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ABSTRACT
◥

Patients with colorectal liver metastasis (CLM) present with
heterogenous clinical outcomes and improved classification is
needed to ameliorate the therapeutic output. Macrophages (Mf)
hold promise as prognostic classifiers and therapeutic targets. Here,
stemming from a single-cell analysis of mononuclear phagocytes
infiltrating human CLM, we identified two Mf markers associated
with distinct populations with opposite clinical relevance. The
invasive margin of CLM was enriched in pro-inflammatory mono-
cyte-derived Mf (MoMf) expressing the monocytic marker SER-
PINB2, and a more differentiated population, tumor-associated Mf
(TAM), expressing glycoprotein nonmetastatic melanoma protein
B (GPNMB). SERPINB2þMoMf had an early inflammatory profile,
whereas GPNMBþ TAMs were enriched in pathways of matrix
degradation, angiogenesis, and lipid metabolism and were found
closer to the tumor margin, as confirmed by spatial transcriptomics

on CLM specimens. In a cohort of patients, a high infiltration of
SERPINB2þ cells independently associated with longer disease-free
survival (DFS; P¼ 0.033), whereas a high density of GPNMBþ cells
correlated with shorter DFS (P ¼ 0.012) and overall survival (P ¼
0.002). Cell–cell interaction analysis defined opposing roles for
MoMf and TAMs, suggesting that SERPINB2þ and GPNMBþ

cells are discrete populations of Mf and may be exploited for
further translation to an immune-based stratification tool. This
study provides evidence of how multi-omics approaches can iden-
tify nonredundant, clinically relevant markers for further transla-
tion to immune-based patient stratification tools and therapeutic
targets. GPNMB has been shown to set Mf in an immunosuppres-
sive mode. Our high dimensional analyses provide further evidence
that GPNMB is a negative prognostic indicator and a potential
player in the protumor function of Mf populations.

Introduction
Macrophages (Mf) are key elements of the tumor microenviron-

ment (TME) and they are themost abundantmononuclear phagocytes
(MP) in human cancers (1–5). The high density ofMf in tumor tissues,
coupled to a predominant protumor role, have fostered studies aimed
at evaluating Mf-related variables as indicators of disease, to com-
plement the current staging system in cancer and achieve a more
refined patient stratification (5, 6), as well as translating preclinical
knowledge into actionable Mf-based therapeutic targets (2, 3, 7).
Several Mf-intrinsic properties have so far prevented an unequivocal

definition of the role ofMf across cancers, and a clear association with
tumor clinical progression has not been consistently shown. Plasticity,
whereby Mf adapt to microenvironmental cues (8–10), accounts for
a remarkable diversity of Mf in tumor tissues and hampers the
identification of definite Mf populations and reliable Mf markers.
Inmost tissues, including liver, brain, lung, and omentum, amixture of
resident and recruited Mf exists and their relative contribution to the
pathogenesis and progression of cancer is difficult to grasp (11–14).
Mf spatial localization and their interplay with stromal and architec-
tural components in tissues can control the functional profile of these
phagocytes. Over the years, in fact, the peculiar characteristics of
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vascular (15), perineural (16), stromal (17), and perinecrotic (18) Mf
and their association with prognosis have been reported.

Recent multidimensional studies have shed light on the variety
of MP cells in human cancer tissues (12, 13, 19–21), including
colorectal liver metastases (CLM; ref. 22), and have contributed to
the identification of several myeloid subsets populating a complex
landscape. Despite the amount of information generated by multi-
omics approaches, translating this knowledge into clinically relevant
immune-based tools still represents an important challenge (23).
Moreover, Mf represent only a portion of the various immune cell
types infiltrating the TME, and their protumoral or antitumoral
action greatly depends on the interaction with other leukocytes in
organizing a response.

Many of the above considerations apply to the liver andCLM,where
the dichotomy between tissue-resident and inflammatory Mf has
previously been shown (24, 25). Despite substantial efforts, identifying
robust prognostic classifiers for CLM remains a current clinical
challenge. In a recent publication (6), we introduced the morphology
of Mf as a proxy of their function and metabolic orientation with
prognostic significance. Mf infiltrating human CLM tissues were
characterized by different morphologic features and transcriptional
signatures, and in particular large Mf correlated with worse clinical
outcome (6). Here, we further investigated and reduced the complexity
of Mf populations in human CLM to identify unique and robust
markers. By exploiting multiparametric digital pathology and single-
cell analysis of MP infiltrating CLM tissues, we performed a deep
analysis of spatial localization, transcriptional profiles and trajectories
of Mf and identified two nonredundant population-specific markers,
glycoprotein nonmetastatic melanoma protein B (GPNMB) and SER-
PINB2, which we validated as prognostic indicators in a cohort of
patients with CLM.

Materials and Methods
Patients and study design

Single-cell RNA sequencing (scRNA-seq) was performed on 3
patients aged older than 18 with histologically proven CLM that
underwent hepatectomy at IRCCS Humanitas Research Hospital.
Matched specimens from the invasive margin (IM) and normal
adjacent (NA) areas of 3 patients with CLM were collected during
surgery and kept at 4�C until further processing for scRNA-seq.
Patients were selected irrespective of KRAS status and therapeutic
regimen. Written informed consent was obtained from each patient
included in the study. The study protocol was in accordance with the
ethical guidelines established in the 1975 Declaration of Helsinki and
compliant to the procedures of the ethical committee of IRCCS
Humanitas Research Hospital (protocol numbers 168/18 and 1683).

The retrospective cohort study included 48 patients aged older than
18 with histologically proven CLM that underwent hepatectomy at
IRCCS Humanitas Research Hospital. Formalin-fixed, paraffin-
embedded (FFPE) blocks of CLM surgical specimens (n ¼ 48) were
retrieved from the Pathology archive. Written informed consent was
obtained from each patient included in the study. The study protocol
was in accordance with the ethical guidelines established in the 1975
Declaration of Helsinki and compliant to the procedures of the ethical
committee of IRCCS Humanitas Research Hospital (protocol number
168/18 and 1683). Patients’ demographics, clinical, surgical and
histopathologic data (detailed in Supplementary Table S1) from the
institutional intranet were assembled in a clinical retrospective data-
base for analyses. Following the clinical practice, only patients with
partial response to preoperative therapy (for details see Supplementary

Table S1) or stable disease were included in the study. Patients with the
following criteria were excluded from the study: progressive disease;
combination of hepatectomy with radiofrequency or microwave abla-
tion; nonradical hepatectomy. The preoperative workup consisted of
total-body contrast-enhanced CT and liver-specific MRI, performed
maximum 30 days prior to surgery. Patient postoperative follow-up
was performed every 3 months and included an office visit, serum
oncological markers, abdominal ultrasonography, and CT or MRI.

Isolation of liver MP and CD45þ cells
Surgically resected matched specimens from the IM and NA areas

of 3 patients with CLM (Supplementary Fig. S1A) were chopped
into small fragments, subjected to GentleMACS (Miltenyi, catalog
no. 130-096-427) dissociation in HBSS þ/þ (Euroclone, catalog
no. ECB4006L) containing 2 mg/mL of Collagenase D solution
(Sigma-Aldrich, catalog no. 11088882001), 2% FBS (Sigma-Aldrich,
catalog no. F7524), 50 mg/mL DNAse I (Sigma-Aldrich, catalog no.
10104159001), and 10 mmol/L HEPES (Lonza, catalog no. BE17–
737E), and subsequently incubated for 35 minutes at 37�C in the same
solution. The resulting single-cell suspension was filtered through a
100-mm cell strainer and erythrocytes were lysed with ACK (Lonza,
catalog no. BP10–548E).

Flow cytometry staining and cell sorting
Single-cell suspensions were then preincubated with a blocking

solution containing 1% human serum (Sigma-Aldrich, catalog no.
H3667) in saline solution and stained with fluorophore-conjugated
primary antibodies at room temperature in the dark for 15 minutes:
anti-CD45 (BD Biosciences, clone HI30, RRID:AB_1645452), anti-
CD66b (BD Biosciences, clone G10F5, RRID:AB_396067), and anti-
CD163 (BD Biosciences, clone GHI/61, RRID:AB_2737697). Cell
viability was assessed using Zombie Aqua Fixable Viability Kit (Bio-
Legend, catalog no. 423101). MP and CD45þ cells were sorted on a
FACSAria III (BD Biosciences) as shown in Supplementary Fig. S1B.

scRNA-seq
MP and CD45þ cells sorted from nonadjacent and IM region of 3

CLM specimens (Supplementary Fig. S1A) were subjected to scRNA-
seq analysis. Single-cell suspensions were prepared by tissue mincing
and enzyme digestion. FACS-sorted cells were resuspended in 0.5 mL
PBS 1X plus 0.04% BSA and washed once by centrifugation at 450 rcf
for 7 minutes. Cells were then resuspended in 50 mL and counted with
an automatic cell counter (Countess II, Thermo Fisher). Approxi-
mately 10,000 cells for each sample were loaded into the Chromium
Chip B using the Single Cell Reagent Kit v3 (10XGenomics, catalog no.
1000128) for Gel bead Emulsion generation into the Chromium
system. Following capture and lysis, cDNA was synthesized and
amplified for 14 cycles following the manufacturer’s protocol. 50 ng
of the amplified cDNA were then used for each sample to construct
barcoded sequencing libraries using the Chromium Single Cell 30

Reagent Kit v3 (10X Genomics, catalog no. 1000128) following the
manufacturer’s instructions. Sequencing was performed on the Next-
Seq550 Illumina sequencing platform following manufacturer’s
instruction for read generation, reaching at least 35,000 reads as mean
reads per cell.

Spatial transcriptomics
Four-mm FFPE tissue sections were stained with hematoxylin

and eosin (H&E) and the appropriate tissue regions (inclusive of
tumor and IM) were selected for further processing. Briefly, after
deparaffinization and rehydration, sections were stained with
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hematoxylin (Histo-Line, catalog no. 01HEMH1000) for 15 minutes,
followed by eosin (Histo-Line, catalog no. 01EOY101000) for 7
minutes. RNA quality of the FFPE tissue blocks was determined before
performing spatial transcriptomics assay using Visium Spatial for
FFPE Gene Expression Kit (10X Genomics, catalog no. 1000336)
according to the manufacturer’s instructions (10X Genomics, Tissue
Preparation Guide, CG000408). RNA was extracted using RNeasy
FFPE Kit (Qiagen, catalog no. 73504) and DV200 evaluation was
performed on TapeStation (Agilent) using High Sensitivity RNA
ScreenTape Kit (Agilent, catalog no. 5067–5579). Only FFPE tumor
blocks with a value of DV200 > 50 were considered for the spatial
transcriptomics assay.

FFPE tumor samples were prepared according to manufacturer in-
structions (10X Genomics, Tissue preparation guide, CG000408). H&E
image preparation was performed according to protocol (10X
Genomics, Deparaffinization, H&E staining, Imaging and decrosslink-
ing, CG000408). Brightfield histologic images were acquired using the
Axio Scan.Z1 (ZEISS). Libraries were prepared using Visium Spatial
for FFPE Gene Expression Kit (10X Genomics, catalog no. 1000336)
following the manufacturer’s protocol (10X Genomics, Visium
User Guide, CG000407) and sequenced on a NextSeq2000 (Illu-
mina) at a minimum sequencing depth of 50,000 read pairs per
spatial spot. Sequencing was performed with the recommended
protocol (read 1: 28 cycles; i7 index read: 10 cycles; i5 index read: 10
cycles; and read 2: 50 cycles), yielding between 200 million and 230
million sequenced reads.

scRNA-seq analysis
Raw sequencing data in the format of BCL files were converted in

fastq files and aligned to the human reference genomeGRCh38, taking
advantage of the Cell Ranger Pipeline version 3.0.1 provided by 10X
Genomics. After quality check, we obtained a total of 12,181 and
12,568 cells from MP distal and peritumor tissue, and a total of 8,459
and 5,622 from for CD45þ cells, respectively. Filtered gene expression
matrices fromCell Ranger were used as input for clustering analysis by
Seurat R package (version 3.1.1; R version 3.6.1) (26). We first
processed each individual data set separately, considering the thresh-
olds of 200, 20,000 and 0.2 for number of genes, number of unique
molecular identifiers (UMI) and mitochondrial content respectively.
For each data set, we selected the 2,000 most variable genes. Subse-
quently, we used the ‘FindIntegrationAnchors’ function to combine
the datasets together, choosing 2,000 anchor genes for integration.
After integration, we ran principal component analysis (PCA)
and used the first 67 principal components (PC) for MP and the first
51 PCs for CD45þ cells to perform Louvain clustering and Uniform
Manifold Approximation and Projection (UMAP) embedding.
Finally, we obtained a total of 18 clusters in MP (Supplementary
Table S2) and S20 clusters for CD45þ cells (resolution level ¼ 0.6).
Markers gene analysis was performed using the ‘FindAllMarkers’
function (setting default parameters). Full list of markers per cluster
are provided in Supplementary Table S2. Functional analysis was
performed using the gene set variation analysis (GSVA) R pack-
age (27). Enriched processes were selected from the Human Reac-
tome annotation (Human_Reactome_August_01_2020_symbol.
gmt). Enrichment of selected gene signatures was generated using
the ‘AddModuleScore’ function of Seurat package. Complete GSVA
results are provided in Supplementary Table S3. Pathway enrich-
ment analysis of tumor-associated Mf (TAM; c_9) marker genes
was performed using PANTHER 13.1 (pantherdb.org). Full list of
significantly (P < 0.05) enriched pathways is provided in Supple-
mentary Table S3.

Integration analysis of public single-cell gene expression
datasets

To compare the transcriptional profile of our TAMpopulation with
other describedMf populations, we performed an integration analysis.

Comparison of TAM versus scar-associated Mf (SAMf) (28). Cells
belonging to MP and cDCs clusters (as indicated by their lineage
profile) were selected in a total of 10 samples (5 cirrhotic samples and 5
healthy controls). Raw counts were used as input for the integration
analysis. We first processed each individual data set separately, con-
sidering the thresholds of 200, 20,000 and 0.2 for number of genes,
number of UMI andmitochondrial content respectively. For each data
set, we selected the 2,000 most variable genes. After filtering, we
retrieved a total of 10,080 cells. Feature genes were selected as
those genes shared by the two datasets. Subsequently, we used the
FindIntegrationAnchors function to combine the two datasets
together, choosing 2,000 anchor genes for integration and obtaining
a total of 34,829 cells. We ran PCA and used the first 65 PCs to
perform Louvain clustering and UMAP embedding. Clustering was
generated choosing a resolution level of 0.5. Comparison analysis of
TAM versus SAMf was generated selecting cells by their tag ID, as
annotated in the two datasets. Cluster-specific genes were selected
as differentially expressed genes according to adjusted P value <
0.05 and log2fold change > |0.25|.

Comparison of TAM versus lipid-associated Mf (LAM; ref. 29).
Cell gene count matrix of myeloid cells in a total of 11 liver samples
was downloaded and used as input for the integration analysis. We
first processed each individual data set separately, considering the
thresholds of 200, 20,000 and 0.2 for number of genes, number of
UMI and mitochondrial content respectively. For each data set, we
selected the 2,000 most variable genes. After filtering, we retrieved a
total of 22,526 cells. Features genes were selected as those genes
shared by the two datasets. Subsequently, we used the FindInte-
grationAnchors function to combine the two datasets together,
choosing 2,000 anchor genes for integration and obtaining a total
of 42,275 cells. We ran PCA and used the first 72 PCs to perform
Louvain clustering and UMAP embedding. Clustering was gener-
ated choosing a resolution level of 0.5. Comparison analysis of TAM
versus LAM populations was generated selecting cells by their tag
ID, as annotated in the two datasets. Cluster-specific genes were
selected as differentially expressed genes according to adjusted P
value < 0.05 and log2fold change > |0.25|.

Reclustering of MP
Myeloid populations (clusters 0,3,8,9) from CD45þ clustering

were selected for myeloid reclustering. Deriving cells were reclus-
tered using a resolution level of 0.8, producing a total of 12
clusters. For interaction analysis clusters 1,2,4,5,11 were selected.
Identities of reclustered cells were reassigned to the total CD45þ

dataset.

Single-cell trajectory reconstruction
Single-cell pseudotime trajectory was generated using Monocle

version 2.8 (Seurat version 2.5.1; ref. 30). Expression data coming
from Seurat (RNA slot) were uploaded in Monocle with their cluster
annotation. Marker genes for each cluster were chosen to define cell
progression and the ‘DDRTree’ method (max components ¼ 2) to
reduce data dimensionality. After trajectory generation, the root state
parameter was set to State 8 to define the starting point. The ‘differ-
entialGeneTest’ function was used to estimate differentially expressed
genes during psuedotime. Resulting genes (q value < 0.0001 and ‘use
for ordering’ ¼ TRUE) were represented in the heat map. To better
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characterize genes that define cell fate decisions, the branched expres-
sion analysis modeling (BEAM) was applied on branch number 3. Full
list of differentially expressed genes is provided in Supplementary
Table S3.

NicheNet interaction analysis
We applied NicheNet method (NicheNet version 1.0.0, Seurat

version 3.6; ref. 31) to predict ligand–receptors interactions existing
between Mf populations (senders) and CD45þ populations
(receivers).

Seurat normalized data was imputed of missed counts with ALRA
function (32), with a predicted rank-k approximation of 35. We
restricted the analysis to the following gene sets: only ligands and
receptors expressed in at least 30% of sender and receivers’ cells
clusters were considered; cluster gene markers of each receiver cell
population (adjusted P value _0.05 and avglogFC _0.5) were set as
target genes set and background genes were chosen as expressed in all
cell populations with a cluster frequency above 50%. Ligand activity
scores was the calculated, only ligands with a positive Pearson cor-
relation coefficient were considered.

Heat maps of ligand activity show positive ligands ordered accord-
ing to their z-scores. For those ligands, expression is represented along
senders.

For circular visualization of the ligand–receptors interaction pairs,
the circlize R (version 0.4.12; ref. 33) package was used. We selected
common ligands and assigned them to each sender according to their
expression (mean þ SD). For each receptor, the width of the sector is
proportional to the ligand–receptor interaction weights. Ligand-to-
target signaling path for IL15 was generated using the ‘get_ligand_-
signaling_path’ function.

CellPhoneDB interaction analysis
To analyze cellular interactions between MP in the CD45þ dataset

and other CD45þ cell populations, CellPhoneDB (version 2.0.0;
ref. 34), was used with statistical_analysis method. Normalized gene
expression matrices together with their cluster annotations were used
as input (‘data’ slot from Seurat after ALRA imputation step).

The enriched ligand–receptor interactions between two cell subsets
were calculated on the basis of permutation test. We selected as
significant ligand–receptors pairs those interactions annotated as
manually curated and with P value < 0.05. Full list of significant
cell–cell interactions is provided in Supplementary Table S4.

Gene signature enrichment analysis
Enrichment analysis of gene signatures related tomurine embryonic

healthy Kupffer cells [(KC (KC_H)], nonalcoholic steatohepatitis
(NASH)-associated KC (KC_N), and monocyte-derived Mf (MoMf)
repopulating the KC niche in NASH (KN_RM) was performed using
the Seurat function ‘AddModuleScore’. Gene signatures, as defined by
the authors, were used as input to compute amodule score for each cell.
Module scores along clusters were represented by violin plots.

Gene regulatory network analysis
The analysis of regulon activity was performed with SCENIC R

package (version 1.1.2; ref. 35) starting from normalized and imputed
(ALRA assay) gene expressionmatrices. The geneswith at least 3UMIs
in at least 10% of the cells and detected in at least in 10% of samples
were selected as the input genes. The expressionmatrix was loaded into
GENIE3 (36) and the coexpressed genes to each transcription factor
(TF) was constructed. The TF coexpression modules were then
analyzed by RcisTarget R package (version 1.12.0). The normalized
enrichment score (NES) of the TF binding motifs was calculated and
NES > 3was considered as significantly enriched. The filtered potential
targets by RcisTarget human database (hg19–500bp-upstream- 7spe-
cies.mc9nr.feather; hg19-tss-centered-10kb-7species.mc9nr.feather)
from the coexpression module were used to build the regulons. The
regulon activity was then analyzed by AUCell R package (version
1.14.0; ref. 35) and the active regulons were determined by AUCell
default threshold. Full list of differentially modulated gene regulatory
networks is provided in Supplementary Table S4.

Spatial transcriptomics analysis
Visium spatial gene expression data of FFPE tissue samples from

patients withCLM in the format of BCL files were converted into fastqs
using Illumina BCL Convert software (version 3.8.2). Raw data from
Visium slides were processed and aligned to the human reference
genome GRCh38 with Space Ranger (10X Genomics) version 1.3.1
using the human probe set v1 (Visium_Human_Transcriptome_Pro-
be_Set_v1.0_GRCh38–2020-A.csv). The generated filtered feature
matrices were analyzed individually using Scanpy package version
1.9.1 (python version 3.9.12; ref. 37). Spotswith less than 200 expressed
genes and 800 UMIs and genes detected in less than 3 spots were
filtered out. Mitochondrial and ribosomal genes were not included in
the Visium probe set. After quality filters, we obtained a total of 6,907
spots and a mean number of 2,845 genes detected per spot. Count data
were normalized (size factor of 10,000) and log-transformed for
downstream analyses using normalize_total and log1p functions.

Tumor–stroma interface was manually annotated by a pathologist.
Using Loupe Browser, we then divided the normal and tumor regions
into continuous zones parallel to the shape of the interface line at
intervals of five spots.

Features’ expression projection onto spatial coordinates was
obtained with scanpy spatial plotting function and used to evaluate
the consistency of the expression patterns of known adjacent liver
(APOC3), stromal (COL1A2), and tumor (EPCAM) marker genes in
spatial transcriptomics data with the H&E images.

Signatures from TAM (PLA2G7, SPP1, ACP5, TREM2, GPNMB,
LPL, RGCC, FABP5, FABP4, MMP19, MGLL) and MoMf (S100A8,
S100A9, S100A12, SERPINB2, SELL, MCEMP1, IL1R2, RETN,
MNDA, FCN1) populations were scored in each spot as the average
of log-normalized expression of the genes within each list.

Because SERPINB2 genewas detected in a lownumber of spots (�13
on average) in the spatial expression data, Pearson correlation

Figure 1.
Identification of GPNMBþ TAMs in the IM of human CLM. scRNA-seq was performed on MP isolated as CD163þCD66b– cells from the NA and IM portions of 3 human
CLM tissues.A, UMAP plot from integrated NA and IM analysis of 24,749 cells, color-coded by cluster assignment. B, Prevalence of each cluster in tissue (NA and IM)
calculated by RO/E score. C,Dot plot showing scaled enrichment score of TAM gene signature across MP clusters in CLM. Circle size represents the proportion of cells
expressing the TAM gene signature; color represents average signature expression in each cluster. D, Pathway enrichment analysis of TAM marker genes showing
selectedGeneOntology annotations. Fisher exact test.E,UMAP representing gene expression of selected TAMmarker genes acrossMP clusters. Clusters are colored
according to normalized gene expression values.F,Volcanoplot showingdifferentially expressed genes betweenTAMsvs. SAMfs (ref. 28; top) andTAMsversus LAM
(ref. 29; bottom). Exemplar genes are labelled. Purple genes represent up regulated genes and blue and yellow genes represent down regulated genes [log2(fold
change) > |0.25| and adjusted P value < 0.05]. G,mf-IHC image of CLM section stained for CD68 (green) and GPNMB (magenta). Dashed line shows tumor margin.
Picture is representative of n ¼ 48 slides stained. Scale bar: 300 mm. H, mf-IHC image of CLM section stained for CD68 (green) and GPNMB (magenta). Picture is
representative of n ¼ 48 slides stained. Scale bar: 30 mm.
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coefficients with SERPINB2 expression were computed for all genes
from the scRNA-seq MP dataset to identify the top coexpressing gene
(S100A12, r ¼ 0.55).

Heat map and Line plot showing the average signature expression
levels along the defined contiguous zones from adjacent liver to tumor
regions were generated using seaborn package version 0.11.2 and
matplotlib version 3.5.1 (38, 39). One-sided Mann–Whitney U rank
test was computed using mannwhitneyu function from scipy.stats
package version 1.8.0 (40) to compare MoMf and TAM score dis-
tributions between adjacent normal and tumor regions of each patient.

Analysis of zone similarity
Similarities of continuous spatial zones across patients were

assessed by performing PCA and hierarchical clustering. Starting
from the intersection of the features detected from the 2 patients,
gene expression profile of each tissue zone was measured as the
mean log-normalized expression of the relative spots. Python scikit-
learn package version 1.0.2 (41) was used to run PCA on scaled and
centered region’s expression data. The result of this unsupervised
dimensionality reduction was visualized as scatter plot of the first two
PCs to evaluate the distribution pattern of the manually defined
adjacent liver and tumor regions. Hierarchical clustering of the spatial
tissue zones on the first five PCs was performed using the Ward’s
method inside the clustermap function of python seaborn package.

Multiplex fluorescent IHC
Two-mm thick consecutive tissue sections were prepared from

FFPE tissues, provided by the Pathology Department of IRCCS
Humanitas ResearchHospital, and processed formultiplex fluorescent
IHC (mf-IHC). Prior to mf-IHC, all primary antibodies were first
tested as monoplex staining according to the recommendations given
by the manufacturers. mf-IHC was performed using Opal 7-Color
Manual IHC Kit (Akoya Biosciences, catalog no. NEL811001KT)
following the manufacturer’s protocol. Briefly, after deparaffinization
and rehydration, antigen retrieval was performed by heat treatment
using AR9 buffer (Akoya Biosciences) in water bath at 98�C for
20 minutes. After cooling, nonspecific binding was blocked using
Antibody Diluent/Block (Akoya Biosciences) for 10 minutes, followed
by incubation with primary antibodies for 1 hour. Slides were then
incubated with Opal polymer HRP (Akoya Biosciences) for 10 min-
utes, followed by incubation with Opal fluorophores (Akoya Bio-
sciences) for 10 minutes. Antibody stripping was then performed by
heat treatment in water bath at 98�C for 15 minutes. Protocol was
repeated starting from nonspecific blocking step for each subsequent
antibody. Slides were then counterstained with Spectral DAPI (Akoya
Biosciences, catalog no. FP1490) for 5 minutes and mounted using
mounting medium (Abcam, catalog no. ab104135). Except when
specified, all steps were performed in the dark at room temperature.
The following antibodies were used: anti-CD68 (Agilent, clone KP1,

catalog no. M081401–2), anti-GPNMB (Abcam, clone EPR22011–11,
catalog no. ab222109), anti-SERPINB2 (Thermo Fisher Scientific,
clone OTI1G3, RRID:AB_2725325), anti-LAMP3 (Sigma-Aldrich,
polyclonal, catalog no. HPA051467), anti-IL15 (Abcam, clone 3A3,
catalog no. ab55276), anti-LYVE1 (Abcam, clone EPR21857, catalog
no. ab219556), anti-CD8a (Thermo Fisher Scientific, clone C8/144B,
RRID:AB_11000353), anti-IL10 (Thermo Fisher Scientific, clone
JES3–9D7, catalog no. 604–950).

Scanning and image analysis
Whole slides were scanned using the Axio Scan.Z1 (ZEISS) at 20x

magnification. Image analysis was performed using QuPath (version
0.2.3; ref. 42). Briefly, the tumor core (TC)wasmanually annotated and
expanded by 1 mm to define the IM area. Within the IM, individual
cells were identified on the basis of DAPI-stained nucleus size and
signal intensity. Thresholds for the analyzed fluorescence-labelled
markers were set on the basis of the staining intensity of the entire
cell. Cell positivity for each marker (CD68, GPNMB, SERPINB2,
LAMP3) was assessed independently. On the basis of cell markers,
we identified three different phenotypes: CD68þGPNMBþ Mf
(referred to as GPNMBþTAMs in themain text), SERPINB2þMoMf,
and LAMP3þ dendritic cells (DC). All phenotypes in the IM were
automatically counted for each patient and normalized on the area
of the IM to obtain the density (number of positive cells/mm2) for
each phenotype, used for subsequent analyses. To assess the number
of CD68þGPNMBþ cells and SERPINB2þ cells in the adjacent
region (AD) and in the TC, three to five noncontiguous regions
of interest (ROI) of 1 mm2 each were analyzed using the same
approach described above. The mean value from the different
ROIs was calculated. SERPINB2þ and CD68þGPNMBþ median
density values were used to stratify patients in survival analyses. The
variables were combined to calculate a ratio (SERPINB2þ cells/
GPNMBþ cells) or a score (SERPINB2>median/GPNMB<median
and SERPINB2<median/GPNMB>median). Spatial assessment of
SERPINB2þ and CD68þGPNMBþ cells was performed using
Qupath (version 0.2.3). For each phenotype, the distance between
each individual cell in the IM and the TC was calculated and
averaged to obtain the mean distance for each patient.

Spatial assessment of LAMP3þ and CD68þ cells was performed
using MATLAB (version R2020a; MathWorks, RRID:SCR_001622).
For each patient, high cell density (HD) regions were identified as the
portions of the IMwhere the coarse-grained nuclear number density n
was above the threshold value of 1 nucleus per 100 mm2. Coarse-
grained number density maps were obtained from the spatial distri-
bution of the centroids of the nuclei by applying a two-dimensional
Gaussian filter of width s ¼ 40 mm. For each considered marker
(CD68, LAMP3), we calculated the mean value iHD of the intensity in
the corresponding fluorescence channel within the HD region and its
mean value iIM within the whole IM. The Dr index, corresponding to

Figure 2.
In-depth characterization of inflammatory MoMf subsets and TAMs in CLM. Functional characterization of selected scRNA-seq MP clusters. A, Heat map of
differentially expressed genes in MoMf(1–5) clusters, color-coded by cluster. Exemplar genes are labelled. Rows represent marker genes. Columns represent
individual cells. B, Violin plots of marker gene expression and abundance across MoMf clusters. C, Enrichment score in MoMf(1–3) and KC(1–2) clusters
of selected pathways from GSVA analysis. D, Monocle pseudotemporal trajectory (light blue to dark blue) of Mono CD14þ and MoMf(1–3) clusters in a
two-dimensional state-space. Dashed lines mark the different transcriptional states. Labels represent prevalent clusters within transcriptional state. E, Density
plot representing cluster frequency along pseudotime. F, UMAP plot of the 18 clusters color-coded by SERPINB2 expression. Clusters are colored according
to normalized gene expression values. G, Volcano plot showing differentially expressed genes between SERPINB2pos and SERPINB2neg cells from clusters
MoMf(1) and MoMf(2). Exemplar genes are labelled. Red and orange dots represent genes up regulated in SERPINB2pos and SERPINB2neg, respectively, with
log2(fold change) ≥ 0.25 and adjusted P value < 0.05. H, mf-IHC image of CLM section stained for CD68 (green), GPNMB (magenta), and SERPINB2 (red).
Arrows indicate SERPINB2þCD68þ cells. Representative picture of n ¼ 5 slides stained. Scale bar: 50 mm. I, Violin plots showing enrichment score of KC-H,
KC-N, KN-RM gene signatures (47) across selected MP clusters. One-way ANOVA P < 0.0001 by Kruskal–Wallis test. J, mf-IHC image of CLM section stained
for CD68 (green), GPNMB (magenta), and LYVE1 (yellow). Representative picture of n ¼ 3 slides stained. Scale bar: 20 mm. K, Heat map of gene regulatory
network activity of selected MP clusters computed by SCENIC. VLDL, very-low-density lipoprotein.
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the number density corrected-percent difference in the average inten-
sity between HD regions and the whole IM, was calculated as

Dr ¼ ih iHD

nh iHD

nh iIM
ih iIM

� 1
� �

� 100;

where nIM and nHD are the average nuclear number density in the HD
region and in the whole IM, respectively. According to the definition
above, in the absence of any bias in the spatial distribution of cells that
are positive for the considered marker, the expectation value of Dr is
zero. Positive values of Dr indicate an increased propensity of positive
cells to be localized in the HD regions. For example, Dr ¼ 100%
indicates that the fraction of positive cells in HD regions is twice as
large as its reference value evaluated over the whole IM. In contrast,
negative values of Dr indicate that positive cells tend to systematically
avoid HD regions.

Statistical analysis
Statistical computations were performed using the software Stata

(version 16; College Station, TX, StataCorp LLC, RRID: SCR_012763)
and GraphPad Prism 8 (GraphPad Software Inc., San Diego, RRID:
SCR_002798). Differences between two groups were calculated by
Mann–Whitney test. When comparing immune variables from the
same patient paired t test was used. Statistical significance of signature
enrichment score between multiple cell types was determined using
one-wayANOVAbyKruskal–Wallis test. For each test, only two-sided
P values lower than 0.05 were considered statistically significant. The
categorical variables were reported as a number and percentage, while
continuous variables were reported as the median and range or as
mean and SD. Only patients with complete data were considered.
Univariate analysis, by log-rank test or Mann–Whitney test as appro-
priate, was performed to examine association among different cov-
ariates and patients’ outcome. All surgical, clinical, histologic, and
molecular available factors deemed to be prognostically relevant were
considered as covariates. Covariates that showed a tendency of asso-
ciation with patients’ outcome were inserted into a multivariate model
based on the Cox regression analysis to investigate independent
predictors of outcome. The median value was used as cutoff for
SERPINB2þ MoMf and GPNMBþ TAM density. Both the overall
survival (OS) and the disease-free survival (DFS) were considered as
outcome measures. All time-to-event endpoints were summarized
using the Kaplan–Meier method. Differences in these endpoints
between groups were examined using a log-rank test.

The Cancer Genome Atlas survival analysis
Survival analysis of The Cancer Genome Atlas (TCGA) colon

cancer gene expression dataset (TCGA-COAD; n ¼ 270) based on
the expression of c0_MoMf(1) and c9_TAM gene signatures or
individual genes (GPNMB) was performed using GEPIA2 (ref. 43;
http://gepia2.cancer-pku.cn/). Median value of gene expression values
was used as group cutoff to categorize patients in high- and low-
expression groups. Differences in survival outcomes between groups
were examined using a log-rank test.

Data and materials availability
The raw scRNA-seq data from MP and CD45þ cells have been

deposited in Gene Expression Omnibus under the accession numbers
GSE200068 and GSE200253. All other data presented in this manu-
script are available in the main text or the supplementary materials or
from the corresponding authors upon reasonable request.

Results
GPNMBþ TAMs accumulate in the IM of human CLM

We performed scRNA-seq on MP isolated as CD163þCD66b– cells
from the NA and IM portions of 3 human CLM tissues (ref. 6;
Supplementary Fig. S1A–S1C). Eighteen clusters (Fig. 1A), highly
reproducible among patients (Supplementary Fig. S1D; Supplemen-
tary Table S2), were obtained by unbiased clustering and annotated on
the basis of differentially expressed genes (Supplementary Fig. S1E and
S1F; Supplementary Table S2) and published lineage genes (21, 28, 44).
We identified monocytes (classical and nonclassical), MoMf, DC
(including cDC2, cycling DCs, mature LAMP3þ DCs, and mono-
cyte-derived DCs), M2-like TAMs and KCs (Fig. 1A). To exploit this
granular description of MP populations in human CLM from the
perspective of identifying tumor-associated population markers, we
focused on clusters prevalently enriched in IM tissues compared with
NA liver (Fig. 1B). These included several monocyte clusters [Mono
(HSPþ), Mono CD16þ and Mono CD14þ], three abundant MoMf
clusters [MoMf (1–3)], characterized by high expression of inflam-
matory genes (S100A8, THBS1, VCAN) and genes related to leukocyte
recruitment (SELL and FPR1; Supplementary Fig. S1E and S1F) and a
cluster of more mature Mf annotated as TAMs based on enrichment
of a TAM gene signature (Fig.1B and C). Compared with MoMf
clusters, TAMs had lower expression of monocyte genes (ITGAM,
SERPINB2), while expressed higher CD68, MSR1, and HLA genes
(Supplementary Fig. S1F), suggesting amoremature and differentiated
phenotype. Compared withDCs, higher expression ofCD68 and lower
expression of canonical DC genes, such as CD1C, CLEC10A, CLEC9A,
and FCE1R, was considered indicative of Mf lineage (Supplementary
Fig. S1F). TAMs resembled dysfunctionalMfwith a profibrotic profile
and altered lipid metabolism reported in different liver diseases,
including fibrosis, NASH (28, 45), hepatocellular carcinoma and liver
metastasis (refs. 6, 24; Fig. 1D). Pathway enrichment analysis showed
ontology terms related to matrix degradation and angiogenesis, but
also liver-specific pathways, such as lipid and cholesterol metabolism
and negative regulation of immune effector processes (Fig. 1D; Sup-
plementary Table S3). In fact, TAMs seemed transcriptionally similar
toKC (Fig. 1A), howeverwith lower or no expression of IL10 and other
lineage genes (VSIG4, CD5L, and MARCO; Supplementary Fig. S1F).
Among the genes that most differentiated TAMs from KC clusters
were GPNMB, TREM2, LGALS3, and FABP4 (Supplementary
Fig. S1G), which were quite uniquely expressed by TAMs (Fig. 1E;
Supplementary Table S3). To further investigate how TAMs were
related to Mf populations identified in other liver diseases, we
compared them with SAMf from patients with NASH (28) and LAM
from patients with steatotic livers (ref. 29; Fig. 1F). The low number of
differentially expressed genes, particularly with LAM, suggested that
TAMs shared a similar profile, however with a higher expression of a
few signature genes including GPNMB, SPP1, FABP5, and IL1RN
(Fig. 1F).

Translation of multidimensional information obtained via tran-
scriptomic analyses into clinically relevant tools relies on the possi-
bility to assess by histology specific markers for different immune
subpopulations in cancer tissues. We therefore tested selected signa-
ture marker genes prevalently expressed by TAMs in human sections
of CLM. GPNMB was highly and selectively expressed in TAMs
(Supplementary Fig. S1G–S1I) and clearly identified a population of
CD68þ Mf strongly infiltrating the IM (Fig. 1G). These cells also
displayed a peculiar round-shaped morphology (Fig. 1H), suggesting
that they could represent protumor Mf already described in
CLM (6, 22).
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Figure 3.

Clinical relevance of SERPINB2þMoMf and GPNMBþ TAMs in CLM and primary CRC. Association of SERPINB2þMoMf and GPNMBþ TAMswith clinical outcome in a
restrospective CLM cohort bymf-IHC and survival analysis of a TCGA colon cancer dataset. A, Kaplan–Meier curve showing DFS (left; P¼ 0.033 by log-rank Mantel–
Cox test) and OS (right; P¼ not significant by log-rank Mantel–Cox test), according to SERPINB2þ cell density. n¼ 48. B, Kaplan–Meier curve showing DFS (left; P¼
0.012 by log-rank Mantel–Cox test) and OS (right; P¼ 0.002 by log-rank Mantel–Cox test), according to GPNMBþCD68þ cell density. n¼ 48. C, Kaplan–Meier curve
showing OS according to GPNMBþSERPINB2þ ratio (left; P¼0.058 by log-rankMantel–Cox test; n¼ 48) and OS according to GPNMBþSERPINB2þ score (right; P¼
0.033 by log-rankMantel–Cox test; n¼ 23).D, Forest plot showing the results ofmultivariate regression analysis for DFS. Reference line of HR for recurrence (dashed
line), HRs (circles), and 95% CI (whiskers) are shown. � , P < 0.05. E, Table showing Cox multivariate regression analysis of prognostic factors for DFS. F, DFS and OS
curves on TCGA colon cancer (TCGA-COAD; n¼ 270) dataset based onmedian expression of gene signatures from c0_MoMf(1) and c9_TAM. Dotted lines show95%
CI. P value by log-rankMantel–Cox test.G,DFS andOS curves on TCGA colon cancer (TCGA-COAD; n¼ 270) dataset based onmedian expression ofGPNMB. Dotted
lines show 95% CI. P value by log-rank Mantel–Cox test.
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Distinct features of tumor-infiltrating MoMf and TAMs
The IM of humanCLMwas also enriched inMoMf subpopulations

comprising 3 major clusters, MoMf(1–3), exhibiting variable expres-
sion of monocytic (VCAN, S100A8) and phagocytic genes (MRC1). A
less frequent cluster, MoMf(4), displayed increased expression of
genes related to early inflammatory activation (JUN, FOS,
NFKBIZ; Fig. 2A and B; Supplementary Table S3). Consistent with
their monocytic features, MoMf were quite distinct from resident
populations; KC(1) and KC(2) expressed the liver resident Mf genes
MARCO, CD5L, LILRB5, and genes related to maintaining homeo-
stasis in the liver (CETP, SLC40A1, HMOX1), as well as IL10 (Sup-
plementary Fig. S1E and S1F). In fact, while KC were enriched for
pathways related to VLDL assembly and Heme degradation, MoMf
clusters showed increased activation of pathways such as induction of
chemokines, cell migration and biosynthesis of D-resolvins (Fig. 2C;
Supplementary Table S3). To uncover why, despite their similarity, the
three predominant clusters MoMf(1–3) represented distinct popula-
tions, we computed a Monocle-guided transcriptional trajectory,
considering Mono CD14þ as the starting point. The clusters were
differentially distributed along the pseudotemporal trajectory in 8
functional states (Fig. 2D; Supplementary Fig. S2A), and their density
evidenced a higher transcriptional similarity of MoMf(1) to Mono
CD14þ, while MoMf(2) and MoMf(3) were found to be more
divergent (Fig. 2D and E). Trajectory branchpoint analysis showed
modules of coexpressed genes selectively upregulated in MoMf(1),
including several classic neutrophil markers (CSF3R, S100A12, GCA)
and neutrophil chemotactic genes (FPR1, FPR2; Supplementary
Fig. S2B; Supplementary Table S3), resembling the profile of neutro-
phil-like monocytes recently described in other pathologic con-
texts (46). These findings suggest that the three MoMfmay represent
different subsets of the same population captured at diverse activation
or maturation states. To translate our findings to a histologic setting,
we searched for a candidate marker for MoMf assessment in CLM
tissues.We considered SERPINB2 for its selective expression inMoMf
clusters (Fig. 2F). Because we observed a heterogeneous expression
among MoMf(1) and MoMf(2) (Supplementary Fig. S2C and S2D),
we further investigated the profile of cells highly expressing SERPINB2
by stratifying the cells in these clusters according to SERPINB2 gene
expression [“SERPINB2pos” (n¼ 3,103 cells) and “SERPINB2neg” (n¼
4,229 cells); (Fig. 2G)]. SERPINB2pos cells showed higher expression of
genes related to leukocyte recruitment, in particular neutrophil
recruitment, and cytokine production (CXCL8, CXCL3, S100A8,
S100A9, S100A12; Fig. 2G). We next confirmed the existence of a
SERPINB2þCD68þ Mf subset by mf-IHC and demonstrated that
SERPINB2 and GPNMB identified two distinct Mf subsets.
SERPINB2þ MoMf also appeared smaller in size compared with
GPNMBþ TAMs (Fig. 2H), suggestive of their less mature profile.

Understanding the ontogeny of the different Mf subsets is critical
for both prognostic analyses and the design of strategies depleting
tumor-promoting Mf without causing off-target effects. GPNMBþ

TAMs showed a distinct transcriptional profile from MoMf (Supple-
mentary Fig. S1E and S1F), possibly suggesting a different ontogeny.
To probe if this cluster represented a functionally deranged KC, or a
monocyte-derived tumor-conditioned Mf, we exploited published
gene expression signatures of murine embryonic healthy KC (KC_H),
NASH-associated KC (KC_N), andMoMf repopulating the KC niche
in NASH (KN_RM; ref. 47). Signature enrichment comparing ourMP
clusters with murine NASH clusters showed a strong overlap between
TAMs and KN_RM (Fig. 2I), suggesting that TAMs may derive from
monocytes repopulating the KC niche following embryonic KC loss in
the TME (Fig. 2I). In line with these results, CD68þ Mf expressing
GPNMBþ were sometimes found lining LYVE1þ sinusoids (Fig. 2J),
resembling the topographical distribution of KC (45), suggesting that
they may represent repopulated KC.

Gene regulatory network analysis confirmed the unique features of
the Mf subpopulations identified so far. While MoMf presented
increased activity of inflammatory pathways, such as p65 subunit
(RELA), and regulators of MoMf differentiation pathways (MAFB,
NFIL3), TAMs and KC displayed similar TF activity. They shared
with KC(1) and (2) high activity of PPARG, NR1H3, MITF, and
exclusively with KC(1), ER-stress related TFs ATF3 and ATF6
(Fig. 2K). Moreover, TAMs uniquely expressed GATA2, which was
previously linked to efferocytosis defects in atherosclerotic plaque
Mf (48). KC, TAMs, andMoMf exhibited opposite activation of sterol
regulatory element-binding protein genes SREBF1 and SREBF2,
involved in cholesterol homeostasis, a pathway linked to inflammatory
response in liver phagocytes (49, 50;Fig. 2K; Supplementary Table S4).
SREBF1 was higher in KC and TAMs, indicating the activation of
lipogenic pathways.

SERPINB2þ MoMf and GPNMBþ TAMs correlate with opposite
clinical outcomes in CLM

We next put to test our hypothesis that the diversity of MP
populations that we observed through scRNA-seq could aid in the
identification of nonredundant cell-specific markers with clinical
relevance in human CLM tissues. We set up a mf-IHC pipeline
(Supplementary Fig. S2E) in a cohort of 48 patients with CLM
(Supplementary Table S1), and we probed the clinical relevance of
SERPINB2 and GPNMB, identifying distinct Mf populations, by
correlating their density with DFS and OS. High infiltration
of SERPINB2þ cells was associated with longer DFS (P ¼ 0.033),
but not OS (Fig. 3A). In contrast, a high density of GPNMBþ cells
correlated with shorter DFS (P ¼ 0.012) and OS (P ¼ 0.002; Fig. 3B).
The prognostic significance was not further improved when the ratio

Figure 4.
Spatial assessment ofMoMf and TAMs in the TME.A–E, Distribution of SERPINB2þMoMf andGPNMBþTAMs inNA, IM, and TC areas and distance to tumor analysis in
a restrospective CLM cohort by mf-IHC. A,mf-IHC images showing the distribution of rendered GPNMBþCD68þ and SERPINB2þ cells in the IM of CLM specimens.
Representative picture ofn¼48 slides stained. Scalebar: 400mm.B,Representative images showing the different distribution of renderedGPNMBþCD68þ (top) and
SERPINB2þ cell annotations (bottom) in the IM. Cells are colored according to distance from the TC. Scale bar: 300 mm. C, Quantification of the average distance of
SERPINB2þ and GPNMBþCD68þ cells from TC. Each dot represents a patient (n ¼ 48). ���� , P < 0.0001 by paired t test. D, Representative images of GPNMBþ and
SERPINB2þ Mf in the NA, IM and TC regions of human CLM. n ¼ 20. E, Violin plots showing the number of SERPINB2þ and GPNMBþCD68þ in the NA, IM and TC.
Dashed lines representmedian; dotted lines represent quartiles.n¼ 20; � ,P<0.05; ���� ,P<0.0001 by paired t test. (F–I) Spatial assessment of SERPINB2þMoMf and
GPNMBþTAMsby spatial transcriptomics analysis onFFPECLMsamples (n¼ 2).F,H&E staining of CLMsamples analyzed byVisium spatial transcriptomics (left) and
tissue segmentation of tumor and normal regions in parallel contiguous zones from the tumor-adjacent liver interface (dashed line; right). Scale bars: 1mm.G, Spatial
feature plots showing signature score for MoMf (right) and TAMs (left). White line shows tumor-adjacent liver interface; blue line shows MoMf score enrichment in
proximity of blood vessels; yellow lines show TAM score enrichment in proximity of bile ducts. H, Heat map showing the z-score of the average expression for each
zone of MoMf and TAM signature along the adjacent liver (N1–N8) and tumor regions (T1–T7). I, Line plot of MoMf (green line) and TAM (purple line) average
signature expression along the adjacent liver and tumor regions (N1–N8, T1–T7). ���� , P < 0.0001 by one-sided Wilcoxon rank sum test.
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of GPNMBþ/SERPINB2þ cells or a combined score of the variables
were considered (Fig. 3C). Multivariate analysis set for DFS confirmed
a significant and opposite correlation between SERPINB2þ MoMf
(HR ¼ 0.51; 95% confidence interval (CI), 0.26–0.99; P ¼ 0.046) and
GPNMBþ TAMs (HR ¼ 2.27; 95% CI, 1.11–4.66; P ¼ 0.025; Fig. 3D
andE; Supplementary Table S5). Indeed, a high density of SERPINB2þ

MoMfwas found to be protective, whereas a high density of GPNMBþ

TAMs was found to be detrimental for DFS. Of note, such findings
were independent both of the use of neoadjuvant systemic chemo-
therapy and of RAS status.

One of the key issues in metastasis is whether primary tumors
already present relevant targets that could prevent metastatic spread.
We therefore tested in silico the association of gene signatures from
distinct clusters of MP identified in human CLM with progression of
primary CRC (Fig. 3F). TCGA survival analysis on CRC indicated a
significant correlation between high expression of a MoMf(1) signa-
ture and favorable prognosis. The opposite was observed for the TAM
signature, which strongly correlated with a negative clinical outcome,
consistent with their tumor-imprinted profile (Fig. 3F), and for the
individual gene GPNMB, highly expressed by TAMs (Fig. 3G). Col-
lectively, these results demonstrate the heterogeneous association of
SERPINB2þMoMf and GPNMBþTAMs, characterized by dissimilar
transcriptional profiles, with patient clinical outcome.

Spatial distribution defines opposing roles for MoMf and TAMs
in the TME

Prompted by these results, we set out to explore the mechanisms
behind the distinct prognostic significance of SERPINB2þMoMf and
GPNMBþ TAMs. Spatial localization of immune cells is critically
linked to their function; therefore, we first analyzed the distribution of
Mf populations within the IM (Fig. 4A). Considering the IM, anti-
tumor inflammatory SERPINB2þ cells were evenly spread out, where-
as GPNMBþ TAMs more often accumulated at the very edge of the
tumor, as shown by distance to tumor analysis (Fig. 4B and C). This
result suggests that GPNMBþ TAMs may be more exposed to tumor
immunosuppressive signals and in a critical position to promote tumor
growth. To further corroborate this hypothesis, we quantified the
number of GPNMBþ TAMs and SERPINB2þ cells in three distinct
regions, NA tissue, the IM and the TC (Fig. 4D and E). SERPINB2þ

MoMf were present in the adjacent region and at a significantly
increased density in the IMwith no further increase in the TC (Fig. 4D
and E). In contrast, GPNMBþ TAMs were almost absent in the NA
region and progressively increased in number in the tumor region
(Fig. 4D and E). Because TAMs accumulated at the IM, we also tested
their spatial distribution, i.e., whether they displayed a peculiar
tendency to localize in aggregates, similarly to other myeloid popula-
tions (such as LAMP3þ DCs) that are frequently found in small
aggregates, resembling tertiary lymphoid structures (TLS; ref. 51).
However, this feature was not displayed by any of the Mf populations,
which were randomly distributed, compared with DCs organized in
lymphoid structures (Supplementary Fig. S2F). In fact, when we
quantified by the Dr index the propensity of CD68þ and LAMP3þ

cells to localize in regions of HD (Supplementary Fig. S2G), CD68þ

cells, comprising all Mf subsets, displayed an almost random distri-
bution, whereas LAMP3þ cells demonstrated a marked tendency to
localize in very HD areas, in line with their prevalent distribution
within TLS.

To further validate these results, we performed spatial transcrip-
tomics on two CLM samples, by Visium, which allows the integration
of histologic and transcriptomic information. Expression of canonical
lineage genes such as APOC3, COL1A2, and EPCAM was consistent

with histologic information and correctly identified the adjacent liver,
stromal and tumor regions of the lesions (Supplementary Fig. S3A). To
investigate the localization of TAMs and MoMf in the tissue, we
segmented the normal and tumor regions into continuous parallel
zones starting from the tumor-adjacent liver boundary in either
direction (i.e., towards the TC and away from the tumor
edge; Fig. 4F). PCA on the manually segmented zones highlighted
the similarity of the normal region between CLM#1 and CLM#2,
whereas the tumor regions clustered separately (Supplementary
Fig. S3B and SC). We next tested the enrichment of TAMs andMoMf
using a signature-based approach (ref. 52; Fig. 4G). This showed a
clear pattern of enrichment of MoMf at the IM of both lesions (N4–
N1; Fig. 4H and I). Of note, in CLM#1, enrichment ofMoMfwas very
evident in proximity to blood vessels (Fig. 4G), possibly suggesting
recent recruitment to the tissue. TheTAMsignature on the other hand,
showed a preferential localization in stromal regions of the IM and of
the tumor center (T1–T7; Fig. 4H and I), and in the adjacent liver
surrounding bile ducts (Fig. 4H and I), confirming the likeness
between TAMs and the previously mentioned bile-duct LAMs (29).
This pattern was also confirmed by GPNMB expression in the same
areas (Supplementary Fig. S3D), further supporting its role as a
candidate marker. As to SERPINB2, because its expression was not
consistently detected, we searched for the most closely correlated gene
(S100A12; Supplementary Fig. S3E) and confirmed its expression to be
consistent with signature enrichment (Supplementary Fig. S3F).

Cell–cell interactions of MoMf and TAMs in the TME
Mf in the TME interact with other neighboring immune cells to

orchestrate a proficient or unproductive response. We hypothesized
that different interactions could contribute to define opposing roles for
MoMf and TAMs in CLM. To address this point, CD45þ cells were
isolated from the same CLM specimens and subjected to scRNA-seq,
generating 20 distinct clusters, including myeloid cells, T and B cells,
innate lymphoid cells (Fig. 5A; Supplementary Fig. S4A; Supplemen-
tary Table S2). Within CD45þ cell clusters, MP were identified on the
basis of marker genes and reclustered to generate 13 distinct sub-
populations, comprehensive of the original MP clusters (Supplemen-
tary Fig. S4B and S4C).A preliminary analysis usingCellPhoneDB (34)
allowed us to investigate the bidirectional ligand–receptor interactions
between selected MP clusters [MoMf(1–3), KC(1), and TAMs] and
other CD45þ clusters. MoMf(1) andMoMf(2) showed a low number
of autocrine and paracrine interactions, consistent with their earlier
maturation state, whereas KC(1), TAMs, and MoMf(3) were the cells
most engaged in intercellular interplay (Supplementary Fig. S4D
and S4E; Supplementary Table S4). We next performed a deeper
analysis into cell–cell communication using NicheNet (31). The top
predicted ligands for MoMf, including IL15, IL1B, and HMGB2,
were expressed by all the sender populations and strongly affected
gene expression in most lymphoid receiver cells (Fig. 5B). TAMs
instead, expressed high levels of unique predicted ligands, such as
IL20 and IL12B, and others shared with KC(1), including C3, CALR,
and CD274 (Fig. 5B). We next focused specifically on the ligand–
receptor interactions between MP clusters and the most abundant
lymphoid cluster, CD8þ T cells (c1; Fig. 5C). Although MoMf were
mainly predicted to interact with CD8þ T cells via IL15 and its
cognate receptors (Fig. 5D), a key signaling and activation axis for
T-cell biology, TAMs and KC strongly engaged CD8þ T cells
through IL20 and IL10, major immunosuppressive cytokines
(Fig. 5D). In keeping with NicheNet results, tissue staining con-
firmed IL15 expression on MoMf expressing SERPINB2 (Fig. 5E)
and IL10 expression on TAMs (Fig. 5F), often found in proximity of
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Figure 5.

Cell–cell interaction networks ofMoMf and TAMs in the TME. Interaction analysis on scRNA-seq data betweenMP and other CD45þ cell clusters and validation bymf-
IHC on CLM samples. A, UMAP plot from integrated NA and IM datasets of 14,081 CD45þ cells, color-coded by cluster assignment. B, Heat map of NicheNet analysis
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plots show the expression of the potential active ligands across the sender MP clusters (right).C, Schematic representation of NicheNet interaction analysis between
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stained. Scale bar: 50 mm.
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CD8þ T cells. Altogether, these results indicate that MoMf and
TAMs affect other immune cells in the TME in an opposite manner,
suggesting their ability to skew the immune response towards an
anti- or protumoral role, respectively.

Discussion
To date, single-cell analyses dissecting the diversity of Mf in

different cancers have contributed to the identification of several
myeloid subsets populating a complex landscape. These studies have
broadened our understanding of cancer tissue dynamics, by providing
an atlas of immune and nonimmune cells and confirming their
relevance in silico. However, the question remains as to whether the
multidimensional data generated can be translated into clinically
relevant markers for patients with cancer. Here, starting from a
single-cell analysis of human CLM, we identified two putative Mf
markers as prognostic in a real-life cohort of metastatic patients
surgically resected. In contrast to extensively studied protumor Mf
populations, signatures of inflammatory MoMf had been previously
associated to favorable prognosis in hepatocellular carcinoma (24) and
colorectal metastases (6), but a specific marker uniquely identifying
these cells had not been provided. In this work, we exploited a single-
cell analysis to identify two robust markers that captured discrete
populations of Mf and could be exploited for further translation to an
immune-based stratification tool. The first marker, SERPINB2, is a
molecule more commonly known as inhibitor of the urokinase plas-
minogen activator, although its role in the fibrinolytic cascade has not
been confirmed (53). Increased expression of SERPINB2 is associated
with pro-inflammatory activation of monocytes and Mf, in line with
the association of this marker with MoMf populations in our study.
The transcriptional profile of SERPINB2þMoMf, in fact, suggests that
they are early activated and recently derived from recruitedmonocytes.
This evidence suggests that these cells could have been limitedly
exposed to the TME and this could account for their antitumor
orientation. A distinct population of SERPINB2þ Mf has not been
reported to our knowledge in previous single-cell works dissecting the
variety of myeloid cells in cancer tissues, except for one study, in which
it was associated to tumor-infiltrating monocytes (14). This is not
surprising, because SERPINB2was expressed bymonocytes also in our
dataset, but to a lesser extent compared with MoMf. Moreover, we
confirmed by mf-IHC that SERPINB2þ cells coexpressed CD68,
therefore it could be an ideal marker to identify Mf with antitumor
potential. In fact, to our knowledge, this is the first time a Mfmarker
has been shown to have a favorable correlationwith survival of patients
with CLM. In contrast, TAMs, transcriptionally similar to KC, but
uniquely expressing GPNMB, were strongly associated with a negative
clinical outcome, independently of neoadjuvant therapy administra-
tion and KRAS status. Preclinical evidence has shown that pathologic
conditions of the liver, such as fibrosis, NASH and cancer, are
associated to a progressive derangement of KC (45, 47). Although it
is hard to trace a clear ontogeny of these cells in human settings, TAMs
in CLM shared with KC both TFs and localization close to sinusoidal
endothelial cells, which is instrumental for the execution of specific
metabolic and immune functions of liver phagocytes (45). Of note, the
transcriptome of GPNMBþ TAMs was very similar to that of LAMs
found in steatotic liver (29) and SAMf described in liver fibrosis (28).

Spatial distribution in the tumor tissue was one of the key elements
differentiating the distinct MP populations. In fact, while the antitu-
mor inflammatory MoMfwere distributed throughout the IM, TAMs
were more often accumulated at the tumor margin and in the tumor
center, therefore more exposed to immunosuppressive signals and in a

key position to favor tumor growth. This peculiar localization raises a
question as to whether increased infiltration of GPNMBþ TAMs may
correlate with liver metastasis growth patterns, important histopath-
ologic classifiers currently under evaluation as novel biomarkers (54).

Our analysis uncovered GPNMB as a key marker in human CLM.
GPNMB, also known as Osteoactivin and DC-HIL, is a highly glyco-
sylated transmembrane protein that can be cleaved into a soluble
isoform. Originally discovered in melanoma cells, osteoblasts and
DCs (55), its expression was found increased in Mf exposed to
tumor-conditionedmedium in vitro (56). The soluble formofGPNMB
triggers cellular responses, including activation of stemness programs
in fibrosarcoma cells (57), increased production of anti-inflammatory
cytokines in Mf (58) and inhibition of T-cell responses (59). More
recently, a single-cell study on hepatocellular carcinoma described a
population of GPNMBþ Mf associated with worse patient prognosis
in silico (24). In addition, GPNMB has beenmeasured in the plasma of
patients with cancer and correlated with decreased response to check-
point inhibitors (60). Overall, GPNMB could thus orchestrate a
pathogenetic protumor circuit involving TAMs, tumor cells and
possibly other immune cells and could represent a measurable marker
in prognostic studies.

In conclusion, we probed and confirmed the clinical relevance
of distinct Mf signatures in primary colorectal cancer, suggesting
that the protumor orientation of Mf populations could impact
on metastasis. This could provide the basis for the identification of
relevant targets that could prevent metastatic spread. Moreover,
identifying distinct markers associated with myeloid diversity could
provide more specific therapeutic targets and indicators of response to
anticancer drugs. Therapeutic strategies aimed at depleting, reeducating
or engineering myelomonocytic cells into antitumor effectors are in
the spotlight (2–4, 7, 61). However, current approaches have been
primarily designed to target the Mf population as a whole, possibly
affecting those Mf that retain an antitumor potential. In conclusion,
this study provides an example of how multi-omic approaches can be
exploited to characterize the diversity of clinically relevant MP popula-
tions for further translation to an immune-based patient stratification
tool and therapeutic targets.
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