
Will LLMs and Agents Eat Drug Discovery?

Aspects of Goals, Data, and Decision Spaces 

Andreas Bender

andreas@bio.bi

Full slide deck at www.drugdiscovery.net



Outline

1. What does it mean to ‘discover’ a drug?

2. History repeats itself

3. ‘Agentic’ science

4. On data and decision spaces – some quantification

5. Classification of decision types for automated discovery

6. Beyond (only) data and towards better decisions



1. What is this thing actually, ‘Drug Discovery’?

- Drug discovery implies: 
‘We don’t have enough! 
We shall set our sails and 
we need more, we need 
to… discover!’

- But … hypotheses are 
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1. What is this thing actually, ‘Drug Discovery’?

- Drug discovery implies: 
‘We don’t have enough! 
We shall set our sails and 
we need more, we need 
to… discover!’

- But … hypotheses are 
(always were!) cheap and 
plentiful

- Drug discovery is about 
removing what doesn’t 
work, to retain what works

The point is not to stick in more up there…

The point is to have more come out down here

… by 

having the 

right 

hypotheses 

and 

selection 

criteria in 

place

‘More’ is of 

limited use 

as we will 

see



Drug discovery is… sifting through plenty of options, in data-

poor spaces

Paul et al., How to improve R&D productivity: the pharmaceutical industry's grand challenge. Nature Reviews 
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Drug discovery is… sifting through plenty of options, in data-

poor spaces

- We live in an abundance of 
drug discovery world!

- We don’t need to ‘discover’, 
we need to de-risk!

- As some say: ‘Fail fast, fail 
cheap’

- Personal preference: ‘Kill fast, 
kill early, and kill completely’ 
(Novartis postdoc seminar, MA, 2008)

Paul et al., How to improve R&D productivity: the pharmaceutical industry's grand challenge. Nature Reviews 

Drug Discovery 2010, 9, pages 203–214 (2010) 
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What matters 

is the 

right 
compound in 

the right 

patient (dosed 

in the right 

way)

Everything 

else matters 

less. Far less.

Fast is good

Cheap is good

But better is better



But the slight problem is…

- We need to do this de-risking in 

- High-dimensional (‘100-1000s’ of dimensions)

- Rugged (local)

- Data-poor (sometimes only 100s of data points!)

- Meta-data (context)-incomplete decision spaces, which also generally have

- Low predictivity for human translation!

We need to take care of (selected list): On-targets, Off-targets, 
Bioavailability, Solubility, Cmax, Half life, Microsomal stability, 
Accumulation in organelles, Accumulation in organs, Permeability, 
Target engagement, Organ Toxicity (Major Organs: Liver, Kidney, 
Lung, CNS, Cardiovascular) plus other ‘minor’ organs…  



A 10% better predictive validity is worth ca 10-40x 

the number of compounds tested (!)

Jack and I agree: 

 “We need better, not 
more (of not good)”

0.1 better predictive value is 
worth ~40x the throughput (!!!)

Scannell et al. Predictive validity in drug 

discovery: what it is, why it matters and how to 

improve it. Nature Reviews Drug Discovery 2022



But we (often) don’t really have ‘good’ 

Proctor WR et al.. Utility of spherical human liver microtissues for prediction of clinical drug-induced liver injury. Arch Toxicol. 2017 Aug;91(8):2849-2863.

Rudolf AF et al.. A comparison of protein kinases inhibitor screening methods using both enzymatic activity and binding affinity determination. PLoS One. 
2014 Jun 10;9(6):e98800. 

Left: Clinical DILI liability related 

to Cmax-corrected organoid-

derived IC50 values, with low 

correlation between both values 

(lower liability index values 

indicate higher clinical liability)

Right: Low correlation of 

enzymatic and thermal-shift 

derived activity data.

Solely feeding such data with low 

predictivity into ‘AI’ models will not 

lead to better individual decisions, 

and hence clinical outcomes.

Figure by Jack Scannell



Similar low predictivity for in vivo readouts – e.g. toxicity

Positive toxic event concordance of toxicity is ‘quite good’:

 ‘The results showed the true positive Human Toxicity concordance rate of 71% 
for rodent and nonrodent species, with nonrodents alone being predictive for  
63% of Human Toxicities and rodents alone for 43%.’

 Regulatory Toxicology and Pharmacology. 2000;32(1):56-67

     … BUT… 

 ‘Our finding that absence of animal toxicity is of limited predictivity for the 
lack of adverse events in humans was already reported in previous studies’ 
Regulatory Toxicology and Pharmacology. 2018;96:94-105

For other examples (related to efficacy) see e.g. Perel, P. et al. Comparison of treatment 
effects between animal experiments and clinical trials: systematic review. BMJ 334, 197 
(2007) & https://humanspecificresearch.org/the-reality-of-drug-discovery-and-development
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Is bigger, is more better (in terms of data)?

- How much data do I want? MBs? GBs? TBs? PBs?

- Single-cell and time resolved and multimodal and multiomics…?

- I want precisely 1 bit of data (per decision that needs to be made)

- But the right bit – the one that tells me, ‘yes or no’ (is this the right 
molecule, for the given purpose, etc)



Lots of illusions about ‘data’… we need ‘more’, 

we need ‘better’ data…

- Sequencing… why did it happen? 

- Expectations: More drug targets etc

- Did not happen – data not usually 
sufficient for this purpose (with some 
exceptions)

- But we can enumerate ‘building blocks’, 

which is truly important!

- Currently Biohub… transcriptomics data

- 1.8b of mostly taxpayer money

- ‘Sudden realization’ of what 
transcriptomics data does (and doesn’t) 
tell us will probably come around 
2028/2029

Bender et al., Nature Rev. Drug Discov. 2026

- Too little consideration of predictive value of 

data

- Too little consideration of which data we need 

for which purpose



Shalita & Amit, Nature Biomed Eng. 2026 https://doi.org/10.1038/s41551-026-01785-6

Blue: data – up; red: drug approval – (mostly) flat

So how does all that data really help us currently?



Bottom line

- Drug discovery is not about ‘finding many shiny new 
things’, it’s about de-risking and reduction to practice

- The task is complex (multiple reasons given), the data 
we have is largely insufficient

- In short: Quality of translationally relevant decisions is 
what matters most



2. History repeats itself 

(selected works)

https://www.wheresyoured.at/credit-crunch/
NASDAQ 

Composite

That’s what they said here…

6 Oct 2026
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History and Context – Things Repeat Themselves

'Say goodbye to the costs and frustrations associated 
with writing software: The Last One will be available 
very soon. The Last One is a computer program that 
writes computer programs. Programs that work first 
time, every time.

By asking you questions in 

genuinely plain English about what 

you want your program to do, The 

Last one uses those answers to 

generate a totally bug-free program 

in BASIC, ready to put to 

immediate use.’

D.J. ‘AI’ Systems Ltd., 1981
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Current state: The 3rd wave of computers in drug discovery 

(80s, 2000, today) – time for realistic assessment has come
Fortune cover 1981 Recent headlines (2018 -…)

Many things changed (hardware, algorithms, 

amount of data, metadata annotations, etc.) – but 

some essential ones, in many areas, did not/not 

really:

Disease understanding, early-stage assays 

predictive of human (in vivo) endpoints



3. Agentic science

IBM: ‘An artificial intelligence (AI) agent is a system that autonomously 
performs tasks by designing workflows with available tools.’

‘Tech’ is trying to hijack human associations of terminology, 
Anthropomorphisms abound (‘thinking’, ‘reasoning’, ridiculous debates 
about ‘consciousness’, ‘goals’, ‘decisions’, etc etc)

‘We are able to engineer our way out of (bio-)science’ and ‘this [the 
agent] is one of us’

My personal definition: Agents are sets of weights and function calls

Huynh et al., AI agents in drug discovery: applications and case studies Drug Discovery Today 2026

https://doi.org/10.1016/j.drudis.2026.104650 

https://doi.org/10.1016/j.drudis.2026.104650


Different agentic architectures
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Different agentic architectures

Huynh et al., AI agents in drug discovery: applications and case studies Drug Discovery Today 2026

https://doi.org/10.1016/j.drudis.2026.104650 
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Examples (with 

the aim to 

characterize)

‘Comprehensive 
literature analysis for 
molecular prioritization’

Two very distinct parts:

- Information compilation 

(patent extraction etc)

- Report and 

prioritization

All examples and headings taken from Huynh et al., AI agents in drug discovery: applications and 

case studies Drug Discovery Today 2026 https://doi.org/10.1016/j.drudis.2026.104650 

https://doi.org/10.1016/j.drudis.2026.104650


In silico ‘toxicity 

prediction’ (consumer 

goods, not pharma)

- Compile information about 
parent compound 
(cashmeran)

- Tool use for generating 
metabolites

- Tool use for predicting 
endocrine activity, based on 
dataset compiled with 
NIEHS 

- Predicted parent compound to be rapidly 

metabolized (to carboxylic acid; high 

polarity/poor membrane permeability)

- Decreased risk of endocrine disruption

Narrower use case; expert-tailored tool use



Automating protocol design and execution 

(qPCR assay design)

- Compile literature, draft protocol (MIQE reporting)

- Aligned with ICH, FDA regulatory guidelines

- Translation to script

- ‘Information + Form + Goal -> Structured, Goal-Directed Output’



‘Accelerating drug discovery with Virtual Scientists’

- From identifying TA; compiling data, target ID, to virtual screening

- >100 very heterogenous tasks integrated; can be tailored to use case

- From information gathering to expert tool use to prioritization (need to be looked at 
individually)

- Emphasis on information flows as much as individual ‘agents’



‘Drug repurposing for 

rare diseases’
Traverses disease, pathway, protein, 
compound, safety prediction/tool use 
space

Information compilation and prioritization

Tricky! – High-dimensional, information-
poor data spaces, data points lack meta 
data, unclear predictivity…



What do we see (publicly) from big pharma?  E.g. AZ – focus on 

interface and process (as opposed to decision making/prioritization)

Interface and process tools, to enable scientists
He et al., Democratising real-world drug discovery through agentic AI, Drug Discovery Today 2026

https://doi.org/10.1016/j.drudis.2026.104605 
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What do we see (publicly) from big pharma?  E.g. AZ – focus on 

interface and process (as opposed to decision making/prioritization)

Interface and process tools, to enable scientists
He et al., Democratising real-world drug discovery through agentic AI, Drug Discovery Today 2026

https://doi.org/10.1016/j.drudis.2026.104605 

Interface

Pipeline/

Process

https://doi.org/10.1016/j.drudis.2026.104605


Agents for decision making 

in pharma

https://liangchang.substack.com/p/i-asked-2-ai-agent-teams-to-run-20 

- Mostly agree with each other

- But small sample sizes; mostly ‘go’ decisions 

documented, so small and biased validation



Integration with machines/physical world (both 

sensing/input; and actions/output, iteratively)

‘Embodied/physical AI’ 
as next big trend

Integration of AI and 
external interface

Example here: Reaction optimization, including 

synthesis design, execution, and optimization



https://www.rdworldonline.com/anthropic-wants-claude-to-run-life-sciences-rd-now-it-is-wiring-ai-
agents-into-the-lab/ 

https://www.anthropic.com/news/model-hardware-standard-research-preview 

- 2024 Model Context Protocol (MCP)

- 2026 Model Hardware Standard (MHS) 

Failure mode: 

‘Human experts had 

to intervene when 

Claude misread 

errors caused by 

bubbles as software 

failures and initially 

responded in a way 

that produced more 

foam.’



Benchmarks, but…

We are in an ‘Illusion of progress’ 
situation…

Another benchmark saturated:

Recommended album: Staind, 

‘The Illusion of Progress’



But when translating to ‘the real world’ there are very 

few prospective, translationally relevant applications

‘Drug repurposing for acute myeloid leukaemia’

- Biminetinib found to have 7nM IC50 in AML cell lines

- … but putting a known cytotoxic kinase inhibitor with hundreds 

of data points against kinases into a cell line and finding it to be 

cytotoxic is no ‘repurposing’

- Current validations and use cases involving decision making are 

very poor and have little clinical relevance

Example from current literature 

and level of ‘validation’ performed



Other aspects of ‘validation’ to be careful with 

(selected examples)

- ‘Retrospective validation’

  Read as: ‘My model can predict yesterday’s weather’

- ‘Our agent performs better than (vanilla) LLM X’

  Read as: ‘We consciously neglected state-of-the-art (domain-specific) 
 solutions and used an artificially degraded baseline’

- No full data on results presented (precision and recall etc):

  Read as: ‘We have no idea if the model worked, we have hand- 
  picked the presented examples anyway’ 

Etc.

- The proof of the pudding is in the eating – not ‘validation’, but application

- If a small start-up can’t go the whole way there are reasons, well-capitalized 
companies don’t have any of those excuses   
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4. On data and decision spaces

- Years ago I discovered the ‘power of literature validation’, 
say linking a target to a disease

- The beauty of it: It always works

- Experience using e.g. knowledge graphs for compound 
selection/repurposing

- 2 or 3 hops, and you are everywhere in your network, entirely unable 

to prioritize (globally; locally you sometimes get more lucky)

- Everyone happily waffles (LLMs, people, irreproducible data, …)

- There is just more and more stuff to wade through

The common problem that emerges: Precision!



Let’s look at some numbers – e.g. hit finding
- 500k out of /170m library are likely ‘hits’ against D4 (estimation); ~0.3%
 Ultra-large library docking for discovering new chemotypes

 https://www.nature.com/articles/s41586-019-0917-9

- 0.1% hit rate (up to ~1%) in HTS, biased library
 Changing the HTS Paradigm: AI-Driven Iterative Screening for Hit Finding

 https://pmc.ncbi.nlm.nih.gov/articles/PMC7838329/

- Why does it work? Large space (~1060), but biased libraries, local 
precision of model gives reasonable hit rate (as opposed to global model 
used in an unbiased library requiring high accuracy)

- Biases we can exploit in screening are in the order of 10dozens (!!), 
say similarity to metabolites etc



More complex biological decision spaces have fewer 

helpful biases, say dosing a compound in vivo

- Ca 7,000 genetic diseases, approx. 20,000 total

- Say 20,000 genes/targetable entities

- 400m disease-gene pairs

- Pharmacology, dose, clinical endpoint, PK, more complex 
organismal biology, ..…

- >109 gene-indication-dose-pharmacology combinations

- Genetics gives 2.6x improvement (Minikel et al.), as opposed 
to 10dozens (!)

- Far too small helpful bias to get lucky by chance



Quantifying dug discovery: Precision of statement  

as function of accuracy of steps/conditions

- If drug discovery had only 10 conditions (it has more) and every 
condition has a precision of 0.7 overall precision is only 3%!

- Compare to clinical overall technical Probability of Success of 5-15% 
(Ph1->Approval) - we are doing quite well in this complex space!

Precision 

of 

individual 

condition

Precision 

of 10 

steps/ 

conditions

0.9 35%

0.8 10%

0.7 3%

0.6 0.6%

0.5 0.1%



E.g. global searches fail, without proper 

heuristics (only data is not enough)

https://www.fiercepharma.com/sponsored/pharma-doesnt-have-ai-problem-it-has-information-problem 

Counterexample: 

- Large 

hypothesis 

spaces

- Not 

constrained 

locally

- Not 

constrained 

globally

https://www.fiercepharma.com/sponsored/pharma-doesnt-have-ai-problem-it-has-information-problem
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Moving towards more realistically quantifying 

drug discovery

- We need to do this de-risking in 

- High-dimensional (‘100-1000s’ of dimensions)

- Rugged (local)

- Data-poor (sometimes only 100s of data points!)

- Meta-data (context)-incomplete decision spaces, which also generally have

- Low predictivity for human translation!

We need to take care of: On-targets, Off-targets, Bioavailability, 
Solubility, Cmax, Half life, Microsomal stability, Accumulation in 
organelles, Accumulation in organs, Permeability, Target 
engagement, Organ Toxicity (Major Organs: Liver, Kidney, Lung, 
CNS, Cardiovascular) plus other ‘minor’ organs…  



Slightly more realistic plot overall, say 20 conditions 

… at 0.5 precision overall precision drops to ~10-6

Precision 

of 

individual 

condition

Precision 

of 20 

steps/ 

conditions

0.9 0.1%

0.8 0.01%

0.7 0.001%

0.6 4*10-5

0.5 9.5*10-7



Additional problem: lack of reproducibility of (life 

science and other) research; lack of negative data



Problems: False positives, and lack of true negatives

- For de-risking precision of statements is key

- Small sample sizes, biases, multiple hypothesis 
testing etc increase number of false positives in 
statements

- Publication bias decreases number of true negative 
statements

- Estimates:

- False positives ~50% (Ioannidis PLoS Medicine 2005) – 

71% (Prinz et al. NRDD 2011)

- Publication bias ~80% of negative results are not published 

(Fanelli, PLoS One 2010), lack of true negatives



Taking false positives, lack of true negatives 

into account… even in low-dimensional spaces 

precision drops rapidly!

Precision 

of 

individual 

condition

Precision 

of 10 

steps/ 

conditions

0.09 0.01%

0.08 0.001%

0.07 8*10-5

0.06 4*10-6

0.05 9.5*10-8
• Even precision of statements involving quite few conditions drops

• Relevant for low-dimensional statements (repurposing etc.)



Plus technical problems: LLMs necessarily 

hallucinate; are currently overconfident

- Matters more for some tasks than others

- Generally has detrimental effect on precision of statements 
though



Bottom line: 
Automated decision making will not be a piece of cake

We operate in

- High-dimensional

- Rugged (local)

- Data-poor

- Meta-data (context)-incomplete decision spaces, 

which also generally have

- Low translational predictivity

 

- We need precision (to de-risk) BUT

- We have (apart from the above problems!) too 

many false positives, and too few true negatives to 

do so 

- Leads to lack of precision in de-risking, and 

arriving at true positive statements



Bottom line: 
Automated decision making will not be a piece of cake

We operate in

- High-dimensional

- Rugged (local)

- Data-poor

- Meta-data (context)-incomplete decision spaces, 

which also generally have

- Low translational predictivity

 

- We need precision (to de-risk) BUT

- We have (apart from the above problems!) too 

many false positives, and too few true negatives to 

do so 

- Leads to lack of precision in de-risking, and 

arriving at true positive statements

Our data often does not 

allow us to ‘fail fast’!
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Three types of models can support decision 

making (both by humans and agents)

- Defined search space, preferably low-dimensional, smooth 
surface, filled with data

- logD prediction

- Local searches, supported by heuristics (yes, novelty trade-off, 

but otherwise we have insufficient precision)

- Virtual screening – good hit rates in biased libraries (heuristic)

- Local precision

- Global, meta-level heuristics (more tricky case since global)

- E.g. ‘5Rs’ – right drug, patient, tissue, target, dose



5. Classification of decision spaces

- Three categories of steps in workflows, and in agents

- Input

- Process

- Decision making

- Where different metrics matter, where 
hypothesis spaces are of different sizes



Andy’s Agent Assessment Attempt (AAAA)

Task Input Process Decision

Primary Metric Recall Accuracy Precision

Size of Space Medium Low(-ish), 

defined

High

Metric achieved Can be 

high

High (if 

explicit)

In vivo: Low 

(Low predictivity 

of labels, few 

heuristics 

available)

E.g. in HTS: Can 

be high (high 

predictivity of 

labels, good 

heuristics)

Combination of relevant metric and characteristic of search space shows very 

different fit-for-purposeness of agents in different situations



Spaces are too large to be filled with data!

- Also (and in particular!) ‘spatially and time-resolved multi-
modal multi-omics single cell (etc)’ data

- Hypothesis spaces 

- 1060 small molecules but helpful heuristics and biases

- >109 target-disease-pharmacology-dose combinations (in vivo, not 

even considering more complex PK and safety) with fewer helpful 

heuristics and biases

- 1g of tumor contains 109 cells, each cell 106 proteins, different 

states, interactions, function of time, different in individuals, …



6. What now? Merging data and knowledge

‘Faster’ and ‘cheaper’ will not be sufficient – we need to be 
better how we explore hypothesis spaces:

- Constrain functional form (fewer free parameters)

- Constrain dimensionality

- Local (instead of global) searches

- Use heuristics/biases

- ….

- E.g. using pathways, start with known drug, have a solid 
mode of action hypothesis …



What did the old masters do right?

Sir James Black went right to the matter of things

Personal reflections on Sir James Black (1924–2010) and histamine. 
https://link.springer.com/article/10.1007/s00011-010-0269-2  

… while we 

now prefer to 

dance around 

the problem a 

bit (tech, data, 

throughput, etc) 

https://link.springer.com/article/10.1007/s00011-010-0269-2
https://link.springer.com/article/10.1007/s00011-010-0269-2
https://link.springer.com/article/10.1007/s00011-010-0269-2
https://link.springer.com/article/10.1007/s00011-010-0269-2
https://link.springer.com/article/10.1007/s00011-010-0269-2
https://link.springer.com/article/10.1007/s00011-010-0269-2
https://link.springer.com/article/10.1007/s00011-010-0269-2


Biases and heuristics 

abound… biases are good!



What creates value? Balancing 

economic benefit of decisions 

with ability to do so with data

Automated discovery may work in
- Low-dimensional spaces

- Data-rich spaces

- Spaces where we can define (and evaluate) 

an objective function

E.g. hit finding, repurposing where 
efficacy models are available, materials 
discovery, …

Economic value quite possibly comes 
more from

- De-risked and lower-dimensional spaces

- Where data is available

Say, good and fast fast-followers



It is up to us what the future looks like

Good 7 choices to solve a problem Not so good

Sir James Black wants to find 

antihistamines

Define problem in search 

and endpoint space

‘We just generate data’, ‘we 

have a new tool’ etc

Sir James black starts with 

histamine

Heuristics to make 

hypothesis space smaller

Brute-force, high-throughput

Picks right assays (in vivo, 

predictive validity)

Experimental setup with 

predictive signal

‘Cheap and fast’

Makes analogues based on 

understanding and data

Technically appropriate 

enumeration of search space

Brute-force won’t win against 

numbers

(After trial and error) detects 

positive examples, w/ control

Ability to detect positive 

signal

Cheap doesn’t translate

(Assay is translational) Validate translational proof 

point

Failure in the clinic

Scale-up etc Productionize Project dead

Data and/or 

understanding can 

lead us here!

Tech first and ‘data 

without a cause’ 

leads us here



Take-home message

1. Drug ‘discovery’ operates in an abundance setting, and de-risking 

is what matters 

2. We generally operate in data-poor environments (where ‘data 

poverty’ has many aspects; predictive value, dimensionality, etc)

3. Size of hypothesis space, predictivity of data for translationally 

relevant decisions, matter for process impact

5. Agents are (broadly speaking) good for input and process, less 

so for (high-dimensional, data- and heuristics-poor) decisions

6. Combination of data and knowledge, and aligning 

understanding, data, model, use case, and real life application 

are key to get anywhere

Slides: www.drugdiscovery.net - Contact: andreas@bio.bi 
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