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An open-source screening platform
accelerates discovery of drug combinations
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Drug combinations are essential to modern medicine, but their discovery
remains slow and inefficient as experimental complexity expands rapidly with
each additional drug tested. Althoughmodern liquid handling systems enable
complex and highly customizable experimental designs, a lack of strategies
integrating these technologies with combination-specific analytical methods
has limited throughput. Here we introduce Combocat, an open-source and
streamlined framework that combines acoustic liquid handling protocols with
machine learning-based inference to achieve ultrahigh-throughput drug
combination screening. Using Combocat, we generate a reference dataset of
over 800 unique combinations in a dense 10 × 10 matrix format across mul-
tiple cell types, and use this to train a predictive model that accurately infers
drug combination effects from sparse data, drastically reducing the number of
experimentalmeasurements required. As proof of concept, we screened 9,045
combinations in a neuroblastoma cell line—the largest number of combina-
tions tested in a single cell line to date—achieved using minimal resources. By
integrating advanced drug dispensing technologies with predictive compu-
tational modeling, Combocat provides a scalable solution to accelerate the
discovery of novel drug combinations.

The development of effective drug combinations is fundamental to
modern therapeutic strategies1–4, particularly for cancers5,6 and infec-
tious diseases2,7–9 where single-agent therapies often fail to achieve
sustained efficacy. Combining drugs can have a synergistic effect on
drug efficacy, overcoming resistance mechanisms and reducing the
toxicity of treatment by requiring lower individual doses of each
drug10,11. Synergy, in this context, is defined as a combination effect
that exceeds expectations based on individual drug activities under
established models like Bliss independence12 (Fig. 1a).

Combination therapy is a promising frontier—but also a vast one
whose comprehensive exploration has been limited by the sheer
number of possible drug combinations10. With each additional agent
tested, the number of total possible 2-drug combinations increases

quadratically, making exhaustive experimental testing impractical.
While large-scale single-agent screens have evaluated tens of thou-
sands of compounds13–15, drug combination screens have remained
constrained by technical and resource limitations, preventing them
from achieving comparable scale. These constraints often force
researchers to choose between the number of combinations tested
and the number of concentrationsmeasuredper drug, ordosedensity.
This tradeoff can prove problematic, as dense measurements across a
broad range of concentrations are crucial for capturing the nuanced
dose-response landscapesneeded to reliably detect synergypatterns16.
Consequently, some of the largest reported combination studies have
adopted smaller17, sparser18, or asymmetric19,20 matrix formats (Fig. 1b).
Advancements in robotic liquid handling technologies, such as
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acoustic dispensing, have revolutionized compound transfer, enabling
more flexible and precise experimental designs. Acoustic liquid
handlers can dispense nanoliter volumes from any well of a source
plate to any well of a destination plate without physical contact,
enhancing throughput andminimizing resourceconsumption.Despite
the promise of these technological advances, their impact on drug
combination screening has so far been limited by a lack of integrated
experimental and analytical platforms that fully leverage their
capabilities.

Here, we introduce Combocat, an open-source, end-to-end plat-
form that integrates experimental and analytical workflows, under-
pinned by detailed protocols and documentation to enable
reproducible, interpretable, and user-friendly drug combination
screens. Combocat operates in two complementary modes, each
facilitating fast and efficient combination screening. The “densemode”
measures all pairwise dose combinations in a dense 10 × 10 matrix

format, tested in triplicate to ensure high fidelity and data quality.
Using dense mode, we generated a comprehensive reference dataset
of over 290,000 unique combination measurements (spanning 806
unique drug combinations) across diverse drugs and cell types. While
this approach is ideal for high-quality data-rich screens, scaling dense
mode to thousands of combinations is resource-intensive. To address
this, we developed a machine learning-assisted “sparse mode”. Sparse
mode reduces the number of direct experimental measurements by
testing only the diagonal (10 dose pairs) of the 10 × 10 matrix and
single-agent responses, then uses predictive modeling to obtain the
remaining 90 values. Trained on the dense mode reference dataset,
the predictive models in sparse mode enable ultrahigh-throughput
screening with minimal resources. Notably, several other machine
learning frameworks have been developed to predict synergy in dif-
ferent ways: TranSynergy21 leverages drug-target and gene-
dependency features, SynToxProfiler22 computes integrated efficacy-

Fig. 1 | The Combocat platform for dense drug combination screens. a Practical
representation of drug synergy, where the combined effect of two drugs exceeds
the expected effect (“E”) based on models like additivity or Bliss independence.
b Examples of traditional high-throughput screens employing small (e.g., 3 × 3),
sparse, or asymmetric (e.g., 2 × 7) matrix formats, which limit dose density.
c Combocat’s streamlined approach for dense and reproducible drug combination
screening. The 384-well plate format contains Drugs 1 and 2 (represented by upper
and lower triangles, respectively), with concentrations shown ranging from low

(blue) to high (red). Three replicate 10 × 10 combinationmatrices are generated for
each drug pair, along with three replicates of each single-agent dose-response.
Twelve replicates each of cell death (orange) and vehicle (yellow) controls are
included for normalization. d Overview of the Combocat analytical pipeline. Raw
data are mapped to corresponding combination matrices and subsequently nor-
malized to percentage cell death using controls. Synergy is then quantified using
the Bliss independence model. Results are summarized across the screen to iden-
tify top synergistic interactions.
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toxicity-synergy surfaces, and comboFM23 uses tensor factorization to
impute missing dose-response values. In contrast, Combocat’s sparse
mode measures only the 10 diagonal dose pairs and recovers the
complete 10 × 10 response landscape via an ensemble of 90 per-pair
regression models. As proof of concept, we used sparse mode to
screen 9045 drug combinations in the neuroblastoma cell line CHP-
134, representing the largest number of unique combinations tested in
a single cell line to date. By integrating advanced liquid handling
technologies with machine learning into an open-source and user-
friendly platform, Combocat offers a scalable, efficient solution for
accelerating the discovery of drug combinations.

Results
Streamlined dense drug combination screening
To address longstanding challenges in drug combination screens—
such as limited dose density, poor interpretability, and operational
complexity–we developed Combocat to integrate experimental and
analytical workflows into a user-friendly framework. The “densemode”
workflow facilitates comprehensive, dense measurements by system-
atically evaluating all pairwise dose combinations in a 10 × 10 matrix
format (Fig. 1c). A customized acoustic liquid handling protocol pre-
pares each 384-well plate with two drugs at ten concentrations each,
including three replicate 10 × 10 combination matrices, single-agent
dose-response curves, and internal controls (for example, twelve
replicates each of cell death and vehicle controls). This design ensures
robust normalization and reproducibility while reducing the time and
effort typically associated with high-throughput combination screens.

Building on this experimental foundation, the analytical pipeline
(Fig. 1d) maps raw data to their corresponding matrix positions, nor-
malizes values to percentage cell death, and quantifies synergy using
the Bliss independence model. Results are then filtered and ranked,
enabling researchers to rapidly identify top-performing combinations
and visualize complete synergy landscapes without extensive post-
processing. By uniting dense measurements with a streamlined ana-
lytical workflow, Combocat’s dense mode provides a high-fidelity fra-
mework for characterizing drug interactions in a reproducible and
operationally straightforward manner.

A reference dataset of dense drug combinations
Applying dense mode, we generated a reference dataset of 806 drug
combinations comprising over 290,000 individual measurements in
the 10 × 10 matrix format (Supplementary Data 1). This dataset was
designed to evaluate a diverse range of drugs and cell types, ensuring
generalizability across multiple experimental contexts. Assay quality
was high, as indicated by Z′ values (mean= 0.747; Supplementary
Fig. 1) and low standard deviations in both single-agent and combi-
nation measurements across the screen (Fig. 2a, b).

During analysis, we identified occasional spurious single-agent
measurements, a common challenge in high-throughput screens24.
These anomalies, often resulting from incomplete drug transfer or
other technical issues, can distort synergy calculations by introducing
outliers into thedataset (Supplementary Fig. 2a–d). To address this,we
implemented a rigorous quality control (QC) pipeline that flags and
adjusts anomalous data points using predefined thresholds for varia-
bility, dose-response residuals, and monotonicity (Supplementary
Fig. 2e–g; see “Methods” section for details). Flagged values can be
excluded from subsequent synergy calculations, yielding an “adjusted
Bliss synergy” (Blissadj.) that omits these measurements. This QC
approach ensures accurate synergy quantification by minimizing the
impact of outliers.

To evaluate the platform’s capacity to identify and replicate
known synergistic interactions, we first examined the top-ranked
combination in our dataset: sulfamethoxazole (SMX) and trimetho-
prim (TMP) in E. coli cells (Fig. 2c). This pair is a well-established
example of synergistic drug behavior9, widely used to treat various

bacterial infections25. Both SMX and TMP displayed sigmoidal dose-
dependent relationships (Fig. 2d), and when combined, exhibited
strong synergy (Fig. 2e–g), aligning with established expectations. We
further evaluated an additional known example of synergy included in
our screen—the combination of AZD1390 and CX-5461—which has
been reported as synergistic inNeuroblastomacells26. The single-agent
responses and strong synergy patterns (Fig. 2h–k) closely aligned to
reported findings26. Collectively, these examples highlight Combocat’s
ability to faithfully reproduce known synergistic interactions and
provide a framework for understanding complex combination
landscapes.

Sparse mode screening workflow
While dense mode offers high-quality, data-rich combination mea-
surements, scaling it to thousands of combinations can become
resource-intensive. To address this, we developed a “sparse mode”
workflow, which minimizes direct experimental measurements while
still capturing synergy information between drug pairs. The sparse
mode assay is miniaturized into a 1536-well format and separates the
single agents and combinations into their own plates (Supplementary
Fig. 3a, b). Single-agent plates measure each drug across 10 doses,
while combination plates onlymeasure drug pairs at a relative 1:1 ratio
—corresponding to the diagonal of a 10 × 10 matrix. Single-agent
response values are mapped onto dose-response curves and inte-
grated with combination data to assemble the sparse matrix (Supple-
mentary Fig. 3c, d), which effectively cuts the required number of
measurements by 90%.

By dramatically decreasing the experimental resource consump-
tion per combination, sparse mode increases throughput and effi-
ciency. For example, the workflow supports up to 135 single agents,
which yields 9045 combinations andwould require just 73 plates when
using six replicates of single-agent plates (Supplementary Fig. 3e, f).
Consequently, sparse mode’s miniaturized design and efficient plate
usage make ultra-large-scale combination screens available with
minimal resources.

Machine learning augments sparse screening
To enhance the utility of our sparse screening workflow, wedeveloped
an ensemble machine learning model capable of predicting the non-
measured response values within a sparse matrix, effectively filling in
the gaps to reconstruct the completedmatrix.We leveraged the dense
mode combination data to train the model, which provided fully-
measured 10 × 10matrices alongside their corresponding single-agent
responses. From this, we curated a training set comprising 552 matri-
ces (198,720 measurements) and a test set of 184 matrices (66,240
measurements) (Fig. 3a). Each non-measured index within the sparse
matrix is predicted by a dedicated regression model within the
ensemble, allowing all 90models to be finely tuned for their respective
targets (Fig. 3b, see “Methods” section).

Our model demonstrated a high predictive accuracy, with a
median R2 of 0.945 across 10-fold cross-validation (Fig. 3c). Analyzing
variable importance (VI) revealed that predictions were most strongly
influenced by measured values closest to the target index. For
instance, the model predicting the response at row 1, column 2
(Model[1,2]), primarily relied on data from its two nearest measured
indices (Fig. 3d). Despite relying heavily on only two of the 30 mea-
sured values, this model achieved strong predictive performance
(r =0.98) between the observed and predicted values in the test set
(Fig. 3e). Similar patterns were observed throughout the ensemble,
with strong performance across models predicting values near the
diagonal (Fig. 3f, g) and those in the lower-right quadrant of thematrix
(Fig. 3h, i). A broader analysis of all models confirmed a proximity-
based dependency, withmost predictions relying onmeasured indices
within a Euclidean distance of 1 or 2 from the target index (Fig. 3j, k).
These findings underscore the importance of leveraging local features
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for predicting sparse matrix values and highlight the advantage of
training dedicated models for each of the 90 non-measured indices,
enabling highly targeted predictions (Supplementary Data 2).

To evaluate the ensemble’s overall performance, we compared
observed and predicted cell death responses across all non-measured
indices in the test set. This yielded a strong correlation (r = 0.98,
Supplementary Data 3) (Fig. 3l), demonstrating the ensemble’s relia-
bility in capturing key combination response effects. By predicting
non-measured values, the ensemble model enriches the sparse
screening workflow, providing detailed insights that enhance the
interpretability of synergy results while preserving resource effi-
ciency (Fig. 3m).

Applied screen of 9045 combinations
To demonstrate the scalability and practical utility of Combocat, we
applied the sparse mode workflow to screen 9045 drug combinations

in the neuroblastoma cell line CHP-134 (Supplementary Data 4),
representing the largest dense combination screen reported in a single
cell line. We used 135 small molecules, encompassing approved che-
motherapeutics, investigational compounds, and neuroblastoma-
selective agents nominated from our earlier CRISPR screens27. (Sup-
plementary Data 5). Synergywas quantified for each pair by theirmean
Blissadj. (observed) score—the adjusted Bliss synergy averaged across the
matrix diagonal (10measured dose pairs) (Fig. 4a).Most combinations
centered near zero (Fig. 4b), indicating a predominance of additive or
non-synergistic interactions and aligning with prior findings that
strong synergy is a rare phenomenon20,28,29.

To prioritize drug combinations for further exploration, we used
three filtering criteria that captured spatially coherent synergy pat-
terns (Moran’s I), data reliability (QC flag counts), and biological rele-
vance (mean cell death response, Fig. 4c–e, see “Methods” section).
After filtering, 594 top-scoring pairs remained, ranked bymeanBlissadj.

Fig. 2 | Dense combination screening. a Distribution of single-agent standard
deviations. The standard deviation is measured across each dose of all single-agent
drugs across their respective three replicates. b Distribution of combination stan-
dard deviations. For each drug combination, the standard deviation is measured
across all 100 dose pairs and their respective three replicates. cMean adjusted Bliss
synergy (Blissadj.) for all tested drug combinations. Each point represents themean
Blissadj. value across the 100 dose pairs per combination. SMX_TMP is highlighted
as the top-ranking combination. d Dose-response curves for SMX (top) and TMP
(bottom). Four-parameter log-logistic curves were fit to the mean cell death values

from the 10 doses. Individual replicate values are represented by smaller gray dots.
Horizontal dashed lines correspond to 50% cell death. Vertical dashed lines cor-
respond to IC50 concentrations. e Cell death combination matrix, represented as
the mean of the three replicates. f Bliss synergy matrix calculated from (e). g Cell
death for each single agent and their combination at doses corresponding to the
maximum synergy. The red dashed line indicates the expected response value
under the Bliss model. h–k Like (d–g), for the combination of AZD1390 and
CX-5461.
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(observed) (Fig. 4f). To validate these sparse mode predictions, we re-
screened a subset of 40 combinations in densemode: the top 30 from
sparse mode (expected to display the highest synergy) plus 10 ran-
domly selected combinations that had been excluded. Measuring
these combinations in a fully sampled 10 × 10 format enabled a direct
comparison to sparse mode results.

Most top-ranked drug pairs retained strong synergy patterns,
confirming that sparse mode can effectively prioritize synergistic
combinations (Supplementary Fig. 4a). In contrast, the 10 random

pairs exhibited weaker synergy in dense mode, matching their lower
sparse mode scores. We additionally compared single-agent dose-
response curves for the 47 unique drugs in the validation set and
observed close alignment (rho = 0.858) of IC50 values and fitted dose-
response curves (Supplementary Fig. 4b, c), reinforcing the con-
sistency of single-agent measurements obtained in sparse mode.

Among the validated hits, the ATM inhibitor AZD1390 in combi-
nation with the PARP inhibitors Olaparib or Rucaparib stood out for
their pronounced synergy (Fig. 4g, i, k, m). This aligns mechanistically
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with targeting complementary DNA damage repair pathways: PARP
inhibition leads to accumulation of single-strand breaks, while ATM
inhibition impairs the double-strand break repair response30. Re-
testing these combinations in dense mode confirmed high agreement
(Fig. 4h, j, l, n), meaning strong, reliable synergies could be identified
from the starting set of over 9000 screened combinations. Collec-
tively, these data establish Combocat’s sparse mode as an efficient
and scalable means of uncovering synergy even in ultra-large-scale
screens.

Discussion
Combocat presents a step toward more comprehensive, flexible, and
scalable drug combination screening. By uniting acoustic liquid
handling and machine learning-assisted inference, we have demon-
strated the feasibility of screening thousands of combinations while
retaining the resolution and interpretability crucial to discovering
strong synergistic interactions. The principles underpinning Combo-
cat are broadly applicable, with a design that supports compatibility
with various assay readouts that alignwith specified volumes and plate
formats—such as luminescence, absorbance (Supplementary Fig. 6),
fluorescence, mass spectrometry, or high-content imaging. Further-
more, the open-source acoustic liquid handler protocols ensure
adaptability to other drug dispensing platforms with comparable
capabilities, establishing Combocat as a scalable foundation for
diverse experimental applications.

The functionality and workflow of Combocat are designed to be
straightforward, including its minimal and intuitive analytical pipe-
line (Supplementary Fig. 5a). This streamlined architecture, along
with open-source and detailed documentation, ensures that
researchers can easily implement and customize Combocat experi-
ments according to their needs. Our goal is to pursue continual
refinement and expansion of the platform. One of the most com-
pelling aspects of Combocat lies in its potential for community-
driven advancement. As more research groups generate dense
combination data, these datasets can be anonymized and con-
tributed back to the community for re-training and improving the
ensemble machine learning model (Supplementary Fig. 5b). This
communal effort could result in a dynamic resource capable of
delivering progressively more accurate synergy estimates with
minimal experimental overhead.

While Combocat enables high-throughput combination screen-
ing in various contexts, some limitations are important to acknowl-
edge. First, the accuracy of sparse mode inference is inherently
dependent on the quality and diversity of the training data. We tested
three progressively stringent stratifications of our dense mode
dataset (Supplementary Fig. 7a–c) and found essentially identical
predictive performance (r≈0.97, Supplementary Fig. 7d–f), demon-
strating no simple data leakage in predicting responses in Neuro-
blastoma. However, as new data are collaboratively added,

preventing leakage through continuous hold-out testing will be
essential to maintain the model’s robustness and generalizability.
Second, although dense and sparse modes’ experimental measure-
ments largely agree, they will differ in some circumstances. Sparse
mode uses miniaturized volumes and a different plate format, which
can occasionally introduce shifts in drug potency or dynamic range.
This can be related to technical factors like compound dispersion in
smaller volumes, plate layout effects, or variations in cell confluence
in smaller wells. Finally, while Combocat supports Bliss and Loewe
synergy metrics, each carries assumptions and limitations. For
example, Bliss can misestimate synergy for drugs targeting similar
pathways, and Loewe cannot calculate synergy in the absence of
dose-equivalence (Supplementary Fig. 8a, b)—making it undefined in
61.5% of sparse mode dose combinations tested (Supplementary
Fig. 8c). We compared the mean synergy scores in our combinations
passing QC and filtering steps (n = 800) and observed a modest
agreement between the Bliss and Loewe models (Spearman rho =
−0.672, p < 2.2e-16, Supplementary Fig. 8d). Importantly, additional
reference models exist such as Highest Single Agent (HSA)31, Zero
Interaction Potency (ZIP)32(which models changes in potency of the
dose-response curves), and others, which can be evaluated in future
extensions of the platform.

We envision leveragingCombocat’s scalability to investigatemore
of the vast unexplored drug combination space, mapping out the
synergy landscapes of thousands of drug combinations across many
cell lines (Supplementary Fig. 5c). By integrating sparse mode work-
flows with continuously evolving machine learning models, rich
synergy datasets can be generated, capable of capturing complex
biological responses. Suchcomprehensive synergymapswill empower
researchers to identify conserved interactions, reveal lineage-specific
vulnerabilities, and guide the rational selection of combination
therapies.

Methods
Ethics statement
This study complied with all relevant ethical regulations.

Cell culture
The CHP-134 cell line was purchased from Sigma (catalog #6122002)
and maintained in RPMI 1640 medium (Corning, catalog #10-041-CM)
supplemented with 10% FBS (Corning, catalog #35-015-CV) at 37 °C
with 5% CO2. Mycoplasma was routinely tested using the MycoAlert
mycoplasma detection kit (Lonza, catalog # LT07-118), and the cells
were verified negative for contamination.

For experiments with bacterial cultures, the Escherichia coli
BW25113 strain (Horizon Discovery Ltd.) was cultured at 37 °C in
Mueller-Hinton (MH) agar or broth (BBL). Cultures in exponential
phase (OD600 0.4–0.6) were diluted to OD600 of 0.0005 for plating in
384-well format.

Fig. 3 | Machine learning supplements sparse screening data. a Composition of
training and test sets used to develop the ensemble model. The training set
includes 552 fully-measured 10 × 10 combination matrices (light orange, 75% of
total data), while the test set has 184 matrices (dark orange, 25% of total data).
bOverviewof the ensemblemachine learningmodel architecture.Ninety individual
models are each designed to predict the response of a single non-measured index
of a sparse matrix. Fully-measured 10 × 10 matrices from the training set are
downsampled to reflect the 30measured values collected in sparse mode (treated
as features) and the index a given model aims to predict (treated as the outcome
variable). Eachmodel undergoes hyperparameter tuning and isfit with theXGBoost
regression model (see “Methods” section). c Model performance measured by R2

across the 10 respective folds for each of the 90 models. Box plot center line
represents the median (0.947), bounds are 25th and 75th percentiles (0.934 and
0.959), and whiskers extend to the most extreme data points within 1.5× the
interquartile range from the box edges. The minimum is 0.860, the maximum is

0.983. d Variable importance (VI) contributed by the 30 measured values toward
themodel predicting index [1,2] (represented by a yellow circle) across the test set.
e Comparison of observed versus predicted cell death response values for the
model predicting index [1,2] across the test set. f–i Like (d, e) showing the VI and
predictive performance for models [5,6] and [9,10], respectively. j Violin plot
summarizing the Euclidean distances between the target index of a model and its
corresponding feature index with the maximum importance value, across all 90
models. The dashed line represents themedian Euclidean distance (d = 2) across all
samples, with model [4,6] highlighted as an example (red dot). k Example of the
model predicting index [4,6], illustrating the Euclidean distance (d = 2) from its
target index to the feature index with the maximum importance value. l Overall
predictive performance of the model across all samples in the test set (n = 184).
mOverview of the sparsemode workflow, integrating the experimental generation
of sparse matrices with the machine learning-based imputation of non-measured
response values.
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Compounds
Compounds were sourced from commercial vendors (see Supple-
mentary Data 5). Stocks were solubilized in DMSO and stored at
−80 °C until 24 h before use, at which point they were thawed at
room temperature and centrifuged at 1100 RPM for 5min. Across all
assays, compounds were screened at 10 concentrations using 3-fold
serial dilutions, typically with an upper limit of 25 µM. Most com-
pounds were screened below and above their physiologically-

relevant doses, and in a way positioning their suspected IC50s as
the midpoint to attempt achieving a complete dose-response effect.

The choice of 135 compounds used in sparse mode comes from
drugs targeting the top neuroblastoma-selective sensitizers from ear-
lier CRISPR-anchor screens27. Specifically, drugs were chosen using the
following approach:
1. Our previous CRISPR knockout-anchor screens investigated 18

cell lines using 7 neuroblastoma standard-of-care drugs and 1

Fig. 4 | Ultrahigh-throughput screen of 9045 combinations in CHP-134 cells.
a Heatmap of the mean adjusted Bliss synergy scores (Blissadj.) across experimen-
tally observed 10 dose pairs for each of the 9045 tested combinations.
b–eHistograms of themean Blissadj. (observed), Moran’s I, QCflag count (observed), and
mean % cell death, respectively, across the combination data. c–e highlight filters

applied to exclude (gray) or include (green) combinations in the final hit list.
f Filtered combinations (n = 594), ranked by theirmeanBlissadj. (observed) scores. The
top 15 hits are labeled above. g–n Comparison of the top 2 hits from sparse mode
(upper matrices) re-screened using dense mode (lower matrices). The cell death
(g, h, k, l) and synergy (i, j, m, n) matrices are compared between the two modes.
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investigational compound (Doxorubicin, Etoposide, Retinoic
Acid, Topotecan, Vincristine, Cisplatin, Phosphoramide Mus-
tard, and JQAD1). The CRISPR knockout library was designed to
target 655 known druggable genes. These screens were designed
to identify druggable gene knockouts that sensitize cancer cells
to standard-of-care neuroblastoma drugs.

2. To identify these high-potential drug-sensitizing gene knock-
outs from the resulting dataset, we applied a custom Bayesian
hierarchical model (described in the “Methods” section of Lee
and Wright et al.) to nominate genes with differential sensitiza-
tion effects in the Neuroblastoma group, relative to the
outgroup cell.

3. We then compiled the list of drugs that targeted the resulting
neuroblastoma-selective sensitizing gene knockouts. For genes
targetable by >1 drug, the list was reduced manually, considering
factors such as clinical approval, redundancy with other drugs,
number of analogs, and compound availability.

4. Finally, we manually added high-priority investigational com-
pounds to the list after consultation with multiple pediatric
oncologists at St. Jude, yielding the final number of 135 unique
drugs. The list of drugs is available in Supplementary Data 5.

Drug template designs
Dense mode template. To enable comprehensive and reproducible
measurement of pairwise dose combinations in a 10 × 10 matrix for-
mat, we designed a 384-well plate template that accommodates three
replicate 10 × 10 combination matrices in a 384-well plate format,
alongwith three replicates of the dose-response curves for each single-
agent and twelve replicates of each positive and negative control
(Fig. 1c). In each well, 200 nL of total compound was transferred via an
Echo 655 acoustic liquid handler (Beckman Coulter): 100 nL of com-
pound + 100 nL of DMSO for single-agent wells, or 100 nL of each
compound for combination wells. This was followed by 40 μL of cells,
added using a Multidrop combi (Thermo Fisher). Maintaining a 40μL
volume of cells minimized edge effects arising from evaporation. Each
dense mode plate tested exactly one drug combination, making the
total plate count for a dense mode experiment scale linearly with the
number of drug pairs.

Sparse mode template. Sparse mode was designed to increase
throughput and reduce resource usage byminiaturizing the assay into
a 1536-well plate format (Supplementary Fig. 3a, b). Three key features
enable ultra-large combination screens in sparse mode:
1. Miniaturized volumes: Only 20 nL of compound is transferred

(10 nL of each drug for combinations or 10 nL of drug + 10 nL of
DMSO for single-agent wells), followed by 4 μL of cells. Edge
wells are filled with culture medium to mitigate evaporation.
Doses are interleaved to minimize well-to-well signal
contamination.

2. Measurement of the diagonal only: Each 10 × 10 matrix is repre-
sented by 10 dose pairs that combine each drug at a relative 1:1
ratio. For example, the 6th-highest tested dose of Drug 1 with the
6th-highest tested dose of Drug 2. This reduces the total
measured dose pairs by 90%, compared to a fully-measured
10 × 10 matrix (Supplementary Fig. 3d).

3. Separate single-agent and combination plates: Single-agent and
combination plates are tested separately, with single-agents
testing each drug’s 10-dose series, and combinations testing only
the diagonal dose pairs. This allows single agents to be mapped
onto combination matrices without being re-measured. For
example, to screen the combinations A_B and A_C, dense mode
would measure A twice, whereas sparse mode would measure A
once. Within-plate controls facilitate normalization before inte-
gration into assembled matrices.

The total number of plates required for a sparse mode screen can
be calculated as:

Total plates = c r
n
135

l m
+

n
2

� �
135

� �� �
ð1Þ

where c is the total number of cell lines, r is the total number of single-
agent plate replicates, and n is the number of unique drugs. The 135
value comes directly from the number of unique drugs able to fit
within the usable (non-edge) wells of the 1536-well plates.

Drug combination screens
For both dense and sparse modes, compounds were transferred into
empty 384- or 1536-well plates (Corning) using the Echo 655 acoustic
liquid handler with Combocat protocol files (available at combo-
cat.stjude.org). After compound transfer, cells were dispensed at
seeding densities of 1000 cells/well in 384-well plates or 200 cells/well
in 1536-well plates. For E. coli cells (which were only screened in 384-
well plates), an OD600 of 0.0005 was used. In 1536-well plates, cells
were strained through a 70 µM cell strainer before being dispensed.
The final DMSO concentration after cell addition was 0.5% in all wells.

Plates were incubated at 37 °C for 72 h. Cell viability was assessed
after the 3-day treatment using CellTiter-Glo (or BacTiter-Glo for
bacterial cells) by adding either 25 µL (to 384-well plates) or 2 µL (to
1536-well plates) of prepared reagent and reading luminescence on an
EnVision plate reader (PerkinElmer). For the absorbance-based read-
out of cell viability, 8 µL ofMTS reagent (Abcam) at 0.5× concentration
was added to the cells at the endpoint time. The MTS reagent was
incubatedwith cells for 3 h, andplateswere read at 490nanometerson
a Cytation 5 plate reader (BioTek).

The quality of all screened assay plates was assessed using the Z′
metric33, which measures quality as a function of signal window and
data variation, given by:

Z 0 = 1� 3σNeg + 3σPos

μNeg � μPos

���
��� ð2Þ

where σNeg/Pos and μNeg/Pos represent the standard deviation and
means of the controls, respectively. A Z′ value of ≥0.5 is generally
regarded as an excellent separation of controls.

Development of an ensemble machine learning model
The Combocat ensemble machine learning model was developed as a
collection of 90 individual models, each built to predict one of the 90
non-measured indices of a sparse matrix. To construct these models,
an input dataset was first assembled containing all fully-measured data
collected via densemode, totaling over 800 combinationmatrices and
their single-agent response values (Supplementary Data 1). The input
dataset was firstfiltered to remove anymatrices with amean cell death
value < 10%. Next, this dataset was split into 75% for training and 25%
for the test set, respectively. This resulted in a training set of 552
matrices (198,720 measurements) and a test set of 184 matrices
(66,240measurements). Note that while the combination matrix itself
has dimensions of 10 × 10, including the single-agent data effectively
extends this into an 11 × 11 grid, where the 1st column and 11th row
represent the single-agent responses (Supplementary Fig. 9a). This
format was used for associating amodel with its respective index. Each
model was trained on 30 features: response values from 10 single-
agent indices each from Drug 1 and Drug 2, and 10 indices corre-
sponding to the matrix diagonal, which represent each drug’s con-
centration combined at a relative 1:1 ratio (Supplementary Fig. 9b).
These 30 features correspond to the 30 indices measured
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experimentally in the sparse mode workflow (Supplementary Fig. 3d)
andwere used across the input data to generate themodels predicting
the 90 total indices of a sparse matrix (Supplementary Fig. 9c).

The training of each model involved fitting the tree-based
regression model XGBoost34. Hyperparameter tuning was enabled to
optimize model performance, which was accomplished using a space-
filling grid design to efficiently test 40 combinations of the hyper-
parameters (detailed in Supplementary Data 6). A 10-fold cross-vali-
dationwas used to select the optimal set of hyperparameters based on
the lowest R2 value. Once identified, each model was trained using its
respective optimal hyperparameters on the entire training set. The
performance of each model was evaluated across all folds, gauged by
R2 and RMSE. For each model, the variable importance was measured
across each of the 30 features (30 measured response values from
sparse matrices) to evaluate their predictive impact (Supplementary
Data 7). Next, the trained models were validated on their test sets to
ensure their predictive capability by comparing the observed vs. pre-
dicted cell death response values. The comparison of observed vs.
predicted response values across the 90 models collectively was used
to summarize the predictive performance of the ensemble model.
Finally, the ensemble model was serialized in a format that allows for
rapid deployment for future sparse matrix predictions. All model
generation was performed using the tidymodels framework
(tidymodels.org).

Quality control for handling spurious measurements
To ensure data integrity and mitigate the impact of spurious mea-
surements, we implemented a rigorous quality control (QC) procedure
focusing on three key metrics: single-agent standard deviation, resi-
duals from single-agent dose-response curves, and monotonicity of
the cell death response.

For each single-agent drug, we first calculated the standard
deviation of the percentage cell death (% cell death) values across all
replicates at each dose level, resulting in ten standard deviation values
per agent corresponding to the ten doses tested. Any dose with a
percentage cell death standard deviation exceeding a predefined
threshold (Tdefault) of 29 was flagged for disqualification. All combi-
nation data points involving that particular dose were also flagged for
disqualification (Supplementary Fig. 2e). Next, we fitted a four-
parameter log-logistic model to the dose-response data for each
single-agent drug. For each dose, we calculated the residual – the
difference between the observed percentage cell death and the value
predicted by the fitted curve. Doses with residuals whose absolute
value exceeded the Tdefault threshold of 15% were disqualified (Sup-
plementary Fig. 2f). Finally, we assessed the monotonicity of the cell
death response, under the assumption that percentage cell death
should increasemonotonicallywith increasing drug concentration.We
evaluated the differences in cell death between the consecutive doses.
If the cell death response decreased fromonedose to the next bymore
than the Tdefault threshold of 16% (i.e., a decrease greater than 16%), the
corresponding dose was disqualified (Supplementary Fig. 2g). For
sparse mode data, we additionally evaluated the monotonicity of the
observed combination responses along the diagonal of the 10 × 10
matrix – the ten observed combination values corresponding to
increasing dose pairs combined at relative 1:1 ratios. If any of these
combination responses decreased by more than 16% compared to the
previous dose pair, that specific combination value was disqualified
(Supplementary Fig. 2h). After assessing a combinationmatrix using all
three QC metrics, the flagged values were tracked and could be
excluded from summary statistics if desired. For example, a combi-
nation matrix could be summarized by its mean Bliss synergy score
(which averages over all 100 Bliss synergy values of the 10 × 10matrix),
or by its “adjusted” Bliss synergy score (which only averages over the
non-disqualified Bliss synergy values).

Applied screen of 9045 combinations
Apairwise combination screen of 135 drugswas performed in the CHP-
134 cells. Each single-agent plate was replicated six times. Drug com-
binations were prioritized for further exploration by first applying a
series of filtering criteria:
1. Moran’s I, a measure of spatial autocorrelation35, was used to

assess the distribution of synergy across each 10 × 10 combination
matrix. Moran’s I quantifies the degree to which similar scores
cluster together in space and was applied to all synergy matrices
(Supplementary fig. 10). A high Moran’s I indicates that similar
synergy scores are similarly clustered, forming cohesive patterns,
whereas low values suggest a random distribution with no dis-
cernible pattern. We reasoned that synergy matrices exhibited
such localized motifs likely reflect coherent biological effects,
while sporadic patterns aremore likely to signify noiseor spurious
results. Allmatriceswith aMoran’s I value of <0.6werefiltered out
to retain only those with strong patterns of spatial
autocorrelation.

2. All combination matrices were subjected to a filter based on the
quality of the measured values. The ten measured values, corre-
sponding to the diagonal of the 10 × 10 matrix, were subjected to
our QC pipeline. If more than six of these ten measured values
were flagged by the QC pipeline as unreliable, the matrices were
excluded.

3. The mean percentage cell death was also used as a filter for the
screening data. For all 100 dose pairs per combination, the mean
was calculated, and only matrices with ≥20% cell death were
retained for further analysis. This ensured that the high-ranking
synergy was also meaningful in terms of inducing cell death.

Once the screening data were filtered, combinations were ranked
by theirmeanBlissadj. (observed) values. Thismetric is simply themeanof
the 10 measured values per combination after they were subjected to
QC (Fig. 4a).

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
All data generated and analyzed in this study, including the dense
mode reference dataset, model performance metrics, and sparse
screening results, are available in the Supplementary Data. The
deployable machine learning model file, protocols for the Echo
acoustic liquid handler, along with comprehensive documentation for
how to run Combocat screens, are freely available at https://www.
combocat.stjude.org.

Code availability
The source code for all computational workflows, including the
machine learning ensemble model and the Combocat R package, is
open-source and freely available on GitHub at github.com/wcwr/
combocat. The code is open-source under the Apache 2.0 license.
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