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Abstract

Over the last decade, the combination of collective intelligence with computational methods has
transformed complex problem-solving. Here, we investigate if and how collective intelligence can be
applied to drug discovery, focusing on the lead optimization stage of the discovery process. For this
study, 92 Sanofi researchers with diverse scientific expertise participated anonymously in a lead
optimization exercise. Their feedback was used to build a collective intelligence agent that was
compared to an artificial intelligence model developed in parallel. This work has led to three major
conclusions. First, a significant improvement of collective versus individual decisions in optimizing
ADMET endpoints is observed. Second, for all endpoints apart from hERG inhibition, the collective
intelligence performance exceeds the artificial intelligence model. Third, we observe a complementarity
between collective intelligence and Al for complex tasks, demonstrating the potential of hybrid
predictions. Overall, this research highlights the potential of collective intelligence in drug discovery.
The entire dataset, including questionnaire responses, and developed models are available for access on

GitHub.
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Introduction

Chemical intuition can be defined as the ability of experienced chemists to anticipate the outcomes of
chemical reactions, predict molecular interactions, and envisage the impact of structural modifications
on a compound's properties. This intuition, honed through years of practice, guides chemists in the
complex, multi-step process of drug discovery. During the ADMET (Absorption, Distribution,
Metabolism, Excretion, and Toxicity) drug optimization stage, medicinal chemistry intuition is often
employed to estimate the pharmacokinetic properties of a molecule based on its similarity to known
compounds. In an industrial setting, this intuition combined with in silico property prediction models
drive the multiparametric lead optimization process.!? Recently, the responses of 35 chemists on binary
medicinal chemistry questions were provided as input to an artificial intelligence (Al) learning-to-rank
framework. This work led to the development of an implicit drug-likeliness scoring function, able to

capture aspects of chemistry not covered by other computational counterparts, i.e., metrics and rule sets.®

While medicinal chemistry intuition in drug discovery relies heavily on individual experience, know-
how and personal bias,*>® collective intelligence (Cl), i.e., the capacity of a group to solve complex
problems, has shown considerable improvement in reinforcing human decision-making.” Collective
intelligence thrives on significant group size, participants diversity as well as different data aggregation
methods. It can outperform the capacities of individual group members and even surpass experts in
complex tasks.”® Cl effectiveness lies in its ability to merge multiple viewpoints into a cohesive answer,
thereby mitigating the impact of individual decision biases, reducing noise, and harnessing the plurality

of ideas, knowledge bases, and cognitive approaches.

Collective intelligence and chemical intuition have already been combined in the fields of metal-organic
frameworks® and inorganic chemistry experiments.’® Nevertheless, the most striking scientific results
have been produced for the prediction of biological structures through the Foldit initiative.!* As of now,
Foldit has been applied to other related fields such as small molecule and protein design.!? Recently, a

similar crowdsourcing approach was adopted for RNA design and folding prediction.**!* Only a few
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examples exist where collective intelligence has been applied to the decision making in drug
discovery.®%® Often drug discovery and in particular the stage of lead optimization relies heavily on
singular experts or small project teams, however, as illustrated by Hong and Page,® groups with diverse
perspectives can outperform like-minded experts. In the context of drug design, this diversity, referred

to as heterogenous collective intelligence, could yield a more efficient process.

To deliver a unified and reliable approach for compound prioritization, we investigated whether the
application of collective intelligence can improve the decision-making process in ADMET optimization.
We conducted an experiment with Sanofi scientists with an expertise ranging from Pharmacokinetics,
Structural and In vitro Biology to Molecular Modeling and Medicinal Chemistry. This endeavor aimed
to compare the performance of collective versus individual input. By employing various aggregation
methods, we aimed to understand the critical factors influencing collective intelligence’ success rate
(SR), such as the confidence of the participant in a specific answer and their medicinal chemistry
expertise. Furthermore, we examined potential medicinal chemistry pitfalls from collective decisions
that might lead to optimization bias. We finally sought to assess the performance and potential support

from an Al model to individual and collective decision-making processes.

Results

This section is organized as follows. First, we provide an overview of the data we obtained from our
experiment, and we illustrate the existence of a correlation between the responses of the participants and
their medicinal chemistry background and confidence per response. Second, we assess the performance
of collective intelligence per ADMET endpoint, examining how team composition and aggregation
method influence the collective outcomes. Finally, we explore the collective biases encountered in
medicinal chemistry during the exercise and underscore the complementarity between Al and ClI

responses.
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Overview of the experiment and analysis of the collective intelligence

During the experiment, 92 participants with diverse scientific background and roles in drug discovery
were asked 74 ADMET optimization questions (Figure 1a). Participants self-rated their medicinal
chemistry expertise on a scale from level 1, corresponding to minimal knowledge, to level 5,
corresponding to medicinal chemistry experts (Figure 1b). Due to technical limitations, the experiment
was divided into two sessions of 37 questions each. For each question participants were given a chemical
scaffold and asked to choose the ‘best’ of three proposed substituents for a specified ADMET endpoint
(Figure S1). Additionally, for every answer, participants were required to rate their confidence in the
selected substituent from 1 (low) to 5 (high). The experiment yielded a total of 6,808 responses and their

corresponding confidence levels.

The median of the global performance defined as success rate (SR), i.e., correct responses over the total
number of questions, was 43%, while we observed a lowest and highest success rate of 8% and 73%,
respectively (median and outliers of blue violin plot in Figure 1c). Here, skill groups correspond to the
expertise scale defined above and provided by each participant. Global median aligns closely with group
3 (43%) and is lower than groups 4 (52%) and 5 (58%). One out of four participants had a success rate
of more than 50%. As a reminder, each question had three possible answers and the random success rate

is expected to be 33%.

The Collective Intelligence (CI) response is defined as the answer selected using a “democratic”
approach, i.e., most frequent response per question. Globally, the CI response exceeded the median SR
for all expertise-based groups as well as for the global group, by up to 18% (Figure 1c). Based on these
SR, groups 1 and 2 and groups 4 and 5 can be merged into ‘hon-Experts’ and ‘Experts’ cohorts,
respectively. Nevertheless, participants from group 3 exhibit diverse performances, ranging from as low
as 20% to 62% SR, demonstrating an unreliable self-evaluation in agreement with previous studies.®
Interestingly, characterizing group 3 participants as ‘Experts’ does not significantly affect the ‘Expert’

SR which is 56£6% when only groups 4 and 5 are considered versus 52+7% when group 3 is also
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included (Figures S2a and S2b). To validate our choice to include group 3 in the ‘Experts’, we
performed an a posteriori analysis where we classified as ‘non-Experts’ all participants with individual

SR less than 50% and those with SR more than 50% as ‘Experts’ (Figure S2c).

Individuals with higher self-assessed expertise displayed greater confidence in their answers (Figure 1d
and S3a). For instance, 81% of level 5 experts assigned a confidence level greater than or equal to 3
(Figure S3a). In contrast, non-experts predominantly chose the lowest confidence value (Figure S3a),
and no correlation was shown between their SR and confidence (Figure 1d). However, a confidence
level above 3 combined with an expertise level above 2 consistently led to a SR exceeding 50%,

highlighting the significant effect of confidence and expertise combined on achieving high success rates.

The questions chosen for this study focused on five endpoints: the partition coefficient (logP),
distribution coefficient (logD), aqueous solubility (logS), apparent permeability (Pap), and hERG
inhibition (Figure 1e). Over half of the questions are related to aqueous solubility and distribution
coefficient. Significant variations in the SR are observed for the different endpoints. While logP,
permeability, and solubility endpoints achieved higher median SR of ~40% or more, hERG and logD
present median SR close to the random benchmark of 33% (Figure 1f and S4). Cl demonstrated
effectiveness across most of these endpoints. For logP, it remarkably exceeded the median individual
SR, achieving 100% with all participants. Similarly, for solubility and permeability, Cl improved SR by
~20% in both cases (white-filled circles, Figure 1f). However, for hERG CI did not enhance

performance, while for logD and SR improvement of approximately 10% was observed.

Interestingly, the prevalence of low and medium confidence responses was uniform across different
endpoints (Figures 1g and S3b). This suggests that confidence proportions are more influenced by the
characteristics of the group rather than the specific endpoint. Nonetheless, for endpoints like logP and
permeability, there is a distinct correlation between confidence levels and SR. Conversely, for the hERG
endpoint, no such correlation was apparent, indicating that in more complex problems, confidence may

not be the key determinant of high SR.

https://doi.org/10.26434/chemrxiv-2024-0hww3 ORCID: https://orcid.org/0000-0002-0752-3539 Content not peer-reviewed by ChemRxiv. License: CC BY-NC-ND 4.0


https://doi.org/10.26434/chemrxiv-2024-0hww3
https://orcid.org/0000-0002-0752-3539
https://creativecommons.org/licenses/by-nc-nd/4.0/

; o HHHE

Group 5
9.8%

Group 4
9.8%

92 participants

s

Group 2
26.1%

Group 1
33.7%

Group 3
20.7%

Permeability
16.2%

74 questions
LogP

20.3%

LogD
12.2%

hERG
16.2%

Success Rate (%)

Success Rate (%)

20

QO Collective Intelligence

hERG

logD  Solubility Permeability
ADMET Endpoint

LogP

ADMET Endpoint
LogP

LogD
Solubility
Permeability

|
|
|
|
mm hERG

o
o]
e}

Confidence
w
9]

YT Expertise

g

sflo e O o e
40 o O © e
%sOoQOO
" e © o O

hERG LogD  Solubility Permeability ~LogP

ADMET Endpoint

80

10

@
3

] 8
Success Rate (%)

@
k)

] 8
Success Rate (%)

w
&

n
s

I
n
=3
=3

wn fy
[=] [=3

2
“ 53

n
@
=3

O

o =
=] I
=3 b=3
S S

@
=
=3

r
I}
=

O

Figure 1: Overview of the collective intelligence experiment and main results. a) Distribution of the

questions in the questionnaire. Each box corresponds to a question colored by endpoint. b) Participants’

partitioning per self-labeled medicinal chemistry expertise. ¢) Violin plots of the SR by expertise level

for each group (color code as in 1b) and all participants (blue). The median is shown as a horizontal line

across the thinnest part of the boxes. The error bars correspond to the interquartile range. The collective

SR are shown as white-filled circles, while the outliers are depicted as small circles. d) Bubble plot of

the number of responses (size) and mean SR (color) dependence on medicinal chemistry self-labeling

and confidence level per question. €) Endpoint distribution of the 74 questions. f) Violin plots of the SR
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for each endpoint (colors as in ). The remaining plot features are as for ¢. g) Bubble plot of the number

of responses (size) and mean SR (color) dependence on endpoint and confidence level per question.

To further investigate into these observations, we built a 2D map using the UMAP*” method to visualize
the participants' space based on their answers and levels of confidence (Figure S5). Each dot on the map
represents a participant, with its position determined by the similarity in the participants’ responses and
confidence levels. Interestingly, experts and non-experts, occupy distinct areas with different SR.
Nevertheless, participants self-labeled as level 2 or 3 are dispersed, and sometimes found in areas
occupied by experts (Figure S5a and S5b). These results suggest significant noise in the self-assessed
expertise levels. In the second part of the exercise (session two), the participants seem to have
understood the difficulty of the questions and adjusted appropriately their level of expertise. This is

indicated by the improved separation of expertise levels (Figures S5¢ and S5d).

Overall, our analyses demonstrate that the primary determinant correlating with the SR is the level of

confidence to each question.

Collective performance dynamics and the effect of aggregation methods

This section of the study is focused on understanding how different aggregation methods affect the SR
of CI in drug design, particularly considering factors such as confidence, expertise, and participants’
population. To this end, we varied the sample size from a single individual (which in fact corresponds
to the median SR of the participants) to the maximum group size of 92 participants. For each iteration,
all unique combinations of individuals without permutations were analyzed to determine a distinct
collective SR distribution. The evolution of this SR was analyzed based on the ADMET endpoint,

expertise group, or aggregation method (see Figure 2 and Sl Figures S6-S12).

The collective responses were obtained using six different aggregation methods: the ‘democratic’

approach (most frequent response), log confidence weighting (log odds), fuzzy logic aggregation,
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confidence weighting, expertise weighting, and co-weighting by expertise and confidence. Using the
demaocratic approach, the SR increased by 15% when going from a single to 20 participants, reaching a
maximum of 60% when all participants are considered (Figure 2a). Expertise weighting nullified the
effect of collective intelligence, while log confidence weighting achieved a 5% increase with only 15
participants compared to the most frequent SR. This effect is noticeable for smaller teams, but it becomes
less pronounced and diminishes as the group size increases. These results indicate log confidence-based

aggregation could be an effective aggregation method, enabling high collective SRs with smaller teams.

The evolution of CI SR was also analyzed across expertise groups (Figures 2b and S6). The non-expert
group requires over 40 participants to reach a SR of approximately 50%, whereas the expert and mixed
groups surpass 55% SR with only 10 (experts) and 15 (mixed) participants, respectively. This suggests
that an effective CI team for drug design should ideally include some experts and consist of a minimum
of 15 members. Notably, the ClI SR difference between an all-expert team and a mixed team was
minimal, with the mixed team requiring ~5 more participants to achieve comparable results using the

log odds aggregation method (Figure S6).

The collective performance dynamics were also analyzed for each endpoint independently (Figures 2c,
2d and S8-S13). Using mixed-expertise teams, an 80% SR can be achieved with just ten participants
for logP (Figure 2¢). This trend also held for permeability and solubility (Figures S8 and S9). However,
for hERG, over 70 participants were needed to exceed a 50% SR. A noticeable result is that in particular
for hERG and only for the groups that include experts the best performing aggregation method is the
one that accounts for the expertise level (Figure 2d, S10, and S12). A less pronounced and more unclear

expertise influence was noted for logD (Figures S11 and S12).
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Figure 2: Evolution of the collective success rate. a) Collective SR for all endpoints using different
aggregation methods. The collective answer is either obtained using the ‘democratic’ (most frequent),
the confidence-weighted (log odds), or the expertise-weighted aggregation method. b) Collective SR for
all endpoints using log odds for the different participants’ groups. ¢) Collective SR for logP and for all

participants. d) Collective SR for hERG and for all participants.
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Medicinal chemistry pitfalls

This section aims to uncover potential biases in collective decision-making for optimization tasks. A 2D
t-SNE*® map was built to represent the chemical space, with each point corresponding to a compound
(Figure 3). The set of all unique compounds used in the questionnaire is termed as ‘CI library’. This
set, consisting of 193 compounds, was projected on the t-SNE map (Figure 3). The map reveals that no
endpoint, among the five studied herein, occupies specific areas, indicating the diversity of the chemical
set used despite its relatively small size. Some compounds overlap between endpoints as they were
derived from the same research work, albeit they are not structurally identical. When examining the SR
mapping, the performance appeared sparse, with only three distinct clusters of very low SR regrouping

hERG and logD, or solubility and permeability (Figure S13).
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Figure 3: t-SNE map of the ClI library. Each point represents a unique compound colored by a) ADMET

endpoint and b) the success rate of the related question.

To better understand the collective errors or misconceptions of the participants, the worst-performing
guestions were examined. The structures selected by most participants were compared to the correct

answers to try to investigate the origins of the errors (Table 1).
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Table 1: Selection of challenging cases from the CI questionnaire. The table presents the collectively

worst predicted examples, i.e., worst success rate per ADMET endpoint.
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There are multiple strategies to enhance permeability depending on whether it is a passive diffusion
issue or linked to a transporter. Those strategies involve increasing lipophilicity and moving from
ionizable groups to non-ionizable groups. Additional optimization plans are, for instance, reducing
polarity, altering flexibility, replacing polar groups by isosters, lowering hydrogen bonding or favorizing
intramolecular hydrogen bonding. In case 2 from Table 1, the correct answer was a tertiary amine,
known to be less basic, but the majority of participants selected the pyrrolidine derivative. The observed
difference versus the dimethylamine analogue was very difficult to expect, and a posteriori analysis did
not permit to rationalize this result as the clogD of both derivatives were quite similar. For instance, in

case 1, it was challenging to foresee the impact of unsaturation to imidazolidinone on permeability.

For questions related to solubility improvement, the participants often favored polar compounds,
adhering to the common knowledge that increase in polarity typically leads to better solubility.?’ Yet, in
case 3, the selected choice corresponds to compounds undergoing structural changes that impact
dissolution more than polarity. Participants aimed at increasing the polarity linked to the ethylene glycol
moiety, but the logP was similar between both compounds. Factors affecting solid state destabilization
(e.g., solid states, packing) might have weighted more and led to 3-4 fold difference in thermodynamic
solubility. In case 4, where substructures known for enhancing solubility competed, the corrected answer
was the less common cyclopropyl-substituted N-methylene piperazine.?® Responses were even split,
when experts chose N-methyl piperazine derivative whereas naive participants favored the morpholine
analog.?®?° None of the groups selected the corrected answer. In hindsight, medicinal chemists concurred
that cyclopropyl can be considered as a bioisoster of alkene moiety or also a phenyl ring, and as such, it
did not occur to be a strategy to improve solubility.*® Notably, while logP rankings were accurately
predicted, the misjudgment stemmed from evaluating with errors the weight of contributing phenomena,

an effect exaggerated probably by stressful testing conditions.

Despite its direct relation to logP where CI was shown to be effective, logD-related collective decisions
showed limitations. This effect arises from pKa's influence on logD, making it hard to predict a
compound's ionization state, especially with multiple ionizable sites and mesomere interdependence.:

Cases 5 and 6 exemplify this complexity, where altering nitrogen positions in the aromatic cycle and
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introducing groups like methyl or O-methyl complicates the intuitive evaluation of inductive effects

beyond common rules.®?

hERG affinity prediction also proved challenging, due to its dependence to both a compound's intrinsic
properties and its interaction with the hERG channel, known for its flexibility and the structural diversity
of its binders.®® In case 7, participants chose a compound with an acidic moiety on a saturated ring, a
choice that had the double effect of favoring a more acidic moiety and likely avoiding n-n interactions
typical in the hERG binding site. Nevertheless, the correct compound relied more on electronic effects
on its aromatic moiety. For case 8, the choice was guided by the characteristic of the molecule which
displayed reduced basicity and steric hindrance with bridge moiety potentially leading to lower hERG
affinity. Yet, the correct answer, demonstrating lower hERG affinity, corresponds to a molecule that

likely adopts a non-traditional binding mode, diverging from expected interaction patterns.

Collective intelligence versus Al models

We also evaluated the performance of predictive models, specifically the ChemProp* Graph Neural
Networks (GNNSs), in similar decision tasks. GNN models, trained on curated public data (Table S1,
Figures S14 and S15), were used to respond to the CI questionnaire. Their objective was to predict
endpoint measurements and select options leading to optimal values, i.e., lower logP and logD, higher
logS, permeability, and hERG pIC50. We first compared the GNNs' SR to both individual and
confidence-weighted CI performances (Figure 4a). Subsequently, we assessed the potential of Al to

enhance the CI process (Figure 4b-e).

Across all the endpoints investigated in the present study, except for hERG, both mixed and expert-led
ClI groups outperformed individual performances, “all’ or ‘experts’, and the GNN models (Figure 4a).
The most notable differences were observed for logP and permeability, with the collective SR being 20-
30% higher compared to the GNN model (Figure 4a, shades of purple versus grey). While GNNs
matched the performance of experts (unaggregated) in logP and solubility and performed worse than all

ClI approaches, they significantly surpassed all human responses, individual or collective, in hERG
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inhibition questions. For complex endpoints like solubility and logD, results from ClI, individuals, and
GNNs were not particularly satisfactory. Interestingly, some individuals, especially in challenging areas
like hERG or logD, achieved SRs over 60%, highlighting the value of substantial expertise (Figure 1f,

small circles).

Inspired by these results, we explored the potential of additivity between GNNs and Cl, assessing their
complementary strengths. We separated the answers to incorrect by all methods, correct by human (CI),
correct by GNN or correct by both (Figure 4b-e and S16). For GNN the answer from the unique models
was taken whereas for Cl we used the log odds method applied to answers from the full cohort. Analysis
showed that GNNs provided correct answers for 20% of the questions where CI failed, while CI
succeeded in 32% of cases where GNN struggled. If one was able to combine GNN and CI correct
answers, the overall performance would improve from 60% for the collective intelligence group to 81%
with the addition of GNN, over all endpoints. The complementarity between GNNs and Cl was
particularly evident for solubility and hERG, where GNN would contribute 27 to 47% additional correct
answers, that CI missed. Overall, a potential synergy between GNN and our collective intelligence
methods would lead to an impressive SR of 87%, 81%, and 83% for hERG, solubility, and permeability,
respectively. For logP, Cl performs already exceptionally well while for logD the more challenging

questions were missed by both CI and the GNN model (Figure S16).
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Figure 4. Comparative benchmark of the success rate from individuals, collective, and predictive
methods applied to the collective intelligence questionnaire. a) Mean and standard deviation of SR for
individuals, CI and a Graph Neural Network trained on public data. The expected random SR of 33% is
shown as a dashed line. b-e) Answer success and failure ratio (y-axis) and count (numbers in boxes) for
all endpoints (b), for hERG (c), for solubility (d), and for permeability (e). The answers are grouped per

source, i.e., human, GNN (predictive model), GNN & human, and all.
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Discussion

Lead optimization campaigns are driven or are at least greatly influenced by the medicinal chemistry
intuition of the project chemist leader(s). This medicinal chemistry intuition is inextricably linked to
individual drug-likeness standards that depend on the chemist’s experience, ‘know-how’, and bias.,°,%

Thus, characterizing a clear drug-likeness signal from medicinal chemistry intuition is a challenge.

We have presented an innovative approach to accelerate the lead optimization process that combines
notions from the field of collective intelligence, medicinal chemistry, and machine learning. The
responses of 92 participants to 74 medicinal chemistry multiple choice questions offered insights on the
influence of expertise and confidence on the application of collective intelligence in drug discovery. It
is important to emphasize that both medicinal chemistry expertise and confidence per question were by
design included in our questionnaire in order to be used as parameters in the analysis and in particular

in the data aggregation process.

Through ADMET optimization tasks, we observed varying success rates over self-labeled non-experts
and experts in medicinal chemistry. A classification of participants based on SR revealed the superiority
of teams composed of individuals with varying levels of expertise over those that lacked such variation
in agreement with previous works in the cognitive science field.® A significant correlation between
confidence levels per answer and expertise was observed, with higher confidence generally aligning
with higher expertise levels. In parallel, we demonstrated that the primary determinant of SR is the level
of confidence per answer expressed by participants, illustrating its importance in decision-making.
Another noticeable result was the lack of correlation between SR and intermediate expertise levels. This
could be due to a combination of factors: over- or under-confidence among participants, varying

experience levels relative to a specific endpoint, and the inherent difficulty of the questions asked.

Performance varied across logP, logD, permeability, solubility, and hERG inhibition endpoints.
Aggregation methods that account for collective intelligence significantly enhanced the success rates
for tasks such as logP, permeability, and solubility, indicating the value of using such methods to address

these endpoints at a project level. For example, for logP, we observe an average performance of 75%
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with only 10 participants from diverse backgrounds with the log odds method that uses the information
of confidence per response to aggregate the data (Figure 2c). In practice, this and other examples
presented in the Results section (Figure 2c and S12) demonstrate the added value of collective decision-

making related to at least certain ADMET endpoints.

Our results indicate that CI methods excel for endpoints involving better understood phenomena, such
as logP, solubility, and permeability, but are less effective in complex areas such as hERG and logD.
These challenging endpoints may require more expert input, detailed structural information, expert-
focused aggregation strategies or different presentation of chemical structures, possibly including 3D
information. It is likely that the format of the questionnaire itself plays a role in the participants’
cognitive process, e.g., a chemist would probably respond differently if the whole molecule was shown
rather than only the substitution. Additionally, the brief period for responses may have limited the
comprehensive evaluation of complex chemical phenomena, such as tautomeric changes and inductive
or mesomeric effects, crucial for efficient optimization. A direction that could explain such cognitive
phenomena and possibly further improve data aggregation is the inclusion of a timestamp per question,
i.e., response time. This timestamp could help elaborate the discrepancies between intermediate
medicinal chemistry levels and SR, easily identify the most challenging questions, and further improve
the overall SR by using for example a combination of confidence and timestamp per question as an
aggregation method. Unfortunately, with the given setup we employed herein (see Methods), it was not

possible to register the specific information.

The ensemble of our results demonstrates the need for tailored collective decision-making approaches
in drug design, considering the varying complexities of different endpoints, the expertise of project
members, and the ‘expert’-‘non-expert’ ratio. We found that reweighting responses based on confidence
improved these tasks notably. Conversely, complex endpoints like hERG and logD benefited from either
an expert-dominant group or expertise-based aggregation. The study also revealed that the effectiveness
of aggregation methods varied with the endpoint and group makeup. Democratic and confidence-based
methods were particularly effective, especially with mixed groups of non-experts and experts. Overall,

the aggregation method plays a crucial role in maximizing the performance of collective decision-
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making for drug design, with different methods suiting different endpoints and group compositions. This
finding highlights the importance of carefully selecting aggregation methods based on the specific
requirements of the task and the expertise of the participants involved. As a future direction, one might
consider exploring more endpoints relevant to the lead optimization process combined with all the

abovementioned aggregation methods, response time or more project-specific tasks.

The use of GNN models in our study showcased ClI's ability to either match or outdo machine learning
in certain domains. For logP and permeability, Cl surpassed individual experts and GNNs, while in the
case of hERG, the GNN model outperformed all human approaches. Our results also underscore the
potential of synergy between Al and ClI, particularly in complex tasks (Figure 4b-e). One could envisage
a collective intelligence framework composed of numerous computational models, roughly equivalent
in number to the participating medicinal chemists. Each model would utilize distinct descriptors or
metrics, fostering a rich diversity in the decision-making process. Additionally, aggregation methods
could employ iterative voting or variable weights, balancing confidence against factors like applicability
domain scores. Such an approach might also benefit from transforming the typically discrete space of
molecular transformations into a high-dimensional continuous decision space, thereby facilitating the
identification of optimal solutions in the explored chemical series.*” An alternative framework that
would make possible such a synergy is the use of Al medicinal chemists that would operate within a
decentralized, collaborative platform modeled in a similar manner as the Future House project
(https://www.futurehouse.org/). This approach could enable a global community of researchers to
contribute and refine Al-generated hypotheses, blending diverse expert insights with machine learning

possibilities to enhance the discovery process.

Overall, our study demonstrates that for an effective collective intelligence-inspired drug design
framework certain conditions have to be set, such as clear problem framing, appropriate aggregation
methods, and a balanced team of mixed expertise, ideally comprising about 15-20 participants, to
achieve significant success rates. Our results highlight CI's relevance to drug design, particularly in
improving the quality of optimization proposals from a project team across various stages of drug

discovery. Looking ahead, further exploration of CI for intricate tasks like hERG is essential, focusing
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on refining question formats and approaches to integrate structural information effectively. Another
promising avenue is the hybridization of CI by blending human insights with machine learning models.
This hybrid approach could leverage the strengths of both, creating a potent decision-making tool,
particularly beneficial in low data regime problems. Our hope is that the ClI field will continue to evolve,

offering innovative and more effective solutions in the ever-complex realm of drug discovery.

Methods

Experimental Design

Population Description. This study involved a group of 92 volunteers with diverse levels of expertise
in medicinal chemistry and backgrounds from analytical chemistry and crystallography to in vitro
biology and data science. Before the experiment, each participant was asked to self-evaluate their
expertise in medicinal chemistry on a scale from 1 (little or no experience) to 5 (expert). Throughout the
present manuscript and supporting information, the results corresponding to each group are color-coded

as in Figure 1.

Questionnaire Preparation. The experimental questions focused on late-stage lead compound
optimization, targeting specific ADMET-related properties, often called endpoints in medicinal

chemistry terminology, namely logP, logD, permeability, solubility, and hERG inhibition.

LogP is the logarithm of the partition coefficient (P) of a compound between two immiscible phases,
usually octanol (as a stand-in for lipids or fats) and water (aqueous phase). It is a measure of the

compound's lipophilicity and is calculated as:

LogP = log (M)'

[C]water

Where [Cl,ctanor 1S the concentration of the compound in octanol and [C],,4ter 1S the concentration

of the compound in water.
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LogD is similar to logP but specifically accounts for the ionization state of a compound at a particular
pH. It is the logarithm of the distribution coefficient, which quantifies the distribution of all forms
(ionized and non-ionized) of the compound between the two phases, usually a Phosphate Buffer Sodium
(PBS) solution (corresponding to the aqueous phase) and octanol (corresponding to the lipids phase). It

is defined as:

[Cloctano
LogDpH - log([c]butfferl>'

Where [Clpyffer is the concentration of the compound in PBS buffer and [Clyctano: iS the

concentration of the compound in octanol.

Permeability quantifies the rate at which a molecule crosses biological membranes, such as the intestinal

epithelium. The apparent permeability (P,,,,) measured from in vitro assay models is calculated using

the following equation:

p _do 1
WP dt A-Cy

Where dQ/dt is the rate of appearance of the drug on the receiver side of the cell monolayer (in moles
per time unit), A is the surface area of the cell monolayer (in square centimeters), and C, is the initial

concentration of the drug on the donor side (in moles per volume unit).

Solubility (logS) is the maximum quantity of a solute that can dissolve in a given quantity of solvent at
a specific temperature, reaching a state of thermodynamic equilibrium with the undissolved solute. The
solubility of a molecule is an important factor that determines the ability to perform experimental

assessment. It is often expressed in a log scale for convenience:
Log$ = log(Ceq),
where C,, is the molar concentration of the compound in solution at equilibrium.

hERG (human Ether-a-go-go-Related Gene) refers to a gene that codes for Kv11.1 protein, the alpha

subunit of a potassium ion channel in the heart, often denoted for simplicity as hERG channel. The
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hERG channel is crucial for the cardiac action potential's repolarization phase. Compounds that inhibit
the hERG channel can prolong the QT interval on the electrocardiogram, leading to a risk of cardiac
death. hERG inhibition is measured using patch-clamp electrophysiology. This method records the

concentration required to inhibit 50% of the channel activity.

The format of each question consisted of a scaffold with one substitution site, accompanied by three
potential modifications (Figure S1). The participants were instructed to select the substitution among
the three options presented that in their opinion best improved a specific endpoint. By design the correct
answers were, for most of the questions, significantly better than the second-best option. The questions
were designed to challenge and tap into the participants’ medicinal chemistry intuition without prior
preparation (see also the comment below regarding the given time per question). Lead optimization tasks

were gathered from the literature.1?,20

21 22 23 24 25 26 38 39 40 41 42 43 44 45 46 47 48 49 50 51 52 53 54 55 56 57 58 59 60 61 62
) ) ) ) ) ) ) ) ) ) ) ) ) ) 1 ) 1 ) ) 1 ) 1 1 ) 1 1 ) 1 ) 1 )

Collective Intelligence Data Collection. Data collection was facilitated through PigeonHole,®® an
interactive platform that enables real-time survey. Our experiment was separated into two sessions that
took place on the same day, with a break of 30mins between them. The participants used QR codes to
access the questions and had 60 seconds for the first session and 30 seconds for the second session to
respond. The time was adjusted during the second session after the observation that 30 seconds per
guestion were enough for the participants. The time allowed per question was intentionally small to
account for intuitive responses, however, due to technical limitations, it was not possible keep track of
the response timestamp per participant. Participants were discouraged to interact and exchange with
each other to avoid dilution of the results, error propagation and noise between different levels in
medicinal chemistry. All participations were anonymous and labeled by the expertise level in medicinal
chemistry defined by the users at the beginning of each session. The raw data collected was then

standardized for subsequent analysis.
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Data aggregation Methods

Different aggregation methods were tested to determine the Collective Intelligence Success Rate (Cl
SR), including most-frequent (also coined as ‘democratic’ in the text), confidence-weighted, expertise-
weighted, confidence- and expertise-weighted, log odds, and fuzzy logic aggregation. Every method
assigns a score K to each of the three options available (A, B, or C) and the option receiving the highest

K score was selected as the collective answer.

Most frequent. The most-frequent or ‘democratic” method, also known as the mode, involves identifying
the value or values that occur with the greatest frequency in a dataset. It is commonly used in scenarios

where data points are categorical or discrete.

In its general form, for a dataset X = {x;, x, ..., x,}, which in our case is the {A, B, C}, the resulting

set C after applying the most-frequent method is given by:

C={x" € X Il Ky = Ky, Vx € X}, (1)

where K, represents the count of the value x for each question.

Weighting based on expertise in medicinal chemistry self-labeling. The responses are aggregated by

weighing them according to the predefined expertise levels of the participants.

For each answer x € X = {x;, x5, ..., x,} ascore K is defined as
Ly
Kx = Z Wexpertiseir (2)
i=1

Where weypertise; 1S given by
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expertise;

w ise: — SN —— .
expertise; Z?’zlexpertlse]- ] (3)

and K, is the score per question for each of the three options available (A, B, or C), L, is the number of
participants that answered x and N is the total number of participants. The resulting set C after applying

the expertise-weighted method is given by Equation (1).

Weighting based on confidence per question. The responses are aggregated by weighing them

according to the confidence given in the response by the participants.

For each answer x € X = {xy, x5, ..., x,} ascore K, is defined as
Ly
Kx = Z Wconfidencel.' (4)
i=1

Where Weon rigence; 1S given by

confidence;

Weonfidence; = W' (5)

and K, is the score per question for each of the three options available (A, B, or C), [, is the number of
participants that answered x and N is the total number of participants. The resulting set C after applying

the confidence-weighted method is again given by Equation (1).

Confidence & expertise weight. This approach combines both confidence and expertise weights for

each response.

For each answer x € X = {x;, x5, ..., x,} ascore K, is defined as

I

Kx = Z (Wexpertisei + Wconfidencei) ’ (6)

i=1
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where [, is the number of participants that answered X, Wexpertise; @Nd Weonfigence; @nd are given by

equations (3) and (5), respectively. The resulting set C that corresponds to the 74 answers is given by

Equation (1).

Log Odds. Given a set of responses where each response has an associated confidence value, the score
A for each unique answer j is calculated by summing the natural logarithm of the confidence values for

all instances of that answer.
Thus, the log odds score is defined as:

l

K, = Z In(confidence,), (7)
i=1

where 1, is the number of instances for which the answer was X, and Confidence; is the confidence

value for the i-th instance of 4'°9-°44s The answer with the highest log odds score is selected.

Fuzzy Logic Aggregation. This method employs fuzzy logic principles to aggregate data, focusing on

the degree of belief (represented by confidence) in each response to determine the most likely answer.

l
Ziil Weonfidence; (8)

K, =

Ly '

where [, is the number of instances for which the answer was x, and confidence; is the confidence

value for the i-th instance of x.

Supervised & unsupervised learning applications

In this study, we employed computational methods to investigate biases in self-labelling,
misconceptions regarding ADMET optimization, and the application of machine learning techniques to

actively improved models using insights from collective intelligence.
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Participants Map. We employed the UMAPY" unsupervised learning algorithm implementation® to
better compare individual participants from sessions 1 and 2 using projections in the 2D space. Training
data were defined as the participants answer and confidence level. Answers were converted to numerical
values (‘A’: 1, ‘B’: 2, ‘C’: 3) before scaling the data. The UMAP®® (min_dist = 0.1, n_components = 2,
n_neighbors = 15, random_state = 42) was trained without any hyperparameter optimization. For each

session, the two first principal components were projected.

Chemical Space Map. The t-SNE* (t-distributed Stochastic Neighbor Embedding) unsupervised
learning algorithm from scikit-learn® was used to build chemical maps from the 193 molecules
comprising the CI chemical library. The ECFP4% fingerprints with 2048 bits were computed from all
compounds before training the t-SNE (n_components = 2, perplexity = 30, random_state = 42) without
any hyperparameter optimization. All compounds were then projected using the two first principal

components.

Deep Learning Application

Data Gathering and Preparation. Public experimental data were sourced from three databases:
OChem,® ChEMBL,® and BindingDB.”™ These datasets encompassed a range of measures such as
Caco-2 apparent permeability, apparent solubility, logP, logD, and hERG pIC50. The datasets

underwent a rigorous curation process to ensure quality and consistency:

- Datalacking continuous values, source information, or measured under specific conditions (e.g.,
presence of MDR1/CYP P450 inhibitors/inducers, pH gradient conditions) were excluded.

- Data outside specified ranges for each measure (e.g., -8 < Papp < -2) were also removed.

- Chemical structures were then standardized through salt removal, stereochemistry elimination,
aromaticity reassignment, ionization at pH 7.4, and selection of a standard tautomer.

- In case of duplicates, a single value was assigned per unique compound by keeping the median
of the experimental value if the inter-laboratory (SDi) variations did not exceed 0.5 log (Table

s1)."
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Machine Learning Models. For the machine learning model, the datasets were divided into training
(80%) and test (20%) subsets. The ChemProp GNN model®** was trained without hyperparameters
optimization and validated on the internal test set. Training parameters were defined as follows:

epochs = 100, depth = 3, batch_size = 64, hidden_size = 300, and metric = rmse.

Performance Metrics To assess the performance of our models, we employed the coefficient of
determination (R2), Root Mean Squared Error (RMSE), and Mean Absolute Error (MAE) (Table S1).
R-squared measures the effectiveness of a model in explaining the variation in the dependent variable.
It indicates the proportion of the variance in the dependent variable that is predictable from the
independent variables, with values ranging from 0 to 1. A value closer to 1 signifies a higher degree of
model accuracy. RMSE evaluates the differences between predicted and actual values, emphasizing
larger errors by squaring them before computing the average. This metric is particularly useful in
scenarios where large deviations are especially undesirable. MAE, on the other hand, assesses the
precision of a regression model. Unlike RMSE, MAE is less influenced by outliers or significant errors,

as it calculates the simple average of the absolute differences between predicted and observed values.

Data Availability

The complete dataset from this study, encompassing survey responses, as well as the survey and
molecules used to train and test the models, is accessible on GitHub at https://github.com/Sanofi-
Public/IDD-Collective-Intelligence. We ensured ethical compliance as feedbacks from all participants

remain anonymous.
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Code Availability

We have made the trained models and all associated code used to from data analysis and generation
publicly available under an MIT license at https://github.com/Sanofi-Public/IDD-Collective-
Intelligence. For ease of integration into cheminformatics workflows, a Conda package is provided.

These neural network models were developed utilizing the Chemprop library, version 1.7.0.
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\

Figure S1: Example of the way the questions were presented to the participants. Each question had a
title that corresponded to the endpoint of interest (top), one scaffold with an R-group substitution point

to be replaced (middle) and three possible substituents (bottom).
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Figure S2: Violin plots representing the success rate by expertise level in medicinal chemistry. a) SR
for groups 1-2 (low or no background), 3-5 (experts) and all the participants. The median is shown as a
horizontal line across the thinnest part of the grey boxes. Alongside the boxes, error bars extend from
the median line to cover the interquartile range. The collective or democratic SR are shown as white-
filled circles. The outliers per group are depicted as small circles. b) SR for groups 1-2 (low or no
background), 3 (averaged and mixed level), 4-5 (experts) and all the participants. ¢) SR by non-experts,
i.e., participants with personal SR less than 50%, and experts, i.e., individuals with SR more than 50%.

The violin plot of the SR of all participants is shown again here as a guide for the eye.
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by confidence from low (red) to high (blue). b) Bar plot of the ratio of answers per ADMET endpoint.
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Figure S4: Success rate distribution for all participants per ADMET endpoint.
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Figure S6: Evolution of the collective success rate as a function of the number of participants in the

population per aggregation method. The collective SR is denoted per expertise group, from non-expert
(1-2), expert (3-5), and all participants.
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Figure S7: Evolution of the collective success rate as a function of the number of participants in the
population per aggregation method for the LogP endpoint. The collective SR is denoted per expertise
group, from non-expert (1-2), expert (3-5), and all participants. Groups are colored as in Figure S6.
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S6.
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https://doi.org/10.26434/chemrxiv-2024-0hww3 ORCID: https://orcid.org/0000-0002-0752-3539 Content not peer-reviewed by ChemRxiv. License: CC BY-NC-ND 4.0


https://doi.org/10.26434/chemrxiv-2024-0hww3
https://orcid.org/0000-0002-0752-3539
https://creativecommons.org/licenses/by-nc-nd/4.0/

Most Frequent Log Odds Weighted By Confidence

70 70 70
60 4 60 - 60 -

2

8 50 50 4 50 4

©

o

0

0

(0]

(9]

o

3 o
20 : r " r . .

] 20 40 60 80 60 80

70Weighted By Confidence & Expertise 7 Weighted By Expertise 100 Fuzzy Logic Aggregation
60 4

S

(O]

s

©

o

0w

0

(0]

(9]

o

3

w0
20

0 20 40 60 80

Figure S10: Evolution of the collective success rate against the number of participants in the population
per aggregation method for the hERG endpoint. The collective answer is denoted per expertise group,

from non-expert (1-2), expert (3-5), and all participants. Groups are colored as in Figure S6.
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per aggregation method for the LogD endpoint. The collective answer is denoted per expertise group,
from non-expert (1-2), expert (3-5), and all participants. Groups are colored as in Figure S6.
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Figure S12: Evolution of the collective success rate as a function of the number of participants in the
population per endpoint and per aggregation method.
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Figure S13: t-SNE map of the collective intelligence chemical space per endpoint. Each point represents

a unique compound colored by the success rate of the related question.
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Table S1: Performance of the Graph Neural Networks on the public internal test set on ADMET

endpoints.
Endpoints Number of unique compounds R2 RMSE MAE
LogP 10,668 0.93 0.47 0.33
Permeability 1,259 0.55 0.56 0.42
Solubility 5,012 0.48 0.68 0.52
LogD 5,347 0.84 0.60 0.44
hERG 8,050 0.56 0.61 0.43
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Figure S14: Distribution of experimental measurements from public data used for modelling purposes.
The present endpoints are expressed in 10g10(Coctanol/Cwater) for LogP, logio(cm/s) for permeability,
10g10(Chuter) for solubility, 10g10(Coctanol/ Coutrer) for LogD, and pIC50 for hERG inhibition.
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Figure S15: Correlation between experimental and predicted value per endpoint. The coloration depicts
the density of compounds as the base-10 logarithm of the number of unique compounds. Answer success
and failure count per ADMET endpoint. Answers are grouped per source such as human, GNN

(predictive model), GNN & Human, and all.
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Figure S16: Answer success and failure ratio (y-axis) and count (number in boxes) for a) logP and for

b) logD. Answers are grouped per source, i.e., human, GNN (predictive model), GNN & Human, and

all.
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