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Phenotypic drug screening remains constrained by the vastness of chemical space and technical challenges scaling
experimental workflows. To overcome these barriers, computational methods have been developed to prioritize compounds,
but they rely on either single-task models lacking generalizability or heuristic-based genomic proxies that resist optimization.
We designed an active deep-learning framework that leverages omics to enable scalable, optimizable identification of
compounds that induce complex phenotypes. Our generalizable algorithm outperformed state-of-the-art models on classical
recall, translating to a 13-17x increase in phenotypic hit-rate across two hematological discovery campaigns. Combining this
algorithm with a lab-in-the-loop signature refinement step, we achieved an additional two-fold increase in hit-rate and
molecular insights. In sum, our framework enables efficient phenotypic hit identification campaigns, with broad potential to

accelerate drug discovery.

Despite increased spending in therapeutics R&D over the
past 20 years (I), overall clinical trial success rates have re-
mained stagnant (2-4). Several causes have been suggested
(5), but a recurring theme is the sub-optimality of the single
target drug discovery model (6-9). Reinforcing this point, ge-
nome-wide association studies have shown that diseases tend
to be driven by variants in multiple genes (10). Moreover, cel-
lular systems often consist of several molecules acting redun-
dantly, resulting in compensatory mechanisms (71, 12).
Finally, systematic analyses of clinically-utilized drugs reveal
widespread polypharmacology (13, 14). Although single tar-
get-based discovery has been the dominant paradigm, retro-
spective examinations suggest that more than 65% of all
approved medicines were actually discovered via phenotypic
observations (9).

Phenotypic drug discovery, by contrast, aims to modulate
a disease-linked behavior in a faithful model. By focusing on
cellular attributes, phenotypic screening can directly con-
sider the net effect of on- and off-target molecular responses
(polypharmacology), optimizing for a desired outcome. How-
ever, this paradigm is constrained by an inherent tradeoff be-
tween readout complexity and scalability (8): higher-
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resolution assays measuring complex information-rich phe-
notypes in disease-relevant systems, such as a molecular sig-
nature of the disease process (I5), can enhance clinical
translation but have lower throughput and greater cost; con-
versely, simpler phenotypic measurement and model combi-
nations support -cost-effective, high-throughput screens
(HTS), but have reduced clinical translatability (5, 16). To re-
solve this conundrum, small molecule prioritization strate-
gies are needed that enable efficient screens for clinically-
effective agents.

In target-based discovery, virtual screening has improved
productivity (I7). Seeking to translate this approach to phe-
notypic discovery, several groups have proposed frameworks
that leverage Al to rank compounds using task-specific mod-
els, yielding novel antibiotics (18, 19) and senolytics (20).
While these models improved hit-rate compared to tradi-
tional screening, they require retraining with large datasets
for each new target phenotype.

To overcome task-specificity, researchers have proposed
using omics signatures generated in response to chemical
perturbations as proxies for multiple phenotypic outcomes.
Here, compounds are prioritized based on the probability
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that they will induce an omics signature (for example, a gene
expression profile) associated with a desired phenotype. An
initial implementation showed promise for phenotypic
screening in mice (2I). However, a rigorous evaluation di-
rectly testing compounds top-ranked by such a model in a
drug discovery setting, with random compound selection as
a baseline, is needed to demonstrate impact and drive
broader industry adoption.

Key framework features also require refinement. Illustra-
tively, current gene expression prioritization approaches use
suboptimal heuristics—such as scoring compounds via statis-
tical tests originally designed for other bioinformatics appli-
cations like gene set enrichment (22-24)—that cannot be
improved via experimental feedback. Relatedly, the success
of omics-based prediction depends on the input signature be-
ing an accurate representation of the target phenotype. Cur-
rent approaches infer gene expression signatures from
observational associations, which may not translate to the in
vitro assay used to model disease, hindering success (25); fur-
ther, the number of available experimental omics signatures
is limited, though models that predict virtual signatures di-
rectly from chemical structures may help assuage this con-
cern once vetted (21, 26, 27).

To improve the productivity of omics-based phenotypic
drug discovery, we developed a closed-loop active reinforce-
ment learning (ARL) framework. First, we trained a deep-
learning architecture, DrugReflector, to predict small mole-
cule modulators of complex cellular phenotypes using com-
pound-induced transcriptomic signatures. In comprehensive
benchmarking of compound ranking algorithms enabled by
a 1.2M cell dataset spanning 88 chemical perturbations of 10
diverse cancer and primary cell lines, DrugReflector achieved
state-of-the-art performance. We next systematically evalu-
ated its omics-based predictions in two campaigns, aiming to
induce the differentiation of megakaryocytes and erythrocyte
progenitors, relevant for treating anemia and thrombocyto-
penias (28-30). Compared to random compound selection,
DrugReflector drove a 13-17X increase in hit-rate. Toward
broader utility, it also effectively prioritized compounds asso-
ciated with disease etiology in two external cancer datasets.

Finally, using our experimental omics data for closed-loop
feedback, we realized iterative improvements in screening ef-
ficacy. Integrating paired phenotypic and transcriptomic
measurements, we refined our input signature via active
learning, demonstrating a further two-fold increase in hit-
rate and gained insights into factors driving model perfor-
mance. Our analyses also identified a previously unappreci-
ated pathway to induce the megakaryocyte lineage, further
showcasing the translational potential of our approach. Col-
lectively, our lab-in-the loop framework enables greater
productivity in drug discovery, empowering the use of more
representative and translatable cellular models.
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Results

A closed-loop predictive framework to enable pheno-
typic drug discovery

The core of our phenotypic drug discovery framework is a
closed-loop ARL process that nominates compounds to mod-
ulate a phenotype of interest (Fig. 1, fig. S1, and methods).
Here, we chose to use single-cell transcriptomics as a gener-
alizable omics proxy of cell state, because this data modality
is widely available for various tissues in perturbational con-
texts, and in health and disease (22, 3I). First, we analyzed
clinical datasets to identify a transcriptional signature for a
cellular transition of interest, which was then calibrated to a
phenotypic assay to ensure signature induction was posi-
tively associated with that phenotype (Step 1). Second, we de-
veloped a deep-learning model, DrugReflector, described
below, to predict compounds with high probability of induc-
ing that target signature (Step 2). Third, we experimentally
screened compounds for phenotypic activity, validating re-
sults in multiple donors. These hits are the primary output of
our framework and can be used for downstream development
(Step 3). Finally, we introduced active signature learning as a
closed-loop feedback mechanism using joint transcriptional
and phenotypic measurements of hit and non-hit compounds
(Step 4). This refined our input signature and improved hit-
rate. By comparing our framework to current phenotypic dis-
covery paradigms, we highlighted its enabling developments
(fig. S1).

A deep-learning framework for compound prioritiza-
tion

DrugReflector is an ensemble of three multi-layer perceptron
(MLP) classifiers trained to match omics signatures to insti-
gating compounds. As training data, we used a subset of the
Connectivity Map (CMap) (22), chosen to ensure compound
tractability, signature reliability, and broad biological cover-
age (Fig. 2A and methods). These data were split into three
sets evenly dividing perturbation replicates; each model in
the ensemble was trained on two of the three. During train-
ing, each individual perturbation signature was treated as an
independent input—no averaging across replicates was per-
formed. The model was trained for 50 epochs, with recall on
unseen compounds evaluated at each epoch (fig. S2A). The
checkpoint corresponding to the epoch with the highest re-
call was selected for downstream prediction.

To evaluate how DrugReflector’s performance depended
on training set composition, we conducted two down-sam-
pling analyses. In one, we reduced replicate depth by ran-
domly retaining only a subset of perturbation replicates
across the dataset. In the other, we reduced biological
breadth by limiting the number of cell lines used per com-
pound. As described in supplementary note 1 and shown in
fig. S2B, model performance improved with both increasing
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replicate depth and cell line diversity, particularly at lower
levels of coverage. These results highlight the importance of
both technical redundancy and biological diversity in build-
ing training data for robust, generalizable predictive models.

Benchmarking DrugReflector against existing methods
To evaluate the performance of our model, we benchmarked
DrugReflector against four approaches for matching gene sig-
natures to compounds, using top 1% compound recall as a
measure of performance. For each compound, the recall score
is 1 if the model ranks the compound with the correct label
relative to the top 1% of all predicted compounds based on its
transcriptional signature; otherwise, the score is 0. This score
is averaged across observations for that compound in the da-
taset, and then averaged across compounds. The comparison
models included two classical baseline methods: a k-nearest
neighbor (KNN) classifier, and a logistic regression model.
Additionally, we benchmarked against two published in silico
statistical methods for connecting omics signatures to dis-
ease phenotypes (21, 24): the SigCom LINCS implementation
of gene set enrichment analysis (32) and Dr. Insight (23).

Our benchmarking covered three independent perturba-
tion data sets—Touchstone (22), sciPlex3 (33), and our own
(“Cellarity”)—generated for this study. First, we evaluated
and compared our model on the CMap Touchstone dataset,
comprising 1,000 compounds tested in nine cell lines. Our re-
sults show that DrugReflector outperformed all four algo-
rithms, surpassing Dr. Insight by 1,545% (i.e., a 15+-fold
improvement) and SigCom by 15% in average recall over cell
lines (Fig. 2B). Second, we compared the five algorithms on
the sciPlex3 dataset of 188 compounds measured in three
CMap cancer cell lines (22). DrugReflector again outper-
formed all algorithms (Dr. Insight and SigCom by 66% and
108% in average recall, respectively)

To evaluate the generalizability of our model to cellular
contexts not represented in our training data, such as non-
cancer lines, we generated a new scRNA-seq dataset that in-
cluded six immortalized lines (A549, A375, HIAE, HEK293T,
HEP2G, and PC3) and four primary lines: CD8+ T-cells
(CD8+), CD34+ hematopoietic progenitors (CD34+), primary
adipocytes (PAD), and bronchial epithelial cells (HBEC).
Eighty-eight compounds from CMap were tested across the
10 cell types in duplicate with library-matched controls, re-
sulting in 1.26 M cells from 1,737 scRNA-seq samples (fig.
S2C). On cancer cell lines present in the training data, we
found that DrugReflector outperformed all algorithms,
achieving a 323% increase in average recall compared with
Dr. Insight and a 73% increase compared with SigCom (Fig.
2B). On primary cancer cell lines outside of the training data,
DrugReflector again achieved the highest recall (by 194% and
30% compared to Dr. Insight and SigCom, respectively), alt-
hough recall was lower overall here compared to cancer lines
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(Fig. 2, B and C, and fig. S2D).

A limitation of the landmark gene assay is its restriction
to 978 genes, or ~5% of protein-coding genes. To remedy this,
the CMap authors applied computational inference to esti-
mate the expression of an additional 11,350 genes (22). Incor-
porating these inferred genes into the training data improved
DrugReflector’s recall of held-out CMap signatures, but re-
duced recall on external datasets, including sciPlex and Cel-
larity signatures (fig. S2E and supplementary note 2). This
suggests that gene inference can introduce dataset-specific
effects that reduce generalizability, outweighing the gains re-
alized by the additional features. We therefore chose not to
incorporate inferred genes into DrugReflector.

Finally, we similarly whether virtual signatures inferred
from compound structures could expand the space of predict-
able compounds. Using TranSiGen (26), we generated virtual
signatures for both CMap and our in-house perturbations,
and evaluated compound recall using either DrugReflector or
k-nearest neighbor regression. Compared to measured signa-
tures, virtual signatures yielded lower recall—particularly
outside of CMap, the source of TranSiGen’s training data (fig.
S2F and supplementary note 3).

Developing a complex phenotypic assay with a high
clinical translatability

Hematopoiesis is an essential developmental process, and ab-
errant hematopoiesis can lead to numerous proliferative dis-
orders (34-37) and cytopenias (38-40). Given the prevalence
of anemias and platelet deficiencies (28-30), we aimed to
modulate the lineage commitment of megakaryocytes and
erythroid progenitors by applying our framework.

We selected primary human CD34+ hematopoietic stem
and progenitor cells (HSPCs) for our screens due to their high
clinical relevance to a range of hematologic disorders (38, 39)
and the relative abundance of public human scRNA-seq data
available to associate gene signatures to hematopoietic pro-
cesses. Despite their translational value (41), CD34+ primary
cells are rarely used for phenotypic screening because of the
cost and logistical difficulty of sourcing, culturing, and ex-
panding them ex vivo (42, 43). These constraints provided an
opportunity to demonstrate the potential of our framework
to transform drug discovery by enabling more efficient and
scalable phenotypic exploration in clinically meaningful cell
types.

To characterize the cell states involved with the megakar-
yocyte and erythroid lineages, we analyzed a CITE-seq (44)
dataset we previously generated (45), consisting of joint RNA
and protein expression data spanning the transcriptome and
134 surface protein makers for primary HSPCs from four
healthy donors sampled at five time points over a 10-day time
course (Fig. 3A). Combining these data with literature
knowledge, we identified progenitor and early lineage-
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committed cell states, including cells at a range of differenti-
ation stages along the megakaryocyte (MKk), erythroid (Ery),
eosinophil/basophil/mast (EBM), monocyte (Mono), and
neutrophil (Neu) lineage trajectories (Fig. 3A and fig. S3A),
observing consistency in cellular differentiation across all
four donors (fig. S3B).

We confirmed that RNA-derived cell types expressed the
expected surface markers for both the Mk and Ery lineages
(Fig. 3, B to D). This enabled us to define a flow cytometry
gating strategy to detect both (fig. S4, A to C). For each, we
also identified positive controls and established our flow as-
say’s dynamic range to facilitate the identification of pheno-
typically active compounds (fig. S4D and methods).

To establish a hit threshold for each of the two cell-type
assays, we first filtered out compounds that lead to low cell
viability or for which we measured an insufficient number of
cells. We then calculated a significance cutoff relative to
DMSO treatment, considering the variation of DMSO sam-
ples within and across plates.

Generating transcriptional signatures of megakaryo-
poiesis and erythropoiesis

To nominate compounds for screening, we identified cell
state transitions associated with early differentiation from
the bipotential megakaryocyte erythroid progenitor (MEP)
into the lineage-committed megakaryocyte progenitor cells
(MPC) and erythroid progenitor cells (Ery). MEPs represent
an optimal intervention point, as transcriptional and meta-
bolic changes in these cells are associated with commitment
to differentiation into either lineage (46, 47). The transcrip-
tional changes underlying these transitions were used as in-
put to DrugReflector.

To quantify these changes, we developed the v-score: an
estimate of the difference in the log-normalized count means
between the two populations, normalized by the square root
of the sum of the variances of the log-transformed counts in
each condition. Formally, we defined the v-score between two
cell states # and y as follows:

E(log(l + y))— E(log(l + x))

\/Var(log(l +x))+ Var(log(l +))

Like the CMap level 4 Z-score signatures used to train the
model, v-scores quantify differences in expression in units of
standard deviation. Unlike the z-statistic, the v-score is inde-
pendent in expectation of the number of cells in each group,
enabling well-calibrated comparisons between populations
with differing cell count.

v-score(x — y) =

DrugReflector identifies inducers of the Mk and Ery
lineages

We calculated v-scores between the MEP and MPC popula-
tion and used them as inputs into DrugReflector to obtain a
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prioritized list of compounds for screening (table S1). We se-
lected top-ranked compounds from the model’s output to as-
sess their ability to induce the phenotype of interest.

To experimentally determine which compounds induced
our target phenotype, we treated CD34+ cells with each
model-nominated compound under HSPC maintenance con-
ditions and evaluated the induction of CD41a+ CD71- CD42b+
MK population by flow cytometry. We tested 107 compounds
that were both ranked within the top 1,000 by DrugReflector
and available in our chemical inventory. These compounds
represented an approximately uniform sampling across the
rank range, minimizing selection bias induced by inventory
constraints (fig. S5). Each compound was tested at three
doses (100 nM, 1 uM, 10 uM), and the dose at which com-
pounds were maximally inductive but not cytotoxic was rec-
orded.

To evaluate the impact of ML-based compound selection
for phenotypic discovery, we compared to brute-force com-
pound screening, in which all compounds in a library are
tested for activity. This is an absolute measure not subject to
variability in the implementation of a particular alternative
algorithm. Furthermore, brute-force screening of compound
libraries is the dominant screening paradigm in the pharma-
ceutical industry (8). To estimate the hit-rate of brute-force
screening of our compound inventory, we tested a random
selection of 87 compounds.

Among our 107 highly-ranked DrugReflector-nominated
compounds, we identified 21 above our six standard devia-
tions hit threshold, resulting in a 19.6% hit-rate (95% CI: 13.2-
28.1%, Wilson score interval; Fig. 3E). Two compounds were
highly active, inducing more than a four-fold increase in Mk
progenitors. By contrast, we identified only one compound
from our random selection that passed our hit threshold, re-
sulting in a 1.1% hit-rate (95% CI: 0.2-6.2%, Wilson score in-
terval). These results demonstrate that our ML-based
prioritization approach was more effective at identifying hit
compounds than random selection by approximately 17X
(p=1.29€-10, one-sided binomial test). To confirm that these
hits validated in multiple donors, we re-tested 17 hit com-
pounds in two additional donors at the dose at which we ob-
served maximal induction of the MKk lineage. While two
compounds did not pass our viability or cell count criteria, 13
out of the remaining 15 hit compounds validated in both do-
nors, demonstrating the robustness in our assay and biologi-
cal translation of our chemical perturbations across different
donors (Fig. 3F).

Next, we sought to demonstrate the generalizability of our
framework by biasing the MEP population toward Ery pro-
genitor cells. As previously described, v-scores were calcu-
lated between the MEP and Ery progenitor population, and
used as input to DrugReflector to obtain a prioritized list of
high-ranking compounds to test (table S2).
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In our DrugReflector-nominated compound screen, after
removing samples with too few viable cells, we observed 13
out of 81 compounds passing our 6-standard deviation above
the DMSO hit cutoff, representing a 16% hit-rate (95% CI: 9.6-
25.5%; Fig. 3G). In our randomly selected compound set, we
observed only 1 out of 85 compounds inducing Ery progeni-
tors above our cutoff, representing a 1.2% hit-rate (95% CI:
0.2-6.4%; Fig. 3G). Again, our transcriptomics-based com-
pound prioritization significantly increased our success rate
in inducing the desired phenotype by approximately 13X
(p<1.12e-8, one-sided binomial test). Once again, we validated
these results in multiple donors. Out of 10 hit compounds
passing our quality control filter in our validation experi-
ment, 8 increased Ery progenitors in at least one donor, and
5 did so in both (Fig. 3H). These results provide further sup-
port for the capacity of our machine learning model to in-
crease phenotypic hit-rate across multiple experimental
settings.

DrugReflector recovers standards of care and
modulators of disease-relevant pathways

To assess the broader utility of DrugReflector across diverse
disease contexts, we evaluated two datasets with distinct eti-
ologies and therapeutic standards: B cell acute lymphoblastic
leukemia (B-ALL) (48) and breast cancer, using a multi-tu-
mor single-cell atlas containing both estrogen receptor-posi-
tive (ER+) and triple-negative breast cancer (TNBC) samples
(49). For each condition, we constructed v-score signatures
representing the transition from malignant to healthy-like
states and ranked compounds by their predicted ability to re-
vert the disease phenotype (table S3).

B-ALL is characterized by an accumulation of B cell pro-
genitors, and is marked by dysregulation of tyrosine kinase
signaling, with a fraction of B-ALL cases caused by a translo-
cation resulting in the formation of the BCR-ABL fusion pro-
tein (the Philadelphia chromosome) (50). DrugReflector
prioritized ABL inhibitors, including Ponatinib, a clinical
standard-of-care, which ranked in the top 1% (78th of 9,597
compounds; fig. S6, A and B) and has shown superior efficacy
in the clinic compared to other ABL inhibitors (57). Similarly,
we observed a prioritization of interventions targeting
MAPK, specifically p38 MAPK (fig. S6, A and B), consistent
with the importance of MAPK signaling in B-ALL (52, 53). In
contrast, compounds targeting unrelated pathways, such as
estrogen receptor signaling or general cell cycle control, were
not prioritized.

Analysis using transitions from ER+ and TNBC resulted
in distinct classes of prioritized compounds. While both tran-
sitions prioritized ER inhibitors, the ER+ transition consist-
ently ranked them higher (p=0.031, Wilcoxon signed-rank
test; fig. S6A), in accordance with the genomic shift observed
in ER+ tumors (54). Similarly, while both transitions
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prioritized cell cycle inhibitors that target mitotic cells
through microtubule inhibition, the triple-negative transition
showed moderately stronger prioritization (p=0.12, Wilcoxon
signed-rank test), consistent with the overt dysregulation of
cell cycle (565) and poor prognosis of TNBC (56). For addi-
tional context, we performed cell-cycle classification on each
population used to generate our transitions, identifying in-
creased cell cycling in TNBC compared to other transitions
evaluated (fig. S6C). Finally, we observed that JAK/STAT in-
hibitors, such as ruxolitinib, were prioritized by both B-ALL
and breast cancer transitions (fig. S6, A and B). This finding
is consistent with the central role of JAK/STAT signaling in
B cell development and breast tissue specification and its
dysregulation in cancer (57), highlighting the model’s ability
to similarly prioritize shared biology observed in both dis-
eases. DrugReflector’s disease- and subtype-specific predic-
tions suggest its potential for transferability to phenotypic
discovery efforts beyond the training domain, and its gener-
alizability for compound prioritization in diverse therapeutic
settings.

Paired transcriptional and phenotypic measurements
enable closed-loop active signature learning

Inspired by the field of ARL, which has been used to predict
compound-target binding, optimize molecular properties,
and characterize structure-activity relationships (58, 59), we
postulated that paired phenotypic and transcriptional meas-
urements could be leveraged to refine our phenotype-associ-
ated input omics signature. The core premise of ARL is the
optimization of a policy by selectively acquiring data points
to maximize a reward signal. The policy guides an agent’s ac-
tions within an environment, with the resulting rewards and
changes in state used to update the policy. In our context, the
policy consists of DrugReflector and its input signature, the
actions included the paired phenotypic and transcriptional
measurements for a selection of compounds, and the reward
is the hit-rate. The general framework is to identify a learned
signature from the paired transcriptional and phenotypic
data and use this to update our original signature. The differ-
ence between the learned signature and the original signa-
ture is a gradient, and the size of the step we take in our
policy update is a tunable step size parameter (Fig. 4A).

To implement this paradigm, we performed a scRNA-seq
time course on 12 hit and eight non-hit compounds at four
time points (Day 1, 2, 5 and 7) with a paired phenotypic
readout at Day 7. We observed cells from all major expected
cell types (fig. S7A) and saw a strong correlation between the
abundance of MKk cells as determined by our scRNA-seq and
the phenotypic measurements (fig. S7B). To test our hypoth-
esis that gene expression changes differentiate hit from non-
hit compounds, we performed differential expression analy-
sis between each compound and the DMSO negative control
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at Day 1in the HSPC population. We observed a clear increase
in expression of Mk marker genes and transcription factors
previously associated with MK maturation among hit com-
pounds. Several of these genes were significantly associated
with the MK induction phenotype (Fig. 4B, adj. p<0.01, Pear-
son correlation test).

We reasoned that one factor leading to the prediction of
inactive compounds could be compounds having a cell-type
specific effect in CD34+ cells that differs from the impact
measured in the CMap dataset. 43% of compounds in CMap
were previously reported to exhibit cell-type specific effects
in the cancer cell lines (22), and CD34+ HSPCs were absent
from the training data. To test this explicitly, for each com-
pound we calculated the distance between the 24-hour signa-
tures in our follow-up experiment and the 10 most similar
signatures for the same compound in LINCS. We found that,
on average, CD34+ signatures of non-hit compounds were
11% further from their closest neighbors in CMap compared
with hit compounds (fig. S7C, p=0.037, paired ¢ test). Alt-
hough this distance to CMap could only be calculated using
L1000 landmark genes, most cell-type-specific perturbation
effects fell outside the landmark gene set based on our bench-
marking dataset (fig. S7D).

To refine the input signature, we used pseudobulked ex-
pression from each perturbation and the Day 7 phenotypic
outcome to score each gene by its association with phenotype.
We then applied this learned signature to update our original
signature as described above. To ensure a comprehensive
evaluation of all possible ways to apply our active signature
learning framework, we tested all combinations of cell types
in the MK lineage and readout days at each step size between
0 and 1 in increments of 0.05 (fig. S8A). We determined that
the maximal improvement in hit compound recall, calculated
as the average precision (AP), could be obtained using DE
analysis on the Day 1 HSPC population with a learning rate
of 0.7. Consistent with this finding, Day 1 HSPCs showed the
largest number of differentially expressed genes overall (fig.
S8B; p=0.025, one-sided Mann-Whitney U test), the greatest
number of genes whose change in expression was correlated
with our MK phenotype (fig. S8C; p<10~%° against all other
groups, Mann-Whitney U test), and the highest correlation
with matched LINCS signatures (fig. S8D; p=0.021, one-sided
Mann-Whitney U test). Furthermore, we investigated the
gene signature changes associated for various gene classes in
our refined signature, demonstrating a significant enrich-
ment in transcription factors associated with megakaryopoi-
esis compared to MK marker genes and all other genes (Fig.
4C and fig. S8, E and F; p<le-3, Mann-Whitney U test).

To validate our ARL framework, we used the refined sig-
nature as input to DrugReflector to rank all compounds (ta-
ble S4) and tested 96 newly-prioritized compounds that were
not previously screened. Results from our phenotypic
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campaign identified 22 new hits out of the 85 compounds
that passed quality control (Fig. 4D). To compare the two sig-
natures directly, we compared the ranks of all hit compounds
from the original and new screen, demonstrating that the re-
fined signature was better overall at prioritizing hit com-
pounds (Fig. 4E; p=le-4, Wilcoxon signed rank test). To
quantify the resulting improvement in screening efficiency,
we plotted phenotypic hit-rate as a function of rank thresh-
old, showing a roughly 2-fold improvement in hit-rate for the
top 100 compounds, converging after ~500 compounds (Fig.
4F). The median rank of true hits improved from 463 to 138,
a 3.4-fold gain. To confirm this improvement was due to
meaningful biological signal in the learned signature, we re-
peated the procedure using randomized versions of the
learned component prior to interpolation. These “scrambled”
refinements consistently resulted in worse hit prioritization
(fig. S8G; p<le-4, bootstrap over 10,000 random seeds), con-
firming that the learned signature contributes functional in-
formation relevant to the target phenotype.

Characterizing mechanisms aof chemically-induced
megakaryocyte lineage commitment

To understand variation in phenotype induction across com-
pounds, we examined cell-type specific differential expres-
sion profiles relative to DMSO for each condition and time
point (fig. S9A). Given the importance of the 24-hour
timepoint in our signature refinement studies, we focused on
HSPCs at 24 hours post perturbation. There, we observed five
major clusters of perturbations separated by the first two
principal components (PCs): an inactive cluster that does not
induce MK, a single compound that inhibits Mk differentia-
tion, one cluster of highly active Mk differentiation com-
pounds, and two clusters of moderately active compounds
separated along PC2 (Fig. 5A).

To determine what drives this variation, we performed
GSEA to identify biological processes associated with these
PCs (fig. S9, B and C). Genes with high PC1 loadings were en-
riched for antigen processing and JAK/STAT signaling, con-
sistent with known stages of megakaryopoiesis (60-62). This
cluster of active compounds corresponded to tyrosine kinase
inhibitors, indicating that inhibition of one or multiple Ki-
nases can partially drive the induction of megakaryocyte pro-
genitors, which has been previously observed for kinase
inhibitors (63, 64). In contrast, genes with high PC2 loadings
were enriched for lipid and cholesterol biosynthesis, which
has recently been recognized as an important process in Mk
maturation and platelet formation (65, 66), but has not been
previously implicated in early Mk lineage commitment.

To further examine the drivers of chemically-induced
megakaryopoiesis, we identified a pseudotime trajectory in
the MK lineage for all cells in the transcriptional validation
experiment (Fig. 5B and fig. S1I0A). We then calculated the
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expression of genes in rolling pseudotime windows to iden-
tify expression patterns that differ across groups of com-
pounds (fig. S10B). Induction of MKk differentiation and
development gene sets were consistent across pseudotime for
all classes of compounds (Fig. 5, C and D). This suggested a
single program of Mk differentiation regardless of chemical
perturbation. However, positive regulators of Mk differentia-
tion and cell cycling genes, known to play a role in Mk differ-
entiation (47), were differentially induced by strongly active
compounds, especially in MEP and MPC cells. This suggested
that up-regulation of these genes is important for the activity
of hit compounds. Finally, we saw that compounds that mod-
ulate lipid metabolism do this at all time points and in cell
types in a pattern consistent with other compounds’ activity,
but notably stronger (Fig. 5E).

To investigate the mechanisms underlying these tran-
scriptional groupings, we compiled IC50 binding assays from
ChEMBL (67) and compared all transcriptionally-profiled
compounds with less than 20 inhibitory targets under 1 pM.
Most high-affinity targets identified for strong and moderate
inducers function as kinases, while all moderate inducer (li-
pid) compounds bound HMGCR with high affinity (Fig. 5F).
Further, outside of the lipid class of hits, very few targets
were bound at high affinity by more than one compound.
This suggests that while the strong and moderate classes may
encompass several functional targets, the lipid class likely
functions through a single target, HMGCR. CRISPR knockout
of HMGCR (fig. S11A) confirmed directional induction of
megakaryocyte progenitors on Day 7 (fig. S11B) but was infe-
rior to compounds, likely owing to its essential role in numer-
ous biological processes, as evidenced by a reduction in the
fraction of edited cells over time (fig. S11A).

Given the higher target promiscuity of the remaining hit
compounds, we sought to deconvolute the likely target of one
strong megakaryocyte inducer. BRD-K28392481 targets mul-
tiple receptor tyrosine Kkinases (RTKs), including KDR
(VEGFR2), as well as FGFR1-4. To dissect the contribution of
this group of RTKs to the phenotypic activity of this com-
pound, we tested four additional tool compounds: two selec-
tive for KDR over FGFR proteins and three selective for FGFR
proteins over KDR (fig. S12A). The two KDR-selective com-
pounds induced MKk progenitors in a dose response while the
FGFR inhibitors were inactive (Fig. 5G). To explore whether
KDR was sufficient to induce the increase of Mk progenitors
observed with our chemical perturbations, we performed loss
of function studies using CRISPR. Targeting KDR using sin-
gle and dual guides resulted in editing efficiency greater than
60% for single guides and >70% for dual guides, with no ap-
parent loss of edited cells over the course of the assay (fig.
S12B). Phenotypic assessment of lineage differentiation de-
tected a moderate increase in MK progenitors, indicating that
inhibition of KDR was not sufficient to phenocopy the
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chemical effect fully. Consistent with these findings, loss of
function of FLT3 resulted in induction of MKk cells, albeit to a
lesser degree than the small molecules (fig. S12C). Together
these studies shed light on the diverse mechanisms influenc-
ing MK specification and identify HMGCR as a putative target
for induction of the MKk lineage. Our studies on KDR, mean-
while, suggest that inhibition of multiple tyrosine kinases is
likely driving the robust induction of megakaryopoiesis with
our chemical perturbations.

Discussion

Here, we present a closed-loop ARL framework for prediction
of disease phenotypes to improve phenotypic discovery. Our
generalizable approach links disease biology, chemistry, and
phenotypic activity using omics-level data. As we show
through extensive benchmarking, our workflow enabled an
order of magnitude improvement in hit-rate compared to
brute-force screening. In addition, we used paired omics and
phenotypic data to refine our original signature through ac-
tive learning. A single cycle of active signature learning
yielded an additional 2-fold improvement in hit-rate and pro-
vided a deeper understanding of the biological process under
study. As such, our lab-in-the-loop architecture exemplifies
the promise of Al-guided drug discovery (68).

A feature of our framework is its modular nature and the
ability to optimize each component independently. As shown
through our studies, the input signatures are critical for the
prioritization of compounds and the output post-signature
refinement. In the hematopoietic dataset, we leveraged tem-
poral shifts to identify a cell state capturing the transition
from an MEP to the earliest cell state that defines an MPC. In
other datasets, different features, such as genetic drivers,
could be leveraged to select a cell state transition and corre-
sponding gene signature.

During signature refinement, we used a temporal pertur-
bation dataset to elucidate what parameters in the input sig-
nature led to increased phenotypic hit-rate. Future work is
needed to unravel the relative significance of this finding
across different contexts. Relatedly, as more omics perturba-
tions signatures become available, there will be a need to con-
sider how to weight the incremental value of each in
prediction and, similarly, to develop robust heuristics for
blending existing and learned signatures. More broadly, iden-
tifying disease signatures is a rapidly developing field, and
the most recent methods focus on differential expression be-
tween cell states (24), as we do here. In a complex disease, a
meaningful signature could be cell type/state specific, tempo-
rally restricted, and/or heterogeneous (somatic mutations).
Therefore, future efforts should consider how to select con-
text-appropriate strategies for signature identification, such
as prioritizing genes based on fate mapping (69), paired sin-
gle-cell genotyping (70), transfer learning of signatures
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between contexts informed by epigenetic or spatial atlas pri-
ors, or by causal inference of regulatory relationships be-
tween genes (71, 72).

To maximize the current paradigm, there is also an oppor-
tunity to improve the reference perturbation dataset. CMap’s
L1000 assay is noisy due to its bead-based methodology (73),
and constrained to 978 genes. Moreover, almost all of CMap’s
data come from cancer cell lines, limiting generalizability to
some primary cell types. To provide a better basis for predic-
tions, datasets tailored to desired therapeutic areas need to
be built, considering the value of different data modalities,
alone and in combinations.

To examine the vast space of drug-like compounds (74,
75), future models must be able to make predictions directly
from chemical structure. While recent approaches have been
proposed to predict transcriptional signatures from chemical
structures (21, 26), analyses from our internal benchmarks
presented here, and a recent Kaggle competition to predict
the cell-type specific impact of perturbations (76), suggest
that current methods, while promising, require further re-
finement. Existing approaches also work best when applied
to cell types present in—or similar to—the training set (77),
so new algorithms are needed to support generalization.

While our framework prioritizes compounds for zero-shot
phenotypic discovery, efficiency could be improved by select-
ing compounds that maximize learning. Reinforcement
learning offers a formal approach to this via acquisition func-
tions that balance exploration and exploitation to maximize
a reward, such as hit-rate (68). Early screens might favor ex-
ploring diverse omic profiles to link omic readout to pheno-
type, while follow-up screens could focus on exploiting these
insights to predict hits more accurately. Similarly, emerging
methods designed for causal gene inference (78-80) could en-
hance learning efficiency at each step by improving the iden-
tification of molecular drivers.

Finally, our approach prosecutes the cell as the target,
considering disease states to be informed by one or more
dysregulated pathways rather than by a single gene. Our
framework capitalizes on this paradigm, putting disease biol-
ogy into a transcriptional context and addressing the
polypharmacology often exhibited by small molecules
through use of omics to explicitly consider shifts across mul-
tiple pathways at once. This enabled us to identify two dis-
tinct groups of molecules that increased MKk lineage
commitment. With a combination of chemogenetic and
CRISPR studies, we examined the mechanisms informing one
of the “strong inducers,” demonstrating that KDR alone was
insufficient, and the observed phenotypic activity was likely
driven by inhibition of multiple tyrosine kinases, including
FLT3 and LYN. Furthermore, our omics approach to target-
ing cell states is well-suited to identify biological insights. We
explored a second class of MKk-inducers, which all shared 3-
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hydroxy-3-methylglutaryl coenzyme A (HMGCR) as a com-
mon annotated target. Through follow-up experimentation,
we confirmed that this class of molecules was inducing Mk
through modulation of the cholesterol synthesis pathway. In-
terestingly, the Mk-bias of CALR-mutant hematopoietic stem
cells has been associated with cholesterol biosynthesis path-
ways (81). Similarly, dysregulation of cholesterol homeostasis
by deletion of ABCG4 results in increased megakaryopoiesis
in mice (82), suggesting a biological basis for our findings.

In sum, the framework presented here has broad utility
for drug discovery across disease settings. It connects under-
lying disease biology to chemical perturbations through om-
ics as a common language, yielding marked improvement in
phenotypic hit-rate by focusing on the cell as the target. Our
study provides direct evidence that modulating cholesterol
biosynthesis in human hematopoietic progenitors is suffi-
cient to induce megakaryocyte fate. In addition, we show that
inhibition of multiple tyrosine Kkinases is required to promote
MK lineage bias. This framework has allowed us to identify
druggable nodes in sickle cell disease (83) and myelofibrosis.
Owing to a surge in publicly available single-cell datasets
across diseases (31) and single-cell perturbation signatures
(84, 85), it is now possible to leverage existing atlases to de-
rive an initial target signature for dozens of indications and
apply this paradigm.

Materials and methods are available in the supplementary
materials.
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Fig. 1. A modular and generalizable framework to enable phenotypic discovery using omics-level deep learning
models. (1) First, a target signature is identified based on clinical data and/or data from an information-rich clinically
translatable phenotypic assay (here, a transcriptomic signature from single-cell RNA-seq data). (2) To determine
compounds for screening, our deep learning model DrugReflector trained on perturbation signatures (here, the
LINCS Connectivity Map) predicts which compounds will likely induce the target signature. (3) Compounds are then
experimentally screened, and hit compounds that induce the desired phenotype are identified and validated in
multiple donors. Validated hits are the output of this discovery stage and may be used for downstream pre-clinical
development. (4) The input signature is actively refined by the lab-in-the-loop use of paired omic and phenotypic
measurements, improving the prioritization of active compounds.
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Fig. 2. A deep learning approach to phenotypic virtual screening. (A) A schematic representation of the model
training regime. The full CMAP dataset was filtered using custom quality control metrics (methods) and partitioned
into equal replicate splits for training. Each model in the ensemble was trained on 2 out of 3 folds and validated on
the held-out fraction. The model was trained on a multi-class regression task where the goal was to match the correct
perturbation labels to batches of input CMAP signatures, which are z-score representations of differential expression
across each plate (Level 4 signatures). Full details of model training can be found in the methods section.
(B) Performance of each algorithm on each benchmarking dataset, as measured by average top-1% compound recall
over all cell lines. Error bars denote standard deviation across cell lines. snRNA: single-nucleus RNA-seq; scRNA:
single-cell RNA-seq. (C) Heat map of recall for each algorithm in each cell line of our internal perturbational
transcriptomic screen, with 6 cancer cell lines and 4 primary cell lines.
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Fig. 3. A single-cell multi-omics guided phenotypic assay capturing multi-lineage hematopoietic
differentiation in human primary cells. (A) We obtained primary CD34+ hematopoietic stem and
progenitor cells (HSPCs) from 4 healthy donors and performed CITE-seq (single-cell RNA-seq + antibody
derived tag surface protein marker measurements) at 5 time points over a 10-day time course in vitro.
UMAP embeddings are shown for all cells from all donors and time points. Below, the proportion of cells
assigned to each type across days. (B and C) UMAP embeddings calculated from RNA. Larger plots show
cell types associated with the Mk (B) or Ery (C) lineage. Smaller plots show the expression of surface
markers used for negative or positive identification of cell populations via FACS. (D) The marker panel for
each flow cytometry phenotypic assay and the average expression of each surface marker in each cell
type based on the CITE-seq surface marker measurements. (E) Result of experimental validation of
compounds to induce Mk differentiation measured with flow cytometry following a 7-day in vitro
differentiation in the presence of each compound. Triangles represent hits and circles represent non-hits.
The color is the dose at which the compound maximally induced Mk abundance. The gray dashed line
denotes a fold-change of 1 relative to DMSO (no change). The black dashed line represents the hit
significance cutoff for Mk. The asterisks and p-value show the results of a one-sided binomial test
between the hit-rates for each method (methods). (F) Validation of Mk hit compounds in 2 additional
donors. Gray bars denote the maximal observed change in Mk abundance from the screenin (E) for each
compound. Error bars denote standard deviation across technical triplicates. (G) Same as for (E), but for
the Ery discovery campaign. (H) Same as (F) for validation of Ery hit compounds in multiple donors.
Abbreviations: HSPC - Hematopoietic Stem and Progenitor Cell; MEP — Megakaryocyte Erythroid
Progenitor; GMP — Granulocyte Macrophage Progenitor; Mono — Monocyte; Ery — erythrocyte; MPC —
Megakaryocyte Progenitor; Baso — Basophil; Eos — Eosinophil; EBMP — Eosinophil/Basophil/Mast
Progenitor.
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Fig. 4. Increased phenotypic hit-rate through active signature learning using paired transcriptional and
phenotypic readouts. (A) A visual diagram of the reinforcement learning framework for active signature learning. In
reinforcement learning (RL), an agent takes actions to interact with an environment, which yields rewards and
changes in state that are fed back into the agent to update the policy. The goal is to learn a policy that maximizes the
reward signal. In active signature learning, the agent is the combination of a policy, the output ranking of compounds
from DrugReflector given an input signature, and the policy update process. The action is the selection of top
compounds from DrugReflector for phenotypic screening, followed by paired phenotypic and transcriptional
measurement of the most informative compounds, meaning the compounds with high rank, balanced between hits
and non-hits. The reward is the prioritization of hit compounds, and the state is the paired phenotypic and
transcriptional measurements. The agent takes the hit compounds for the phenotypic screen and the paired data to
learn an updated signature that maximizes the prioritization of hit compounds. (B) A heatmap showing the
differential expression of genes that play a role in Mk differentiation for each compound perturbation at 24 hours.
Left, the observed change in Mk from the paired phenotypic assay. Below, the input v-score from the original
prediction for each gene is shown. Asterisks indicate the significance of each gene’s correlation with Mk fold change,
as measured with a Pearson correlation test. (C) Box plot of gene signature changes induced by signature refinement
for various gene classes: transcription factors that induce megakaryopoiesis (MK TF (+)), other transcription factors
(TF (other)), megakaryocyte markers (MK (+)), and all other genes (other). Asterisks indicate significance relative
to the “other” gene set based on Mann-Whitney U tests across 1,000 random 100-gene subsamples, with p-values
averaged to assess robustness. (D) Result of experimental validation of compounds predicted by DrugReflector
using the refined signature as input. Each dot is a compound. The light gray dashed line denotes a fold-change of 1
relative to DMSO (no change).The black dashed line indicates the hit-calling threshold (methods). (E) Comparison
of hit compound DrugReflector ranks using the original signature vs. the refined signature as input. The refined
signature ranked hits lower overall (p<107, Wilcoxon signed rank test), indicating stronger prioritization.
(F) Hit-rates for the original signature (blue line) vs. the refined signature (orange line) at various rank thresholds.
For each rank threshold, we record the proportion of hits among all tested compounds ranked lower than that
threshold. For comparison, the hit-rate from our random baseline is also indicated (gray dashed line; 87 randomly-
chosen compounds).

First release: 23 October 2025 science.org (Page numbers not final at time of first release) 19

GZ0Z ‘€2 4800100 U0 BI080US 105 MMM//:SANY WO.J PaPe0 lUMOQ


https://science.org/

Day 1 - HSPCs 1.0 Day 7
e O 8 Strong Inducer
Lipid :
.Eé g
mER
o~ 1.5 E 0.6 = %‘ ? Moderate Inducer
Q c << _g c = {Lipid)
o 2 = 5 © i}
Strong G 5 040 = o
Moderate F= -4 I 3
Inactive [ ] (&
Reprassor
2 0.2
o« ® i
L] L DMs0
0.0 00 02 o4 06 08 10 c0 02 0¢ 05 08 10
PC1 UMAPL Pseudotime Pseudotime
E Positive Regulation Of
Megakaryocyte Differentiation Megakaryocyte Differentiation Regulation Of Cell Cycle Lipid Biosynthetic Process
(G0O:0030219) (GO:0045654) (GO:0051726) {GO:0008610)
0.2 024 — Compound class
S 022 \-\ 0.15 = Strong Inducer
g 0.4 | o1 ~ | Maoderate Inducer
1 ' 0.20 = Maderate Inducer (Lipid)
o 0.10 Inactive
= 0.18 ~
§ 0.2 0.0 / = Repressor
= = DMSO
01 018 / 0.05
0.0 0.14 |7 ¥
0.0 0.5 0.0 0.5 0.0 0.5 0.0 0.5
Pseudotime
Inducer Class
[ Strong Inducer %MK Norm to Veh
[ Moderate Inducer (Lipid} :1000 (CD41a+ CD71-/CD42b+)
1 Moderate Inducer 3
- 100 5-
0§ 3
[ 4 -
. a +Control & _
ll l BRD-K25835157 1 @ | /-,f .......... ? ‘‘‘‘‘
-l - BRD-K28392481 E Vi /
H - BRD-K57080016 o1 o 31 't /
l - BRD-K53281329 ’ E / s
[ | - BRD-K82941592 B = 27 S/ yd
- BRD-M13639515 é Q //‘ >
BRD-K22134346 £ Lo — Y=Y
|| - BADK86525559 O Y
B - BRD-KS5187425 £ 0 . | . :
[ ] - BAD-K73293050
EEE B  SRD-KS2581286 0.001 0.01 0.1 1 10
[ - BRD-U07805514 . um
- BRD-K05926459 KDR Specific FGFR Specific
gggg%g%ggéé%%ggggééég%%g%QEE§§§§§Eééég%é%ésgg’i%ﬁggg§§%; - KDRInhib?toM ¥ FGFRInh?b\tOH
E FEER S0 =gg 332 g 68 s e -+ KDR Inhibitor 2 + FGFR Inhibitor 3
Target

Fig. 5. Unraveling the mechanisms of chemically-induced megakaryopoiesis. (A) Principal component
analysis of DES signatures derived from predicted Mk-inducers relative to DMSO in HSPCs at 24 hours.
Compounds in PC space are colored by fold change in Mk relative to DMSO. (B) UMAP-embedding of diffusion
pseudotime calculated across HSPC, MEP, MPC, and Mk. (C) Ridge plot depicting density of cells per type at
various stages of pseudotime. (D) The density of cells at Day 7 per compound class. (E) Rolling-window
average expression of genes associated with GO Biological Processes per compound class across
pseudotime. Error bands show the standard deviation of expression across cells treated with compounds in
the same class. (F) Target inhibition IC50s for megakaryopoiesis inducers from ChEMBL. Hit compounds are
grouped by inducer class as annotated in panel (A). Heat map color indicates IC50 on a log-scale.
(G) Dose response curves for compounds with selective binding affinities to KDR (blue) and FGFR (yellow).
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