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Abstract

Background Metabolic reprogramming is a hallmark of cancer; however, the mechanisms driving metabolic
heterogeneity across diverse cell types in the tumor microenvironment remain poorly understood. Most existing
methods predict metabolic states at the pathway level but rarely map reaction-level alterations to their upstream
regulators, thereby constraining both interpretability and translational relevance.

Methods We developed MetroSCREEN, a reference-guided computational framework that infers reaction-level
metabolic flux propensity and nominates upstream regulators from bulk and single-cell transcriptomes. MetroSCREEN
uses a fast enrichment-based procedure to quantify reaction-level metabolic activity. To characterize metabolic
regulons, it integrates intrinsic gene-regulatory signals with extrinsic cell-cell interaction cues, then applies a robust
multi-evidence ranking scheme to combine these information sources, and finally employs a constraint-based causal
discovery module to infer regulatory directionality.

Results MetroSCREEN accurately predicts reaction-level metabolic activities and their upstream regulators, as
demonstrated using paired transcriptomic—metabolomic datasets from the cancer cell lines. We further validated
predicted regulators with in-house single-cell CRISPR screens in PC9 cells targeting metabolic regulators. Applying
MetroSCREEN to a pan-cancer single-cell atlas of more than 700,000 fibroblasts and myeloid cells across 36 cancer
types, we identified ZNF281 and STAT1 as key regulators of collagen metabolism, which is elevated in extracellular-
matrix—associated fibroblasts and macrophages at tumor margins. By contrast, APOE and KLF7 regulate sphingolipid
metabolism and antigen presentation in macrophages. Leveraging extensive tumor profiles, MetroSCREEN also
delineates metabolic subtypes and regulators associated with patient survival and response to immunotherapy.
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Conclusions MetroSCREEN is a robust and scalable approach for characterizing metabolic heterogeneity and
pinpointing metabolic regulators at single-cell resolution, unveiling novel antitumor targets for future metabolic
interventions. The source codes of MetroSCREEN is available at the Github site https://github.com/wanglabtongji/Me

troSCREEN.

Keywords Single-cell transcriptomics, Metabolic regulation, Large-scale data integration, Tumor microenvironment,
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Background

Cell metabolism exhibits remarkable flexibility, allowing
it to adapt to the demands of growth and homeostasis [1].
In pathological conditions such as tumors, the environ-
ment frequently becomes acidic and nutrient-depleted.
These changes significantly affect cellular metabolic
pathways and signaling networks, disrupting the expres-
sion of metabolic regulators and leading to widespread
metabolic reprogramming [2]. A prominent example is
the Warburg effect, wherein malignant cells preferentially
rely on glycolysis for energy production, generating lac-
tate even in an aerobic environment [3]. This metabolic
adaptation satisfies the increased energy requirements
essential for the rapid proliferation of malignant cells.
Additionally, similar metabolic adaptations can occur in
immune and stromal cells within the tumor microenvi-
ronment (TME), influencing their maturation, activa-
tion, and overall functions [4—6]. Despite the extensive
research on malignant cells, investigations into the meta-
bolic reprogramming of other components of the TME
and their potential interactions remain scarce.

Metabolic reprogramming is shaped by both intrin-
sic and extrinsic cellular factors [7-9]. Elucidating the
upstream regulatory mechanisms governing this pro-
cess could uncover novel targets for metabolic thera-
pies. Intrinsic factors encompass transcription regulators
(TRs) and signaling transduction pathway components
[10, 11]. For example, the TR MYC drives glucose
metabolism by upregulating GLUT1 and key glycolytic
enzymes such as HK2, PFK-M, and ENOI1 [12, 13]. MYC
also modulates lipid metabolism by regulating genes
involved in fatty acid and cholesterol synthesis, includ-
ing ATP-citrate lyase, acetyl-CoA carboxylase alpha,
and fatty acid synthase [14]. Similarly, intrinsic signaling
pathways like PI3K-AKT enhance metabolite uptake and
glycolysis through downstream TRs [15]. Extrinsic fac-
tors, such as cytokines (e.g., IL-10, TNF-a), further regu-
late metabolic processes by altering the balance between
glycolysis and oxidative phosphorylation (OXPHOS) in
macrophages [16—19]. Despite the recognized impor-
tance of these factors, systematic elucidation of the regu-
latory mechanisms and key drivers underlying metabolic
reprogramming remains scarce, yet it is crucial for devel-
oping potential therapeutic interventions.

Recent technological advancements have significantly
advanced our understanding of metabolic heterogeneity.

Techniques such as Matrix-Assisted Laser Desorption/
Ionization Mass Spectrometry (MALDI-MS) now enable
the detection of over 100 metabolites at a cellular reso-
lution of 5 pm, facilitating metabolite imaging and iden-
tification at single-cell resolution [20-24]. However,
large-scale metabolic profiling at this resolution remains
challenging due to low throughput and the time-inten-
sive, technically complex nature of data analysis [25, 26].
Additionally, current methodologies lack the capability
to perform simultaneous metabolite measurements and
transcriptomic profiling, which is critical for dissecting
cell-type-specific metabolic heterogeneity. To address
the interconnected nature of multi-omics regulation, two
key strategies have emerged for reconstructing meta-
bolic states from single-cell transcriptomic data. The first
employs Flux Balance Analysis (FBA), which assumes a
quasi-steady metabolic state and identifies reaction flux
configurations that optimize biologically relevant objec-
tive functions. Representative tools in this category
include scFBA [27], scFEA [28], COMPASS [29], and
METAFlux [30]. The second strategy leverages statisti-
cal methods to infer metabolic states by evaluating gene
enrichment within predefined pathways [31-33], exem-
plified by ssGSEA [31], AUCell [34], and VISION [35].
While existing methods predict metabolic states, they
predominantly focus on pathway-level scores and neglect
upstream regulatory mechanisms. Furthermore, many
approaches suffer from limited scalability, sensitivity,
and computational efficiency when applied to single-cell
datasets. To overcome these limitations, we developed
MetroSCREEN, an efficient computational framework
that employs a statistical model to infer reaction-level
metabolic states while integrating intrinsic gene regula-
tion and extrinsic cellular interactions to predict meta-
bolic regulators with high accuracy.

To demonstrate MetroSCREEN’s scalability on large
single-cell datasets, we applied it to a pan-cancer scRNA-
seq atlas encompassing 236,510 fibroblasts and 504,608
myeloid cells derived from 735 patient samples spanning
36 cancer types. Through this analysis, we constructed
MetroTIME, the first pan-cancer metabolic map which
delineates distinct energy utilization patterns and asso-
ciated biological features of key stromal and immune
metabolic subtypes within the TME. MetroTIME reveals
robust associations and identified upstream regula-
tors for collagen metabolism and extracellular matrix
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(ECM)-remodeling fibroblasts, as well as sphingolipid
metabolism and antigen-presenting/phagocytic functions
in macrophages. We further investigated the clinical rel-
evance of these subtypes, linking them to patient survival
outcomes and immunotherapy response. Our study not
only introduces a scalable computational framework for
identifying metabolic adaptations and their regulatory
drivers but also uncovers actionable targets for future
metabolism-targeted anti-cancer therapies.

Methods

Materials

Cancer cell line data

To benchmark MetroSCREEN, we obtained cancer cell-
line metabolomics, genome-scale transcriptomic, and
drug-sensitivity datasets from the Cancer Cell Line Ency-
clopedia (CCLE) via the DepMap Public 23Q4 release
[36] (https://sites.broadinstitute.org/ccle/). The dataset
includes metabolite abundances for 225 metabolites and
transcriptomes from 928 cell lines. For quality control,
tumor types in which a given metabolite was quantified
in fewer than 10 cell lines were excluded. After filtering,
13 tumor types remained. We applied principal compo-
nent analysis (PCA) for dimensionality reduction and
clustered cell lines using the top 10 principal components
in Seurat [37] (v4.3.0) with default parameters. Drug-
sensitivity data cover 1,500 compounds across 578 cancer
cell lines, with sensitivity summarized as the area under
the dose—response curve (AUC). Lower AUC values indi-
cate greater sensitivity.

Single-cell perturbation data
To further benchmark the accuracy of the Metro-
SCREEN in predicting metabolic regulators, we obtained
the single-cell perturbation dataset from the SRA under
BioProject PRJNAS831566 [38] (https://www.ncbi.nlm.
nih.gov/bioproject/?term=PRJNA831566). The dataset
includes a genome-scale Perturb-seq experiment in K562
cells that used CRISPR interference (CRISPRi) to target
9,426 genes. Raw scRNA-seq reads were processed with
Cell Ranger [39] (v1.1.0) for alignment and expression
quantification. For perturbation assignment, sgRNAs
were mapped to individual cells using SCREE [40]
(v1.1.0). An sgRNA was assigned to a cell if it had >20
reads and represented > 80% of total sgRNA reads in that
cell. SCREE produced a three-column table (cell, sgRNA,
target gene). The cells without an assigned sgRNA were
labeled “blank,” and cells with multiple sgRNAs were
labeled “multiple” Low-quality cells were removed if they
had <1,000 UMIs, <200 detected genes, or>10% mito-
chondrial gene content.

After preprocessing, scMAGeCK [41] (v1.9.1) was
used to quantify transcriptional effects of each perturba-
tion. Using the assigned sgRNA—cell matrix, scMAGeCK
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modeled expression differences between perturbed and
control cells to estimate a regression coefficient (p score)
reflecting effect direction and magnitude, and computed
p-values for each perturbation—gene association. Tar-
get genes with p<0.05 were retained for downstream
analyses.

We generated single-cell CRISPR perturbation data in
PC9 cells targeting four metabolic regulators using the
10x Genomics platform. The in-house dataset is available
from the NIH Gene Expression Omnibus (GEO) under
accession GSE236708 (https://www.ncbinlm.nih.gov/ge
o/query/acc.cgi?acc=GSE236708). Data processing follo
wed the same pipeline used for the K562 single-cell per-
turbation dataset, including read alignment and quanti-
fication with Cell Ranger, sgRNA—cell assignment with
SCREE, and standard quality-control filtering.

Single-cell transcriptomic data

To apply MetroSCREEN to single-cell transcriptomic
data, we obtained cancer-associated scRNA-seq datas-
ets from the Tumor Immune Single-cell Hub (TISCH)
[42] (http://tisch.comp-genomics.org/). Variations in
throughput, gene coverage, and dataset availability across
different scRNA-seq platforms can result in technologi-
cal noise when integrating datasets. Therefore, our study
focuses on datasets produced by 10X Genomics, which
offer the largest number of available datasets. Overall, we
collected over 4 million cells from 735 patients represent-
ing 36 different cancer types. The expression matrices,
raw counts or transcripts per million (TPM), were down-
loaded. To ensure accurate gene symbol mapping across
different genome assemblies, we standardized all genes to
the GRCh38.p13 assembly.

ICB cohort

To assess the association of metabolic states and regula-
tors with ICB outcomes, we curated melanoma tumor
RNA-seq cohorts from patients treated with anti-PD-1
monotherapy or combination anti—PD-1/anti—-CTLA-4
therapy [43-47]. RNA-seq data and overall survival
(OS) information were obtained from those cohorts. To
minimize the impact of bias and randomness, cohorts
with fewer than 10 samples were excluded. This criteria
resulted in the inclusion of samples from 296 patients;
182 were treated with anti—-PD-1 alone, and 114 were
treated with both anti—-PD-1 and anti-CTLA4. To miti-
gate the influence of variations among batches, we
employed quantile normalization on the gene expression
data from all samples in the cohorts, ensuring a standard-
ized distribution [48].

The cancer genome atlas cohort
To assess the association between metabolic states, their
regulators, and clinical survival, we obtained tumor
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clinical metadata and TPM-normalized expression pro-
files from The Cancer Genome Atlas (TCGA) data por-
tal (https://www.cancer.gov/tcga). This cohort comprises
9,550 patients spanning 32 cancer types.

In-house single cell perturbation data

Cell culture

HEK293T cells and PC-9 cells were cultured in DMEM
medium (Gibco, #11960044) supplemented with 10% FBS
(Gibco, #A5669701), 1% penicillin/streptomycin (Gibco,
#15070063), and 1% L-Glutamin (Gibco, #25030081). The
cells were maintained in a humidified incubator at 37 °C
with 5% CO,.

Generation of Cas9-expressing cell line

PC-9 cells were transduced with lentiviral vector lenti-
Cas9-Blast (Addgene, #52962) [49]. The following lenti-
viral packaging and transduction were used to produce
the Cas9-expressing cell line. 48 h post-transduction, the
culture medium was changed to one supplemented with
1.4-2.0 pg/ml blasticidin (Gibco, #A1113903) to main-
tain selection pressure for Cas9. The cells were cultured
in the selection medium for approximately 5 days until
the selected cells became stably resistant to blasticidin.
Subsequently, the cells were subcloned at low seeding
density to obtain single-cell-derived monoclonal lines.
The expression of Cas9 in the monoclonal lines was veri-
fied by Western blotting.

sgRNA cloning and Perturb-seq library preparation

Four to six sgRNA sequences for each target gene, along
with four non-targeting sgRNAs, were selected from
CRISPick [50, 51] and the A549 demo data released by
10x Genomics Inc (Additional file 1: Table S1). The insert
oligos were ordered as separate single-stranded DNA
(ssDNA) with overhangs homologous to (Addgene,
#122237), which had been digested with BstXI (NEB,
#R0113V) and Blpl (Thermo Scientific, ##D0094) [52].
Library vectors were prepared using arrayed cloning and
verified by Sanger sequencing of the protospacer regions.
The plasmids were combined in equal molar ratios to cre-
ate a screening library.

Lentiviral packaging and transduction
Lentivirus was produced by co-transfecting HEK293T
cells with the plasmid/library and lentiviral packaging
plasmids psPAX2 (Addgene, #12260) and pMD2.G (Add-
gene, #12259), as previously described [53]. Transfection
was performed using the X-tremeGENE HP DNA Trans-
fection Reagent (Roche, #6366244001) according to the
manufacturer’s protocol. Supernatants were collected 48
and 72 h post-transfection.

PC-9 cells stably expressing Cas9 were transduced with
the lentiviral library at a multiplicity of infection (MOI)
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of 0.3-0.5, supplemented with 8 pg/ml of polybrene and
blasticidin. 48 h post-transduction, selection was carried
out using 0.6 pg/ml of puromycin (Gibco, #A1113803)
and 1.4-2.0 pg/ml of blasticidin. The selective medium
was renewed every 2-3 days for a total duration of
10 days to ensure efficient editing. Libraries were pre-
pared following the Chromium Single Cell 3' Reagent
Kits User Guide (v3.1 Chemistry Dual Index) and the
Feature Barcoding Technology for CRISPR Screening
User Guide (CG000316), and sequenced on an Illumina
NovaSeq 6000.

Multiplex immunohistochemistry

Human tissue specimens were provided by the Shanghai
Pulmonary Hospital (for the NSCLC sections) and the
West China Hospital of Stomatology at Sichuan Univer-
sity (for the HNSC sections) under the approval of local
medical ethics (Additional file 2: Table S2). Tissues were
fixed in formalin, embedded in paraffin, sectioned into
4 pum, and positioned onto adhesion microscope slides
following routine methods. Automated staining was per-
formed with the Leica BOND-MAX autostainer (Leica,
Microsystem). The slices were deparaffinized and pre-
treated with the Epitope Retrieval Solution 2 (AR9640-
CN, LeicaBiosystems) at 100 °C for 20 min. Peroxidase
blocking was performed for 10 min using the Bond Poly-
mer (DS9800-CN, Leica) subsequent to rinsing in TBST
buffer. Slides were incubated with a primary antibody
at room temperature (RT) for 1 h. Primary antibod-
ies included: rabbit CTHRC1 (1:400, ab85739; Abcam),
rabbit smooth muscle Myosin heavy chain 11 (MYH11)
(1:1000, ab133567; Abcam), mouse PGK1 (1:25, MA5-
37712; ThermoFisher), rabbit NDUFS2 (1:200, ab192022;
Abcam), rabbit SLPI (1:500, PA5-82990; Thermo-
Fisher), rabbit C1QC (1:100, ab75756; Abcam), mouse
PFKP (1:150, MA5-25792; ThermoFisher), rabbit PLD3
(1:100, PA5-104016; ThermoFisher), rabbit CD68 (1:400,
BX50031; Biolynx), and rabbit cytokeratin pan (panCK)
(1:300, BX50143; Biolynx). All slides were stained with
secondary reagents at RT for 10 min and tyramide sig-
nal amplification reagents at RT for 10 min. Nuclei were
stained with DAPI (Sigma-Aldrich) after all the human
antigens had been labeled. Stained slides were scanned at
20x magnification using the Pannoramic MIDI scanner
(3DHISTECH Ltd.) and images were analyzed by Halo
software (Indica Labs).

MetroSCREEN framework overview

MetroSCREEN is a reference-guided computational
framework that infers reaction-level metabolic states and
candidate upstream regulators from bulk and single-cell
transcriptomic data. MetroSCREEN accepts a single-
cell or bulk RNA-seq gene expression matrix as input
and produces two output matrices: a MetaModule score


https://www.cancer.gov/tcga

Tang et al. Genome Medicine (2025) 17:150

matrix and a MetaRegulon score matrix. A MetaMod-
ule is defined as a set of enzyme-coding genes that cat-
alyze a single metabolic reaction. Its score reflects the
transcriptional potential of each cell or sample to utilize
that reaction. Under non-limiting substrate and cofactor
conditions, it can be regarded as an approximate upper
limit of the reaction’s feasible flux, rather than providing
a direct measurement of flux or metabolite abundance.
A MetaRegulon is defined by the putative regulons of a
MetaModule, which include both cell-intrinsic regula-
tors and extrinsic interactions. The MetaRegulon scores
reflect the impact of these regulons on the MetaModule,
along with causal directions for each regulon (1 for regu-
lators and 0O for effectors).

The workflow comprises two stages (Additional file 3:
Fig. S1). First, MetroSCREEN computes reaction-level
MetaModule scores for each cell or sample. Based on the
profiles, cells or samples are clustered to define metabolic
subtypes. Second, MetaRegulon scoring is performed
within each metabolic subtype. For MetaModules
upregulated in a given subtype, MetroSCREEN reports
MetaRegulon scores and its causal direction for a
MetaModule. This prediction proceeds in three steps: (i)
inferring the regulons activities based on transcription
factor-derived, cellular interaction-derived, and signal-
ing-derived regulons; (ii) screening candidate regulons
for each MetaModule using an integration of Pareto-
efficiency [54] and Robust Rank Aggregation [55] (RRA);
and (iii) inferring candidate direct regulators and down-
stream effectors with the fast Peter—Clark (PC) causal
algorithm [56].

MetaModule scoring and metabolic subtypes identification
In metabolically active cells, expressed metabolic
enzymes catalyze reactions that produce numerous
metabolites. We sourced 8,033 MetaModules, compris-
ing approximately 3,700 genes and 8,378 metabolites
from the Humanl database [57]. These reactions occur
in nine distinct compartments: extracellular space, per-
oxisome, mitochondria, cytosol, lysosome, endoplasmic
reticulum, Golgi apparatus, nucleus, and inner mito-
chondrial membrane.

A metabolic reaction, which involves enzymes con-
verting substrate metabolites into product metabolites,
serves as a fundamental unit in metabolic networks.
Given the strong correlation between enzyme gene
expression levels and associated metabolites, tran-
scriptome data can be used as an alternative method to
assess metabolic states [30, 58]. MetroSCREEN infers
MetaModule scores for each cell (or sample) using ssG-
SEA [31] on the gene expression matrix, similar to the
approach used in scMetabolism [32]. The difference is
that MetroSCREEN calculates the metabolic scores based
on individual reactions rather than the entire pathway,

Page 5 of 30

enabling finer-resolution identification of specific meta-
bolic subtypes [59, 60]. MetroSCREEN accounts for the
gene-protein-reaction (GPR) rules when calculating the
MetaModule scores. It first rewrites each reaction’s GPR
rule into disjunctive normal form (DNF): OR between
branches encodes interchangeable isoenzymes/isoforms,
whereas AND within a branch denotes the complete set
of subunits required to assemble a single enzyme com-
plex. The MetaModule score is calculated as follows:

Srp(1) = ssGSEA(Grp | 2i9) (1)
Si,r = 117161%57(57&(2) (2)
S = (Sir)rer,i=1,..N € RIFIXN (3)

Here, r denotes a reaction, r € R; x; 4 is the expression of
gene g in cell or sample 4; G, ;, is the AND-set of required
subunits for a branch b of reaction r; S, is the activity
score of branch b; and B, is the set of OR-branches for
reaction 7. The reaction-level MetaModule score S; , is
obtained by taking the maximum across branches. Given
a gene-by-cell (or sample) expression matrix as input,
MetroSCREEN outputs a MetaModule-by-cell (or sam-
ple) score matrix S.

This aggregation strategy avoids the dilution that
occurs when treating the union of all reaction genes as
a single set and, through ssGSEA normalization, reduces
bias from heterogeneous set sizes. Using the MetaMod-
ule score matrix S, we applied PCA for dimensional-
ity reduction, used the leading principal components to
build a k-nearest neighbors (KNN) graph, and ran the
Louvain algorithm [61] to identify clusters as metabolic
subtypes. We then performed one-vs-rest differential
MetaModule testing with the Wilcoxon rank-sum test.
Finally, we annotated metabolic subtypes by the most
upregulated MetaModules within each cluster, reflecting
shared metabolic states.

MetaRegulon scoring

Metabolic reprogramming results from converging sig-
nals originating from intrinsic and extrinsic factors.
Intrinsic signaling maintains the baseline metabolic
subtypes, while extrinsic signals fine-tune the metabolic
processes based on the availability of metabolites and the
requirements of the cells [9]. MetroSCREEN calculates
MetaRegulons score through a combination of intrinsic
and extrinsic cellular signals.

Step 1: Inferring the activity of the regulons

Cell-intrinsic Transcription Regulators (TRs) activ-
ity MetroSCREEN utilizes public ChIP-seq data with
the Regulatory Potential (RP) model to predict the TRs
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activity for each query cell or sample, similar to the chro-
matin landscapes in the "Reference Dataset” of SCRIPro
[62]. Subsequently, for each metabolic subtype, Metro-
SCREEN conducts in silico deletion (ISD) calculations
by using the marker genes associated with each meta-
bolic subtype using LISA [63], and then converts the
results to negative logarithmic forms used in SCRIPro:
U = —log(Psummary). Furthermore, MetroSCREEN cal-
culates a z-score relative to the mean for each TR and its
corresponding targets within cells.

The chromatin regulatory potential (chrom-RP) of a
ChIP-seq sample for a TR at a gene is defined as:

R; ;= >

wkC’-k
k€(tss;—L, tss;+L) ' (4)

WE =

-2
1+exp(72u‘k;;“jl) (5)

Here, L is set to 100 kb around the gene transcription
start site tss;; Cyy, is the ChIP-seq signal of cell or sample
i at genomic position k; p is the weight decay rate; The
weight wy, represents the regulatory impact of a locus at
position & on the gene j’s tss; The ISD method deletes
chromatin signals in all 1-kb windows containing at least
one peak from a putative regulatory cistrome and recal-
culates the chromatin regulatory potential (chrom-RP).
The RPs from models with and without deletions are
compared to produce a ARP value for each gene. The
one-sided Wilcoxon rank-sum test is then used to rank
TRs by comparing the ARP of the query gene set to that
of the background gene set. The Cauchy combination test
is employed to compute a summary P-value for each TR.
MetroSCREEN calculates the TR activity as follows:

Qrr(i,m) = “p—5e (6)
Qrarget(iyn) = = EZ S @)
n m

Qexp (i,m) = Qrr(i,m) + QTaTget(ia n) (8)

Qexp (1,m) —minQexp (i/,m)
il

= maxQexp (#/,m) —minQexp (i/,m) (9)

Si,m = Um egp(i’ m) (10)
Srr = (Sim)mer, i=1...n € RITXN (11)

Here, x; ,, is the expression value of the TR m in cell or
sample i (z; 5, is the expression value of the TR targets n
in cell or samplei); a,, represents the number of targets
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of the TRm; For each ChIP-seq dataset, genes with an RP
score > 5 were defined as the targets of the TR. If the num-
ber of genes is more than 300, MetroSCREEN considers
the top 300 genes in the RP ranking as potential targets.
Then Qrgr(i,m) and Qrarget(i,n) are combined to
obtainQexp (i, m), which represents the expression level
aggregation of the TRs and their targets, which further

been min—max normalized to Q (i,n). The TR m activ-
exp

ity score S; ., is equal to Uy, (the negative logarithmic
transformation of the summary P-values of TR m in the
metabolic subtype to which the cell or sample i belongs)

multiplied by the min—max normalized Q (i, m). This
exp

approach ensures that both the expression of the TR
and its target genes are included when calculating the
final TR activity score. Given a gene-by-cell (or sample)
expression matrix as input, MetroSCREEN calculates the
TRs-by-cells (or samples) activity matrixStg.

Cell-extrinsic drivers activity (LRs) MetroSCREEN
leverages NicheNet [64] to evaluate the activity of cell-
extrinsic drivers by integrating prior knowledge of ligand-
receptor interaction networks with gene expression
profiles. High ligand activity in a cell indicates a greater
expression of the corresponding target genes compared to
other cells. NicheNet identifies potentially active ligands
based on the expressed receptors in the metabolic sub-
type and infers ligand activity for each cell using receptor
expression and ligand-receptor data. Given a gene-by-cell
(or sample) expression matrix as input, MetroSCREEN
calculates a ligands-by-cells (or samples) activity matrix
St r. It'simportant to note that in the CCLE data, the cal-
culated ligand activity signifies the secreted ligands by the
cells themselves.

Genome-wide activity (GGs) To systematically cap-
ture regulatory influences not explicitly modeled by
curated TRs or ligands, MetroSCREEN incorporates a
data-driven, genome-wide channel. For intrinsic regula-
tion, this channel accounts for residual effects—such as
unannotated TRs/cofactors, chromatin and metabolic
feedback, and broader pathway crosstalk—that are not
covered by the curated TR set. For extrinsic regulation,
it compensates for ligand-mediated signals, particularly
autocrine (self-signaling), that are not represented in
the curated ligand set. For curated TRs, MetroSCREEN
prioritizes candidates under the hypothesis that more
highly expressed TRs are more likely to be functionally
active [64, 65]. Accordingly, MetroSCREEN ranks genes
by their average expression within each metabolic subtype
and retains the top 3,000 most highly expressed genes for
downstream analyses. Raw Gene expression values are
library-size normalized, loglp-transformed, and then
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each gene expression was standardized across cells or
samples, we defined the standardized gene expression as
the genome-wide activity. Given a gene-by-cell (or sam-
ple) expression matrix as input, MetroSCREEN calculates
a gene-by-cell (or sample) activity matrix Sgq.

Step 2: MetaRegulons screening

To screen the regulons for MetaModules from the three
aforementioned regulons sources, MetroSCREEN utilizes
a two-pronged, multi-objective recommendation scheme
that combines Pareto efficiency [54] with RRA [55].

For each MetaModule M and candidate regulon f,
MetroSCREEN computes an association score by corre-
lating the MetaModule score S with the regulon activi-
ties inferred from three source-Str, Srr and Saga.

For source k € {TR,LR,GG}, the score is calculated as
follows:

Hf pp = p (S, 8%) (12)

Here, p is Spearman’s rank correlation; Correlations are
computed separately within each metabolic subtype
(using only cells/samples assigned to that subtype). A
larger absolute value of H ’; s indicates a stronger asso-
ciation between the source-specific regulon activity S"“f
and MetaModule M. After this step, for each MetaMod-
ule M, we obtain a MetaRegulon score matrix whose
rows index candidate regulon f (MetaRegulons) and
whose columns index the three evidence sources (TR,
LR, GG). Each entry H }“ u Stores the correlation score
defined above. Not all regulons have evidence from all
sources—transcription factor-derived regulons and cel-
lular interaction-derived regulons are largely disjoint—
but this does not affect downstream analyses: if regulon
f lacks evidence for source k, the corresponding score
H?M is set to zero.

Pareto optimality
To rank the MetaRegulons by importance, quanti-
fied by the H ’)f u across the three evidence sources

k € {TR,LR,GG}, MetroSCREEN adopts the stan-
dard dominance relation from multi-objective optimi-
zation. Let hy (f) = H}“,M, for two candidates y and

z, y Pareto-dominates z iff hy (y) > hy (2) for all k, and
hi (y) > hy (z) for atleast one l € {T R, LR, GG}. The set
of candidates that are not dominated by any other candi-
date forms the first Pareto front Fj. After removing F7,
MetroSCREEN repeatedly extract the non-dominated set
from the remaining candidates to obtain F5, F3,

We define the Pareto score as followes:

Spareto (fy M) =L (f,M)=min{{ € N: f € F;} (13)
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Here, ¢ is the integer label of a front. L (f, M) is the
unique index ¢ such that f € Fy. Because the fronts are
pairwise disjoint and cover the entire candidate set, the
set { £ : f € Fy} contains exactly one element; the min{-}
operator therefore returns that index. By convention, a
smaller L (f, M) indicates a better trade-off across objec-
tives. Candidates with the same L are mutually non-dom-
inating at this step; ties are resolved downstream by RRA.

RRA optimality

Let 74(f,M) denote the rank of f in source
k€ {TR,LR,GG} (with rank 1 being best), and let
Ny (M) denotes the number of candidates in that source.
MetroSCREEN converts raw ranks to fractional ranks
ug (f, M) e(0,1):

Tk (va)

uk(faM):W

(14)

Under the RRA null model, the positions of f across
sources are independent and uniformly distrib-
uted on (0,1]. If f appears in k sources (k < 3 here),
MetroSCREEN sorts the observed fractions to obtain
up < --- <wuy. For each position j, compute the one-
sided probability under the null of random ranks that the
J — th order statistic is at most the observed u;), and
take the minimum over j = 1...k. Then the RRA score
is calculated as follows:

Srra (f;M) = min Pr(Uy <up)  (15)

Smaller values indicate stronger agreement that f ranks
near the top in multiple sources.

Combining Pareto and RRA
For each MetaRegulon, MetroSCREEN combines the
Pareto front index and RRA to produce the overall prior-

ity for (f, M):

SMR(fa M) = Spareto (f, M) X SrRRA (f» M) (16)
Smaller values indicate stronger evidence that a regulon
(MetaRegulon) f has the potential to regulate the corre-
sponding MetaModule M.

Step 3: Examining the causality between the MetaModule
and MetaRegulon

To identify direct regulators and effectors of a MetaMod-
ule, MetroSCREEN jointly models the pre-screened
MetaRegulons (default: top 50) together with all genes
in the MetaModule, and learns a causal graph using
the fast PC (Peter—Clark) algorithm [56]. On the Meta-
Regulon side, MetaRegulons supported solely by
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cell-extrinsic drivers represent regulators rather than
intracellular effectors. Because their effects propagate
through ligand-receptor—signaling cascades, Metro-
SCREEN treats them as upstream annotations and does
not include them as explicit nodes in the receiver-cell
causal graph. MetroSCREEN therefore, includes only
MetaRegulons with cell-intrinsic source (transcription
factor-derived and/or signaling-derived regulons). When
both TR-based and gene-derived regulons are avail-
able for the same MetaRegulon, MetroSCREEN priori-
tizes TR activity; otherwise, gene activity is used. On the
MetaModule side, MetroSCREEN includes the same set
of genes used to compute the MetaModule score. During
the PC stage, MetroSCREEN models the MetaModule at
gene resolution rather than using a single MetaModule
score. Because MetaModule score is computed according
to GPR rules, regulation of any constituent gene within
a MetaModule can change the module’s score. Aggregat-
ing into one score conflates heterogeneous gene-level
effects and risks information loss. MetroSCREEN there-
fore use the MetaModule score mainly for upstream
screening of MetaRegulons to reduce dimensionality and
improve computational efficiency. The resulting node
set thus comprises the screened MetaRegulons and the
MetaModule genes, from which PC first prunes the skel-
eton via conditional-independence tests and then orients
edges to yield candidate regulators(1) and effectors(0) for
MetaModules.

Conditional independence decisions within PC are pro-
vided by DCC.gamma [66, 67], enabling efficient detec-
tion of nonlinear dependencies. For a MetaRegulon- gene
pair (X,Y’) and a conditioning set S, MetroSCREEN test:

Hy: X UY|S (17)
Practically, X and Y are first nonparametrically regressed
on S to obtain residuals. A distance-covariance-based
statistic 7" is computed and approximated by a Gamma
distribution:

T ~ Gamma (Oé, ﬁ) D= 1- FGamma(T(,bs;a,ﬁ) (18)

Here, when the p > s, the X and Y are indepen-
dent. By using the stable PC procedure, MetroSCREEN
removes the undirected edge of the MetaRegulon-gene
and learns the graph skeleton.

On the learned skeleton, MetroSCREEN applies the
standard PC orientation rules, including collider iden-
tification (X — Z <—Y) and Meek propagation [56],
while enforcing acyclicity. It adopts a relaxed conflict-
resolution strategy and produces a directed acyclic
graph (DAG). Finally, edges directed from MetaRegu-
lons to MetaModule genes are interpreted as candidate
direct regulatory relationships and edges in the opposite
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direction are treated as downstream effector signals. To
ensure efficiency, if a metabolic subtype contains more
than 300 cells, MetroSCREEN randomly subsamples 300
cells for analysis. For stability, it repeats the DCC-based
tests five times by default.

Optimization of hyperparameters

MetroSCRREN is designed to be hyperparameter-free:
thresholds and weights are determined by data-adaptive,
rank-based rules, which are scale- and order-invari-
ant. This approach reduces tuning bias and improves
reproducibility.

MetaModule scores were computed with ssGSEA using
its default normalization, and cells or samples were clus-
tered on the MetaModule scores with hierarchical clus-
tering under Euclidean distance. The number of clusters
was chosen per dataset by inspecting silhouette and NMI
trends. Marker detection used a one-vs-rest Wilcoxon
test with BH-FDR of 0.05.

For regulon activity channels, the TR channel followed
standard chrom-RP and ISD settings. We used a+100 kb
window around TSS, 1 kb deletion windows for ISD, and
an RP threshold greater than 5. When fewer than 300 tar-
gets were obtained, we retained the top 300 genes ranked
by RP. Ligand activity via NicheNet used a subtype-spe-
cific receptor expression cutoff at the 0.10 quantile and
a candidate ligand pool of 50 per subtype. The genome-
wide channel ranked genes by average expression within
each subtype, retained the top 3,000, applied library-
size normalization and loglp transformation, and then
z-scored expression within each subtype.

Causal graphs were learned with the PC algorithm
using DCC.gamma for conditional-independence tests
at et =5x 1072 and a maximum conditioning set size of
3. For subtypes with more than 300 cells, we randomly
sampled 300 cells and repeated the tests five times, then
retained edges with frequency at least 0.6 to ensure sta-
bility. These defaults are well supported by prior studies
and produced stable results in our analyses. We com-
pared several strategy choices that could influence the
results (Additional file 3: Fig. S2a,b).

MetaModule score

MetroSCREEN uses GPR rules by converting each reac-
tion into AND/OR branches. It computes ssGSEA per
AND branch (requiring all subunits) and aggregates
across OR branches using the maximum. We also evalu-
ated alternatives-aggregating OR branches by mean or
sum, and a direct approach that ignores GPR and applies
ssGSEA to all reaction genes. The GPR-aware and max-
aggregation strategy achieved the best performance
across cancer types (Additional file 3: Fig. S2a).
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MetaRegulon score

By default, MetroSCREEN reports the top-50 regula-
tors as high-confidence candidates. We compared top-
100/150/200 cutoffs and observed slightly higher recall
but consistently lower accuracy, precision, and F1-score
relative to top-50 (Additional file 3: Fig. S2b). Therefore,
we retain top-50 as a balanced and conservative choice.

Performance evaluation in CCLE data

MetaModule score benchmark

For each cell line i, MetroSCREEN computed per-reac-
tion MetaModule scores by enforcing GPR rules in dis-
junctive normal form (AND for enzyme subunits; OR
for isoenzymes). As our MetaModule scores reflect
the metabolic flux of a specific reaction, we aggre-
gated MetaModule scores using the production minus
consumption propensity. Specifically, for each CCLE
metabolite m, we identified the reactions that pro-
duce m (denoted Prod(m)) and those that consume
m (denoted Cons (m)), and defined metabolite propen-
sity P, as follows:

5 — 1 1
P (Z> ~ [Prod(m)] Z Ar,i " [Cons(m)]
reProd(m)

Z( >Ar’i (19)

r€Cons(m

Currency metabolites (e.g.,, ATP/ADP, NAD(H)/
NADP(H), CoA, H,0, H*) were excluded to reduce
degree-driven bias. For AUCell [32], Mean, scFEA [28],
and MetaFlux [30], we applied the same metabolite-pro-
pensity calculation strategy once reaction-level scores
were obtained.

Within each tumor type, we computed the Pearson
correlation between measured metabolite abundances
across multiple cell lines and the predicted metabolite
propensity for that tumor type. This quantifies the con-
cordance between predictions and measurements. It also
limits cross-tissue confounding by keeping the context
fixed and tests robustness across cell lines.

Importantly, we do not claim that transcriptomes
quantitatively predict metabolite concentrations. Metab-
olite abundance reflects not only enzyme-mediated con-
version but also medium composition, uptake/secretion
and transport, protein abundance and post-translational/
allosteric regulation, compartmentalization, and growth-
dilution. MetroSCREEN instead estimates propensi-
ties for reaction utilization. Using metabolomics as the
benchmark is therefore a stringent test, and results are
interpreted as associations rather than absolute quan-
tification. Furthermore, because our ultimate goal is to
pinpoint which specific metabolic processes (reactions)
are reprogrammed and to identify actionable regulators,
reaction-level MetaModule offers higher mechanistic
resolution than metabolite readouts. They localize signals
to enzyme complexes and isoenzymes under GPR logic,
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rather than to composite metabolite endpoints influ-
enced by many pathways.

To uncover the metabolic subtypes within the CCLE,
we utilized PCA for dimensionality reduction, incor-
porating the MetaModule scores calculated by Metro-
SCREEN. Subsequently, we applied the Louvain
clustering method using the top 10 principal compo-
nents to categorize the cell lines into distinct clusters
at default resolutions. Further reduction of dimen-
sions and visualization of the clustering outcomes were
achieved through Uniform Manifold Approximation and
Projection(UMAP).

MetaRegulon score benchmark

For the MetaRegulon benchmark, we defined a correla-
tion-derived ground truth using CCLE metabolite abun-
dance and transcriptome data. For each metabolite, we
computed Pearson correlations between its abundance
and TR activity (Str, Eq. 11) and LR activity (SLRr)
across cell lines, and labeled MetaRegulons with |r|>0.3
and FDR<0.01 as positives (label as 1) and others as
negatives (label as 0). To evaluate MetaRegulons scores,
we used a two-step procedure. First, we restricted anal-
ysis to MetaModules that produce the metabolite and
selected those MetaModules significantly associated
with this metabolite. Second, if exactly one MetaModule
remained, we evaluated MetroSCREEN (Sur (f, M),
Eq. 16) (multi-source) and single-source baselines (SCRI-
Pro [62], SCENIC [68] and SparseNCA [69] for TRs

(Hf 5, k = TR), NicheNet [64] for LRs(H} ,,,k = LR),
Eq. 12) against the reference using Area Under the Curve
(AUC), precision, recall, F1-score, and accuracy. If multi-
ple MetaModules remained, we aggregated MetaRegulon
scores (Syr (f, M), Eq. 16) across those MetaModules
using RRA to obtain metabolite-level MetaRegulon
scores before evaluation. Because SCRIPro, SCENIC,
SparceNCA and NicheNet are strong single-source
methods in the specific domain, our goal is to demon-
strate the advantage of multi-source integration (Metro-
SCREEN) and to provide a light-coding, comprehensive
prioritization for biologists. Note that this benchmark
targets associational prediction (Syr(f, M), Eq. 16).
MetroSCREEN can further nominate regulator—effector
pairs, which cannot be verified in CCLE dataset, and we
validated key factors experimentally using public and in-
house single-cell perturbation datasets. AUC was com-
puted from the global ranking of all candidate factors,
whereas precision, recall, F1, and accuracy were com-
puted on the Top-K subset of factors (K=50 unless oth-
erwise specified). Based on our hyperparameter tests and
wet-lab validations, the Top-50 set provides biologists
with more accurate and actionable candidates for down-
stream experimental verification.
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Single-cell transcriptomic data preprocessing

Data processing and Metacell identification

Each dataset were processed using MAESTRO [70]
(v1.1.0), which involved quality control, doublets and
batch effect removal, and cell clustering. Only cells with
a UMI count greater than 1,000 and more than 500
expressed genes were retained for downstream analy-
sis. A total of 4,483,367 cells from 735 patients, encom-
passing 36 cancer types and covering 103 studies, were
retained in the pan-cancer landscape, previously con-
structed by our previous work TabulaTIME ([71]. This
dataset includes 236,510 fibroblasts and 504,608 myeloid
cells.

For the substantial number of cells collected from
diverse sources, TabulaTIME [71] integrated them
through a three-step process. First, within each dataset,
we standardized the raw counts to TPM to ensure con-
sistent expression level representation across different
datasets. Specifically, the expression level E; ; of gene ¢
in cell j was quantified as 1092(% + 1). Second, to
reduce technical noise and computational demands, sin-
gle cells were grouped into small clusters (referred to as
Metacells) based on their similarity in the KNN graph.
This strategy assesses the similarity within each cluster
of a specific sample from which the cells originated. The
optimal number of cells in each Metacell was determined
to be 27-30 based on their performance in terms of gene
coverage, variation within the Metacell, and the local
inverse Simpson's Index (LISI) score during integration
in TabulaTIME. The average log TPM-transformed gene
expression of all cells within each Metacell was utilized
to represent the Metacell's expression, and the origi-
nal gene-by-cell expression matrix was converted to the
gene by the Metacell expression matrix. Third, canonical
correlation analysis (CCA) was employed to reduce data
dimensionality and align data batches by capturing the
most correlated data features. Subsequently, UMAP was
utilized to further reduce dimensionality and visualize
the annotation results.

Dimensionality reduction and annotation

Cell type annotation For each lineage, we addressed the
challenge of dealing with high-dimensional data by apply-
ing PCA to the Metacells. Specifically, we focused on the
top 3,000 highly variable genes to capture the most infor-
mative features. To ensure consistency with other analy-
ses, we selected the top 30 principal components, aligning
with the counts used for KNN and the Louvain algorithm
for cluster identification and visualization. To determine
the optimal clustering resolution for each cell lineage, we
utilized both Silhouette scores [72] and Clustree [73] met-
rics. This comprehensive approach allowed us to identify
clusters that faithfully represent the biological diversity
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present in the data while avoiding unnecessary fragmenta-
tion. With the optimal clustering resolution determined,
we proceeded to annotate the clusters based on marker
gene expression, providing further insights into their bio-
logical identity.

Metabolic subtype annotation To uncover the meta-
bolic diversity of each Metacell within fibroblasts and
myeloid lineages, we honed in on the MetaModule scores
and leveraged PCA for dimensionality reduction. Mir-
roring our cell type identification process, we employed
the top 30 principal components for KNN analysis and
the Louvain algorithm for cluster identification and
visualization. In assessing the optimal clustering resolu-
tion for each cell lineage, we integrated both Silhouette
scores and Clustree metrics. MetroTIME scrutinized the
cluster-enriched MetaModules related to metabolism and
characterized the metabolic cluster based on the most sig-
nificantly enriched MetaModules.

Finally, to assess the purity of cell types and metabolic
subtypes, we employed ROGUE [74], an entropy-based
universal metric. ROGUE quantifies the purity of individ-
ual cell populations on a scale of 0 to 1, where a score of
1 represents a completely pure subtype, while 0 indicates
a highly heterogeneous population. Our analysis revealed
that all annotated cell subtypes and metabolic subtypes
with a median ROGUE value greater than 0.9 demon-
strate a remarkable level of homogeneity, underscoring
the coherence within these defined subgroups.

Association between metabolic subtypes and function

To characterize cellular functions, we gathered gene sets
linked to cell function, cancer hallmarks, and KEGG
pathways from past studies and the Molecular Signa-
tures Database (MSigDB [75] v6.1.13). Subsequently, we
applied the ssGSEA method to calculate the functional
signature scores for individual Metacells within the fibro-
blasts and myeloid lineages (Additional file 4: Table S3).
Finally, we evaluated the relationship between function
and metabolic subtypes by computing the Pearson corre-
lation between the scores of Metacells enriched in meta-
bolic subtypes and the functional scores.

Trajectory building

To analyze the relationships among cell subtypes within
fibroblasts and myeloid lineage, we employed STREAM
[76] and Monocle [77] to construct developmental tra-
jectories based on highly variable genes. The root of the
fibroblast lineage is defined as qFibro_SAA1 reflecting its
quiescent state. Similarly, the root of the macrophage lin-
eage is identified as Mono_FCN1, reflecting the common
understanding that monocytes often serve as a primary
origin for macrophages. When monocytes are stimulated
by signals of inflammation or tissue damage in the blood,
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Fig. 1 MetroSCREEN accurately predicts metabolic states and regulators. a Schematic of the MetroSCREEN framework. b Schematic of the MetroSCREEN
benchmarking strategy with the Cancer Cell Line Encyclopedia (CCLE) dataset. ¢ Metabolites prediction in the CCLE dataset. Pearson correlations were
computed between predicted metabolite propensities (derived from MetroSCREEN MetaModule scores or reaction-level results from other tools) and
measured metabolites abundance across major cancer types. d UMAP of MetaModule scores in the CCLE dataset, identifying seven metabolic subtypes
within 928 cancer cell lines. e Box plots of predictive performance for cell-intrinsic TR predictions in the CCLE dataset. f Box plots of predictive perfor-

mance for cell-extrinsic ligand predictions in the CCLE dataset

they migrate to tissues and differentiate into mature
macrophages.

Survival analysis

To analyze the association of MetaMudoles scores and
MetaRegulons scores with patient survival, the TCGA
cohorts were used. For each cancer type, MetaSCREEN
calculated the MetaModules scores for each patient. Uni-
variable Cox proportional hazards regression was used to
link MetaModules scores to OS. To better understand the
range of variation and the magnitude of the impact of the
coefficients, we took the logarithm base 10 of the hazard
ratio. Consequently, a value greater than zero indicates an
increased mortality risk in the high MetaModules scores
group, while a value less than zero indicates a decreased
mortality risk.

Kaplan—Meier survival curves were used to directly
illustrate the impact of specific MetaModules and their
MetaRegulons on OS time. For each MetaModule, the
median MetaModule score was utilized to divide the
patients into the high MetaModule score group and
the low MetaModule score group in each cancer type.
Similarly, the median value of gene expression for Meta-
Regulons was used to categorize samples into high and
low MetaRegulon expression groups. All of these analy-
ses were implemented using the R package survival [78]
(v3.8-3).

Immunosuppressive signature score

To explore the clinical relevance of MetaModules and
MetaRegulons, we analyzed the ICB cohort. Signatures
of immune response were collected from the study con-
ducted by Thorsson et al. [79]. First, cancer type-spe-
cific effects were regressed out from immune signatures
using the R package remef [80] (v1.0.7). Then, indepen-
dent principal components of these immune signatures
were derived to control the confounding effect of cross-
correlation between signatures and cancer type-specific
effects. The PC1, which gave high weights to immuno-
suppressive signatures in an unbiased manner, was used
to estimate the MetaModules associated with immuno-
suppressive signatures. MetaModules for each sample
were calculated by MetroSCREEN, followed by the calcu-
lation of the Pearson correlation between the MetaMod-
ules score and PC1.

ICB response

We computed the MetaModules scores for each sample
in ICB cohort using MetroSCREEN. Subsequently, we
assessed the signature score associated with the response
to ICB for each sample. This encompassed scores such
as 'Exclusion,’ 'MSI.Score,’ "'TAM.M2," 'TIDE," 'Dysfunc-
tion,' 'CAFE,' and 'CTL," which were derived and calculated
using the TIDE package [81]. Additionally, we incor-
porated and computed other gene features that have
been reported to predict the response to ICB. To facili-
tate comparability and stabilize the variance across the
scores, we transformed them into logarithmic scale and
performed mean subtraction within the same row for
each signature. This normalization step centers the data
by eliminating the average expression level of each gene,
allowing for effective comparison across distinct samples
or conditions. Lastly, we calculated the AUC scores for
each MetaModule, TIDE signature, and gene expres-
sion associated with the ICB response, leveraging the
pROC package [82] (v1.18.0). Moreover, we determined
the differential scores by subtracting the median score
in the non-response group from the median score in the
response group.

Results

Overview of the MetroSCREEN framework

To infer reaction-level metabolic states and their associ-
ated regulators from bulk and single-cell transcriptomic
data, we developed MetroSCREEN, a reference-guided
computational framework (Fig. 1a; Additional file 3: Fig.
S1, and Methods). MetroSCREEN accepts a single-cell or
bulk RNA-seq gene expression matrix as input and pro-
duces two output matrices: a MetaModule score matrix
and a MetaRegulon score matrix.

A MetaModule is defined as a set of enzyme-coding
genes that catalyze a single metabolic reaction. The score
is derived from enzyme-coding gene expression via ssG-
SEA [31] and incorporates gene—protein—reaction (GPR)
rules (Methods). Under non-limiting substrate and cofac-
tor conditions, it can be regarded as an approximate
upper limit of the reaction’s feasible flux. Based on the
clustering of MetaModule scores, a metabolic subtype is
defined as a cluster of cells or samples that share similar
MetaModules, indicating that they exhibit comparable
metabolic states (Methods). Reaction-level MetaModule
scores provide a higher-resolution delineation of meta-
bolic subtypes.



Tang et al. Genome Medicine (2025) 17:150

A MetaRegulon is defined by the putative regulons of
a MetaModule. MetroSCREEN first estimates the activi-
ties of regulons based on transcription factor-derived,
cellular interaction-derived, and signaling-derived source
(Methods). To screen the regulons from these heteroge-
neous sources and prioritize candidates, MetroSCREEN
applies Pareto efficiency [54] and Robust Rank Aggrega-
tion (RRA) [55], resulting in a robust ranking framework
that generates MetaRegulon scores. Next, to determine
the causal directions between MetaRegulons and the
MetaModule, MetroSCREEN adopts a constraint-based
causal discovery strategy using the standard Peter-Clark
(PC) rules [56], and output the causal direction (1 as
regulators and O as effectors) in the MetaRegulon matrix.
By predicting a MetaModule’s upstream MetaRegulon,
MetroSCREEN helps biologists prioritize precise per-
turbations to modulate metabolic reprogramming and
uncover potential therapeutic targets.

MetroSCREEN accurately predicts metabolic states and
regulators in CCLE data

To evaluate MetroSCREEN’s performance in the infer-
ence of MetaModule and MetaRegulon scores, we bench-
marked it on the Cancer Cell Line Encyclopedia (CCLE)
dataset. This dataset includes metabolomics for 225
metabolites and genome-scale transcriptomics from 928
cell lines (Fig. 1b and Methods).

For the MetaModule scores benchmark, we treated
measured metabolite abundance as an external refer-
ence (Methods). Compared with the FBA-based method
METAFlux [30], the machine-learning method scFEA
[28], and statistical baselines (mean expression and
AUCell [32]), MetroSCREEN showed superior perfor-
mance in predicting metabolic abundance in 7 of 13
major cancer types (Fig. 1c). Focusing on specific metab-
olites, MetroSCREEN also achieved higher correlations
than the recent METAFlux (Additional file 3: Fig. S3a).
We further assessed whether predicted MetaModule
scores capture biologically meaningful structure. Cell
lines clustered by MetaModule scores showed greater
concordance with tissue or lineage of origin than clusters
derived from raw metabolite abundance (NMI=0.41 ver-
sus 0.13), indicating that predicted scores better reflect
metabolic heterogeneity across tissues (Fig. 1d and Addi-
tional file 3: Fig. S3b-d).

For the MetaRegulon scores benchmark, we defined a
correlation-derived ground truth using CCLE metabolite
abundance and transcriptome data (Methods). Metro-
SCREEN is a multi-source integration framework that
combines intrinsic gene-regulatory evidence (SCRIPro
[62]), extrinsic cell-cell interactions (NicheNet [64]), and
genome-wide regulatory cues via a multi-objective opti-
mization procedure. For TR prioritization, in addition to
SCRIPro, we evaluated a tree-based gradient-boosting
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framework (SCENIC [68]) and a network component
analysis method (SparseNCA [69]). Substituting different
TR-activity evidence sources confirmed that integrated
MetroSCREEN consistently outperformed single-source
approaches (SCRIPro, SCENIC, or SparseNCA alone)
across all seven metabolic subtypes, as assessed by AUC,
precision, recall, F1 score, and accuracy (Fig. le and
Additional file 3: Fig. S3e). Similarly, the multi-source
integration in MetroSCREEN outperformed the single-
source NicheNet approach (Fig. 1f and Additional file
3: Fig. S3f). These results show that integrating multiple
evidence streams yields more accurate MetaRegulon pri-
oritization than relying on any single source.

Validation of predicted glycolysis regulators using single-
cell CRISPR screens

To validate the impact of predicted MetaRegulons on
their associated MetaModules, we generated in-house
single-cell CRISPR knockout data targeting CTNNBI,
ATF4, MYC, and JUN, key MetaRegulons for glycolysis,
using the NSCLC cell line PC9 (Additional file 1: Table
S1 and Methods). Additionally, we analyzed a published
genome-wide single-cell CRISPR interference (CRISPRi)
dataset from the K562 cell line [38] to explore a broader
range of perturbed MetaRegulons (Fig. 2a and Methods).
The MetaRegulons for each MetaModule were predicted
by MetroSCREEN using PC9 and K562 data in CCLE
dataset. For each MetaRegulon perturbation, we calcu-
lated the essential score (B-score) for every MetaMod-
ule using scMAGeCK [41](Methods). A negative -score
of the MetaModule indicates downregulation of the
MetaModule following MetaRegulon perturbation, sug-
gesting that the MetaRegulon positively regulates its tar-
geted MetaModule, and vice versa.

In the genome-wide screen, the top 50 and top 100
MetaRegulons predicted by MetroSCREEN significantly
positively regulated the corresponding MetaModules
compared to 50 randomly selected MetaRegulons (Fig. 2b
and Additional file 3: Fig. S4a,b). Notably, nearly all of the
top 50 predicted MetaRegulons were identified as posi-
tive regulators of their respective MetaModules (Addi-
tional file 3: Fig. S4c). Furthermore, the MetaRegulons
identified by MetroSCREEN showed high MetaMod-
ule specificity, including well-known regulators such as
FOSL1 [83] and HIF1A [84] for glycolysis, and STAT3
[85] for fatty acid oxidation (Fig. 2c). These results dem-
onstrating MetroSCREEN's ability to accurately pinpoint
key MetaRegulons for different MetaModules.

To further validate the MetaRegulons for glycolysis,
we calculated the B-score of MetaModules following
the perturbation of CTNNBI1, ATF4, MYC, and JUN.
Encouragingly, CTNNB1 and MYC were shown to posi-
tively regulate the conversion of pyruvate to L-lactate in
glycolysis [86, 87], MYC and ATF4 positively regulate
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folate metabolism [88, 89], ATF4 positively regulates
glutathione metabolism, and JUN is involved in O-gly-
can metabolism (Fig. 2d). These MetaRegulon-targeted
MetaModules were top ranked with significant negative
[B-scores after MetaRegulon perturbation. In summary,
these results suggest that MetroSCREEN precisely identi-
fies key MetaRegulons for glycolysis MetaModules.

Pan-cancer analyses of fibroblast and myeloid cell
metabolic heterogeneities and regulations

Metabolic reprogramming is a hallmark of cancer; how-
ever, most research has primarily focused on the meta-
bolic dysregulation of malignant cells, often neglecting
other important components of the TME, such as stromal
and immune cells. Since MetroSCREEN can accurately
reconstruct the MetaModule scores and their associated
MetaRegulons, we applied it to the pan-cancer single-
cell atlas, TabulaTIME [71], which we previously devel-
oped [42, 71, 90]. This atlas encompasses 4,254,586 cells
from 735 patients across 36 cancer types. Our analysis
concentrated on two representative TME components:
fibroblasts (#=236,510) from the stromal lineage and
myeloid cells (7 =504,608) from the immune lineage. We
analyzed their corresponding MetaModule dynamics and
identified crucial MetaRegulons, leading to the creation
of the MetroTIME resource (Metabolism and Regula-
tory Analyses in the Tumor Immune Microenvironment)
(Fig. 3a). This resource was developed through five steps:
collection and integration of tumor single-cell profiles,
identification of MetaModules and MetaRegulons using
MetroSCREEN, pan-cancer analyses of MetaModules,
pan-cancer analyses of MetaRegulons, and large-scale
cohort exploration for key MetaModules and MetaRegu-
lons (Methods).

Metabolic subtypes of fibroblasts correspond well to cell
subtypes and functions
Emerging evidence suggests that fibroblasts are piv-
otal regulators of tumor metabolism [91, 92]. Metabolic
adjustments in fibroblasts are believed to influence adja-
cent tumor cells they interact with [93, 94]. Therefore,
it is crucial to systematically delineate the connections
among metabolic heterogeneities and functions of fibro-
blasts in the TME (Additional file 3: Fig. S5a).
MetroTIME identified seven distinct fibroblast cell
subtypes (CS) across various cancer types, classified into
four major categories based on their functions: extracel-
lular matrix (ECM)-remodeling fibroblasts (eFibro and
myoFibro), immune-regulatory fibroblasts (iFibro), anti-
gen-presenting fibroblasts (apFibro), and quiescent fibro-
blasts (qFibro) (Fig. 3b and Additional file 3: Fig. S5b-h).
Each cell subtype was annotated according to its highly
expressed marker genes. Additionally, MetroTIME rec-
ognized eight distinct metabolic subtypes (MS) through
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unsupervised clustering of MetaModule scores (Fig. 3¢
and Additional file 3: Fig. S6). Among these subtypes,
GLY displayed significantly high glycolysis levels, GLY-
CAN exhibited the highest chondroitin sulfate biosyn-
thesis, PUFA was enriched in arachidonic acid-related
metabolism, and LYS showed elevated score in lysine
metabolism and inositol phosphate metabolism (Fig. 3d).
Notably, the MSs demonstrated a strong correlation with
the CSs, indicating that a cell's metabolic score is heav-
ily influenced by its identity (Fig. 3e and Additional file
3: Fig. S7a, ARI=0.92). Focusing on the major fibroblast
categories, eFibro and myoFibro, characterized by high
ECM remodeling scores, were significantly enriched in
energy metabolism MSs, including OXP, IPM, and GLY-
CAN (Fig. 3f and Additional file 5: Table S4). In contrast,
iFibro and apFibro, which have immune regulatory func-
tions, were predominantly associated with the LYS and
PUEFA subtypes (Fig. 3f). The iFibro_IL6 was identified
as a major source of PUFA subtypes, showing upregula-
tion of TNF« signaling (Additional file 3: Fig. S7b). This
finding aligns with previous research demonstrating
that polyunsaturated fatty acids, such as prostaglandins,
exacerbate inflammation and promote tumorigenesis by
increasing the gene expression of TNFa and IL6 [95-98].

To further explore the relationship between cellular
functions and MSs, we calculated the Pearson correlation
between MetaModules scores and functional signature
scores. Consistently, MetaModules enriched in the GLY-
CAN subtype exhibited a higher correlation with ECM
remodeling functions compared to other MetaModules.
Additionally, MetaModules enriched in the PUFA and
LYS subtypes showed higher correlations with immune-
regulatory and antigen-presenting functions, respectively
(Additional file 3: Fig. S7c-e). Overall, our results reveal
that metabolic subtypes closely align with cell subtypes
and functions. This alignment likely arises from similar
cell subtypes being governed by comparable intrinsic
programs and existing within analogous TME contexts,
exposing them to similar extrinsic signals.

Distinct energy usage between ECM-associated fibroblasts
Energy metabolism, the process of generating energy
(ATP) from nutrients, is essential for maintaining cellu-
lar homeostasis and adapting to varying conditions [48,
99]. Our analyses indicated that eFibro and myoFibro are
highly enriched in energy metabolism MSs (Fig. 3f). To
explore their differences further, we conducted lineage
tracing analysis for all fibroblasts (Methods). Consistent
with previous studies, qFibro_SAA1 was located at the
root of the trajectory branches, which included three
distinct activation paths: the ECM remodeling path (E),
the myofibroblast path (M), and the immune-regulatory
path (I) (Fig. 4a-b and Additional file 3: Fig. S7f-h). Nota-
bly, the E path began with the AA subtype, transitioned
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(See figure on previous page.)

Fig. 4 Distinct energy usage between ECM-associated fibroblasts. a Pseudotime-ordered analysis of fibroblasts Metacells, colored by cell subtypes. b
Pseudotime-ordered analysis of fibroblasts Metacells, colored by metabolic subtypes. ¢ Cartoon summarizing potential energy-supply pathways—gly-
colysis, TCA cycle, and OXPHOS—for each trajectory branch inferred from MetaModule scores. d Dot plot of MetaModules enriched on the E branch.
Metabolic classes indicated by markers: energy metabolism (triangle), chondroitin-sulfate metabolism (circle), and unsaturated fatty-acid metabolism
(square). e Dot plot of MetaModules enriched in the M branch. f mIHC staining to validate the energy usage between eFibro and myoFibro. Scale bars,
20 um. g Violin plot of ECM levels within the eFibro_CTHRC1 fibroblast subtype from integrated scRNA-seq data; dark red denotes the ECM-remodeling
signature score in the GLYCAN subtype, light red denotes the score in the GLY subtype. h Dot plot of the ECM-remodeling signature within the eFibro_
CTHRC1 subtype form deconvolved TCGA data. The x-axis shows log2(median ECM score of GLYCAN subtypes — meadian ECM scores of GLY subtype).
The y-axis reports the Wilcoxon rank-sum test significance comparing ECM scores between GLYCAN and GLY metabolic subtypes. i Heatmap illustrating

immune-function differences between GLYCAN and GLY subtypes in TCGA data

to GLY, and culminated in the GLYCAN subtype. The M
path progressed through the LYS subtype, reaching the
IPM and OXP subtypes, while the I path extended from
the FAO to the PUFA subtype. These analyses suggest
that fibroblasts in the TME undergo significant energy
reprogramming during differentiation.

Interestingly, eFibro and myoFibro diverged into two
branches, corresponding to the E and M paths. Map-
ping detailed MetaModule scores onto the trajectory
revealed that the E path exhibited elevated score in
MetaModules responsible for converting phosphoenol-
pyruvate (PEP) to pyruvate-a critical step in converting
ADP to ATP and the final rate-limiting stage of glycoly-
sis [100, 101] (Fig. 4c, d). Previous research reported that
the ECM relies heavily on glycolysis as a primary source
of ATP to support its stiffness [102, 103]. Our findings
align with the established metabolic traits of cancer-
associated fibroblasts (CAFs), which rely on enhanced
glycolysis to drive tumor progression [104]. In contrast,
fibroblasts along the M path rely on energy derived from
OXPHOS and the tricarboxylic acid (TCA) cycle, which
are the main energy sources in most non-malignant cells
[105, 106] (Fig. 4c, e). Significantly, mIHC staining for
CTHRC1, MYHI11, PGK1 (Phosphoglycerate Kinase 1, a
key enzyme in glycolysis), and NDUFS2 (NADH Dehy-
drogenase [Ubiquinone] Iron-Sulfur Protein 2, a compo-
nent of mitochondrial complex I) in non-small-cell lung
cancer (NSCLC) and Head and Neck Squamous Cell Car-
cinoma (HNSC) patient samples has further confirmed
differences in energy usage between eFibro and myoFibro
(Fig. 4f; Additional file 3: Fig. S7i). This suggests that dis-
tinct fibroblast subtypes, while functionally similar, may
generate energy through different metabolic reactions.

Linkage of metabolic subtypes and cellular functions
within CTHRC1* fibroblasts

Unlike other cell subtypes, the eFibro_CTHRC1 subtype
exhibited two distinct metabolic subtypes, each associ-
ated with different cellular functions (Fig. 3e, f). Com-
pared to the GLY subtype, the GLYCAN subtype showed
a significantly higher ECM remodeling signature score
(Figs. 3f and 4g). Conversely, the GLY subtype exhib-
ited elevated levels of TNFa signaling via the NF-xB
pathway, indicating heightened inflammatory responses

(Additional file 3: Fig. S7b). The eFibro_CTHRCI is
known to reside at the tumor’s leading edge, forming a
physical barrier that may hinder T-cell infiltration into
the TME [107]. To further explore the functional dif-
ferences between these two MSs, we analyzed a large-
scale cohort from the Cancer Genome Atlas (TCGA)
cohort (Methods). We employed BayesPrism [108] to
deconvolute the mixed transcriptomes and isolate the
gene expression profile of the eFibro_ CTHRCI1 sub-
type from bulk TCGA data. We included ten primary
cancer types, as high-quality single-cell RNA-seq data-
sets from the same tissues were available for reference
(Additional file 6: Table S5). To stratify patients into the
GLY and GLYCAN subtypes, we calculated the respec-
tive MetaModule scores based on the deconvoluted eFi-
bro_CTHRCI1 expression profiles. Patients with scores
above the median for GLY and GLYCAN were classified
as the eFibro CTHRC1_GLY and eFibro CTHRCI _
GLYCAN groups, respectively. The patients in the eFi-
bro_CTHRC1_GLYCAN group showed higher ECM
signature score compared with the patients in the eFi-
bro_CTHRC1_GLY group (Fig. 4h). We then performed
TIDE [81] analyses to assess immune function status in
different patient groups. Notably, patients in the eFibro_
CTHRC1_GLYCAN group demonstrated higher T-cell
dysfunction scores, TIDE scores, and MDSC scores
(Fig. 4i). This suggests that the elevated GLYCAN sub-
type score may hinder T-cell functions, contributing to
an immunosuppressive TME [81, 109-111]. In contrast,
patients in the eFibro_CTHRCI1_GLY group exhibited
increased infiltration of CD8" T cells and CD4* T cells,
suggesting a more favorable immune response. These
findings highlight the close relationship between meta-
bolic heterogeneity and cellular functions, even within
the same cell subtype.

Highly heterogeneous metabolic subtypes of tumor-
infiltrated macrophages

Metabolic fluctuations in immune cells are closely linked
to their phenotypes and functions [112]. Tumor-asso-
ciated macrophages (TAMs) and their precursors con-
stitute the largest fraction of the myeloid cells in most
human solid tumors. These cells have a significant capac-
ity to uptake intertumoral glucose and play diverse roles
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Fig. 5 Metabolic heterogeneity in myeloid cells. a Cancer types included in the pan-cancer myeloid analysis, with schematics of myeloid single-cell
subtypes and their metabolic classifications. b UMAP of myeloid Metacells, colored by cell subtypes. ¢ UMAP of myeloid Metacells, colored by metabolic
subtypes. d Dot plot of MetaModules used to annotate myeloid metabolic subtypes. e Alluvial plot showing the correspondence between metabolic
subtypes and cell subtypes. f Heatmap of enriched functions for each myeloid metabolic subtype. g Pseudotime-ordered analysis of myeloid Metacells,
colored by metabolic subtypes. h Dot plot of MetaModules enriched in the ECM remodeling branch. Metabolic classes indicated by markers: energy me-
tabolism (triangle), chondroitin sulfate-related metabolism (circle), and unsaturated fatty acid metabolism (square). i Dot plot of MetaModules enriched in
the antigen-presenting and phagocytosis branch. j mIHC staining to validate the metabolism adaptions between E path and AP path. Scale bars, 20 um

in either promoting or inhibiting tumor progression
across different cancer types [113, 114].

We investigated the metabolic subtypes of macro-
phages and their precursor cells, monocytes, in the
TME across 33 cancer types (Fig. 5a and Additional file
5: Table S4). A total of 13 distinct cell subtypes and 10
metabolic subtypes were identified based on marker
genes and MetaModule scores (Fig. 5b-c; Additional
file 3: Fig. S8 and Additional file 3: Fig. S9). The annota-
tion of metabolic subtypes was validated by MetaMod-
ule scores (Fig. 5¢, d). For example, the SLM subtype
showed increased MetaModule scores in sphingolipid
metabolism, ARG exhibited higher MetaModule scores
in arginine metabolism, GST showed higher MetaMod-
ule scores in glycine metabolism, FAO exhibited higher
MetaModule scores in fatty acid metabolism, and PUFA
was linked to increased arachidonic acid metabolism.
Notably, the PUFA_LTM and PUFA_EM subtypes repre-
sent monocyte subsets enriched in polyunsaturated fatty
acids, such as leukotriene B4 (LTB4) and eicosanoids
which are known to modulate both innate and adaptive
immune responses [115-117]. Similar to fibroblasts, a
strong correspondence was observed between the MSs
and CSs of myeloid cells (Fig. 5e and Additional file 3: Fig.
S10a, ARI=0.87). However, several CSs displayed greater
heterogeneity: Macro_C1QC corresponded to both the
SLM and FAS subtypes, while Macro_THBS1 primarily
aligned with the OXP and FAO subtypes (Fig. 5¢). These
results highlight the broad spectrum of activation sub-
types of TAMs associated with their metabolic profiles
and cellular plasticity.

Sphingolipid metabolisms are associated with antigen
presentation and phagocytosis in TAMs

To explore the relationship between metabolic subtypes
and cellular functions, we calculated the enrichment
of macrophage functional signatures across different
MSs. The GST subtype demonstrated higher scores for
ECM remodeling and epithelial-mesenchymal transi-
tion (EMT) hallmarks, indicating its potential pivotal
roles in tumor metastasis (Fig. S5f and Additional file 3:
Fig. S10b). Notably, while both the OXP and FAO sub-
types correspond to the Macro_THBS1 subtype, OXP
exhibited an elevated phagocytosis score, whereas FAO
showed a higher angiogenesis score (Fig. 5f). This sug-
gests that metabolic subtypes may provide a more accu-
rate definition of cellular functions than cell subtypes.

The SLM subtype exhibited higher scores for antigen
presentation and phagocytosis, aligning with previous
studies that highlight the critical role of sphingolipids in
phagocytosis during fungal infections [118-120]. Pear-
son correlation analysis confirmed that MetaModules
enriched in the SLM subtype were more strongly cor-
related with the antigen presentation score compared to
the background (Additional file 3: Fig. S10c-¢). This sug-
gests that macrophages with the SLM subtype are crucial
in driving anti-tumor activities through antigen presenta-
tion and phagocytosis.

We then performed lineage tracing analysis to examine
metabolic reprogramming along differentiation trajecto-
ries. Starting from monocytes, macrophages primarily
follow two distinct paths: the ECM path (E path) and the
antigen-presenting/phagocytosis path (AP path) (Fig. 5g
and Additional file 3: Fig. S10f-h). Consistent with
observations in fibroblasts, MetaModules HMR_4281
and HMR_ 4358, which contribute to ATP produc-
tion through glycolysis, correlated with increased ECM
remodeling along the trajectory. In contrast, HMR_6916,
which facilitates ATP production via OXPHOS,
increased alongside elevated antigen presentation and
phagocytosis scores (Additional file 3: Fig. S10i). These
findings suggest a tight linkage between energy repro-
gramming from OXPHOS to glycolysis and functional
shifts among antigen presentation, phagocytosis, and
ECM remodeling in TAMs [121-123]. Furthermore, the
E path enriched the glycine metabolism MetaModules,
while the AP path enriched the sphingolipid metabolism,
aligning with the metabolic subtype functions associated
with each path (Fig. 5h-i, p<0.001). Significantly, mIHC
staining for SLPI, C1QC, PFKP (Phosphofructokinase, a
key enzyme in glycolysis), and PLD3 (Phospholipase D3,
a key enzyme involved in sphingolipid metabolism) in
NSCLC and HNSC patient samples has further validated
differences in energy usage and sphingolipid metabolism
between the profibrotic and antigen-presenting/phago-
cytosis macrophages (Fig. 5j and Additional file 3: Fig.
S10j).

MetroSCREEN identifies conserved and metabolic subtype-
specific regulators

The pan-cancer MetaModule analyses indicated that
metabolic subtypes are closely linked to cellular functions
in both fibroblasts and myeloid cells. We then investi-
gated whether there are common upstream regulators for
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Fig. 6 MetroSCREEN identifies conserved and subtype-specific metabolic regulators in fibroblasts and myeloid cells. a Heatmap showing fibroblast
MetaRegulons expression across metabolic subtypes. b Heatmap showing myeloid MetaRegulons expression across metabolic subtypes. ¢ Causal in-
ference network for HMR_7494 in the GLYCAN fibroblast subtype; literature-supported MetaRegulons are labeled in red. d Causal inference network
for HEXAT1l in the SLM myeloid subtypes; literature-supported MetaRegulons are labeled in red. e Proportion plot showing the predicted regulator-to-
effector ratio across myeloid metabolic subtypes. f Proportion plot showing ratio of the exogenous and endogenous MetaRegulons for the enriched

MetaModules in the metabolic subtypes

specific MSs. We applied MetroSCREEN to MetaMod-
ules of different MSs in fibroblasts and myeloid cells and
identified their corresponding MetaRegulons (Fig. 6a,
b). Most inferred MetaRegulons displayed high specific-
ity for their respective MSs across various cancer types
and cell lineages, suggesting a relatively conserved meta-
bolic regulation within the TME (Fig. 6a, b). For example,
the two FAO subtypes, corresponding to iFibro_SFRP1
and Macro_THBSI, both enriched for NFE2L2, a Meta-
Regulon known to enhance mitochondrial fatty acid
oxidation [124]. Similarly, the MetaRegulons YBX1 and
CEBPD were enriched in both OXP subtypes linked to
MyoFibro_MYH11 and Macro_THBS]1, consistent with
their roles in regulating mitochondrial activity [125, 126].
Furthermore, for CSs with heterogenous MSs, Metro-
SCREEN can identify MS-specific MetaRegulons (Fig. 6a,
b). The eFibro_CTHRC1_GLY subtype was regulated by
HIF1A and ATF4, two well-known TRs that modulate
the expression of metabolic enzymes involved in glycoly-
sis [84, 127]. In contrast, the eFibro CTHRC1_GLYCAN
subtype was predominantly regulated by ZNF281, which
is associated with ECM remodeling and fibrosis [128].
Additionally, PPARG, an important regulator of fatty acid
synthesis [129], was enriched in the FAS subtype rather
than the SLM subtype, even though both metabolic sub-
types correspond to Macro_C1QC. These analyses indi-
cate the conserved metabolic subtypes across different
cell lineages may be regulated by similar MetaRegulons.
Next, we evaluated MetroSCREEN's capability to
construct a metabolic regulation network (MRN) that
includes both intrinsic transcription regulators and
extrinsic ligands. We focused on building a collagen
metabolism-related MRN for the eFibro CTHRC1_GLY-
CAN subtype and a sphingolipid metabolism-related
MRN for the Macro_C1QC_SLM subtype, considering
the enrichment of these metabolisms and their associa-
tion with the functions of these cell subtypes as identi-
fied in our previous findings (Fig. 6¢, d). MetroSCREEN
identified several MetaRegulons associated with ECM
functions in the eFibro_ CTHRC1_GLYCAN subtype.
For instance, NFE2L2 is known to directly target extra-
cellular matrix gene transcription [130], and silencing of
ZNF281 has been shown to abolish the increase in extra-
cellular collagen levels [128]. In addition to MetaRegu-
lons directly involved in ECM remodeling, ligands such
as CXCL13 [131], TNC [132], and CCL8 [133] have been
reported to influence the expression of collagen-related

genes. In the SLM subtype of Macro_C1QC, NR1H3 is
recognized for directly regulating sphingolipid synthe-
sis [134], while CEBPD specifically contributes to lipid
accumulation [135]. Moreover, ligands such as TNF [136]
and APOE [137] have been previously linked to sphin-
golipid metabolism. In addition to accurately predict-
ing these known potential metabolic regulators, we also
identified novel metabolic regulatory factors within each
MRN, such as STAT1 in regulating collagen metabolism
and KLF7 in sphingolipid metabolism. Taken together,
our results suggest that MetroSCREEN can accurately
identify both conserved and MS-specific MetaRegulons
across different lineages, covering both intrinsic and
extrinsic regulatory mechanisms.

MetroSCREEN offers insights into regulator directions and
sources

Previous research has primarily relied on correlations
to predict regulators mediating metabolite changes
[60]. However, correlation does not establish causal-
ity between metabolic states and TR activities. Metro-
SCREEN combines constraint-based algorithms with
independence tests to predict causal relationships
between MetaRegulons and their associated MetaMod-
ules (Methods). Encouragingly, our analyses indicate
that a significant proportion of TRs are indeed upstream
regulators of MetaModules, with 62.86% in myeloid cells
and 71.43% in fibroblasts (Fig. 6e and Additional file 3:
Fig. S11a). For MetaRegulons identified through genome-
wide correlations, 62.86% of them were still regulators of
MetaModules in myeloid cells, while only 13.33% served
as regulators in fibroblasts.

We further analyzed the sources of MetaRegulons
for each MetaModule (Fig. 6f and Additional file 3: Fig.
S11b). MetaModules involved in glycolysis and collagen
synthesis are more likely to be regulated by endogenous
mechanisms. Conversely, MetaModules associated with
sphingolipid metabolism tend to be influenced more
by exogenous factors, likely due to their role as primary
components of the cell membrane. Overall, the major-
ity of MetaModules were controlled by intrinsic factors,
accounting for 82.86% in myeloid cells and 73.33% in
fibroblasts. These findings highlight the dynamic regula-
tory directions and the complex resources of MetaRegu-
lons for each MetaModule.
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Fig. 7 MetaModule and MetaRegulon scores are linked to survival and therapy response. a Schematic overview of the workflow employed for pan-
cancer single-cell analysis of MetaModules and MetaRegulons in clinical data. b Survival associations of MetaModules with significant prognostic impact
in at least five cancer types. The heatmap highlights MetaModules enriched in the eFibro_CTHRC1_GLYCAN and Macro_C1QC_SLM subtypes. ¢ Area
under the ROC curve (AUC) for each MetaModule in predicting response to immune checkpoint blockade (ICB) therapy. d Kaplan-Meier curves showing
overall survival for four stratified groups defined by MetaModule scores and MetaRegulon expression, highlighting eFibro_CTHRC1_GLYCAN-enriched
MetaModules associated with poor survival. @ Kaplan-Meier curves showing overall survival for four stratified groups defined by MetaModule scores and
MetaRegulon expression, highlighting Macro_C1QC_SLM-enriched MetaModules associated with good survival. f Schematic of drug-sensitivity analysis
for MetaModules and MetaRegulons; a negative correlation between drug AUC and MetaModule score indicates greater drug sensitivity. g Heatmap of

drug-response profiles for MetaModules and MetaRegulons

Metabolic modules are associated with survival and
therapy response

We next explored the potential clinical impact of differ-
ent MetaModules and MetaRegulons identified through
pan-cancer single-cell analyses. We stratified 9,550
patients across 32 cancer types from TCGA datasets
using the average scores of MetaModules and MetaRegu-
lons (Fig. 7a). Among all MetaModules, collagen metabo-
lism that enriched in eFibro CTHRC1_GLYCAN, such
as chondroitin/heparan sulfate biosynthesis and glycan
metabolism, along with arginine and proline metabolism,
have been linked to poor survival outcomes in at least
five cancer types (Fig. 7b). For example, MetaModule
HMR_7493 facilitates the transfer of UDP-glucuronate
to chondroitin sulfate E, while HMR_ 4776 catalyzes the
conversion of proline to trans-4-hydroxy-L-proline; both
are associated with worse survival outcomes. In contrast,
MetaModules enriched in Macro_C1QC_SLM, includ-
ing those involved in fatty acid oxidation and unsaturated
fatty acid pathways such as omega-3 and arachidonic
acid metabolism, were linked to better survival out-
comes (Fig. 7b). We further investigated whether these
MetaModules might regulate immune functions [79]. As
expected, MetaModules associated with poor survival
showed a positive correlation with immune suppressive
scores, while those linked to better survival demonstrated
a negative correlation (Additional file 3: Fig. S12a, b).

We also evaluated whether MetaModules could serve
as responsive biomarkers to predict immune checkpoint
blockade (ICB) therapy responses. We compared the pre-
dictive power of MetaModules with previously published
ICB response biomarkers across various ICB cohorts,
including the melanoma PD1 treatment cohort [48, 81,
138-140] (Methods; Additional file 7: Table S6 and Addi-
tional file 8: Table S7). Notably, several MetaModules
demonstrated higher predictive power for ICB responses
than other biomarkers (Fig. 7c). For instance, fatty acid
oxidation and sphingolipid metabolism showed elevated
score in responsive patients, while fatty acid synthesis
and chondroitin sulfate metabolism were more enriched
in non-responsive patients. Interestingly, these metabolic
classes are separately enriched in eFibro_ CTHRC1_GLY-
CAN and Macro_C1QC_SLM subtypes (Fig. 7c and
Additional file 3: Fig. S12¢c, d). These results emphasize
the critical roles of collagen metabolism and sphingolipid

metabolism in tumor progression and immune therapy
response. Furthermore, the findings highlight the signifi-
cance of lipid metabolic reprogramming, especially the
dynamic equilibrium between fatty acid oxidation and
biosynthesis, in impacting both tumor progression and
immune therapy outcomes.

Targeting metabolic modules and regulators for effective
cancer treatment

To determine whether the combination of MetaModules
and MetaRegulons can enhance predictions of overall
survival outcomes, we stratified patients into four groups
based on their MetaModule scores and corresponding
upstream MetaRegulons (Fig. 7a). Patients with higher
scores for both MetaModules and MetaRegulons were
associated with the poorest survival, particularly for
MetaModules enriched in eFibro CTHRCI1_GLYCAN
(Fig. 7d and Additional file 3: Fig. S12e). For instance, the
group with elevated scores for ZNF281 and HMR_7493,
which involved in collagen metabolism, exhibited the
worst survival prognosis. Similarly, the group with ele-
vated scores for BCAT1 and HMR 4077, catalyzing
the conversion of spermidine to spermine, also showed
a comparable pattern. Conversely, for MetaModules
enriched in Macro_C1QC_SLM, such as FAOXC140
and HMR_3875, patients with higher scores for these
MetaModules and their regulators ZEB2 and KLF7 had
the best survival compared to the other patients (Fig. 7e
and Additional file 3: Fig. S12f). These findings under-
score the importance of considering both MetaModule
scores and their MetaRegulons when investigating clini-
cally significant metabolic pathways.

Next, we explored the potential of targeting MetaMod-
ules and MetaRegulons enriched in eFibro_ CTHRCI1_
GLYCAN and Macro_CI1QC_SLM within the CCLE
dataset. This dataset encompasses approximately 1,500
drug tests across 578 cell lines [141] (Fig. 7f and Addi-
tional file 9: Table S8). Drug sensitivity in the CCLE is
expressed as AUC values; where lower AUC values indi-
cate increased sensitivity to treatment. Thus, a negative
correlation between MetaModules scores and drug AUC
values implies that cell lines with higher MetaMod-
ule score are more sensitive to the drug. As anticipated,
the drug sensitivity of MetaModules mirrored that of
their upstream MetaRegulons (Fig. 7g). For example,
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the HIF1A-regulated MetaModule HMR_6983, which
catalyzes the conversion of L-lysine to procollagen-5-hy-
droxy-L-lysine and is involved in collagen metabolism,
was negatively correlated with BAY-87-2243, a drug
known to inhibit HIF1A protein accumulation in cancer
[142]. Similarly, NR3C1-regulated MetaModules, such
as HMR_8559, which converts prostaglandin D2 to pros-
taglandin H2 and is involved in fatty acid metabolism,
exhibited negative correlations with prednisolone-hemis-
uccinate targeting NR3C1 [141].

Interestingly, many non-cancer drugs such as aspirin
(targeting NFKB2/1) and ciclesonide (targeting NR3C1),
show significantly higher inhibiting effects on eFibro_
CTHRC1_GLYCAN enriched MetaModules, without
affecting the MetaModules in Macro_C1QC_SLM, indi-
cating these non-cancer drugs could be repurposed for
cancer therapy [141] (Fig. 7g). Overall, our results suggest
that MetaModule and MetaRegulon scores significantly
impact patient survival, therapy response, and drug toler-
ance. Consequently, metabolic-based signatures derived
from MetaModule and MetaRegulon deregulation could
pave the way for improved personalized therapeutic
strategies.

Discussion

Metabolic reprogramming alters cellular functions, influ-
encing tumor initiation, progression, and therapy resis-
tance. While several methods exist to infer metabolic
states from transcription data, most rely heavily on con-
straint-based computational approaches, which are often
computationally intensive and time-consuming, making
them less suitable for single-cell data. In contrast, the
statistical method ssGSEA provides a simple and robust
option for quantifying metabolic states at the single-cell
level. MetroSCREEN enhances computational resolution
by analyzing metabolic states at the reaction level, offer-
ing comprehensive insights into single-cell metabolic
alterations. When benchmarked against paired transcrip-
tomic and metabolite abundance data from the CCLE,
MetroSCREEN outperformed the FBA-based method
METAFlux, the machine learning-based method scFEA
and statistical baselines (mean expression and AUCell) in
predicting metabolite abundance at both the sample and
metabolite levels.

MetroSCREEN innovatively identifies comprehensive
regulators of metabolic modules, incorporating both cell-
intrinsic transcriptional regulation and signal transduc-
tion, as well as the extrinsic cellular environment. Despite
the limited availability of ground truth datasets, Metro-
SCREEN demonstrates high consistency with metabolic
regulators identified from genome-wide CRISPR interfer-
ence and knockout screen datasets.

Overall, MetroSCREEN proves to be a versatile and
user-friendly R-based package for predicting metabolic
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scores and identifying metabolic regulators using scRNA-
seq or bulk RNA-seq data. However, MetroSCREEN has
potential limitations, particularly in determining the
direction of reversible metabolic reactions. In our future
research, we plan to adapt causal deep neural networks
[143-145] to elucidate the directionality of these reac-
tions, thereby enhancing MetroSCREEN's ability to iden-
tify causal metabolic regulators.

Our analyses with MetroTIME revealed that distinct
cell subtypes exhibit varying metabolic heterogeneities,
showing a notable concordance between cellular func-
tions and metabolic subtypes. This suggests that the
metabolic subtype of cells is rigorously regulated by both
intrinsic and extrinsic factors, maintaining their dif-
ferentiated subtypes and specific functions. Changes in
metabolic pathways may drive or result from a cell’s tran-
sition between subtypes. Notably, different cell lineages
with similar functions, such as ECM-associated eFibro_
CTHRC1 and Macro_SLPI, exhibited similar metabolic
patterns, with upregulated glycolysis and chondroitin
sulfate biosynthesis. This indicates that the connection
between metabolic status and cellular function tran-
scends cell identities and could be targeted collectively.
Patients stratified by MetaRegulons and MetaModules
demonstrated distinct survival outcomes and therapy
responses, highlighting new opportunities for personal-
ized treatment strategies.

Conclusions

In this work, we introduce MetroSCREEN, a reference-
guided computational framework that infers reaction-
level metabolic states and nominates candidate upstream
regulators from bulk and single-cell transcriptomic data,
capturing both intrinsic gene-regulatory and extrinsic
cell—cell interaction drivers of metabolic change. Build-
ing on an efficient methodology and a large pan-cancer
scRNA-seq compendium, we also developed MetroTIME
to delineate metabolic subtypes and their corresponding
regulons in fibroblasts and myeloid cells across cancers.
Our analyses show that these metabolic subtypes are
tightly coupled to cellular functions, and that fine-grained
metabolic modules can be leveraged in large cohorts to
predict patient survival and therapeutic response. The
MetroTIME framework further highlights putative ther-
apeutic targets that could be directly inhibited or com-
bined with future immune-modulating strategies.

All software and resources are available at http://wan
glab-compbio.cn/MetroTIME/, where users can search,
visualize, and analyze the MetaModules and correspond-
ing MetaRegulons reported here. We anticipate that
MetroSCREEN and MetroTIME will accelerate the devel-
opment of metabolism-guided therapies to improve can-
cer treatment.


http://wanglab-compbio.cn/MetroTIME/
http://wanglab-compbio.cn/MetroTIME/
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