and situational awareness to avoid being trapped in local minima.® This draws the distinction with
machine learning which is just a set of statistical methods used for either labelling sub sets of a
data set, or generating a relationship between a measurable property and some descriptors. One
of the areas of confusion is that, early in the study of artificial intelligence, computational models
were built which were designed by analogy to neurological structures. Neural networks and their
progenitor, the perceptron* were inspired by biological systems but are just varieties of non-linear
model fitting or classification methods. Some authors therefore consider the use of a neural
network method of machine learning to be sufficient to designate work ‘artificial intelligence’,

however here we refer particularly to the more demanding definition above.

Within the medicinal chemistry context examples of the first three aspects of artificial intelligence

could be the compilation of chemical structures and biological data, the generation of a (Q)SAR



model and the ability to prioritise suggested compounds based on a model. The second three of
these could be a system that monitors in vitro clearance data being registered to a database and
thenproposes new compounds for synthesis to decrease metabolism with an understanding that
low metabolism is a project goal. By also updating the local model for metabolism if the previous
round of compounds synthesised have not achieved their goal, a new round of compounds can be
proposed based on the updated model. Finally, in addressing a goal the system could have a
hierarchy of global and local models and understand that when the current local model of clearance
is insufficiently powered it would lead to riskier proposed compounds than a global model which
might be based on a far larger data set. Equally artificial intelligence in chemistry encompasses
systems that generate synthetic routes, assess the probability of reaction success and side products,
or predict crystalline forms. The essential feature is the automated compilation and analysis of

data to generate ‘human like’ suggestions to solve problems.

The current state of the drug hunting ecosystem

The current generation of Al approaches for medicinal chemistry has arrived into a context of
consistent decline in drug hunting productivity.” This has been attributed to a number of factors,
but the simplest explanation is the “low hanging fruit” argument - that the current biological targets

for drug hunting are intrinsically harder than those previously addressed.

The headcount reductions in large Pharma over the last decade and outsourcing of synthetic and
medicinal chemistry to contract research organizations (CROs) has been a cost cutting response to
the productivity crisis but efficiency gains have their limits. The arrival of a new generation of

machine learning methods has been heralded by many as the cavalry coming to save drug hunting.



By others it has been viewed as the arrival of another “distraction” from the “proper” work of
making and testing compounds, improving biological activity and solving both ADMET and
physicochemical problems. Some have viewed this as the next generation of efforts by
computational chemists who have previously contributed QSAR and structure-based drug design,
which were equally heralded as universal solutions to medicinal chemistry problems.” The
difference now is that whereas in the past large scale capital infrastructure was needed for both
significant computational efforts as well as synthetic chemistry, CROs have made compound
acquisition a contract resource rather than a long term investment. Similarly, the availability of
cloud computing means that anyone with a credit card and enough computer science expertise can
create a high-performance computing cluster and conduct large scale calculations without capital
expenditure, hardware or significant delay. A recent iteration of this is “virtual screening as a
service” where it is possible to screen and filter a massive library of virtual molecules on cloud
infrastructure that synthetic chemistry houses have high confidence in being able to make, all as a
contract service.*? This commodification of lead identification clearly shows the direction the field
is moving in. Even in the lead optimization phase, many companies are moving increasingly to
software-as-a-service,'*!* with capabilities that previously would have required a specialist
workstation now being delivered to a web browser. In parallel, there has been a rise in the number
of Virtual Pharma where all the experimental resources are externalized and the core team acts as
an “air traffic control group” making sure the right work is done in the right sequence in the right
places. From an investment perspective this makes complete sense as all the “turn-key” resources
can be focused on generating a clinical asset, leaving little to no residual assets to dispose of once

the clinical compound is licensed.



There is nothing intrinsically wrong in this model, in fact the “niche specialist strategy” where
experts in particular sub-disciplines of drug hunting do more of what they're good at should drive
up the quality of work, especially if they can retain expertise within CROs. However, it does
enable some counter-productive possibilities. An under-discussed issue in the chemistry domain
is the relationship between medicinal and computational chemists. As members of one sub-
domain who have migrated to the interdisciplinary border between the two we believe we have

some useful observations for mutual benefit.

The medicinal — computational chemist relationship

Historically, many of these intra-disciplinary relationships were hidden in large Pharma silos
and only rarely explicitly discussed.'*!> A frequent model in Pharma or CROs is to have a
computational chemist advising several projects, reviewing and recommending compounds for
synthesis but without decision making authority or accountability for progress. The medicinal
chemist with the accountability for progress would, in an ideal world, use all the human and
computational resources to make the best decisions on the compounds to make and drive the
project forward. Clearly this is painted as an ideal view and in many cases this high-performing
team model has worked well with creativity from all parties; the combination of thoughtful
challenge from computational chemists with synthetic pragmatism from medicinal chemists has
been highly productive. However, underlying the relationship are some truths that the current Al

generation is bringing to the surface challenging the positive spirit of collaboration.



Medicinal and computational chemists each come from different backgrounds in both
experience and world view. One feature of working with both medicinal and computational
chemists is that the effort and duration of training combined with the small number of these
professionals, means that as is common to other highly skilled, small groups, designation of what
kind of chemist they are frequently becomes a strong part of people’s personal identity. This is
commonly heard as people introduce themselves with “I am a medicinal/computational chemist”
rather than “I do medicinal/computational chemistry”. In their early industrial training, both
parties often need to gain an appreciation of the skills and attributes of the other. Most medicinal
chemists come from a synthetic chemistry background, which is unusual in the sciences as it is
predominantly a constructive rather than a deductive activity. Often the only hypothesis a
synthetic chemist is testing is “will this combination of reagents lead to the desired product”. In
their academic lives many synthetic chemist’s progress and success are measured and rewarded in
terms of number of successful steps in a synthetic route achieved, or yields improved in method
development. Synthetic chemists are hailed for work rate and tenacity - both essential attributes
in drug hunting where the success rate in generating acceptable molecules is notoriously low. The
requirement to handle dangerous reagents also plays to a certain machismo and the field has its
own share of horror stories of poor management behavior. Conversely, those drawn to
computational chemistry have prioritized understanding over output, and may have preferred to
avoid the synthetic laboratory for reasons of safety and culture. A cartoon view is of people
looking for an elegant “theory of everything” that will be universally applicable. There are two
common features that the training of both computational chemists and synthetic chemists share
that can disable rather than enable a good working relationship. Firstly, neither group deals with

measurements with significant variance. Synthetic chemists make analytical measurements to



determine the structures of their compounds, these analytical methods have been optimized to have
low variance so that they can also be used as evidence of purity. Computational chemists almost
always are consumers of data rather than producers and only rarely, in the authors experience, have
a strong appreciation of the intrinsic variability of measurement systems. One part of a chemist’s
induction into drug hunting is to gain the understanding that biological measurements are
intrinsically variable because of their complexity and sensitivity to conditions and that results will
show a significant range. Though both medicinal and computational chemists may understand
this, they often have a “blind spot” when it comes to computational models in expecting them to
be more accurate than the biological system they are measuring. Clearly when aiming to make
predictions in an assay which shows a standard deviation of 0.15 pIC50 units, (meaning 95% of
measurements will be within 0.3, or 2 fold of the ‘true’ value - a good assay) it is ridiculous to
suggest that a prediction is accurate within 0.2 pIC50 units. There has been significant progress
in the field in describing this problem in the last decade.'*' However an appreciation of the
intrinsic limits of modelling biological systems seems to be difficult, this may be because the
computational chemist having a sense of professional pride, feels that they should do better — and
are therefore embarrassed by the quality of prediction, and the medicinal chemist hearing the
message from a ‘fellow chemist’ is expecting to hear more precise predictions, whereas if the
modelling was provided by a biologist they might be attuned to accepting the variance more easily.
There is a need for computational chemists to well delineate the limits of their techniques and set
expectations reasonably, and equally for medicinal chemists to both appreciate the bounds of what
is on offer and also recognize that an equivalent evaluation of their own “hunches and predictions’
might not perform any better. Attempts to enquire into the mind of medicinal chemists have shown

them to be all too human in their inconsistency and biases.?® This is an excellent example of the



all too familiar issue of the espoused working practice not matching the practice in use.?!
Secondly, in the academic careers of both synthetic and computational chemists work is
predominantly carried out on solitary projects rather than in teams. The result of this is that the
people that are most successful are very determined but have often worked mainly as individuals.
This means that the pool of talent to be recruited from have not needed to spend much time
developing their team working skills. In particular, these manifest as behaviors such as showing
unilateral control, a win-lose approach to conflict management and suppression of personal doubt.
Most experienced chemists in both fields know of the dysfunctional relationships that this lead to:
amedicinal chemist acts as a hard gatekeeper and exploits that positional power to drive the project
in their chosen direction ignoring the well-founded hypotheses and data brought by the
computational chemist because it does not fit with the medicinal chemist’s world view. Quite
rationally, in response and frustration, the computational chemist may tactically withdraw from
such a situation and focus their efforts where their input is more valued. As medicinal chemists
can be accused of ignoring their computational chemistry colleagues, the parallel behavior of
some, often academic, computational chemists equally occurs. This response is to refine models
by optimizing algorithms or descriptors where resources would have been better spent generating
more compounds and data. Both of these behaviors stem from the same core problem: when
challenged with either a hypothesis that is in conflict with their world view or the risk of generating
data that might upset a beautiful hypothesis, both parties adopt a defensive strategy. For most
people avoiding embarrassment is a strong drive. For highly trained individuals where much of
their identity is associated with their professional standing, avoiding embarrassment due to failure
is one of the most potent motivators — and this pushes us into defensive strategies. As Argyris

recognized: “whenever human beings are faced with any issue that contains significant



embarrassment or threat, they act in ways that bypass, as best they can, the embarrassment or
threat. In order for the bypass to work, it must be covered up ...Organizational defensive routines
are actions or policies that prevent individuals or segments of the organization from experiencing
embarrassment or threat. Simultaneously, they prevent people from identifying and getting rid of
the causes of the potential embarrassment or threat. Organizational defensive routines are anti-
learning, overprotective, and self-sealing.”?? Alas, drug hunting is truly a domain where "no plan
survives first contact with the enemy"?* and failure is the norm rather than an exception which
inevitably leads to very significant pressure. This places both medicinal and computational
chemists at high risk of adopting defensive strategies both individually and within organizational
groups. When working effectively together, both sides in this alliance have played to each others
strengths and delivered compounds into the clinic. In biotech companies and small drug discovery
units we have worked with in the last decade, a new drug hunting group always wants both a
medicinal and a computational chemist to start with. The medicinal chemist to be responsible for
the choice of compounds and supervise synthesis, and a computational chemist to generate 3D
models, examine structural data and run advanced calculations. In small biotech companies, the
shared goals of survival and generating salable assets can pull a team together and overcome the
bias to defensive behavior. To build good Al systems in chemistry however, both medicinal and
computational chemists are going to have to escape from the organizational defense strategies that
allow them to avoid change and to instead embrace each other’s approaches.?!

Whatever our position on the approaches to integrating computational chemistry into drug
discovery, recent analysis of the sources of candidate drugs points to their essential value.* (Figure
1) With a quarter of candidate drugs disclosed in J. Med. Chem. between 2016 and 2017 being

derived by either structure-based drug design, fragment screening or directed screening, as a bare



minimum it is incontrovertible that these projects required the use of computational methods. In
reality, the optimization of random screen-derived compounds or those optimized from a known
drug will also have used computational tools in a significant number of cases.

Lead Generation Strategy (%)

5% 1%

= Known
® Random Screen
® SBDD

Directed Screen
® Fragment Screen
mDEL

8%

Figure 1. Distributions of the six sources of lead generation strategies:
Known compounds, Random screen or high throughput screen
(HTS), Fragment screen or Fragment based lead generation (FBLG),
DNA Encoded Libraries (DEL), Structure based drug design
(SBDD), Directed Screen for the 66 hit-to-candidate pairs in J.
Med. Chem. 2016—2017.

Figure 1

From Brown and Bostrom?*

What can past experience teach us?

What of history? As we have alluded to, both structure-based drug design (SBDD) and QSAR
have previously been hyped as coming to the rescue of medicinal chemists; can we learn anything
from the development arc of these methods to guide our way forward? A popular view is generally
“overhyped but then have found their place™ It is also interesting to note the well-documented
“Al effect” which can be summarized as: “that as soon as a problem is solved it’s rebranded and

“not AI” but “merely computation” or a “brute force approach”.? There is an obvious parallel in
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both QSAR and SBDD, in that once methods become successful they are rebranded possibly to
escape from the initial hype that supported their early development. An early example of this is
Hansch’s seminal work in QSAR, looking at sigma and pi parameters to choose substituents.?
Here many chemists were very cynical and resistant to the use of simple QSAR, however once
reformulated by John Topliss,”” the Topliss tree has become a standard method for looking at
substituents and considering what might be driving activity, all without a chemist having to
consider linear regression (the machine learning method of the 1960’s). For an excellent summary
of the of the development of QSAR see the 2014 perspective by Tropsha et al.?® QSAR has found
a place in certain key domains: where there are large datasets such as in computational toxicology
particularly in the evaluation of risk for environmental toxins® and flagging potential carcinogens
and mutagens. 3 In these cases computational methods are so well accepted as to be a regulatory
requirement. Martin reviewing what methods have worked at Abbot in 2006, highlights the use
of expert systems and particularly the encoding of sub-structural flags as warnings for chemists.?!
This concept has become even more widely adopted with the publication of academic equivalents
of corporate warning flags in the PAINS filters,*> where the principle is now well-adopted though
the detail of implementation remains controversial.** This is a mark of the maturing of the area,
where more detailed publication and discussion of the methods shows that adoption is in serious
progress. Cumming, Davis and co-workings at AstraZeneca similarly show the impact sub-
structural flags have made** but also draw attention to the use of QSAR models in predicting
solubility and ADMET properties. Examples of impact include “AstraZeneca’s global HERG
QSAR model has also contributed to the reduction in the synthesis of ‘red flag’ compounds
(compounds that are measured to have an HERG potency of <1uM), from 25.8% of all compounds

tested in 2003 to only 6% in 2010.” Here there were several distinguishing features: firstly, a
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psychological effect whereas automatically built QSAR models built from very large datasets were
introduced and the medicinal and computational chemists needed to trust that the automated
models were as good as or better than bespoke built models; secondly the positive effect that
management behaviors can have on the adoption of predictive methods. The role of managers
expecting predictions to be done before synthesis and then engaging in a dialogue when the results
arrive can clearly have a significant effect.

The other large area QSAR has made an impact on is in in silico ADMET profiling. Here there
is an interesting cross industry view® (from nine companies) that, beyond the technical
implementations, “Models can only be truly impactful if the organization embraces and fosters an
in silico culture; this requires a diversified approach involving in silico scientists, DMPK scientists
(in vitro and in vivo), chemists and, to some extent, management.” The lower impact of QSAR in
other aspects of drug hunting has been assigned to a lack of feedback of measured data to the
challenge and improve the algorithms and descriptors in use, and even worse: “QSAR disappoints
because we have largely exchanged the tools of the scientific method in favor of a statistical
sledgehammer”, a prescient warning for those applying newer machine learning methods.’* An
excellent guide for those aspiring to do better QSAR modelling has been provided by Dearden and
collegues®” which should be compulsory reading for those developing all machine learning systems
dealing with biological data. A critical common feature where QSAR has been more successful
has been where there have been large data sets. However even in small data sets modelling may
summarize the data in an unbiased way, and where the models are sufficiently explainable, may
direct a team as to where more data needs to be gathered or where there are early indications of

SAR.
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A retrospective analysis from Genentech®® highlights several key strategies important for the
successful implementation of both QSAR and structure based drug design. A significant part of
the analysis is the way in which computational chemists and medicinal chemistry are organized to
work together. Computational chemists are not over stretched, with a maximum of 2 projects to
deliver against, which enables them to be full project team members, not just “service providers”.
This aligns their performance management with that of the project teams which clearly incentivizes
computational and medicinal chemists to work together. Considerable effort is described in
delivering software integration so that medicinal chemists can easily perform routine tasks and
computational chemists are freed to conduct specialized analysis and modelling. Software
development is focused on integration and automation of informatics tasks to ensure that the data
is available to work on and effort is concentrated on the critical task of project teams: deciding on
which experiment to do next.

A more descriptive culture is discussed by Stahl and co-workers from Roche in Basle in their
publications on knowledge capture in wiki format,* a set of case studies of what actually has
worked in their experience* and a reflection on the process of attempting to capture the research
process itself.*! Here again, the challenges of the interaction between the medicinal chemist and
computational chemists and informaticians is emphasized, in particular in the need for the software
engineers to understand the actual problems that the medicinal chemists are facing. In particular
there is an appreciation of the richness and complexity of the research process. There is the
concern that in capturing the process in software some critical aspects of understanding may be
lost: “Earlier generations of medicinal chemists worked with pen and paper to jot down ideas as
well as to document their work. Are today’s more rigid electronic systems a hindrance to

creativity?”. The ideal would be to have an electronic lab journals that would automatically
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classify and cross link concepts during the ideation process of medicinal chemistry. Some
understanding of what may be possible is shown in the automated natural language processing of
large patent corpuses where chemical names can be linked to structures, reference numbers
correctly identified and tables extracted.*> This would enable a comparison to be made between a
more ‘free wheeling’ approach to creative medicinal chemistry and one where work flows are
more enforced in order to work easily with computational tools.

At the opposite end of the spectrum is the recent disclosure from the Molecular Design Group
at GSK where they introduce their approach to creating a fully integrated automated molecular
design system developed internally named BRADSHAW .# A set of common computational
medicinal chemistry tasks have been automated, and exposed via a web interface. These were
chosen to be those both frequently needed and where a lower level of specialist knowledge is
required to carry them out. The critical tasks were identified as molecule generation, compound
profiling, multiparameter ranking, substructure filtering, active learning, experimental design for
array reagent selection and automated Free-Wilson analysis. Currently it is focused on
cheminformatics and machine learning methods recognizing that 3D and physics-based techniques
such as FEP+ are still in a development phase where more expert control is needed. Having built
the system there is however a brief discussion on how it fits into the working of a chemistry lead
optimization team : “Is it as a complement to the creativity of the team, or should the automated
system become the fundamental workhorse for the team which is complemented by suggestions
and decisions by the human supervisors? We feel these answers will become clearer as the platform
is further tested in prospective applied scenarios”. This challenge is at the heart of how well the

emerging generation of machine learning and Al methods will change our disciplines.
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Taking control of Al in medicinal chemistry

With the experience we have already gained as a field we should be able to consider how the
new generation of machine learning tools will impact, and even more importantly how beyond
machine learning, how Al methods can contribute. Taking the algorithms of image** and text
analysis* and applying them to ligand interactions,* quantum mechanics*’ and QSAR;* the new
dogma is that data-driven representations can displace the physical chemistry and quantum
mechanical understanding of molecules, and that synthetic chemistry knowledge can be replaced
by data-mining based reaction and route prediction.*-! The hope (and marketing) is that all that
expensive expertise in both medicinal and computational chemistry can be at least equaled if not
improved upon by data-driven methods. As many have pointed out however, in misquoting Peter
Norvig of Google “data is unreasonably effective” - you do need an eye watering amount of it
before machine learning methods can deliver significant improvements. This is where the
challenge comes: the new generation of machine learning methods are indeed highly effective with
enough data but, unlike in many of the success stories where data has been harvested from
consumers(in the case of commercial recommender systems and satellite navigation, at low to zero
cost) the cost of making and testing compounds still is in the $100's to $1000s per compound. It
may be that the past poor behaviors of some medicinal chemists now come home to haunt them.
Although reaction prediction software is currently expensive, training on easily available and
highly relevant patent chemistry enables computational chemists to access synthetic feasibility and
route planning estimates more easily than persuading a recalcitrant medicinal chemist.>! Coupling
this with access to CROs who will synthesize compounds on demand, the opportunity for

computational chemists to bypass medicinal chemists should be appealing. There is, of course, a
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catch. Currently the models created by machine learning systems are clearly well below what
would be needed for them to be reliable.’*>* Those with little experience in real drug hunting
having read the literature could hold the view that it should be relatively simple to automate. Just
follow the Rule-of-Five, reduce lipophilicity, make common substitutions and cyclize / de-cyclize
and all will be well. Unfortunately, the medicinal chemistry literature often paints too rosy a view
of how a team rationally followed a logical track with the occasional strike of good fortune (the
unexpectedly good result beloved of patent attorneys). It is easy to see how inexperienced novice
drug hunters applying undertrained Al systems could tip our disciplines into the Al hype cycle
"storm of disillusionment". In the management literature this is well recognized as an issue for
highly skilled isolated professionals as the “zoom into doom loop”’3 where rather than evaluating
where systems are going wrong and improving them, the defensive emotional response is to
disparaged systems (or their creators) and abandon them. In this situation our goal should be to

navigate a better path rather than blame each other.

A way forward

So what to do? Several organizations have proposed the "Augmented or enhanced chemist"
option - the "Centaur system" with the machine learning and Al “horses body” doing the heavy
lifting of calculations and data wrangling, with the human head making the strategic decisions and
keeping the system from making ridiculous suggestions or not backing off quickly enough when
an inaccurate measurement leads you astray.® This is an appealing image and has good precedent
in chess where centaur teams of multiple AI systems with humans can outplay any single

grandmaster.’” However, drug hunting is not a game, and the risk is that in the same way that
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offshoring synthetic chemistry in the 1990's was marketed as “enhancing teams with additional
flexible resource” enhancement may rapidly turn to replacement once the extra resource is good
enough. It also does not address the critical issue that current systems built on small data sets are
still not, by objective measures, very good.

In the short term the need to deliver compounds to the clinic will mean that the human part of a
centaur team is essential. Although there has been significant work in quantifying the applicability
domain of models, these are essentially models of the perimeter of a system and validating the
domain of applicability appears to be as hard as validating the model itself.’*-*> Once again, the
developments in other fields with vastly more data do not easily transfer to drug hunting with
smaller data sets and hard to describe molecules. There is still a significant role for chemists to
play in assessing whether a prediction should be in or out of domain of a model. At a technical
level, the number of possible compounds that conservatively change a hit/lead compound is still
staggeringly high. This means strategic decision making and situational analysis: understanding
what phase a project is in, what the critical issues are and what data and techniques to apply to
narrow the prospective chemistry space will be a human task for a while, but we should still heed
the words of John von Neumann(vide infra), if we can gather the data and choose to attempt
encoding it, even these tasks may be automatable in time. One can imagine using the established
Biopharmaceutical Classification System® as one method for assigning the situation a lead
optimization project is in and defining the strategy to apply. The automation of strategic analysis
been proved possible complex “toy” systems.** to assume it requires uniquely human skills is

probably displaying a certain hubris.

17



For the next decade a more secure approach is to develop explainable and auditable Al systems
and rigorously measure and improve their quality. While systems are still unreliable, we need to
understand their working and direct compound synthesis and data gathering to where knowledge
is missing to improve them. This should be the shared goal of medicinal and computational
chemists, to generate the data and build the models that can go forward to deliver better drug
hunting systems. Medicinal chemists cannot simultaneously claim that medicinal chemistry is
some kind of mystical art that only they have the insights to understand and, at the same time,
maintain you can train a medicinal chemist to be competent in 5 years after a PhD in synthetic
chemistry. To quote John von Neumann “You insist that there is something a machine cannot do.
If you tell me precisely what it is a machine cannot do, then I can always make a machine which
will do just that.” Within this framework, the computational chemistry community also needs to
be a part of generating new compounds and data, and changing their systems accordingly. Despite
the discomfort, those building models need to appreciate, possibly by personal experience the
challenge experimentalists face. It is slowly becoming more common for a medicinal chemistry
lecture to include some computational chemistry as a rationale for why a particular course was
taken in the development of a series. In the same way, we need to see more computational
chemistry presentations include "so we went and had the following compounds made, tested and
then refactored our model when the results didn't match our prediction". Even: “I joined the team
that made the compounds and saw the effect low solubility had on measurements.” Both of these
obviously represent a threat to established practice, and it will be a challenge for us as a discipline
to step away from some of our more defensive reflexes including the pride in ignorance of
computational tools, or “it wouldn’t be safe for me to be back in alab”. As described earlier, both

medicinal and computational chemists have a strong sense of professional identity, and both of
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these pictures of change are difficult because they represent a change in our own perceived identity.
For competent, confident and curious scientists this should not present a problem as key parts of
their professional skill set are pragmatic self-appraisal and learning new skills; however, we need
to recognize that the for the less confident individuals more support may be needed. There is
precedence in many other domains in adopting a more “productive reasoning” strategy, generating
testable data, building monitoring into Al systems to continuously report their performance and

openly discussing the professional threats Al systems bring.?!

This issue of the Journal of Medicinal Chemistry is a start point in addressing the opportunities
for the application of artificial intelligence to medicinal chemistry. However there is much more
to do: we need to set a new set of editorial and reviewer expectations that modelling publications
should be expected to include new compounds made and tested and, equally, medicinal chemistry
publications should always show how the compounds proposed performed compared to models,
or if they were inspired by data analysis how that that process was applied. This will drive
collaborative working and improve the training of PhD students not to be masters of multiple
domains, but to be able to collaborate better with other specialists. Another lever to apply is to
funding and reviewing bodies. We need to set the expectation that for research in medicinal
chemistry and the drug hunting aspects of computational chemistry the combination of calculation,
making and testing compounds is a minimum. Whether this is public, corporate or charitable
support, all should hold to a better standard. Inevitably this will drive academic training to expect
the combination of calculation and measurement, and to have the next generation of researchers
equipped to move our disciplines forward. It may result in a fundamental shift in the behaviors of
chemists; if working in cross disciplinary teams becomes the norm in our training, we may become

better team workers as a discipline. Though uncomfortable, this is not unheard of in other physical
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sciences where ‘big physics’ requires large interdisciplinary teams to work together on long term
complex projects. We have just been funded to work more in academic silos than perhaps has
been good for us. A further marker for the current state of play is the organization of scientific
meetings and conferences. Currently, medicinal and computational chemistry meetings operate in
isolated parallel streams. American Chemical Society National meetings are one of the most
obvious examples of this where the MEDI and CINF/COMP sections operate in ignorance of each
other despite the incredible value both communities could gain from understanding each other’s
problems and ideas better. Usually they are even geographically separated, making it hard for the
casually curious to swap between streams. Similarly, the Gordon Research Conferences for
Computer Aided Drug Design (CADD) and Medicinal Chemistry operate as two distinct groups
with only a rare individual crossing between the two. The opportunity for learned societies to
enable cross disciplinary meetings is obvious. We need to create spaces where computational and
medicinal chemists can meet and share their challenges and successes to drive forward drug
hunting. A challenge here is that conferences represent communities of practice and the organizing
groups of regular conferences enjoy some positional power. Redrawing the boundaries of these
communities is a challenge to those currently in power: the risk is that in not evolving they may
become irrelevant. As ever, here is little new under the sun and Paul Janssen is quoted as having
recognized the general version of the problem “A good scientist is someone who succeeds in
getting the different scientific disciplines to work in harmony with one another”.® This is, of
course, a choice, the alternative is to allow the tension between medicinal and computational
chemists to hobble the development of Al systems, which then fail to deliver improvements and

fulfill the easy predictions of the naysayers and medicinal chemistry suffers another AI winter. In

20



those circumstances though both disciplines will have played a defensive strategy and won some
small scale security in the short term: in the longer term we will all have all lost.

It will not be enough however for just computational and medicinal chemists to collaborate to
create the Al systems that will advance compounds to the clinic faster. Chemists work within
organizations and therefore there is a role for their managers to take on. Making the changes to
how chemists work will require addressing two sets of challenges for research managers. Firstly,
they have a critical role in demonstrating that the adoption of AI methods is to become part of the
new drug hunting culture. Scientists are adept at observing their managers and distinguishing
words from actions and noting which is to be followed. There are two classes of actions:
“superficial” actions such as statements of organizational philosophy, physical spaces,
organizational rites like internal prizes, and organizational structures, and the “core” change
activities such as who is rewarded, promoted and removed from organizations, which departments
are resourced especially in constrained times and how leaders respond to crises. Ideally the
superficial and core activities would be aligned, but if the superficial is changed while the core
remains the same, or even undermines the declared intent, wise chemists will pay attention and
avoid following fashion where clearly managers are not “walking the talk”. These are well-
established organizational principles.®® The second aspect is for chemistry managers themselves
to recognize and respond to the challenge that Al brings in triggering a defensive response in
themselves and their teams. This in itself is likely to be problematic. Most chemistry managers
have the experience of coming from either the medicinal or computational side of chemistry and
thus will be less familiar with the other discipline. They will by virtue of seniority in many cases
have lived through previous hype cycles of QSAR, automated retrosynthetic analysis, structure-

based drug design, high throughput screening, combinatorial chemistry and automated chemistry.
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It would be easy to see the current wave of Al methods as being another wave destined to shine
for a brief while then fall back into finding its place. A cautious manager would allow some
experimentation and watch the external environment while not committing to real change while
allowing others to take the risks, while delivering current projects into the clinic. It’s easy to sell
this approach as being safe, showing strong leadership, rational and of course keeping focused on
the essential immediate task of delivering new therapies for patients. We believe, however, that
significantly more courage is needed, but that leaders do not need to buy the hype uncritically.
Possibly uniquely, one of the facets of Al is the need to gather data for the application of machine
learning methods. So rather than just accepting the promises, systems must be put in place that
gather real information on whether and how well systems work and use this data to evaluate and
improve them. In turn, Al systems can then be constantly monitored to look for errors and drift
and seek opportunities to feed back to computational chemists the areas for improvement in the
science. This means that the cautious manager can extract some early benefits from a system, and
where they need to justify further investment in automation with results, be able to show how the
system is performing on a smaller scale before larger investment. Real embedding of Al methods
in chemistry will require the automation of compound design, synthesis, testing and then
optimization. Automated data collection will enable the application of machine learning methods
to all aspects of the chemical part of drug discovery, and then analysis, further validation and
optimization. Some companies have already started to capture how hypotheses deliver when
compounds are made and tested, including the proposals from automated systems into this seems
an obvious extension.?*#1%7 There is evidence that when this is done and managers are more
assertive, chemists will respond accordingly as AstraZeneca Sodertalje demonstrated in using

QSAR models for solubility to improve the compounds synthesized.** An implementation
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challenge here is that the monitoring aspect of Al implementation is more software and systems
engineering than science. The learning from the implementation of high throughput screening,
and fragment-based drug design is that to really gain the benefits, processes need to be
industrialized which means that Al systems need to be moved into a production engineering
framework, with testing, monitoring and planned maintenance. A challenge for the management
of such groups is that the people that are interested in creating new systems are not the people to
industrialize them. In a research environment, the people who industrialize systems need to be
properly recognized for the contribution they make. Production systems should be judged on
scalability, reliability and robustness rather than novelty and performance which are more the goals
for research scientists. The demands put in place to make a production system reliable makes them
less flexible which may be frustrating for the computational chemist, however to deliver working
systems for project drug hunters, industrialization is essential.

Once systems are reliably in place, there is the opportunity to move into active learning: the
systematic approach to generating experiments where some fraction of the compounds or reaction
conditions suggested are proposed as being the “best new compounds / reactions” and another
fraction are proposed deliberately to enhance understanding.®® This is usually described as the
exploit/explore balance, a completely familiar concept to medicinal chemists who talk about
“exploring SAR”. This also shifts the dialogue between the three parties — with data gathered the
value of Al approaches can be assessed, medicinal chemists can be challenged on their application
of methods, and computational chemists on the accuracy and applicability domains of approaches
adopted. Managers themselves have evidence to work from in justifying investment in equipment,

training and the change process itself.
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Are the behaviors we have observed culture specific?

This article is written from the perspective of the large American-European Pharmaceutical
company sector. Over the last seventy years the organizations, systems and behaviors we have
evolved in this culture have brought us this far, and delivered some superb therapies. New entrants
to drug discovery from either the technology sector or other geographical regions have the option
to choose new behaviors. Those coming from a pure data science background may hold the belief
that “no domain knowledge is necessary” and models can be inferred with sufficient data. It can
be a rude awakening to discover that there isn’t enough data (by orders of magnitude) and that
both biological and chemical systems can be remarkably unforgiving and complex. Finding the
right way to incorporate the background domain knowledge of established drug hunting while
exploiting the innovations of modern Al approaches is a significant challenge. There is the risk
that with the need to acquire staff with critical domain skills in medicinal and computational
chemistries they may also import the same defensive behavioral models that are the root of many
of our issues. Alternatively, they may be able to start with a cleaner slate, or perhaps greater
awareness of the pitfalls ahead and find it easier to overturn unhelpful inherited customs and

practices.

First steps in the way forward

We believe that in developing high quality artificial intelligence systems to aid us in drug hunting

the collaboration between medicinal and computational chemists is essential. A different way of

working, embedding data capture from the start, for every aspect of drug design, including
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hypothesis generation by human or machine, will allow us to make comparisons and improvements
based on evidence rather than falling back into defensive behaviors. Sometimes, it can be easy to
lose sight of why most of us are involved in medicinal and computational chemistry: the science
is in the service of clinical improvement. Although the changes that the integration of Al systems
brings will require a challenge to our sense of what it is to be a medicinal or computational chemist,
the satisfaction of delivering therapies to the clinic makes the price worthwhile. We need Al to
help us because the low hanging fruit are long gone: we need to apply our very best approaches to

deliver therapies for new generations.
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