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The data-to-intervention gap

Substance use burden Our goal

. Discover interventions to treat and cure disease
1in 10 people

had a drug use disorder.

Biological data provide a starting point

: 5 R

Mental health burden @ - Gene evidence Cell profiles Perturbation data
1in 4 adults V7 How do we turn data into therapeutic hypotheses?
experienced a mental illness. Which genes should we target? Which genes should we co-perturb?
o Z © o) 1 (o)
e = ‘ oy
U.S., 2024 Z ‘ disease health

Rounded estimates. 2024 U.S. NSDUH. Drug use disorder: 9.8%, ages 12+. Any mental illness: 23.4%, ages 18+.
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Target identification: challenges and our approach

What are we looking for?

- -

Identify a target Modulate activity

#-®

Therapeutic benefit

How do existing methods rank candidates?

Gene features

Gene A - - -
Gene B - - -
Gene C - - -
F1 F2 F3 F4 F5 F6
e.g., protein interactions

ML methods

-

Druggability scores

A o—
(6]

DrugnomeAl: 324 gene-level features from 15 data sources

Three challenges

Static features
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Limited interpretability
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Incomplete labels

How does TargetSage address them?

b
"o
@ external
knowledge
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enriched
—J gene profile

Agentic Profiling

DrugnomeAl: Raies et al., Commun. Biol. 5, 1291 (2022). doi:10.1038/s42003-022-04245-
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TargetSage: Duan et al., NeurlPS 2026 (under review).
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TargetSage: integrating evidence to prioritize targets

Biological evidence

19,032 human protein-coding genes

@ Function & networks (353)

@ Chemical & antibody links (71)

482

features

— Genomic constraint (44)

@ Phenotype & disease (8)

N

Expression & sequence (6)

+ Retrieved biomedical evidence
( literature & databases)

Training examples

700 known drug targets

18,332 unlabeled genes

PHAROS: a database of drug targets
¥

= TargetSage

\ 4

Target prioritization
Gene A (HIEEENND

Gene B

Gene-specific

cone rationales

TargetSage: Duan et al., NeurlPS 2026 (under review).
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TargetSage leads across 15 benchmark tasks

Reoit: Mean score on known targets o Best baseline per task

Adjusted F1 =R, 2/ p
T

p' mean score across evaluated genes ¢ TargetSage

Pharos labels 2 tasks Druggability tiers 2 tasks
Targets of drugs and active compounds Different levels of supporting evidence
Clinical targets o¢11.2 Top-tier targets 046.5
Clinical & chemical 3.2 High-confidence *4.2
0 10 20 0 10 20
Cancer druggability 6 tasks Drug modality 5 tasks
Potential targets for cancer treatment Small molecules, antibodies and protein degraders
Cancer-relevant o——14.0 Small molecule (approved) o-¢13.2
Type-specific o— :: Small molecule (clinical+) 049.1
Pan-cancer O— 5.
i 22.6
T1 cancer 24.2 Antuif)ody (ap.pr.oved) ot
T1-T2 cancer o-¢7.8 Antibody (clinical+) Oo—417.5
T1-T3 cancer @#5.4 PROTAC o—17.2
0 10 20 0 10 20

PU learning: Bekker & Davis, Mach. Learn. 109, 719-760 (2020). doi:10.1007/s10994-020-05877-5 TargetSage: Duan et al., NeurlPS 2026 (under review).


https://doi.org/10.1007/s10994-020-05877-5
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TargetSage predicts future validated targets

Temporal label holdout and independent clinical-target enrichment

Temporal label holdout

2021

Training labels

Median rank percentile (%) |

TargetSage mmm 7.0
FT-Trans 7.4

GB 7.7

RF 8.1

LR 10.5

SVM 11.2
MLP 21.8

TabNet 28.1

ResNet
KNN
NB

0 20

Lowest median rank percentile

— 2025

90 newly clinical targets

Independent clinical targets

proteins targeted
by drugs in phase Il
or Il clinical trials.

PHAROS 2025 — ChEMBL Phase Il/ll

136 clinical targets among 11,891 Tbio genes

Top-25 enrichment odds ratio 1

TargetSage IIIEEEEEEEEEEEENE————— 4 3.2
RF 28.5
LR 22.4
FT-Trans 16.9
GB 12.0
ResNet 12.0
NB 3.6
SVM
36.6 MLP
41.3 TabNet
50.5 KNN
40 60 0 10 20 30 40 50

+51% vs. RF (43.2 vs. 28.5)

PEee
cocoo

TargetSage: Duan et al., NeurlPS 2026 (under review).
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What is cell-state reprogramming?

Directing cells toward a desired identity or functional state.

Which K-gene combination best shifts

cells toward a desired state?

Candidate genes Select K genes

G1 G2 G3

- N G7
o e o = EENED
G7 G8 G9 Joint perturbation

Perturbable gene pool l Example, K=3

Predict the state shift

Disease-associated state Control-like state

CellReprogrammer

)

@

Disease state

Takeaways Thanks

Therapeutic design:
effectiveness, feasibility, and toxicity

____________________

. Ktarget genes :

3384

O D
()

Effective state reversal

>
Toward control

Target genes

N\

Downstream genes

Feasibliity Target toxicity Downstream toxicity
N
B sma 7 A B C.
- .é @ / }normal
G @ (i o |/
cee & avoid essential -

druggable

v Vv x
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CellReprogrammer optimizes gene combinations

/ / Stage B: / Stage C: \ /Reprogramming\
Disease Classifier Perturbation Optimization Results
candidate genes cell type specific
human pre-trained (all perturbable genes) reprogramming
brain foundation EEEN RN RN EEES ,’[;j;;;m; ””” éiéa:réér;;z?eip;n’e: ’\‘
model M ' ]
learnable gene scores ' T disease transcriptome |
C AT DOEECEOOEOD -
scRNA-seq E target perturbation i

@
@

donor

=

Cell

pseudobulk
profiles

e

healthy cells disease cells

@0 FA Dg

screen

| perturbed cell
. (new state)

@

fine-tuned
foundation

CellReprogrammer: Duan et al., ICLR 2027 (under review).

kmodel

perturb-seq

DMPDIN

! (reference state)

BOB0 GO0

s

differentiable top-K selection
OOmCOCC .-

apply perturbation direction
[o][o][¥][o][o][o](o](*][0](t]0] -+

evaluate objective
O @ A @

O O No
XSO ( D)
@ > (@ o O § O s
A fine-tuned |  disease o
FM classifier
feasibiity - targettoxicity: .~ consensus

y
okl Bz e
oxcly | seed3  EEICH

®. _{"\J : ¢
\ N0 l i stable core D.Dy

1 ’ - s Y
/" Microglia & moclobemide, ...

] ™ oo -

: ;{f L * fine-tuned FM
M OeOEeOEEd -
¥ =  reprogrammed ranscriptome

disease transcriptome !

] < OIOMEEECOOE00 -

¥ target perturbation
LHBEROLHDRE
¥ fine-tuned FM

» OOECOROOE0a -

1 reprogrammed transcriptome
S

/" Astrocyte & rapamycin, ...

i disease transcriptome :
e OEEOOROOE0O3-- |

' 2 v  target perturbation ]
FlolololololololalFIF -+ |

fine-tuned FM .

' o EEEOOROOEET -

therapeutic design
implementation

o Effectiveness

G-0" QN

e Feasibility

o Select K genes

R oD

e Toxicity

o Essentiality penalty

o Limit A~wnstream changes
1 [
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Most effective disease-state reprogramming

K = 3 genes - matched perturbation budget - 5 disorders x 3 cell types

Individual gene ranking 15 baselines
CellReprogrammer —e— 0.47
linear-rank 0.28
CMap ‘ 0.18
clf-w 0.05
DisGeNET 0.05
scGO 0.04
CPA 0.02
CellPLM | 0.01
SCimilarity | 0.01
DE | 0.00
Geneformer | 0.01
scGen | -0.02
scFoundation ‘ 0.03
GEARS -0.07
Network proximity ‘ 0.08
scGPT f1-0.10

-0.2 0.0 0.2 0.4 06 0.8
Reversal strength (—Afadj) - higher is better

CellReprogrammer: Duan et al., ICLR 2027 (under review).

Joint gene selection 5 baselines

CellReprogrammer —e— 0.47

Greedy search 0.34
Random search 0.33
Simulated annealing 0.19
Genetic search 0.18
PDGrapher | 0.06

-0.2 00 02 04 06 0.8

Reversal strength (—Aladj) - higher is better

0.47 £ 0.11 15/ 15
with feasibility shifted toward
and toxicity penalties control

Mean + SE - zero = matched random control
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Co-optimizing effectiveness, feasibility, and toxicity

Effective, feasible and low predicted toxic.

60 - . L
@ Ranking-based (statistical / knowledge)
5 @ Ranking-based (perturbation-response)
@ Combinatorial search @) CellReprogrammer
scGPT
40 . =°°" bubble area = effectiveness |ALaq)]
> ’ .CF’A
= reed
Qo 30 1 \ir?—ranky random o
6 annew Genef. o o o
= 20 clf-w *c %ARS
scFound,ne“pméMgnSk .
o © effective,
CellPLM -
- DE
10 @ scCimil. feaS|bIg,
non-toxic
0 - ScGO CellReprogrammer .

T T

0 20 40 60 80
Feasibility (druggability, %)

100

CellReprogrammer: Duan et al., ICLR 2027 (under review).

toxicity: transcriptome out of range (%)

Effect grows with dose at lowest off-manifold cost.

70- — Ranking-based
' 1 ‘ (statistical / knowledge)
6.5 - — Ranking-based
(perturbation-response)
6.0- s 2 .- Combinatorial search
55 — CellReprogrammer
A
5.0' ] ] 2
a5{ kS
4.0 ..".: ' L [ dose (shape, all methods)
% / ® k=05
" .-I [ | K=1
3.5' b ./. A K=2
-02 00 02 04 06 08 10 1.2

effectiveness - Al,y; (held out)
10
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From biological data to testable hypotheses

Two complementary advances in therapeutic discovery

TargetSage CellReprogrammer
Prioritize therapeutic targets Design gene combinations
with supporting evidence for a desired cell state

Effectiveness,
feasibility, and
toxicity at once

“e Agentic evidence integration
@ Reward-guided biological reasoning

PU-aware target prioritization

Reinforcement Leaming
Evidence Retrieval Blgmlﬁ

e Agentic Al Al helps us make scientific discoveries.

Foundatlon Models . L .
et tn Next: validate targets and gene combinations in relevant cellular models.

Gene Combination Search

TargetSage: Duan et al., NeurlPS 2026 (under review). CellReprogrammer: Duan et al., ICLR 2027 (under review).
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Thanks for listening!

Thanks
°
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Detailed feature sources

482 structured features across five evidence categories

Evidence Source Dim. Biological meaning
Function & networks CTDbase 239 Pathway / function annotations and counts
353 features - — -
InterPro 97 Protein families and domains
STRING 10 Network connectivity to known targets
InWeb 4 Network connectivity to known targets
Reactome 2 Network connectivity to known targets
PHAROS 1 Protein interaction count (ppiCount)
Chemical & antibody CTDbase 68 Chemical interaction annotations and counts
71 features
PHAROS 2 Antibody and monoclonal counts
DGldb 1 Gene—drug interaction types
Genomic constraint ExAC 19 Constraint / CNV (18), gene size (1)
44 features gnomAD 15 Mutation constraint metrics
Genic Intol. 6 RVIS, MTR, LoF_FDR and geneCov
Mouse Genes | 4 Essentiality, overexpression and GC%
Phenotype & disease GWAS 6 GWAS hits, P values, odds ratios, trait flag
8 features
MGI 1 Mouse—human phenotypes
OMIM 1 Disease association count
Expression & PHAROS 4 HPM/HPA tissue specificity
sequence UniProt 1 Sequence length
6 features GTEx 1 Tissue expression profile

Six-tool retrieval pipeline

1 Read and verbalize structured features

Example: pLI = 1.00 — strong LoF intolerance

2-5 Retrieve complementary evidence

NCBI Gene
UniProt
PubMed

Open Targets

Gene function and disease context
Function, location and tissue specificity
Mechanistic and therapeutic literature

Tractability and safety liabilities

6 Check evidence before reasoning

Remove direct label disclosures and flag conflicting

statements.
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TargetSage turns evidence into target scores

INPUT: Gene evidence + known targets — OUTPUT: Target scores + rationales

/Module 1: Agentic Prof|||ng\ Module 2: Guided Reasomng\ "Module 3: PU-Aware Scorlng\

Features from Different Resources: 1 " Structured Modality [ e
PHAROS GWAS CTDbase, e B|qlog|ca| Fusion (e.g_, linear regreSSIon)
............................ Evidence i
i KRAS - Cancer task i -
Exome —% ' T n———_ - @ {  Estimate probabilites
: i "Oncogenic driver in lung/pan- § i i :
Labelled ! O O 0 E creatic cancers;G12C mutation § ! lephc!t : Onunlabeleddata
Gene PO creates allosteric pocket for H eas%“'ng . i
» _’ S D R A o E Embe dlng : _ﬂ‘li.r_..
g Unlabelled iO d (sotorasib)." : : : m=aXmrry + (1 —a) X Tgata i
3 Gene ot i Explicit E i
= A7 iggsc:er relevance=0.95 :Reasomng m : LHHPU - WR+ LR (0 By — WR)
e 4 tractabl—e_small_molécu‘le=0.85 Attributes /::,. : ) pOSlthB I'I.Sk __estimated negative risk
Agent External Enriched druggability=0.80 ... e .
Knowledge Evidence Profile . a0 :
GRPO-'optlmuz'ed i Task-specific ,x.-‘,_,r Dlsease—agnostlc
{7775 = = || : reasoning chain; . Trainable ' "}}' .’& Domain- speC|f|c
' > (5= —» — reward = down- i Predictor Tasks 5
—E— —=U / stream Adjusted F1 ) \b_ o )
482 features - 15 databases 23 therapeutic attributes Gene-adaptive multimodal fusion

6-tool evidence-retrieval agent GRPO-guided gene-specific reasoning Hybrid prior + non-negative PU risk 15



Three targets balance reprogramming effect and set size

K = 3 is a compact operating point under the shared evaluation protocol.

A Reprogramming effect

Mean + SE
5=)
)
&
4 .,
g N
,“‘q:’ o
@
b o) ®—, )
J3 ./ N —— \.\
7] .
=
©
?
°
=
c
8 Lower = stronger effect

1) 2 4 5 6 7 8 9 10 20
Number of targets, K

Stronger than K=1 or 2

= 3 - effect at K

Effect at K

B Paired comparison C Feasibility: druggability D Toxicity

100 - _

\

04 g J_\ T [ T T g .
@ /l\ = [ T
. E . g ¢ N
o 2 ® 95 o
"BSET . T 2 \ o
T % S ’ 8 5
S 95.4-99.5% =
g Target toxicity
).4
Below 0 favours K=3 : I I\I-"I_I‘I-"I—I—I—I £
| R 0-1 1 — — ' ‘
1 2 4 5 6 7 8 9 10 20 1 2 4 5 6 7 8 9 1020 12 4 5 6 7 8 9 1020
Number of targets, K Number of targets, K Number of targets, K
Limited gains beyond K =3 Feasibility and toxicity remain stable
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