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REVIEWER COMMENTS 

Reviewer #1 (Remarks to the Author): 

interesting study on applying artificial intelligence to extract the latent ranking of molecules based on 

whether they would be preferred in a drug discovery programme. The authors applied established 

ranking algorithms to a new setting and were able to bias the results towards (or away from) molecular 

features that influence the decisions taken by experienced medicinal chemists but are not captured by 

commonly used scoring functions, such as the QED values, NIBR filters or the Rules of Five. Those results 

are of great use to any molecular discovery community where large numbers of structures are 

generated but then the datasets are reduced to human-tractable sizes. 

The study is well-structured and the shortcomings of previous reports are clearly highlighted. I 

particularly liked the study design that tried to account for biases in ranking responses, such as the 

anchoring and the left/right bias. As a result, inter- and intra-rater agreements were really good for the 

 with the 

study design and methods choice. I have a minor question about data filtering and curation. I really liked 

how care was taken to remove salts, normalise tautomers and neutralise atoms. While I guess that the 

decision to remove compounds with more than 10 rotatable bonds is based on their excessive flexibility, 

I am not sure why those with more than three fused rings were also neglected as many FDA-approved 

drugs (e.g., steroids, alkaloids, tetracyclines) have many fused rings. I do not think this invalidates the 

study design or findings in any way, I just think it warrants a side comment on why those decisions were 

taken. 

The manuscript was easy to follow while maintaining a communication style. Technical details of the 

learning to rank and active learning tasks could be found in the associated GitHub repository. I was also 

able to easily find the data containing the 5,276 rankings necessary to reproduce the study. However, I 

had trouble finding the data pertaining to the analysis and interpretation. In particular, I found the 

discussion on fragment preference useful  many of the desirable and undesirable fragments make 

intuitive sense. I was hoping to explore that fragment scoring data to see how often certain fragments 

appear in the FDA-approved drugs but could not find the fragment and their associated scores in the 

repository. Perhaps it could be documented a bit more so that the interpretation is easier to reproduce 

and expand. 

Along the same vein, I would love to have seen a bit more interpretation of the results summarised in 

an orthogonal perspective that MolSkill scores provide. It is also not surprising that the strongest 

correlation was found with the QED score, which attempts to capture drug-likeliness. What I found 



surprising is how (relatively) well-correlated fingerprint density was, as to me that would suggest that 

more structurally complex molecules would be preferred over the less feature-rich ones. However, that 

could be just an exemplification of my personal bias towards easier-to-make molecules rather than 

potentially active drug molecules. 

Overall, I greatly enjoyed reading the manuscript. In particular, it was interesting to see how the 

resulting model captured years of institutional and personal know-

Perhaps the title is slightly misleading, as the model acquired such intuition from a linear stream-lined 

-the-l

purely semantical. After all, one could consider the active learning approach to minimise the uncertainty 

f we  as chemists 

any chemical intuition as a result but the model certainly has captured a significant part of it, which 

definitely makes it useful. I would love to see it published and I am certain it will be adopted by the 

many different communities with interests in cheminformatics and machine learning in chemistry. 

Reviewer #2 (Remarks to the Author): 

Learning chemical intuition from humans in the loop 

Oh-Hyeon Choung, Riccardo Vianello, Marwin Segler, Nikolaus Stiefl1, and José Jiménez-Luna 

The authors present a well-written manuscript and report a study where they aim to replicate the lead 

discovery & optimization process by applying AI for learning-to-rank compounds based on feedback that 

was obtained from 35 chemists at Novartis over the course of several months. They evaluate the 

usefulness of the learned tasks such as compound prioritization, motif rationalization, and biased de 

novo drug design. The developed models and code are made available through a permissive open-

source license. This study will be of interest to the drug discovery readership and community but I have 

serious questions on the appropriateness for a Nature publication and the underlying assumptions made 

on the discovery process. 

This study is reminiscent of a publication from several years back in the Journal of Medicinal Chemistry 

Assessment of the Consistency of Medicinal Chemists in Reviewing Sets of Compounds 

https://pubs.acs.org/doi/10.1021/jm049740z (which the authors cite). Many of the experiments and 

conclusions are similar to the previous publication. The advance made here is the AI/ML algorithm that 

has been developed. So I question the novelty of the study for a Nature publication. 



Secondly and more importantly, the days of drug discovery and development where teams of medicinal 

chemists select compounds based on their chemical intuition is long gone! It is data-driven decisions 

based on multi-property biological profiles that is the norm in therapeutic area project teams today. The 

study would have been better or more enhanced (and Nature quality) if AI/ML method were developed 

based on close-in analogs of particular compounds within a chemical series + the features and chemical 

desirability (that the authors here have enabled) to discriminate between superior profiles (and thereby 

compounds) as defined by project teams. Chemical desirability profiles are only one factor in the 

process. 

While this work is worthy of a publication, it lacks the novelty and relevance of what is happening 

currently in the industry in drug discovery project teams that this is certainly not Nature quality. Better 

sent to ACS journals such as Journal of Medicinal Chemistry or Journal of Chemical Information and 

Modeling for review and publication. 

Reviewer #3 (Remarks to the Author): 

The key message of the study 

The article (Choung et al.) showed that by using Artificial Intelligence -developed based on human 

decisions - 

-like tasks for the development of AI in this context, the paper gives a significant 

contribution to the drug discovery process, human decision-making in complex situations, and the 

development of human-like AI and their interactions. 

Validity 

On a technical level, the validity of data collection, interpretation, and conclusion is robust and 

-to-rank 

g binary decisions is a task that is in 

real work of medicinal chemists. I don't mean that the authors should collect new material, but the 

quality of the work would be improved if the authors were aware that overly simplistic approaches give 



a too narrow and difficult-to-generalize picture of human behavior. It would be good to refer to, for 

example, Jolly & Cheng (2019), Hasson et al. (2020), or Suomala & Kauttonen (2022) in the introduction 

and/or discussion to be conscious that it is possible to create more multidimensional experiments today. 

studies in cognitive psychology - and decision-making studies is welcome (Again in the Introduction 

or/and Discussion). 

Significance 

The manuscript has high potential significance in decision-making among drug discovery campaign 

contexts. In the future, the au -

making, choice, and behavior in general in complex real-like situations in cognitive science and 

economics, if researchers in the future change the experiments more real-like [from pairwise learning to 

complex situation learning; see Jolly & Cheng (2019)]. 

Data and methodology 

Although I have applied artificial intelligence with my colleagues in the study of human decision-making 

and behavior, my role has been in formulating hypotheses, producing experimental setups and their 

contents, and interpreting the results. This is because my abilities are not sufficient for technical-level 

analysis of AI codes. However, on a meta-level, I have an understanding of the steps involved in utilizing 

and creating AI requires human intelligence to simulate studies. Based on this meta-level expertise of AI 

my conclusion is that the data and methodology of the manuscript are on an excellent level. 

Analytical approach 

Statistical tests have been implemented matter-of-factly and professionally. 

Suggested improvements 

As I wrote above, more analysis on a theoretical level is welcome. Especially about the problems of too 

We are living in 

the middle of a replication crisis and one of the causes of this crisis might be too simple experiments. At 

the very least, researchers should be aware of these problems. 

idence from psychometric studies 

and decision theory suggesting that humans find it inherently hard to sort items according to their 

important for the authors to also highlight the problems such "binary decisions" approach causes in the 

study of human behavior. It is at least two problems relating to this simplistic approach: the simplistic 

approach targets research hypotheses to things that are not relevant in people's real decision situations 

(See, f.ex. Camerer, 2013; Hayden & Niv, 2021; Suomala & Kauttonen, 2023; Yarkoni, 2020). The second 

problem is that the cognitive bias research tradition (Daniel Kahneman and others) uses this simplistic 

approach as a benchmark for rationality. Then they found that humans are irrational because they do 

have not consistent preferences, and use emotions and contextual cues when making decisions. 



However, there is growing evidence that human is rational because they have intuitive models, can 

flexibly behave in different contexts, and uses emotions to achieve personal goals (Gershman, 2019; 

and essential properties of the system (artificial or biological), which behave in a complex situation with 

limited energy (See Gershman, 2021). 

This critique of mine is meant to help the writers perfect what is already an excellent manuscript. It 

would therefore be good for the authors to briefly reflect on the limitations at the theoretical level (in 

the Introduction/Discussion) caused by simplified experimental setups (which are admittedly still the 

mainstream in the behavioral sciences). 

Clarity and context 

See previous comments. One technical detail: You should explain more specific information about Figure 

1 in the headline text. Maybe you can divide the Figure into the A-, B- and C-parts and explain the phase-

by-phase research process. 

Conclusion 

I am not an AI expert on a technical level. Thus I can not review the codes of AI. However, I understand 

the pipeline of this kind of research and on the meta-level the paper is very good and the information 

has been presented clearly. This is an excellent paper. Some theoretical analyses are welcome (See 

above). 

Reference list of the publications I referred to in my review above. Maybe some of these help authors 

finalize their manuscript: 
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University Press. 
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REVIEWERS' COMMENTS 

Reviewer #1 (Remarks to the Author): 

The revised manuscript by Choung et al. addresses all my previous comments and clarifies the points 

that could have been confusing to the reader. Authors’ argument about the feature richness in

molecules with greater fingerprint density resulting in more specific drug binding make prefect sense 

and were not obvious to me beforehand. I am very happy to see the inclusion of more data in the 

accompanying repository and I agree with the authors that the manuscripts value is strengthened by the 

availability of an open-source package (MolSkill) that can be easily deployed in different pipelines. 

I would also like to support Authors’ view that the manuscript provides substantial advances that could 

have otherwise been lost among the readership of more specific journals. Coming from a non-medicinal 

chemistry background, I strongly believe that I would have probably missed the study (unless brought to 

my attention by citation alerts) if published in the Journal of Medicinal Chemistry, for example. At the 

same time, I am very interested in modelling molecular synthesisability and believe it to be an unsolved 

problem of great importance to a wide range of chemical sciences. The methods presented by Choung 

et al. are scientifically robust and can be redeployed in other areas of chemistry with relative ease. 

Another major strength of the manuscript is that MolSkill does not depend on arbitrary metrics (such as 

the Lipinsky Rule of 5) and indeed tries to capture the intuition of medicinal chemists more holistically. 

While I agree with Reviewer 2 that it is a complex data-driven multi-property problem, it is nonetheless 

useful to include human judgement in that complex data array in an automated fashion. 

Reviewer #3 (Remarks to the Author): 

The authors have taken into account my comments in the manuscript and I have nothing more to point 

out. 



Reviewer #1 (Remarks to the Author): 

The revised manuscript by Choung et al. addresses all my previous comments and 

clarifies the points that could have been confusing to the reader. Authors’ argument 

about the feature richness in molecules with greater fingerprint density resulting in more 

specific drug binding make prefect sense and were not obvious to me beforehand. I am 

very happy to see the inclusion of more data in the accompanying repository and I agree 

with the authors that the manuscripts value is strengthened by the availability of an 

open-source package (MolSkill) that can be easily deployed in different pipelines. 

I would also like to support Authors’ view that the manuscript provides substantial 

advances that could have otherwise been lost among the readership of more specific 

journals. Coming from a non-medicinal chemistry background, I strongly believe that I 

would have probably missed the study (unless brought to my attention by citation alerts) 

if published in the Journal of Medicinal Chemistry, for example. At the same time, I am 

very interested in modelling molecular synthesisability and believe it to be an unsolved 

problem of great importance to a wide range of chemical sciences. The methods 

presented by Choung et al. are scientifically robust and can be redeployed in other areas 

of chemistry with relative ease. Another major strength of the manuscript is that MolSkill 

does not depend on arbitrary metrics (such as the Lipinsky Rule of 5) and indeed tries to 

capture the intuition of medicinal chemists more holistically. While I agree with Reviewer 

2 that it is a complex data-driven multi-property problem, it is nonetheless useful to 

include human judgement in that complex data array in an automated fashion. 

Many thanks for your kind words and your valuable feedback and support in the review 

process. We are excited to see what the community will use the package for / build 

upon.

Reviewer #3 (Remarks to the Author):

The authors have taken into account my comments in the manuscript and I have nothing 

more to point out. 

We’d like to thank you for your useful feedback in the last revision. 


