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Dissecting tumor cell programs through
group biology estimation in clinical
single-cell transcriptomics

Shreya Johri 1,2, Kevin Bi1,2, Breanna M. Titchen1,2,3, Jingxin Fu 1,2,
Jake Conway1,2,4, Jett P. Crowdis1,2, Natalie I. Vokes 5,6, Zenghua Fan7,8,9,
Lawrence Fong 7,8,9, Jihye Park1,2, David Liu 1,2, Meng Xiao He1,2 &
Eliezer M. Van Allen 1,2

With the growth of clinical cancer single-cell RNA sequencing studies, robust
differential expression methods for case/control analyses (e.g., treatment
responders vs. non-responders) using gene signatures are pivotal to nominate
hypotheses for further investigation. However, many commonly used meth-
ods produce a large number of false positives, do not adequately represent the
patient-specific hierarchical structure of clinical single-cell RNA sequencing
data, or account for sample-driven confounders. Here, we present a non-
parametric statistical method, BEANIE, for differential expression of gene
signatures between clinically relevant groups that addresses these issues. We
demonstrate its use in simulated and real-world clinical datasets in breast
cancer, lung cancer and melanoma. BEANIE outperforms existing methods in
specificity while maintaining sensitivity, as demonstrated in simulations.
Overall, BEANIE provides a methodological strategy to inform biological
insights into unique and shareddifferentially expressed gene signatures across
different tumor states, with utility in single-study, meta-analysis, and cross-
validation across cell types.

Single-cell transcriptomic profiling of patient tumors has enabled the
high-resolution study of cell type specific transcriptional programs
dictating disease progression and treatment response. Building on
seminal cellular atlases for specific cancer types, single-cell RNA
sequencing (scRNA-seq) studies are increasingly focused on deriving
hypotheses by evaluating groups of patients (e.g., treated vs.
untreated, responders vs. non-responders, and early- vs. late-stage).
Numerous early studies focusedonderiving thesehypotheses through
differential expression of individual genes, inspiring the development
of custom bioinformatic methods for scRNA-seq datasets1–4. However,

individual genes alone offer limited insight into the complex cellular
programs underlying distinct biological processes. Therefore, studies
are increasingly focused on examining differences in gene signatures
(experimentally and/or computationally derived aggregation of rela-
ted genes or pathways) between patient groups. While many methods
to extract gene signatures5,6 and score cells for gene signatures7,8 have
been developed, differential expression of these signatures continues
to be performed with methods developed for bulk RNA-sequencing
(bulk RNA-seq) datasets. These include statistical tests such as the
Mann-Whitney U test followed by BH correction (MWU-BH) and
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regression-based methods such as Generalized Linear Models (GLMs).
Numerous studies have also applied generic bulk RNA-seq methods
after pseudobulking scRNA-seq datasets to the patient level9–12.

These conventional bulk RNA-seq differential expression meth-
ods have a number of limitations in the analysis of scRNA-seq data,
with particular challenges presented in their application to tumor cells
profiled frompatient biopsies. First, thesemethodsdonotencapsulate
the hierarchical structure of tumor scRNA-seq data. This is because
tumor cells tend to exhibit more intra-patient similarity as opposed to
inter-patient similarity due to the expression of patient-specific tran-
scriptional programs, driven by DNA-level alterations and
epigenetics13–16. This challenge, in turn, may lead to differential
expression results being skewed by patient-specific biology, instead of
representing genuine biological differences collectively representative
of clinically stratified patient groups. Furthermore, the number of cells
(and hence, data points) sequenced in scRNA-seq datasets are typically
orders of magnitude large compared to bulk RNA-seq datasets,
thereby potentially increasing the power of statistical tests to detect
minute differences (by rejecting the null hypothesis) between the
groups under consideration, which may not reflect biologically or
clinically relevant observations. This issue may lead to high false
positives rates, as echoed in prior works within the context of differ-
ential expression using individual genes17. Notably, methods devel-
oped for differential expression of individual genes are not directly
applicable to gene signatures either. This is primarily because these
methods model specific statistical distributions (e.g., the zero-inflated
negative binomial distribution3, hurdle models that combine logistic
regression for zero vs. non-zero counts with gaussian linearmodels for
non-zero counts1). While these parametric distributions arewell-suited
for modeling the expression of individual genes, the distribution of
gene signatures heavily depends on the constituent genes. This
dependency can lead to deviations from the assumed parametric dis-
tributions, making it challenging to apply standard gene-level differ-
ential expression methods directly to gene signatures. As a result of
these significant methodological challenges, case/control analyses of
scRNA-seq data derived from patient tumor samples often do not
involve detailed assessments of the tumor compartments, which has
restricted the capability to derive hypotheses around tumor cellular
programs in increasingly complex clinical contexts.

In this work, we developed a nonparametric statistical group
biology estimation method (group Biology EstimAtion iN sIngle cEll;
“BEANIE”) (Fig. 1, “Methods”) for clinical scRNA-seq data, building
upon work presented in He et al.18 Our method automatically incor-
porates differences arising from patient-specific biology within clini-
cally stratified patient groups, adjusting for disparities in cell counts
per patient, and accounting for transcriptomic differences between
the twopatient groups using a backgrounddistribution. Ourmethod is
therefore able to identifywhether gene signatures characteristic of cell
states or biological pathways of interest are differentially expressed
between patient groups in a statistically significant and robustway.We
applied BEANIE to simulated and patient-derived scRNA-seq datasets
across cancer types, and evaluated its performance against six existing
methods: MWU-BH, GLM, pseudobulk, and their respective leave-one-
out cross-validation (LOOCV) variants (MWU-BH-LOOCV, GLM-
LOOCV, and pseudobulk-LOOCV). In simulated datasets, BEANIE
showed superior trade-off between specificity and sensitivity in iden-
tifying differentially expressed gene signatures compared to the
existing methods. Furthermore, when applied to clinical scRNA-seq
datasets, BEANIE enabled identification of biologically meaningful
gene signatures with high specificity as well as could inform hypoth-
eses in a meta-analysis setting using samples from multiple datasets.
Finally, we demonstrated BEANIE’s findings also corroborate across
cell type compartmentswithinheterogeneous patient samples derived
from different biopsy sites. In summary, BEANIE identifies hypotheses
with high specificity that represent transcriptional differences

representative of group biology in both single-study andmeta-analysis
settings of scRNA-seq data.

Results
BEANIE outperforms conventional methods in identifying dif-
ferential expressed gene signatures in simulated datasets
BEANIE is a non-parametric method designed to identify differentially
expressed gene signatures between two patient groups using a counts
matrix (genes x cells) and a predefined set of gene signatures. The
method begins by generating Monte Carlo simulations, ensuring uni-
form sample representation through subsampling an equal number of
cells per sample. For each simulation, p values for each gene signature
(t_signature) are calculated using theMann-Whitney U test to compare
the two groups. To account for non-biological variability between the
patient groups, BEANIE uses a background distribution of gene sig-
natures (b_signatures) composed of randomly sampled genes for
correction. This correction is intended to enrich for observed differ-
ences that are biologicallymeaningful. Results for each gene signature
are then aggregated across Monte Carlo simulations to derive an
empirical p value and a robustness metric. The robustness metric
assesses how representative the differentially expressed gene sig-
nature is of the underlying biology of the patient groups. It is calcu-
lated by determining whether the exclusion of a patient sample from
the differential testing affects the statistical significance of the
empirical p values. Gene signatures that are both statistically sig-
nificant and robust to sample exclusion are identified as differentially
expressed gene signatures (Fig. 1; “Methods”). BEANIE is particularly
intended for identifying differentially expressed gene signatures
within heterogeneous tumor compartments and integrates with
scRNA-seq analysis workflows. After cell type identification and tumor
state delineation, BEANIE can be used to identify gene signatures that
are differentially expressed between the two groups comprising the
predefined tumor state. While BEANIE can also be applied across the
entire tumor compartmentwithoutpredefined tumor states, using it in
combination with tumor state delineation is intended to enable a finer
granularity of results and thus yield more nuanced biological insights.

We benchmarked BEANIE’s ability to detect differentially expres-
sed gene signatures against six conventional methods in the field:
MWU-BH, MWU-BH-LOOCV, GLM, GLM-LOOCV, pseudobulk, and
pseudobulk-LOOCV (see Methods). For this comparison, we used a
simulated tumor scRNA-seq dataset and selected 50 oncology-related
gene signatures from MSigDB (see Data Availability). To mimic real-
world clinical data, we generated a dataset comprising two compar-
ison groups, each with 10 patients and 100 cells per patient. Both
groups were derived from a common seed population of tumor cells
from multiple patients, ensuring an identical initial distribution (see
Methods). We then introduced controlled perturbations along two
axes: magnitude (1, 2, and 3 standard deviations, with 3 std repre-
senting outliers) and fraction (ranging from 0.1 to 1). These perturba-
tions represent various scenarios that can lead to differences between
patient groups. For each perturbation condition, we conducted 1000
trials, enabling precise estimation ofmethod specificity and sensitivity
across different levels of inter- and intra-patient variation typical in
clinical datasets (Fig. 2a; Methods).

The evaluated methods demonstrated a wide range of specificity
(Fig. 2b, Supplementary Table 1); however, BEANIE generally demon-
strated superior performance, with a high mean specificity of 0.999
that significantly outperformed other methods. Specifically, it exhib-
ited 6.60% higher specificity than MWU-BH (mean specificity = 0.933),
5.81% higher than MWU-BH-LOOCV (mean specificity = 0.941), 13.71%
higher than GLM (mean specificity = 0.862), and 12.11% higher than
GLM-LOOCV (mean specificity = 0.878), with all comparisons yielding
adjusted p values less than 0.0001 (see “Methods”). BEANIE’s specifi-
city was comparable to that of pseudobulk methods. Furthermore,
when 50% or more of simulated patients were perturbed with varying
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Fig. 1 | BEANIE (group Biology EstimAtioN in sIngle cEll). A Method Overview:
Tumor cells from multiple patient samples are clustered to identify tumor states.
BEANIE then focuses on shared states between the two patient groups. For each
corresponding tumor state, user inputs include a gene-by-cell countmatrix, sample
and group IDs, and a list of gene signatures to test (referred to as test signatures or
t_signatures). Test signatures are first organized into bins based on their size (i.e.,
number of genes per signature). For each bin, a list of background signatures
(b_signatures) of equivalent size is created by random gene sampling to serve as a
control distribution in subsequent p value calculations. Signature scoring is per-
formed per cell for both test and random gene signatures, followed by differential
expression analysis to identify statistically significant and robust gene signatures.
B Differential Expression Workflow: Differential expression testing relies on a
Monte Carlo approximation of empirical p values through subsampling, combined

with leave-one-out cross-validation by excluding individual patient samples. Initi-
ally, the data (countsmatrix) is divided into folds, with each fold fq representing the
exclusion of one sample from either comparison group. In the subsampling step
(Monte Carlo simulation), an equal number of cells are sampled from each patient
to ensure balanced representation. A Mann-Whitney U test is then performed per
subsample for each fold, for both the test gene signatures and the background
distribution (derived from random gene signatures). Each test gene signature is
matched with a corresponding background distribution based on bin size, and an
empirical p value is computed (reflecting the test distribution’s median percentile
relative to the background). Additionally, a Fold Rejection Ratio (FRR) (see
“Methods”) is calculated per test gene signature for each fold, providing ameasure
of the robustness of each gene signature to patient sample exclusion.
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Fig. 2 | Sensitivity and specificity analysis of methods for differential expres-
sion of gene signatures. a Schematic for generating the simulated dataset and
introducing controlled perturbations to model different levels of inter- and intra-
patient variation (see Methods). b Boxplot depicting the specificity of BEANIE in
identifying the differential expression of gene signatures (n = 50) in the simulated
dataset (n = 1000 trials) benchmarked against six conventional methods (MWU-
BH, MWU-BH-LOOCV, GLM, GLM-LOOCV, pseudobulk and pseudobulk-LOOCV).
The box represents the interquartile range (IQR), the line within the box indicates
the median, whiskers represent the smallest and largest data points within 1.5
times the IQR and outliers are represented as individual points. c–e Lineplots

showing the sensitivity of BEANIE and conventional methods (MWU-BH,
MWU-BH-LOOCV, GLM, GLM-LOOCV, pseudobulk and pseudobulk-LOOCV) in
identifying the differential expression of gene signatures (n = 50) in the
simulated dataset (n = 1000 trials) as a function of varying fraction of perturbed
samples and magnitude of perturbation (1–3 std). Solid lines represent the
mean sensitivity, and the shaded regions around each line indicate the 95%
confidence intervals derived from the variability across 1000 trials for each
perturbation condition. Perturbation of less than 50% samples in the group are
shaded in gray.
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magnitudes (1-3 std), BEANIE achieved a perfect sensitivity of 1.0
across all perturbation magnitudes (Supplementary Table 2). This
performance was matched by MWU-BH, MWU-BH-LOOCV, GLM, and
GLM-LOOCV (Fig. 2c–e, Supplementary Tables 3–6), though these
methods had significantly lower specificity compared to BEANIE.
Conversely, while pseudobulk and pseudobulk-LOOCV exhibited
similar specificity to BEANIE, they showed considerably lower sensi-
tivity at the 50% perturbationmark across all perturbationmagnitudes
(SupplementaryTables 7, 8). Notably, pseudobulk-LOOCVconsistently
demonstrated lower sensitivity than pseudobulk across all perturba-
tion levels.

These findings underscore the trade-offs between sensitivity and
specificity: MWU-BH, MWU-BH-LOOCV, GLM, and GLM-LOOCV excel
in sensitivity at low perturbation levels but lack specificity, while
pseudobulk methods offer high specificity but diminished sensitivity
in this setting. In contrast, BEANIE effectively balances both specificity
and sensitivity at biologically relevant perturbation magnitudes. We
also calculated the time taken by BEANIE’s differential testing module
for a dataset of different sizes, achieved by varying the number of
patients per group. We found that BEANIE scales almost linearly with
an increase in both number of cells and number of patients (Supple-
mentary Fig. 1).

BEANIE reveals biologically meaningful insights in immu-
notherapy treatment for scRNA-seq datasets
Building upon simulated benchmarks for systematic evaluation across
controlled conditions, we extended our evaluation to real-world clin-
ical datasets to test BEANIE’s ability to extract biologically meaningful
signals related to the tumor compartment. We used publicly available
breast cancer dataset from Bassez et al.19 (Supplementary Fig. 2, Sup-
plementary Table 9; see “Data Availability”) to identify robust differ-
entially expressed gene signatures related to anti-PD-1 treatment. To
account for themixed efficacy of anti-PD-1 treatment on breast cancer,
as noted in prior studies20–23, we first stratified our analysis by breast
cancer subtype—hormone-sensitive ER+ and triple-negative breast
cancer (TNBC). We then used BEANIE, along with MWU-BH, MWU-BH-
LOOCV, GLM, GLM-LOOCV, pseudobulk, and pseudobulk-LOOCV, to
assess the differential expression of cancer-related gene signatures
curated fromMSigDB andpublished literature (see “DataAvailability”).
This analysis was conducted for both anti-PD-1 naive and anti-PD-1
treated tumors across each breast cancer subtype (see “Methods”). We
focused on shared tumor states between the groups, defined as states
containing more than one sample from each group. While not the
focus of this analysis, the group-specific tumor states may also reveal
unique biological features pertinent to each group.

ER+ Breast Cancers. We first compared anti-PD-1 naive vs. anti-PD-1
treated ER+ breast cancers frommatchedpatient biopsies (27,118 cells,
30 samples; Fig. 3a). Tumor cells were clustered, with batch correction
for patient IDs, to identify three shared tumor states between the naive
and treated ER+ breast cancers, each represented by more than one
sample per group (Supplementary Fig. 2; “Methods”). For each of the
shared tumor states, BEANIE identified differentially expressed gene
signatures (based on the empirical p value and robustness ratio) with
higher specificity compared to MWU-BH, MWU-BH-LOOCV, GLM, and
GLM-LOOCV, and higher sensitivity compared to pseudobulk and
pseudobulk-LOOCV. For example, in tumor state 1, BEANIE identified
five differentially expressed gene signatures, as opposed to 196 iden-
tified by MWU-BH, 200 by MWU-BH-LOOCV, 194 by GLM, and 199 by
GLM-LOOCV, while no candidate signatures were nominated by
pseudobulk and pseudobulk-LOOCVmethods (Fig. 3b, Supplementary
Tables 10–12). These gene signatures also yielded insights into the
biological pathways associated with the distinct tumor states (Fig. 3c,
Supplementary Table 11). The five candidate signatures differentially
expressed in tumor state 1 identified via BEANIE included those

involving hypoxia, metabolic reprogramming, and estrogen response,
which have been implicated in ER+ tumor progression and immu-
notherapy resistance24–26. Interestingly, the gene signature for luminal
B breast cancer (more aggressive, faster proliferating subtype) was
also differentially expressed in anti-PD-1 treated tumors. In tumor state
3, a gene signature for epigenetic alterations due to knockdownofMel-
18 was found to be differentially expressed in the anti-PD-1 naive
tumors, similar to observations in other cancers27. In contrast, no
robust differentially expressed gene signatures for tumor state 2.
Overall, BEANIE identified robust gene signatures associated with anti-
PD-1 exposure, some of which may be potentially related to immu-
notherapy resistance in the ER+ tumors, in line with prior studies23.

We also examined gene signatures that were identified as statis-
tically significant (adjusted p value ≤0.05), yet exhibited non-
robustness to sample exclusion by BEANIE (Fig. 3d), such as the
HALLMARK_INTEFERON_ALPHA_RESPONSE gene signature from
MSigDB. We found that exclusion of one or more samples led to the
test distribution median becoming greater than the 5th percentile of
the background distribution, compared to it being less than the 5th
percentile when the sample was included (median p value with
sample = 1.465 × 10−6, median p value without sample = 0.026; Fig. 3e),
leading to statistically significant but non-robust results. Instead, these
particular gene signatures were driven by sample-specific biology and
were not representative of the group level biology. Notably, these non-
robust signatures were incorrectly identified as differentially expres-
sed by conventional MWU-BH and GLM and their LOOCV variants.

Triple negative breast cancers. We next compared anti-PD-1 naive vs.
anti-PD-1 treated triple negative breast cancers from matched patient
biopsies (25,389 cells, 13 patients) and identified four shared tumor
states with greater than one patient sample per group (Supplementary
Fig. 3). Similar to the ER+ breast cancers, BEANIE had a higher speci-
ficity in detecting robust differentially expressed gene signatures
compared to MWU-BH, MWU-BH-LOOCV, GLM, and GLM-LOOCV, and
displayed higher sensitivity than pseudobulk and pseudobulk-LOOCV,
in the TNBC setting (Supplementary Table 13–15). All evaluated gene
signatures were enriched in the anti-PD-1 naive group relative to the
anti-PD-1 treated group, (Supplementary Table 14), including sig-
natures for epithelial-to-mesenchymal transition (tumor state 1), and
the PI3K/AKT/mTOR signaling pathway (tumor state 2). These sig-
natures, indicative of tumor aggressiveness and progression in certain
settings, have been implicated in TNBC and immunotherapy contexts
in priorworks28. Surprisingly, we found immune response-related gene
signatures downregulated in the treatment-naive group, suggesting
potential resistancemechanisms to therapy that could be clarifiedwith
further information on treatment responses of patients.

Relative performance on false positives. We additionally evaluated
gene signatures consisting of immune cell surface markers as negative
control for the tumor compartment analyses performed.When anti-PD1
naive and anti-PD1 treated groups were compared for differential
expression of immune cell surface markers, T cell, B cell, NK cell, mast
cell, and other myeloid cell surface markers were identified as differ-
entially expressed by MWU-BH, MWU-BH-LOOCV, GLM, and GLM-
LOOCV in both ER+ andTNBC tumor cells (Supplementary Table 16–17).
On the other hand, BEANIE did not detect any of the immune cell gene
signatures as differentially expressed, similar to pseudobulk methods.
These results further corroborated that the low specificity of MWU-BH,
MWU-BH-LOOCV, GLM, and GLM-LOOCV lead these conventional
methods to identify a high number of false positives.

Therefore, BEANIE enabled identification of biologically mean-
ingful and robust gene signatures associated with anti-PD-1 treatment
in ER+ and triple-negative breast cancer subtypes in clinical scRNA-seq
datasets, and displayed substantially lower susceptibility to detecting
false positives relative to conventional methods.
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BEANIE identifies robust gene signatures specific to tumor
subtype biology
We next assessed BEANIE’s utility for identifying gene signatures
related to subtype specific biology in breast cancer. We compared the
ER+ and TNBC subtypes using the scRNA-seq breast cancer dataset
from Bassez et al.19 as described before (Supplementary Fig. 2,

Supplementary Table 3; see “Data Availability”), stratified by anti-PD-1
treatment exposure to account for therapy induced tumor micro-
environment remodeling.

Anti-PD-1 treated breast cancer. We compared the biological differ-
ences in tumor states between ER+ and TNBC tumors from anti-PD-1-
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treated patients (28,290 cells, 28 samples; Fig. 4a, Supplementary
Fig. 4). BEANIE identified gene signatures enriched across these tumor
states, as well as uniquely enriched within individual tumor cell states
with high specificity. On the other hand, MWU-BH, MWU-BH-LOOCV,
GLM, and GLM-LOOCV had low specificity. Pseudobulk and
pseudobulk-LOOCV nominated a lower number of candidate differ-
entially expressed gene signatures compared to BEANIE (Fig. 4b,
Supplementary Fig. 4, SupplementaryTables 18–20). BEANIE identified
gene signatures enriched across two or more tumor states (Fig. 4c),
and amongst them were signatures related to oncogenic signaling,
immune response, metabolic response, and cell structure regulation
(Fig. 4d). Furthermore, biologically supported gene signatures that
were specific to tumor states were also nominated by BEANIE. For
instance, in tumor state 1, gene signatures related to cell growth and
proliferation (including RAF and MEK signaling) were enriched in the
TNBC group, while a gene signature for early response to estrogenwas
enriched in the ER+ group. Moreover, consistent with prior reports,
previously defined gene signatures29 that represent basal (aggressive)
and luminal (indolent) phenotypes were identified as upregulated in
the TNBC and ER+ tumor cells, respectively. In tumor state 2, gene
signatures for dysregulatedmetabolismpathwayswere enriched in the
TNBC group, including PIGF pathways. Prior studies have established
the role of PIGF signaling in cell motility and cytoskeletal remodeling
necessary for cellularmigration30,31, as well as an association with poor
clinical outcomes in breast cancer32–35. In tumor state 3, a gene sig-
nature consisting of genes downregulated in response to HOXA9
knockdownwas differentially expressed in the TNBC compared to ER+
group, therefore indicating that genes controlled by HOXA9 were
upregulated in the TNBC group. This finding corroborates previous
observations related to the role of HOXA9 in de-differentiation and
morphogenesis of tumor cells36, which is also associatedwith themore
aggressive and undifferentiated phenotype of TNBC.

Anti-PD-1 naive breast cancer. We next identified differentially
expressed gene signatures between ER+ and TNBC tumors from anti-
PD-1 naive patients (24,217 cells, 28 samples), with three tumor states
(Supplementary Fig. 5, Supplementary Tables 21–23). BEANIE identi-
fied gene signatures enriched across two or more of these tumor
states, including hallmark interferon gamma response and hallmark
TNF-alpha signaling via NFK-B. These gene signatures are implicated in
various cancers, and prior studies have found interferon gamma
response to be an indicator of tumor aggressiveness37. BEANIE also
identified gene signatures uniquely enriched within individual tumor
cell states, including mTOR signaling, interferon alpha, and ERK sig-
naling, among others (Supplementary Fig. 5, Supplementary Table 21).
Gene signatures enriched in individual tumor states included PAM5038

in tumor state 1. In tumor state 2, gene signatures related to adipo-
genesis, fatty acid metabolism, and cholesterol homeostasis were dif-
ferentially expressed in the TNBC subtype, suggesting potentially
heightened disruption of energy storage and metabolism-related
characteristics in this subpopulation. Differentially enriched gene sig-
natures in tumor state 3 showed upregulated interferon gamma rela-
ted signatures in the ER+ group, including interferon gamma response
and interferon alpha response signatures. This observation is contrary

to the differential expression of cancer-related gene signatures in the
TNBC subtype for all other tumor states identified in this analysis.

Again, for both anti-PD1 and treatment-naive tumors, many of the
gene signatures consisting of the immune cell surface markers were
found to be differentially expressed by MWU-BH, MWU-BH-LOOCV,
GLM and GLM-LOOCV but not BEANIE or pseudobulk methods (Sup-
plementary Table 24, 25). Notably, both shared and state-specific gene
signatures were observed, identifying hypotheses for the different
potential ways in which ER+ and TNBC tumor cells reprogram, and
aligning with results from prior studies on clinical outcomes39–41.

BEANIE identifies robust gene signatures in meta-analyses
across datasets
Building upon single-cohort study performance, we next assessed the
relative applicability of BEANIE compared to established approaches
for a meta-analysis composed of multiple independent scRNA-seq
datasets. We curated lung adenocarcinoma (LUAD) patient samples
from three datasets—Kim et al.42, Maynard et al.43, Qian et al.44 (see
“Methods, Data Availability”), resulting in 17,759 tumor cells from 36
patients (Supplementary Table 9). We assessed the intrinsic biological
differences between early-stage and late-stage tumor cells across these
studies. Recognizing the importance of prior treatment in potentially
altering the tumor cells and introducing varying levels of hetero-
geneity, we focused on treatment-naive patient samples (Fig. 5a, b). As
above, for eachanalysis, wecompared theperformanceof BEANIEwith
respect to conventionally used methods, MWU-BH, MWU-BH-LOOCV,
GLM, GLM-LOOCV, pseudobulk and pseudobulk-LOOCV.

We first identified three shared tumor states between all lung
cancer datasets and then identified differentially expressed gene
signatures with all of these strategies. BEANIE identified differentially
expressed gene signatures with more specificity compared to MWU-
BH, MWU-BH-LOOCV, GLM and GLM-LOOCV (Fig. 5c, Supplementary
Table 26–28). Once again, as negative control, many of the gene
signatures consisting of cell surface markers for different immune
cell types (T cells, B cells, NK cells, mast cells and othermyeloid cells)
were identified as differentially enriched by MWU-BH, MWU-BH-
LOOCV, GLM and GLM-LOOCV, but not BEANIE or pseudobulk
methods (Supplementary Table 29). In tumor states 1 and 4, BEANIE
identified gene signatures differentially expressed in the early-stage
LUAD tumors. These included a gene signature for NRF2 (NFE2L2)
activation in tumor state 1, and the glycolysis pathway and a hor-
mone independent tumor growth gene signature in tumor state 4
(Fig. 5d). Prior studies observed that permanent activation of Nrf2
promotes various cancer properties, including malignancy progres-
sion, chemotherapy resistance, and poor patient prognosis45. Fur-
thermore, glycolysis dysregulation has been indicated in metabolic
reprogramming phenotypes relevant to metastasis46–48. Additionally,
in tumor state 2, we observed differential expression of genes in the
late-stage LUAD tumors related to downregulation due to AKT1 gene
overexpression.

Themeta-analysisfindings demonstrated thatBEANIE can identify
robust differentially enriched gene signatures within and across tumor
states that were not identified by either MWU-BH or GLM in such
settings.

Fig. 3 | Differential expression of gene signatures between anti-PD-1 naive vs.
anti-PD-1 treated ER+ breast cancers. a Schematic showing the comparison
groups of anti-PD-1 naive vs. anti-PD-1 treated ER+ breast cancers. b UpsetPlot
depicting the overlap between differentially expressed gene signatures identified
by BEANIE, MWU-BH, GLM, pseudobulk and their LOOCV variants, across tumor
states (c) Barplot depicting examples of biologically relevant gene signatures
identified as differentially expressed by BEANIE for each of the tumor states.
d Sample Dropout Plot depicting the samples resulting in non-robustness of var-
ious statistically significant gene signatures across tumor states using BEANIE. The
heatmap highlights the samples with a Fold Rejection Ratio (FRR) less than

threshold (0.9), and the horizontal bar plot depicts the number of statistically
significant but non-robust gene signatures (‘dropout’ signatures) when the specific
sample is excluded. e Histogram illustrating the effect of sample exclusion on the
robustness of evaluated gene signatures during differential expression testing with
BEANIE. During the testing of differential expression of HALLMARK_INTERFER-
ON_ALPHA_RESPONSE, when BRCA_20 is present, the distribution of subsamples is
less than the 5th percentile of the background distribution (i.e., statistically sig-
nificant). However, when BRCA_20 is excluded, the distribution shifts such that the
median is not in the top 5th percentile of the background distribution. Therefore,
the empirical p value is greater than 0.05 for the fold when BRCA_20 is excluded.
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Fig. 4 | Differential expression of gene signatures between TNBC vs. ER+ anti-
PD-1 treated breast cancers. a Schematic showing the comparison groups—TNBC
vs. ER+ anti-PD-1 treated breast cancers. bUpsetPlot depicting the overlap between
differentially expressed gene signatures identified by BEANIE, MWU-BH, GLM,
pseudobulk and their LOOCV variants, across tumor states. c Upsetplot showing

the gene signatures differentially expressed across tumor cell states or within an
individual tumor state. d Dotplot showing the gene signatures enriched across
tumor cell states (shared among two or more tumor states). e Barplot depicting
examples of differentially expressed gene signatures with biological relevance
identified by BEANIE for each of the tumor states (*** indicates p values < 0.0001).
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BEANIE yields corroborating insights across cell types
Lastly, we investigated the consistency of biological findings across
cell types. To study this, we assessed whether gene signatures identi-
fied as differentially expressed by BEANIE in the tumor cells were
consistently supported by biological findings in the corresponding
immune cells from the same tumors. We used the dataset from Jerby-
Arnon et al.9. (see Data Availability) for our analysis, which included
data for both immune checkpoint blockade (ICB)-naive and ICB-
treated melanoma patients from various biopsy sites, totalling 2018
tumor cells and 5168 immune cells across 14 patients, with 7 patients
per group (Supplementary Fig. 6, Supplementary Table 9).

We first conducted a global analysis on the entire tumor cell
compartment for identifying differentially expressed gene signatures
across all tumor cells. Similar to prior observations, BEANIE identified a
small number of differentially expressed gene signatures between
tumor cells from ICB-naive and ICB-treated groups, compared to
MWU-BH, MWU-LOOCV, GLM and GLM-LOOCV, whereas no gene
signatures were identified by the pseudobulk methods (Supplemen-
tary Fig. 5, Supplementary Table 30–33). Among those identified as
differentially expressed by BEANIE (Supplementary Table 31), gene
signatures for immune inflammatory responses were upregulated in
tumor cells from the ICB-naive group, specifically the gene signatures
for STAT5 upregulation in response to IL2 stimulation and genes
upregulated by IL6 via STAT3. Consistent with these findings in the
tumor cells, we observed that IL2 was differentially expressed (p
value = 0.0099) in the T cells of the ICB-naive group. Furthermore, we
found a differential STAT3 expression in the T cells (p value = 0.0041).
These biologically consistent observations across cell type specific

compartments support the findings for STAT5 upregulation in
response to IL2, and potential IL6 induced downstream signaling via
STAT3 in the tumor cells of the ICB-naive group49,50. Together, these
results describe the tumormicroenvironment of the ICB-treated group
(consisting of treatment-resistant patients) as one depleted of T cells,
with reduced IL2-STAT5 signaling, TNFA-NFKB signaling, and inflam-
matory response relative to the ICB-naive group.

Discussion
Validating experimentally and computationally derived gene
signatures5–8 through differential expression analysis between clinical
groups is a key step toward maximizing learning from scRNA-seq
studies.Mostmethods for differential expression of individual genes1–4

are parametric and not well-suited for gene signatures, which have
varying distribution due dependent on the collection of genes that
constitutes the gene signature. As a result, many current approaches
for analyzing differential expression of gene signatures rely on tech-
niques originally developed for bulk sequencing. These include sta-
tistical approaches such as the Mann-Whitney U test, regression based
techniques like Generalized Linear Models, and pseudobulk methods
that aggregate single-cell data to mimic bulk sequencing formats9–12.
While some studies incorporate methods like leave-one-out cross-
validation alongside these approaches, they typically optimize either
sensitivity or specificity, but not both simultaneously. This limitation
can lead to problematic outcomes - an overwhelming number of
candidate differentially expressed genes, including many false posi-
tives, or the inadvertent discarding of potentially important differen-
tially expressed genes. These issues significantly complicate the

Fig. 5 | Differentially expressed gene signatures in early-stage vs. late-stage
treatment-naive LUAD. a Schematic showing the comparison groups—early-stage
vs. late stage treatment-naive LUAD. b Number of samples per tumor state across
the two clinical groups, colored by datasets. c UpsetPlot depicting the overlap

between differentially expressed gene signatures identified by BEANIE, MWU-BH,
GLM, pseudobulk and their LOOCV variants, across tumor states. d Barplot
depicting examples of biologically meaningful differentially expressed gene sig-
natures identified by BEANIE for each of the tumor states.
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interpretation of results and experimental validation in subsequent
studies.

The limitations of conventional methods such as MWU-BH and
GLMs for analyzing clinical scRNA-seq datasets for differential
expression of gene signatures stem from two main issues. First, while
the large number of cells in scRNA-seq datasets increases the statistical
power to detect group differences, these methods often fail to dis-
tinguish biologically meaningful variations from patient-specific dif-
ferences that may be unrelated to the clinical group. Second, the
unequal contribution of cells from each patient, combined with the
diverse tumor biology within the same clinical group, makes these
methods susceptible to non-robust results driven by sample-specific
variability. Pseudobulk methods avoid these issues by averaging all
cells from a patient into one data point, however this leads to loss of
granularity in analysis as well as reduces the number of data points to
below the threshold for samples required for statistical significance in
many clinical scRNA-seq datasets. This issue is particularly concerning
in clinical settings, where group comparisons—such as those related to
treatment effects or disease progression—can strongly influence
downstream functional studies and clinical trials.

To overcome these challenges, we developed BEANIE, a non-
parametric statistical approach tailored to accurately estimate group-
level biology in clinical scRNA-seq datasets. BEANIE employs Monte
Carlo subsampling techniques to address the variability in cell num-
bers per patient—a common issue in scRNA-seq data that can skew
differential expression analyses. BEANIE is particularly well-suited for
clinical datasets withmultiple patients, as it minimizes the influence of
patient-specific biological differences by utilizing leave-one-out cross-
validation and correction against a background distribution. In
benchmarking tests with simulated datasets, BEANIE outperformed
conventional methods in balancing the sensitivity-specificity trade-off.
Further validation on publicly available datasets from five clinical
single-cell transcriptomic studies demonstrated BEANIE’s ability to
identify statistically significant, robust gene signatures while effec-
tively distinguishing between sample-driven and group-driven sig-
natures. BEANIE successfully extracted biologically meaningful signals
from tumor cells in datasets spanning breast cancer, lung cancer, and
melanoma, covering a range of treatments, cancer stages, and sub-
types. BEANIE’s findings in the tumor compartment were also con-
sistent when tested in immune cells from the same patients,
highlighting the promises of using this approach.

While BEANIE excels in detecting statistically significant and
robust gene signatures with high sensitivity and specificity, its effec-
tiveness partly depends on the quality of the gene signatures being
analyzed. Larger databases containing cell-type specific gene sig-
natures would enable better insights. Furthermore, heterogeneity
within the clinical group may limit BEANIE’s ability to extract mean-
ingful biological signals (e.g., in analyzing treatment-naive vs treated
patients, the treated group may include both responders and non-
responders). Incorporating additional clinical and molecular informa-
tion, such as mutational status, can enhance the analysis and provide
deeper insights. Ultimately, larger datasets, particularly those gener-
ated through consortium efforts, are essential to capture patient
variability and improve the robustness of the conclusions drawn. In
summary, BEANIE represents a significant advancement in the analysis
of clinical single-cell transcriptomic datasets, offering enhanced sen-
sitivity and specificity in detecting biologically meaningful gene sig-
natures. Its effectiveness can be further amplified with high-quality
data, additional clinical insights, and larger, more comprehensive
datasets.

Methods
Data preprocessing
Breast cancer dataset. Raw data was downloaded (.rds objects
and.csv metadata files) from https://lambrechtslab.sites.vib.be/en/

single-cell (Bassez et al. 2021). HER2+ and chemotherapy + anti-PD1
groupswere excluded due to low sample size. The dataset in four ways
—(i) treatment-naive ER+ vs. treatment-naive TNBC, (ii) anti-PD1 trea-
ted ER+vs. anti-PD1 treatedTNBC, (iii) treatment-naive ER+ vs. anti-PD1
treated ER+, and (iv) treatment-naive TNBC vs anti-PD1 treated TNBC.
Original author annotations for tumor cells were used.

Meta-analysis of lung adenocarcinoma
Kim et al.42: Raw counts and cell annotations were downloaded

from GSE131907 (GSE131907_Lung_Cancer_raw_UMI_matrix.txt.gz,
GSE131907_Lung_Cancer_cell_annotation.txt.gz). Additional metadata
about patient history was downloaded from supplementary table S1
presented in the paper. Only patient samples from the primary tumor
site were retained for further analysis, and samples from pleural effu-
sions and metastasis sites were removed. Original author annotations
for tumor cells were used.

Maynard et al.43: Raw counts were downloaded from https://
github.com/czbiohub-sf/scell_lung_adenocarcinoma (NI01_Nonimmu-
ne_Seurat_object_annotated.RData contained all epithelial cells, and
NI05_all_epithelial_annotated_normal_and_tumor.RData contained
annotations for tumor vs. non-tumor cells). Additional metadata was
downloaded from Supplementary Table S1 of the paper. Only samples
acquired fromprimary tumor sites, and those frompatients diagnosed
with lung adenocarcinoma were retained. Other samples were
removed from further analysis. Original author annotations for tumor
cells were used.

Qian et al.44: Raw counters were downloaded from https://
lambrechtslab.sites.vib.be/en/pan-cancer-blueprint-tumour-
microenvironment-0. Additional metadata information (tumor stage)
was acquired from Supplementary Table S1 of the paper. Original
author annotations for tumor cells were used.

Data from the three lung cancer datasets was jointly analyzed to
identify differentially expressed gene signatures between early-stage
and late-stage treatment naive patients. Stages I, II and IIIA were clas-
sified as early-stage tumors, and stage IV as late-stage tumors, con-
sistent with Kim et al.42. Patients with stage IIIB were excluded from
analysis. Original author annotations for tumor cells were used.

Melanoma dataset. Counts matrix and cell type annotations were
downloaded from the GEO database (GSE115978, Jerby-Arnon et al.9).
Othermetadata includingmetastatic status, location of tumor etc. was
acquired from the Supplementary Table S1 of the paper.

Identification of tumor states
To perform differential gene signature expression analysis using
BEANIE, we first identified tumor states using leiden clustering, in line
with analysismethodology used for other scRNA-seq data analysis. The
dataset is subsetted to tumor cells, followed by log-normalization of
the raw counts and identification of highly variable genes. It is then
scaled followed by PCA analysis. Harmony is used for the correction of
batch effects (“sample_id” is used as a confounding variable). Finally, a
k-nearest neighbors graph is constructed and leiden clustering is
performed to identify tumor states (see “code availability”).

Simulations for benchmarking BEANIE with existing methods
We developed a custom pipeline for generation of scRNA-seq dataset
containing tumor cells from multiple patients. Seed patient samples
were chosen from a clinical scRNA-seq dataset, inspired from metho-
dology adopted by Splatter51. These patient samples were homo-
geneous with respect to tumor type (all patients were diagnosed with
triple negative breast cancer). Cells were then sampled without
replacement from each patient sample to create two groups. This
means that given a seed dataset containing n patients and k cells per
patient, cells are randomly sampled from each patient without repla-
cement to form two groups. Therefore, the two groups (k/2 cells per
patient and n patients per group) have the same overall distribution
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and hence theoretically have no biological difference. At the same
time, since each group consists of multiple patients, the inter-patient
heterogeneity is maintained as would be expected in a realistic clinical
biological dataset.

We next scored the simulated dataset for a set of cancer-
associated gene signatures extracted from MSigDB (see Data Avail-
ability). Controlled perturbations were then performed on the cells ×
gene signaturematrix along two axes - fraction of variation and degree
of variation. To model the fraction of variation between the two
groups, wemoduled the number of patients perturbed (10%, 50%, and
100%), and to model the degree of variation, we modulated the mag-
nitude of perturbation introduced (1 std, 2 std, and 3 std).We note that
perturbations of fraction of patients could represent real world sce-
narios such as a mix group of responders and non-responders to
therapy, in a group comparison between treatment-naive and treated
patients. Similarly, the perturbations of different magnitudes could
represent levels of biological difference due to the variable of interest
(progression, treatment etc.). A combinationof these two axes allowed
precise estimation of sensitivity and specificity at different kinds and
levels of variation possible in clinical datasets. We then calculate sen-
sitivity and specificity as follows for BEANIE, MWU-BH, GLM, pseudo-
bulk, MWU-BH-LOOCV, GLM-LOOCV, pseudobulk-LOOCV.

Sensitivity calculation:

Sensitivity=
True Positives

True Positives + False Negatives
ð1Þ

Specificity calculation:

Specif icity=
True Negatives

True Negatives + False Positives
ð2Þ

BEANIE
Signature scoring. For each cell ci in the normalized counts matrix,
signature scoring is performed for the set of gene signatures provided
as input by the user (test signatures). The default signature scoring
method is adapted from AUCell7.

(i) For each gene gk, the cells are ranked by calculating the per-
centile of each cell across the gene gk in terms of normalized expres-
sion of the gene, i.e., cells with higher expression values of that
particular gene will have a higher percentile. The ties are randomly
broken (i.e., if two cells have the exact same expression of the gene,
which is common in single-cell datasets, those cells are randomly
assigned a percentile value).

Pci , gk
=

100 × nci , gk

nc
ð3Þ

where nci, gk
= ordinal rank of ci for expression of gk (sorted from

smallest to largest), Pci, gk
= percentile of ci for expression of gk , and nc

is the total number of cells
(ii) Next, for every cell ci, genes are ranked based on their calcu-

lated percentile values across that cell. Genes which have a higher
percentile across the cell are given lower ranks. This scoring system
takes into account the importance of each gene in a given cell relative
to that gene’s importance in other cells, i.e., genes which have a lower
rank are more important for the cell in question as compared to genes
with a higher rank.

P0
gk , ci

=
100 × n0

gk , ci

ng
ð4Þ

wheren0
gk , ci

= ordinal rank of gk for P
0
gk , ci

values (sorted from largest to
smallest), P0

gk , ci
= percentile of gk for Pci , gk

values, and ng is the total
number of genes for the cell ci

(iii) For each gene signature Sj, a recovery curve per cell ci is
generated by calculating the enrichment of the top constituent genes
ranked from Sj , followed by a calculation of the Area Under the Curve
(AUC), which measures the expression of ci ’s top constituent genes
ranked from Sj . The AUC is therefore the score of the cell for Sj .

AUCj, i =
Z

f iðxÞdx, f iðxÞ=n Sj
\

Rx, i

� �
ð5Þ

where Sj = set of genes comprising a gene signature and Rx, i = set of
top constituent x genes based on P 0

gk , ci
.

Other signature scoring methods available in BEANIE include
weighted mean and z-scoring.

Background distribution generation. A background distribution is
generated for the biological interpretability of the results as follows: (i)
Bins are created based on the gene set size of each signature Sj (default
bin size = 10, tunable parameter). (ii) Random signatures (r_signatures)
(Rk , k = 1, 2,…, nb, where nb = total number of bins) for each of the bin
sizes are generated such that they are representative of both lowly
expressed and highly expressed genes. For this step, the normalized
matrix is used, and the genes are sorted based on their expression
values across all samples. Equal numbers of genes from every 20th
percentile are then randomly subsampled such that the sum of all
genes equals the bin size. This random sampling is repeated multiple
times togenerate different randomsignatures (Rkl , l = 1, 2,…,nr , where
nr = the total number of times subsampling is repeated). The rationale
for generating the random signatures is that they should not represent
any biologically meaningful gene signature, and as a consequence,
their differential expression can be used as a null distribution (back-
ground distribution) for interpretation of the results in a biological
context. (iii) Each cell ci is scored for Rkl ’s using the aforementioned
signature scoring method.

Folds and subsampling. To accomplish BEANIE’s two-fold aim of
having equal sample representation and quantifying robustness for Sj ,
two statistical techniques,Monte Carlo approximations (subsampling)
and leave-one-out cross-validation (sample exclusion), are coupled.
First, the data is divided into folds (f q, q = 1, 2,…, np, where np =
number of samples), with each fold f q representing the exclusion of
one sample from either group. For each fold f q, cells are subsampled
such that each sample is represented by an approximately equal
number of cells. This is done by first subsampling an equal number of
cells from all samples, followed by additional subsampling in the
sample-excluded group to compensate for the cells that would have
otherwise been subsampled from the excluded sample. The additional
subsampling ensures that the total number of cells subsampled from
the two groups being tested always remains constant regardless of
which group the excluded sample belongs to, which is necessary to
ensure that the folds are comparablewith eachother. The subsampling
is then repeatedmultiple times to establish adequate representationof
each patient sample.

Identification of differentially expressed signatures. A multi-step
strategy is adopted to identify differentially expressed signatures.
First, for each subsample belonging to the fold f q, a MWU test is per-
formedbetween the twogroups for every Sj . Additionally, for each fold
f q, a null p value distribution is generated by a MWU test between the
two groups for every Rkl . The null distribution generated is fold-
specific to ensure that the sample excluded from the fold is also
excluded for the generation of the null distribution. The percentile of
the subsample’s p value against the null p value distribution is then
calculated, hereafter referred to as the empirical p value. A median
empirical p value is calculated for these subsamples to represent the p
value for a given fold, followed by a median across all folds to
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represent the cell’s p value. To quantify the robustness of Sj to sample
exclusion, a ratio (henceforth referred to as the Fold Rejection Ratio
(FRR)) is defined and calculated for every fold f q.

FRRq =

n ðFq,p≤0:05 Þ
n ðF0,p ≤0:05 Þ if , n ðF0,p≤0:05 Þ≠0

0 if ,n ðF0,p≤0:05 Þ = 0

8<
:

9=
; ð6Þ

where Fq = set of subsamples for the fold f q which have an empirical p
value ≤0.05 and F0 = set of subsamples for the fold f 0 (when no
sample is excluded) which have an empirical p value ≤0.05.

A FRR value closer to 1 indicates that exclusion of the sample has
no effect on the empirical significance of the gene signature Sj, and a
lower value indicates the opposite. We use a threshold of 0.9 (hyper-
parameter) to call signatures as robust or not, i.e., if the FRR for a
particular Sj is greater than 0.9 for all folds, then the gene signature is
considered robust to sample exclusion.

Gene ranking. For every gene signature Sj j, the genes are then ranked
for the robustness of their log2 fold change between the two groups.
This is particularly useful for larger gene sets. For every sample, amean
gene expression (MGE) is calculated for every gene using the nor-
malized counts. A similar strategy of subsampling coupledwith sample
exclusion is used for ranking. The MGE matrix is then divided into
folds, with each fold representing the exclusion of one sample. A log2
fold change is then calculated for each fold, and the standard devia-
tion, along with the mean across folds, is also calculated. Genes with
both outlier MGE values and outlier log2 fold changes (i.e., MGE values
and log2 fold changes more than 1.5 times the interquartile range
above the thirdquartile orbelow thefirst quartile) are classified asnon-
robust to sample exclusion. The final ranking of genes is performed
based on decreasing log2 fold change, increasing standard deviation,
and robustness status.

Benchmarking with existing methods
MWU-BH. Mann-Whitney U (MWU) tests followed by Benjamini-
Hochberg (BH) correction are performed for the calculation of p
values. The Python package scipy is used for the MWU p value calcu-
lation and the function multipletests from the Python package stats-
models is used for the BH correction (see “Code Availability”).

GLMs. GLM with a binomial distribution link function were used for
calculation of p values. The Python package statsmodels is used to
implement this method. The signature scores are used as covariates
(exog variable), and the group labels (e.g., treatment-naive or -treated
and early-stage or late-stage) as the response variable to be modeled
(endog variable) (see “Code Availability”).

Pseudobulk. Pseudobulk analysis was performed by averaging the
normalized counts of cells within each sample to generate repre-
sentative patient-level datasets. These pseudobulk representations
were subsequently analyzed using the Mann-Whitney U test, coupled
with Benjamini-Hochberg correction (MWU-BH), to robustly compute
p values, ensuring the identification of statistically significant differ-
ences (see “Code Availability”).

MWU-BH-LOOCV. The Mann-Whitney U test with Benjamini-
Hochberg correction (MWU-BH) was performed using a leave-one-
out cross-validation (LOOCV) approach. For each fold of the cross-
validation, a p value was calculated, and the final p value was deter-
mined as the median across all folds (see “Code Availability”).

GLM-LOOCV. The generalized linearmodel (GLM) test was conducted
with leave-one-out cross-validation (LOOCV). For each cross-validation

fold, ap valuewas derived, and theoverallp valuewas computed as the
median of the individual fold p values (see “Code Availability”).

Pseudobulk-LOOCV. Pseudobulk analysis with the Mann-Whitney U
test and Benjamini-Hochberg correction (MWU-BH) was carried out
using a leave-one-out cross-validation (LOOCV) framework. The final p
valuewas calculated as themedian of p values obtained fromeach fold
of the cross-validation (see “Code Availability”).

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

Data availability
All datasets used in the study are publicly available. The Bassez et al.19

dataset was downloaded from https://lambrechtslab.sites.vib.be/en/
single-cell. The Kim et al.42 dataset was downloaded from GEO data-
base under the accession number GSE131907, and additional metadata
about patient history was downloaded from supplementary table S1 of
the published manuscript. The Maynard et al.43 dataset was down-
loaded from https://github.com/czbiohub-sf/scell_lung_
adenocarcinoma and additional metadata was downloaded from
Supplementary Table S1 of the paper. The Qian et al.44 dataset was
downloaded from https://lambrechtslab.sites.vib.be/en/pan-cancer-
blueprint-tumour-microenvironment-0 and additional metadata
information was acquired from Supplementary Table S1 of the paper.
The Jerby-Arnon et al.9 dataset was downloaded from GEO database
under the accession number GSE115978 and other metadata was
acquired from the Supplementary Table S1 of the paper. Hallmark and
Oncogenic gene sets are publicly available for download fromMSigDb
(https://www.gsea-msigdb.org/gsea/msigdb).

Code availability
BEANIE can be run as a python package, the code for which is available
at https://github.com/vanallenlab/beanie52 under the GNU General
Public License (version 2). Code for reproducing all analysis performed
in this study can be found at https://github.com/vanallenlab/beanie-
analysis53 under the GNU General Public License (version 2).
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