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�
 ABSTRACT 

Purpose: Small intestinal neuroendocrine tumors (SI-NET) 
frequently present as multifocal lesions, but the molecular 
mechanisms underlying their development and heterogeneity 
remain unclear. This study aimed to characterize the phenotypes 
of tumor cell populations across anatomic sites in patients with 
multifocal SI-NET and identify local microenvironmental factors 
influencing tumor development. 

Experimental Design: Spatial transcriptomics was performed on 
72 tissue microarray cores derived from 4 patients with multifocal SI- 
NETs that included tumoral and nontumoral tissues from various 
anatomic layers of the small intestine and regional metastatic sites. 
Unsupervised clustering, overrepresentation analysis, and ligand– 
receptor (L–R) pair analysis were used to define the tumor cell 
subtypes and associated signaling networks. External datasets were 
used for validation. Protein expression of selected genes was evalu-
ated by immunohistochemistry and immunofluorescence. 

Results: Unsupervised clustering revealed four major tumor 
cell subtypes: “mucosal,” “mesenteric,” “lymphatic,” and “deep,” 
based on their anatomic location and transcriptomic profiles. 
Each subtype exhibited distinct gene expression patterns and L–R 
interactions. The “mesenteric” and “lymphatic” subtypes exhibi-
ted distinct L–R pairs, such as NRG1–ERBB3 (HER3) and 
CXCL12–CXCR4, respectively. 5HT–HTR1D was found in all 
subtypes except “mucosal.” Across the four subtypes, SST– 
SSTR1/2, PTN–NCL, MDK–NCL, and GJD2–GJD2 were consis-
tently detected, suggesting fundamental roles in SI-NET biology. 

Conclusions: Although further validation is needed, our 
findings indicate that multifocal SI-NETs consist of spatially 
distinct tumor cell subtypes affected by local cellular interactions, 
providing insight into SI-NET intratumoral heterogeneity, pos-
sible microenvironment-triggered tumorigenesis, and potential 
subtype-targeted therapeutic strategies. 

Introduction 
Small intestinal neuroendocrine tumors (SI-NET) are the most 

prevalent malignancies of the small bowel and are frequently 
characterized by their multifocal presentation (1, 2). Multifocal SI- 
NETs have been suggested to develop from clonally independent 
cells, potentially driven by local tumor-priming factors rather than 
shared driver mutations (3, 4). However, these location-specific 
molecular and microenvironmental factors remain systematically 
unexplored. 

Clinically, SI-NETs are notable for their secretion of serotonin 
and other bioactive compounds, often leading to carcinoid syn-
drome characterized by flushing, diarrhea, and, in chronic cases, 
valvular heart disease due to serotonin-induced fibrosis (5, 6). 
Telotristat ethyl, which inhibits tryptophan hydroxylase, a rate- 
limiting enzyme in serotonin biosynthesis, is often used in combi-
nation with somatostatin analogs (SSA) to manage carcinoid syn-
drome diarrhea (5, 6). Although 17 genes have been identified to 
produce 14 serotonin receptor subtypes, the identity of serotonin 
receptors active in SI-NETs remains unknown (7). Additionally, 
somatostatin receptors (SSTR), especially SSTR2, are frequently 
expressed and are widely utilized for both diagnostic imaging and 
targeted peptide receptor radionuclide therapy (6, 8). Despite these 
well-known clinical features, their location-specific diversity re-
mains poorly understood. 

Primary SI-NET cells are found in various anatomic layers of the 
small intestine, including the mucosa (m), submucosa (sm), muscu-
laris propria (mp), and subserosa. However, their location-specific 
characteristics and the extent to which local microenvironmental 
factors influence their identity have not been systematically investi-
gated. Importantly, previous bulk RNA sequencing (RNA-seq) studies 
of primary and/or metastatic tumors from patients with SI-NET did 
not collect tumoral tissue from various anatomic layers within the 
small intestine, potentially overlooking location-specific expression 
differences (9–11). We hypothesized that tumor cells possess location- 
specific phenotypic characteristics influenced by interactions with 
their spatially distinct microenvironments. 

Spatial transcriptomics provides a powerful tool to interrogate 
gene expression while preserving the spatial context of the tissue 
architecture. In this study, we employed spatial transcriptomics to 
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investigate potential phenotypic heterogeneity of tumor cells across 
distinct anatomic sites in patients with multifocal SI-NET. We 
aimed to determine how tumoral gene expression patterns, in-
cluding those related to ligand–receptor (L–R) interactions (e.g., 
serotonin signaling and SSTRs), vary by their anatomic locations 
within the intestine and to identify local factors that may prime or 
enhance tumor development. 

Materials and Methods 
Study design, patients, and Institutional Review Board 

Spatial transcriptomics was performed as a retrospective study on 
4 patients with multifocal SI-NETs surgically resected at University 
of California, San Francisco (UCSF) in 2018 and 2022 (Supple-
mentary Table S1). Archived formalin-fixed, paraffin-embedded 
(FFPE) tissue blocks were selected [9 primary tumors (tp), 4 mes-
enteric tumors, 2 lymph node metastases, and 6 nontumoral re-
gions]. For additional immunofluorescence (IF) analyses, archived 
FFPE tissue blocks were selected from 10 patients who underwent 
surgical resection of primary SI-NETs at UCSF between July 2024 
and September 2025. These included 15 tps, 7 mesenteric tumors, 
10 lymph node metastases, and 3 liver metastases, comprising 
5 patients with multifocal SI-NETs and 5 with unifocal SI-NETs. For 
the retrospective cohort analysis of serotonin-activating drug use, 
patients who underwent resection of primary SI-NETs between 
January 2007 and February 2023 at UCSF were reviewed. The study 
was performed in accordance with the Declaration of Helsinki and 
Health Insurance Portability and Accountability Act compliance 
and was approved by the Institutional Review Board at UCSF. In-
formed written consent was obtained from each subject. For the 
retrospective cohort analysis, informed consent was waived because 
of the retrospective design and the use of anonymous patient data. 
For external validation, we used the publicly available RNA-seq 
dataset of human NET, GSE98894, which comprised tumor tissue 
from 113 NETs from the pancreas, 81 NETs from the small 

intestine, and 18 NETs from the rectum (12). RNA-seq datasets of 
human normal tissues were obtained from the GTEx Portal (version 
10 release, RRID:SCR_013042), including small intestine–terminal 
ileum, colon–sigmoid, pancreas, brain–cortex, and adipose–visceral 
(omentum) on June 5, 2025 (13). The single-cell RNA-seq dataset of 
SI-NET (GSM8851402 SiNET1 and GSM8851403 SiNET2 from the 
series GSE292163) was obtained from the NCBI Gene Expression 
Omnibus (GEO; https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc¼
GSE292163) on September 10, 2025 (11). 

Tissue preparations 
To ensure the RNA quality of the FFPE tissue blocks, the per-

centages of RNA fragments of >200 nucleotides (DV200) were 
confirmed to be 51% to 75%, meeting the minimum requirement of 
at least 50%. For each patient, 18 microarray cores (1 mm in di-
ameter) of both nontumoral and tumoral tissues were collected 
from the blocks (a total of 72 cores, Fig. 1; Supplementary Fig. S1). 
The former included uninvolved background small intestine (m, sm, 
mp, and ms), and the latter included tumoral tissue from various 
locations of tps (e.g., m, sm, and mp) or of metastases [e.g., lymph 
node metastasis and mesenteric metastasis with and without peri-
neural invasion (pni)]. Lymph node metastases were defined as le-
sions that had an accompanying capsule and lymphoid tissue of a 
lymph node, whereas mesenteric metastases were tumor deposits 
lacking residual nodal architecture. 

Spatial transcriptomics 
The Visium Spatial for FFPE Gene Expression Kit, Human 

Transcriptome (10x Genomics, PN-1000338, RRID:SCR_023571), 
was used according to the manufacturer’s instructions to generate 
cDNA with spatial barcode information, followed by sequencing on 
NovaSeq X (Illumina, RRID:SCR_024569). Read alignment, filter-
ing, barcode counting, and unique molecular identifier (UMI) 
counting were performed with the Space Ranger (10x Genomics, 
version 2.1.1, RRID:SCR_025848) count automatic alignment 
pipeline with the human genome GRCh38 (refdata-gex-GRCh38- 
2020-A) and Visium Human Transcriptome Probe Set version 1.0 
(Visium_Human_Transcriptome_Probe_Set_v1.0_GRCh38-2020- 
A.csv) to generate feature-spot matrices. 

Data processing 
Analyses and representations of the data were performed in R 

(version 4.1.1, Foundation for Statistical Computing, RRID:SCR_ 
001905) using Seurat (version 4.3.0, RRID:SCR_007322) and 
ggplot2 (version 3.4.2, RRID:SCR_014601) packages. LogNormalize 
was used to normalize UMI counts. To differentiate the spots into 
subtypes, unsupervised clustering was performed with the standard 
Seurat workflow for each patient. The subtypes were annotated 
based on the corresponding pathologic image (Fig. 1B). To mini-
mize the bias caused by cell type mixtures, quality control was 
performed on the spots. The tumor gene module scores were cal-
culated by AddModuleScore, with tumor module genes as features. 
Tumor module genes were extracted in each patient as the top 
10 most highly expressed genes in tumor-annotated subtypes 
compared with nontumor-annotated subtypes (top 10 lowest p_val_adj 
with avg_log2FC > 0.3, calculated by FindMarkers, Supplementary 
Table S2). Thus, spots with tumor gene module scores > 2, 2.5, or 
3 were selected as tumoral spots that include mainly tumor cells, and 
spots with tumor gene module scores < 1.5 or 2 were selected as 
nontumoral spots that include mainly nontumor cells (Supplementary 
Fig. S2). These tumoral and nontumoral spots with the expression of 

Translational Relevance 
Small intestinal neuroendocrine tumors (SI-NET) frequently 

manifest as multifocal lesions, but the underlying mechanisms, 
particularly the role of the local microenvironment, remain 
poorly understood. This study on spatial transcriptomics of 
multifocal SI-NETs provides key insights into intratumoral 
heterogeneity and the potential influence of the local microen-
vironment. By characterizing tumor cell subtypes based on an-
atomic location, such as the mucosal layer, mesentery, and 
lymph node, the current study reveals spatially distinct gene 
expression patterns and ligand–receptor (L–R) interactions. 
Many ligands originate from nontumoral cells, such as so-
matostatin, semaphorin, and CXCL12, whereas others originate 
from tumor cells, such as serotonin and Wnt. Strikingly, we 
identify HTR1D as the serotonin receptor active in entero-
chromaffin cells and SI-NETs. These findings imply that mul-
tifocal SI-NETs within a patient can exhibit location-specific 
phenotypic diversity influenced by distinct L–R interactions. 
Such spatially resolved insights may lead to more precise ther-
apeutic strategies and deepen our understanding of disease 
progression. 
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representative housekeeping genes (ACTB, B2M, UBC) >0 were used 
for further analysis (14, 15). In patient 4, one cluster with low nCount 
was excluded. The qualities of the selected spots were further confirmed 
by deconvolution analysis using the STdeconvolve (version 1.3.1, RRID: 
SCR_025977) R package (Supplementary Fig. S3). For dimensional 
reduction and cluster visualization, the Uniform Manifold Approxi-
mation and Projection (UMAP) technique and DimPlot function were 
used. Datasets from the 4 patients were integrated using the harmony 
(version 1.2.3) R package. Cell-cycle phase analysis was performed with 
the CellCycleScoring function in Seurat. 

Overrepresentation analysis 
To interpret the different expressional characteristics of the 

subtypes, the ClusterProfiler R package (version 4.2.2, RRID:SCR_ 
016884) was used to perform overrepresentation analysis (ORA) 
with an adjusted P value and q value cutoff of 0.1, using the input 
differentially expressed genes (DEG) extracted with FindMarkers() 
with test.use ¼ “MAST” (v1.20.0) by |avg_log2FC| > 0.3 and p_val_ 
adj < 0.01. For input gene sets, c5.all.v2023.2.Hs.symbols.gmt and 
c2.cp.v2023.2.Hs.symbols.gmt were downloaded from MSigDB (16–19). 
Shared gene sets refer to those commonly detected in multiple patients. 
Cytoscape (version 3.10.2, RRID:SCR_003032), EnrichmentMap (ver-
sion 3.5.0, RRID:SCR_016052), and AutoAnnotate (version 1.5.1) were 
used for the visualization and annotation of the detected gene sets 
(20–23). 

L–R pair analysis 
To predict cellular signaling communication, CellChat (ver-

sion 1.6.1, RRID:SCR_021946), NeuronChat (version 1.0.0), and 
NICHES (version 1.1.0) R packages were used with default pa-
rameters. The CellChat netAnalysis_contribution function was 
used to calculate the contributions of each L–R pair in CellChat 
datasets, and commonly appearing L–R pairs among all patients 
were selected. Contributions in NeuronChat datasets were cal-
culated using manual coding as the mean of the probability 
values of each L–R pair. NICHES was used to visualize L–R pair 
signal strength on histopathologic images. 

External validation using open-source datasets 
To validate the expression of discovered L–R genes in tumor cells, 

GSE98894 was analyzed (12). It was obtained from the GEO data-
base using the GEOquery (version 2.62.2, RRID:SCR_000146) R 
package. Gene expression normalization was performed using the 
edgeR (version 3.36.0, RRID:SCR_012802) R package, in which 
lowly expressed genes were filtered, and normalized counts were 
transformed into log2 counts per million. P values were calculated 
using the stats (version 4.1.1, RRID:SCR_025968) R package, 
kruskal.test function. To validate the expression of discovered ligand 
genes in nontumor cells, normalized transcript expression data for 
normal human tissues were obtained from the GTEx Portal (13). To 
validate the identified transcriptional intratumoral heterogeneity 
of SI-NET cells, a previously reported single-cell RNA-seq 
dataset (GSE292163) was analyzed (11). From the SiNET1 and 
SiNET2 datasets, clusters with high expression of TPH1 and 
CHGA were extracted as NET cells and reclustered using the 
FindClusters() function of Seurat. DEGs were extracted with 
FindMarkers() using test.use ¼ “MAST.” Gene set enrichment 
analysis was performed with the gseGO() function of Cluster-
Profiler, with genes ranked by log2 fold change (avg_log2FC). 
Kyoto Encyclopedia of Genes and Genomes pathway–based 

expression visualization was performed with the pathview R 
package (version 1.34.0, RRID:SCR_002732). 

Immunohistochemistry and IF 
Tissue blocks were sectioned at 5 μm thickness, and tissue slides 

were subsequently stained using standard protocols. The primary 
antibodies and dilution ratios used were 5HT1D (SAB2900609, 
Sigma-Aldrich, RRID:AB_3696653, 1:100) and Ki-67 (790-4286, 
Ventana Medical Systems, RRID:AB_2631262, 1:1) for immuno-
histochemistry (IHC), and serotonin (ab315150, Abcam, RRID:AB_ 
3697404, 1:2,000), 5HT1D (SAB2900609, Sigma-Aldrich, RRID:AB_ 
3696653, 1:100–1:150), and phospho-p44/42 MAPK (Erk1/2; 
Thr202/Tyr204; 9101S, Cell Signaling Technology, Inc., RRID:AB_ 
331646, 1:400) for IF. Imaging was conducted in a ZEISS Axio 
Scan.Z1 whole-slide scanner (ZEISS, RRID:SCR_020927). Images 
were collected with a ZEISS Plan-Apochromat 20x/0.8 NA (Work-
ing Distance ¼ 0.55 mm) M27 objective lens in bright-field mode 
with a Hitachi HV-F202 camera for IHC and an Orca-Flash 
4.0 version 2 CMOS camera (Hamamatsu Photonics K.K.) for IF. 
Positive and negative cells in IHC were quantified using QuPath 
(version 0.5.0, RRID:SCR_018257), the “Positive Cell Detection” 
function, in combination with a trained random trees–based object 
classifier that specifically selected tumor cells (24). Mean cellular 
fluorescence intensity was quantified using QuPath by defining 
smooth muscle cells, fibroblast cells, or adipocytes as a negative 
control in each field of view, and signal intensities were 
background-corrected by subtracting the mean fluorescence inten-
sity measured in negative control cells. 

Retrospective cohort analysis of serotonin-activating drug use 
Data were collected from medical records, preoperative and 

postoperative imaging, operative reports, and pathologic reports. A 
total of 169 patients who underwent resection of primary SI-NETs 
between January 2007 and February 2023 at UCSF were included, 
provided that both medication history and pathologic or radiologic 
evaluation of mesenteric metastasis were sufficiently documented. 
Among them, 30 patients had been treated with selective serotonin 
reuptake inhibitors (SSRI) or serotonin-norepinephrine reuptake 
inhibitors (SNRI) before referral. Mesenteric metastasis was 
identified as tumor deposits lacking residual nodal architecture 
on histopathologic evaluation or, when surgically unresectable, 
as mesenteric masses identified by radiologic imaging. The 
Wilcoxon rank-sum and Fisher’s exact tests were used to com-
pare distributions across groups. 

Results 
Unsupervised clustering by expression data exhibited 
recurrent and location-specific tumor cell subtypes 

Spatial transcriptomic analysis was performed on tissue micro-
array (TMA) cores from 4 patients with multifocal SI-NETs 
(Fig. 1A). A total of 8,295 spots were analyzed, with a median of 
3,102 genes and 5,944 UMIs detected per spot. Across all capture 
areas, 16,778 unique genes were identified. Unsupervised clustering 
was performed for each patient, and the resolved nontumoral cell 
types included superficial, mid-cryptal, and basal aspects of the m, 
sm, inner and outer layers of mp, myenteric plexus, subserosa, 
mesenteric nerve, and stroma, as well as distinct tumoral cell sub-
types (Fig. 1B). UMAP visualization highlighted subtype-specific 
differences in tumor cells across anatomic locations (Fig. 2A; 
Supplementary Tables S3 and S4; Supplementary Fig. S4). In all 4 
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patients, tumor cells from metastatic sites, such as the tumor de-
posits in the mesentery and lymph node metastasis, formed distinct 
clusters compared with tp cells. These included subtypes of “tumor 
in mesentery (tm),” “tm pni A,” and “tm pni B” in patient 1; “tm #2” 
and “tm #2 pni” in patient 2; “tl (tumor in lymph nodes)” in patient 
3; and “tl” in patient 4. However, some mesenteric metastatic cells 
clustered together with tp cells (“tm #1 and tp #1 mp” in patient 2, 
and “tm and tp #2 sm and perithrombus” in patient 3), suggesting 
the source of metastasis. 

Similarly, several tumoral cells sampled from distinct multifocal 
tps, separated by 2.0 to 27.5 cm (Fig. 1A), clustered together in 
each patient, such as “tp #1 m and tp #2 m” and “tp #1 mp and 
tp #2 mp” in patient 1; “tp #1 m and tp #2 m” and “tp #1 sm 
superficial and tp #2 sm superficial” in patient 2; “tp #1 m and 
tp #2 m” in patient 3; and “tp #1 m and tp #2 m and tp #3 m” and 
“tp #1 sm deep and tp #2 subserosa” in patient 4. Notably among 
them, tumor cells located within the m sampled from geographi-
cally separate primary lesions consistently clustered together in 
each patient (#1 and #2 in patients 1–3 and #1, #2, and #3 in 
patient 4), which were not observed in tumor cells located within 
deeper layers (e.g., sm, mp, and/or subserosa). Based on these 
patterns, tumor cells were categorized into four major subtypes: 
three distinct subtypes were “mucosal,” “mesenteric,” and “lym-
phatic,” and a fourth subtype comprised residual cells termed 
“deep” (including cells located in the sm, mp, and/or subserosa; 
Fig. 2A). The “mucosal” subtype consistently clustered together 
even across different patients (Fig. 2B). 

Distinct transcriptomic profiles across tumor cell subtypes 
To validate the distinct characteristics of the four tumor cell 

subtypes (mucosal, mesenteric, lymphatic, and deep), ORA was 
performed. ORA revealed gene sets commonly upregulated or 
downregulated across patients: “mucosal,” 14 upregulated and 
30 downregulated gene sets; “mesenteric,” 6 upregulated and 
2 downregulated; “lymphatic,” 0 upregulated and 32 downregulated; 
and “deep,” 11 upregulated and 6 downregulated (Fig. 2C; Sup-
plementary Table S5). 

The “mucosal” subtype showed upregulated gene sets related to 
actin filament organization and oxidative phosphorylation in aero-
bic respiration and downregulated gene sets related to capped 
mRNA splicing, vesicle exocytosis, trans-network budding, and 
Golgi transport. The “mesenteric” subtype showed upregulated gene 
sets related to transcription factor activation, as well as neural- 
related gene sets (e.g., synapse organization and spinal cord injury 
response) and downregulated extrinsic apoptotic signaling. The 
downregulated gene sets within the “lymphatic” subtype encom-
passed steroid/hormone response, cell adhesion, and extracellular 
matrix (ECM). The “deep” subtype showed upregulated gene sets 
related to ECM organization, cell substrate junction, and vacuolar 
lumen and downregulated gene sets related to the immunoglobulin 
complex. 

Cell-cycle phase gene expression analysis suggested that the 
“mucosal” subtype harbored a relatively higher proportion of pro-
liferative cells (Fig. 3A). This finding was validated by the increased 
fraction of Ki-67–positive cells in the “mucosal” tumor cells in 
comparison with other tumor cell subtypes (Fig. 3B). 

Distinct and shared L–R pair patterns across tumor cell 
subtypes 

L–R pair analysis revealed recurrent, subtype-specific interactions 
that were conserved across patients within each tumor cell subtype. 

Among the L–R pairs with ligands originating from nontumoral 
cells, PTN–NCL and GCG–GIPR commonly appeared in all the 
subtypes (Fig. 4A). L–R pairs identified in the “deep” subtype were 
also present in the “mesenteric” and the “lymphatic” subtypes but were 
absent in the “mucosal” subtype; these included PTN–SDC4, SEM-
A3C–PLXND1, SEMA3C–(NRP1+NRP2), GUCA2A–GUCY2C, 
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Figure 1. 
Overview of samples and spatial transcriptomic annotation. A, Table sum-
marizing the clinicopathologic characteristics of the analyzed tumor samples. 
B, Representative TMA cores and spatial spot annotation in patient 1. Circles 
(1)–(11) indicate the tissue microarrayed cores. A complete set of TMA cores is 
shown in Supplementary Fig. S1. The suffixes #1 and #2 indicate the different 
multifocal tumors, whereas A and B indicate distinct cell clusters within the 
same single tumor. 
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ADM–CALCR, TGFB1–(ACVR1B+TGFBR2), and TGFB2–(ACVR1B+ 
TGFBR2). 

The “mesenteric” subtype showed distinct L–R pairs such as 
NRG1–ERBB3 (HER3), FGF7–FGFR1, CSF1–CSF1R, and SEMA3B– 
(NRP2+PLXNA2/3), and the “lymphatic” subtype showed CXCL12– 
CXCR4 and NAMPT–INSR. Among the L–R pairs with ligands 
originating from tumoral cells themselves, MDK–NCL commonly 
appeared in all the subtypes (Fig. 4B). Here again, L–R pairs of the 
“deep” subtype were commonly identified in the “mesenteric” and 
the “lymphatic” subtypes, but not in the “mucosal” subtype [NRG1– 
ERBB3 (HER3), MDK–SDC4, MDK–LRP1, FGF9–FGFR3, FGF9– 
FGFR1, and TGFB1–(ACVR1B+TGFBR2)]. The “mesenteric” sub-
type had distinct L–R pairs such as SEMA3B–(NRP1+PLXNA2) and 
SEMA3G–(NRP2+PLXNA2/3), and the “lymphatic” subtype had 
PDGFA–PDGFRB and WNT4/2B–(FZD8+LRP5/6). 

When L–R pair analysis specific to neural signaling was per-
formed, the L–R pairs with ligands originating from nontumoral 
cells, SST–SSTR1/2, commonly appeared in all the subtypes 
(Fig. 4C). NRXN1/3–NLGN2 was most commonly identified in the 
“mesenteric,” “lymphatic,” and “deep” subtypes, but not in the 

“mucosal” subtype. Among the L–R pairs with ligands originating 
from tumoral cells themselves, GJD2–GJD2 commonly appeared in 
all the subtypes (Fig. 4D). 5HT (serotonin)–HTR1D was most 
commonly identified in the “mesenteric,” “lymphatic,” and “deep” 
subtypes, but not in the “mucosal” subtype (Fig. 4D; Supplementary 
Table S7). 

To validate the expression of potential therapeutic targets, 
HTR1D, MDK, GJD2, and NCL in NETs of other origins and to 
assess the association of WNT4 and CXCR4 expression with me-
tastasis, a publicly available dataset was analyzed (Fig. 4E and F). 
HTR1D expression was distinctively high in SI-NET. MDK and 
GJD2 showed relatively higher expression in rectal NETs, whereas 
NCL expression was consistent across tumor origins (Fig. 4E). 
WNT4 expression was high in metastatic lesions in SI-NET but 
remained low in liver metastases from pancreatic NETs. CXCR4 
expression was high in lymph node metastases from either SI-NETs 
or rectal NETs (Fig. 4F). 

Expression patterns of ligand genes originating from nontumoral 
cells, as identified in our dataset, were further examined using ex-
ternal reference datasets (Supplementary Fig. S5). In our data, PTN 
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Figure 2. 
Shared and distinct gene signature profiles of 
tumor cells. A, UMAPs showing transcriptionally 
distinct tumor cell subtypes. B, UMAPs based 
on the integrated dataset from patients 1–4. 
C, Network plots of significantly enriched gene 
sets shared across patients by subtype. Red 
bubbles indicate upregulated gene sets; blue 
bubbles indicate downregulated gene sets. 
Bubble size corresponds to the number of de-
tected genes per set in patient 1 (“mucosal,” 
“deep,” and “mesenteric”) and patient 4 
(“lymphatic”). The names of the top 10 gene 
sets with the lowest adjusted P value are 
shown. The full list of the enriched gene sets is 
provided in Supplementary Table S5. 
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expression was the highest in the mp, although its median level in 
the bulk small intestine was approximately 30-fold lower than in the 
brain cortex, according to external datasets. Similarly, CXCL12 ex-
pression was elevated outside the m in our data, but its median level 
in the bulk small intestine was about 3.4-fold lower than in the 
visceral adipose tissue of the omentum. 

Serotonin-related heterogeneity and its clinical implications 
in SI-NETs 

To validate the transcriptional heterogeneity of tumoral cell 
subtypes, especially related to lower serotonin-related expression in 
the “mucosal” subtype, we analyzed two external single-cell RNA- 
seq datasets of SI-NET cells. In both datasets, heterogeneity of TPH1 
expression was observed, and the subset with low TPH1 expression 
in one dataset exhibited transcriptional features resembling the 
“mucosal” subtype, characterized by downregulation of signal 
transportation, along with upregulation of oxidative phosphoryla-
tion and cell cycling (Supplementary Fig. S6A and B). Pathway- 
based expression visualization showed that both the low TPH1 cells 
in the external datasets and “mucosal” tumor cells in our dataset 
exhibited reduced expression of serotonin biosynthetic genes and 
downregulated Gi/o and MAPK signaling, potential downstream 
pathways of serotonin receptor HTR1D (Supplementary Fig. S6C). 

For orthogonal validation of the heterogeneity of tumoral cells 
about serotonin-related characteristics at the protein expression 
level, IHC analysis was performed. First, HTR1D staining on our 
TMA slides confirmed lower HTR1D protein expression in the 
“mucosal” subtype compared with submucosal tumor cells 
(Fig. 5A–D; Supplementary Fig. S7). 

Next, we performed serotonin–HTR1D–pMAPK triple IF on our 
TMA slides. For nontumor tissues, serotonin, HTR1D, and pMAPK 
fluorescence was detected in cells consistent with serotonin- 
secreting enterochromaffin cells located in the small intestinal epi-
thelium [Fig. 5E (top)]. Serotonin expression was also detected in 
the myenteric plexus and mesenteric nerve near tumor cells 
(Fig. 5F). In contrast, only pMAPK fluorescence was observed in 
cells consistent with endothelial cells, and no serotonin or HTR1D 
expression was detected [Fig. 5E (bottom)]. 

Across the four tumor subtypes, “mucosal” tumor cells exhibited 
lower mean fluorescence intensities for serotonin, HTR1D, and 
pMAPK than other tumor subtypes, whereas “mesenteric” tumor 
cells showed higher serotonin and HTR1D intensities than other 
tumor subtypes (Fig. 5F and G; Supplementary Table S8). Corre-
lation analysis showed that serotonin and HTR1D fluorescence in-
tensities were positively associated with pMAPK intensity in tumor 
cells and enterochromaffin cells (tumor serotonin–pMAPK: R2 0.39, 
P value < 2.2e�16; enterochromaffin serotonin–pMAPK: R2 0.65, 
P value ¼ 0.0018; tumor HTR1D–pMAPK: R2 0.66, P value < 2.2e�16; 
enterochromaffin HTR1D–pMAPK: R2 0.67, P value ¼ 0.0012), 
whereas no such correlation was observed in endothelial cells (seroto-
nin–pMAPK: R2 0.017, P value ¼ 0.23; HTR1D–pMAPK: R2 0.024, 
P value ¼ 0.20; Supplementary Fig. S8). 

To validate these findings, an additional IF analysis was per-
formed using a separate set of 35 SI-NET specimens, including liver 
metastases (Fig. 5H; Supplementary Fig. S9; Supplementary Tables 
S8 and S9). This analysis confirmed lower mean fluorescence in-
tensities for serotonin and HTR1D in “mucosal” tumor cells and 
higher serotonin and HTR1D intensities in “mesenteric” tumor 
cells. Liver metastatic tumor cells exhibited lower fluorescence in-
tensities for serotonin, HTR1D, and pMAPK. Notably, heteroge-
neous serotonin expressions were observed among tumor cells 

within each tumor subtype, with particularly elevated levels in tu-
mor cells located adjacent to mesenteric nerves or at the invasive 
front (Fig. 5F and I). In addition, mesenteric nerves adjacent to 
tumor cells, identified in six specimens, exhibited higher serotonin 
expression than those located distant from tumor cells (Fig. 5I; 
Supplementary Table S8). 

Based on the upregulated serotonin and HTR1D expression in 
“mesenteric” tumor cells and nerves adjacent to tumor cells, we hy-
pothesized that higher serotonin activity in patients may contribute to 
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Figure 3. 
Elevated proliferative fraction in the “mucosal” tumor cells. A, Inferred pro-
liferative states by subtypes based on transcriptional data. B, IHC confirms an 
increased fraction of Ki-67–positive tumor cells in the “mucosal” subtype (top 
left). The panels to the left show representative images from patient 1 (tumor 
#1, m, top panel; tumor #2, sm, bottom). Red arrows indicate Ki-67–positive 
tumoral cells. The panel to the right displays a box plot quantifying the per-
centage of Ki-67–positive tumor cells across anatomic locations in the four 
patients. Wilcoxon rank-sum test with Bonferroni correction. 
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mesenteric metastasis progression. In a retrospective cohort analysis of 
169 patients with SI-NET, the use of serotonin-activating drugs, SSRIs or 
SNRIs, was associated with a higher frequency of mesenteric metastases 
[97% vs. 75%; OR, 9.7; 95% confidence interval (CI), 1.5–409; 
P ¼ 0.0061], but not with the presence of distant metastasis (50% vs. 58%; 
OR, 0.72; 95% CI, 0.30–1.7; P ¼ 0.42; Fig. 5J; Supplementary Table S9). 

Discussion 
Based on spatial transcriptomics data, this study of multifocal SI- 

NETs classified tumor cell subtypes into four categories: “mucosal,” 

“mesenteric,” “lymphatic,” and “deep.” Each category exhibited 
distinct gene expression profiles and a unique hierarchy of L–R pair 
interactions (Fig. 6). 

The “mucosal” subtype demonstrated the most consistent gene 
expression profile both across geographically separate tps within a 
patient and across different patients. Its enrichment of upregulated 
gene sets related to actin filament organization and oxidative 
phosphorylation implies increased proliferation, supported by a 
higher proportion of cycling cells. In contrast, downregulated 
pathways involving vesicle transport and Golgi-mediated secretion 
may reflect its impaired secretory ability. L–R pair analysis revealed 
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Figure 4. 
Ranked shared and significant L–R 
pairs by tumor subtypes across 
patients. A–D, L–R pairs are ranked 
in descending order based on 
mean relative contribution ratios 
within each tumor subtype. The 
mean relative contribution ratios of 
the enriched gene sets are pro-
vided in Supplementary Table S6. 
A and B, Detected using CellChat, 
showing only those commonly de-
tected in all patients. C and 
D, Detected using NeuronChat. Li-
gands in A and C originate from 
nontumoral cells. Ligands in B and 
D originate from tumoral cells. 
E and F, Box plots of gene ex-
pression from GSE98894 with (E) 
expression by tumor origin and (F) 
expression by tumor origin and 
subtype. 
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Figure 5. 
IHC and IF of serotonin and the serotonin receptor HTR1D. A–C, Representative data from patient 4, tps #1 and #3. A, Inferred TPH1–HTR1D signaling 
strength visualized using NICHES overlaid on Visium H&E images. B, Corresponding IHC images showing heterogeneous HTR1D protein expression. 
C, Quantification of HTR1D-positive tumor cells, overlaid in each sample (red: positive; blue: negative), with the percentage of positive cells indicated. 
D, Box plots showing the percentage of HTR1D-positive tumor cells across anatomic locations. Wilcoxon rank-sum test with Bonferroni correction. E and 
F, Serotonin–HTR1D–pMAPK triple IF images. E, Nontumoral regions: crypt level of the m (top) and putative lymphatic ducts in the sm (bottom). 
F, Tumoral regions: mucosal and submucosal tp cells from patient 4 (first row), tp cells invading the mp from patient 2 (second row), mesenteric tumor 
cells adjacent to nerves from patient 1 (third row), and lymphatic tumor cells from patient 3 (fourth row). G and H, Box plots and violin plots showing the 
background-corrected fluorescence intensities of the cells. G, Data derived from the four patients included in the spatial transcriptomics cohort. H, Data 
derived from the additional 35 specimens. I, Representative H&E images and IF images of nerves adjacent to or distant from tumor cells (left). Nerves 
are outlined with yellow dashed lines. Box plots and violin plots showing the background-corrected fluorescent intensities of nerve cells identified in six 
specimens (right). J, Bar plots showing the higher frequency of mesenteric metastases progression in patients who had used SSRIs or SNRIs. Fisher’s 
exact test. 
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that the “mucosal” subtype shared few L–R pairs with the other 
subtypes and lacked subtype-specific L–R interactions. Well- 
established microenvironment-to-tumor L–R pairs such as PTN– 
SDC4, SEMA3C–(NRP1+NRP2), and GUCA2A–GUCY2C were not 
enriched in the “mucosal” group, potentially indicating a reduced 
reliance on microenvironmental feedback (25–27). Additionally, 
“mucosal” tumors exhibited lower 5HT–HTR1D interactions, vali-
dated by heterogeneous HTR1D protein expression, despite SI- 
NET’s characteristic serotonin production (5). These findings sug-
gest that the “mucosal” subtype may represent a cell-autonomous, 
metabolically active phenotype with limited microenvironmental 
dependency. 

The “mesenteric” subtype exhibited upregulated gene sets asso-
ciated with transcription factor activation and neuronal signaling 
and downregulation of apoptotic signaling. Correspondingly, it 
exhibited L–R interactions such as NRG1–ERBB3 (HER3), FGF7– 
FGFR1, and CSF1–CSF1R, which are involved in growth factor– 
mediated survival, migration, and neuronal signaling (28–31). 
Moreover, neuronally relevant L–R pairs, such as NRXN1/3–NLGN2 
and 5HT–HTR1D, were enriched, consistent with our sampling of 
perineural invasive sites, which likely contributed to the observed 
L–R pairs. These results suggest a signaling-responsive and 
apoptosis-resistant tumor phenotype for the “mesenteric” subtype. 

The “lymphatic” subtype showed consistent downregulation in 
pathways linked to hormonal signaling, cell adhesion, and ECM 
interactions, suggesting a low-adhesion, migratory phenotype. The 
presence of L–R pairs such as CXCL12–CXCR4 supports a che-
motactic migratory program, frequently implicated in lymphatic 
spread and distant metastasis in NET and other cancers, and 
CXCR4 has already been tested in a clinical trial for pulmonary 
neuroendocrine cancer (32–37). Additionally, the elevated expres-
sion of CXCL12 in the sm and mp in our datasets and notably in 
visceral adipose tissue of the omentum in external datasets may 
indicate a directed migration of tumor cells toward these regions. 
The presence of WNT4/2B–(FZD8+LRP5/6) may indicate an auto-
crine signaling mechanism of tumor microenvironmental factors 
that contribute to epithelial–mesenchymal transition (EMT), loos-
ening cell adhesion (38). 

The “deep” subtype, with tumor cells located within the sm, mp, 
and subserosa, was enriched for ECM-related and stromal interac-
tion gene sets, consistent with a fibroblast-enriched microenviron-
ment in these regions. Previous studies show cross-talk between 
tumoral cells and fibroblasts (39). It shared multiple L–R path-
ways with the “mesenteric” and “lymphatic” subtypes, including 
SEMA3C–PLXND1 and FGF9–FGFR3, all of which have 

established roles in tumor invasion, angiogenesis, and EMT-like 
behavior (40, 41). 

Across the four subtypes, common tumor-extrinsic L–R pairs 
like SST–SSTR1/2 and PTN–NCL or tumor-intrinsic L–R pairs 
like MDK–NCL and GJD2–GJD2 may play a fundamental role in 
their baseline homeostasis or tumoral initiation. The therapeutic 
effect of inhibiting SSTR in SI-NET is already validated by 
clinical SSA use, resulting in hormonal control, antiproliferative 
effect, and prolonged prognosis (6, 8). In our L–R pair analysis, 
although SST–SSTR1 appeared commonly across all the sub-
types, SST–SSTR2 was restricted to the “deep” and “lymphatic” 
subtypes. This differential L–R pair profile may support the 
clinical rationale for SSA selection: in SI-NETs that are resistant 
to standard SSAs such as octreotide and lanreotide, which pri-
marily target SSTR2 and SSTR5, newer multitargeted SSAs like 
pasireotide, with high affinity for SSTR1, may be an alternative 
therapeutic strategy (42). 

PTN–NCL signaling represents a significant microenvironment– 
tumor communication pathway that affects cancer progression 
across multiple tumor types (26, 43, 44). It plays a role in the de-
velopment and progression of prostate NET and the metastatic 
potential of pancreatic NET (45, 46). A recent single-cell study of 
the human nontumoral small intestine highlights PTN–NCL in-
volvement with T-cell signaling (47). MDK is a heparin-binding 
growth factor that has emerged as a key player in tumor cell com-
munication. MDK–NCL has been identified as highly enriched in 
tumor–tumor cell communication in several cancers, functioning 
via an autocrine signaling mechanism (48, 49). GJD2 encodes 
connexin-36, a gap junction protein that forms channels between 
adjacent cells, and is associated with chemotherapy resistance and 
regulation of apoptosis (50). Moreover, NCL, MDK, and GJD2 were 
consistently expressed across other gastrointestinal/pancreatic 
NETs, suggesting potential shared functions and therapeutic targets. 

In contrast, HTR1D expression was distinctively high in SI-NETs, 
aligning with their autonomous secretion of serotonin, a neuro-
transmitter and hormone for which HTR1D encodes a receptor (5). 
HTR1D is also upregulated in hepatocellular, gastric, and colorectal 
cancers, in which it promotes tumor growth, migration, and treat-
ment resistance through pathways, such as PI3K/Akt and Wnt/ 
β-catenin (51–53). Notably, “mucosal” tumor cells exhibited a lower 
fraction of HTR1D expression, potentially shaping their biological 
characteristics. To our knowledge, this is the first study to com-
prehensively assess the possible contribution of each serotonin re-
ceptor subtype in SI-NETs using a database of 17 genes producing 
14 serotonin receptor subtypes (HTR1A, HTR1B, HTR1D, HTR1E, 

“Mucosal”“Mucosal” “Deep”
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“Mesenteric”
“Mesenteric”

“Lymphatic”
“Lymphatic”

-Consistent profile across geographically
separate multifocal primary tumors and
across different patients

-Upregulated actin filament organization
and oxidative phosphorylation

-Downregulated vesicle transport and

limited L−R pairs
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muscularis propria, and subserosa

-Upregulated ECM-related and
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-SEMA3C−PLXND1, FGF9−FGFR3,
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Figure 6. 
Spatial cell subtype diversity and signaling 
networks in multifocal SI-NET. Summary of 
key findings in the current study. 
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HTR1F, HTR2A, HTR2B, HTR2C, HTR3A, HTR3B, HTR3C, 
HTR3D, HTR3E, HTR4, HTR5A, HTR6, and HTR7). 

The “mucosal” subtype is characterized by lower mean TPH1 and 
serotonin expression, as supported by IF analysis and partially by 
external single-cell RNA-seq datasets. However, IF analysis revealed 
intrasubtype heterogeneity in serotonin expression, and low sero-
tonin expression was also detected in subsets of tumor cells from 
other subtypes. Therefore, low TPH1 or serotonin expression alone 
is insufficient as a definitive marker for the “mucosal-like” subtype. 

In contrast, enhanced serotonin activation may support tumor 
formation in mesenteric metastatic microenvironments, as sug-
gested by our clinical cohort analysis. Our spatial transcriptomics 
and IF analysis indicated that “mesenteric” tumor cells were the 
most responsive to neuronal signaling, characterized by upregulated 
gene sets related to synapse organization, as well as the highest levels 
of serotonin production and HTR1D expression among the tumor 
subtypes. Moreover, IF analysis revealed that mesenteric nerves 
surrounded by tumor cells exhibited higher serotonin expression 
than those located distant from tumor cells. Similarly, in pancreatic 
cancer, nerves invaded by cancer cells are associated with a differ-
ence in the production of neurotransmitters, suggesting neural 
remodeling by cancer cells (54). Given that the enteric nervous 
system is highly responsive to serotonin signaling (55), tumor cells 
may engage in bidirectional cross-talk with adjacent mesenteric 
neural cells, leading to neural remodeling. Alternatively, tumor cells 
may preferentially migrate along serotonin-active nerves, reflecting 
selective tropism via the identified L–R pair signaling pathways. 

HTR1B/D signaling has been reported to promote proliferation 
in vascular smooth muscle cells via MAPK/ERK signaling (56). 
Consistent with this, our pathway analysis and IF correlation 
analysis suggested an association between serotonin or HTR1D 
expression and MAPK/ERK activation in tumor cells. However, this 
correlation was modest in “mucosal” and “deep” tumor cells and 
weak in liver metastatic cells, indicating that other pathways likely 
contribute to the regulation of MAPK/ERK signaling in these cells. 
Moreover, other downstream pathways of HTR1D signaling, such as 
canonical Gi/o signaling and PI3K/Akt or Wnt/β-catenin pathways, 
may also contribute to subtype-specific phenotypic properties. 
Nevertheless, increased serotonin-related activation via HTR1D 
may serve as a potential biomarker of enhanced regional invasion or 
mesenteric metastatic potential and as a therapeutic target in SI- 
NETs. 

Previous studies mainly focused on intertumoral heterogeneity; 
however, the present study highlights intratumoral heterogeneity in 
SI-NETs. As enterochromaffin cells in the m are considered po-
tential cells of origin for NETs, the distinct and shared character-
istics of “mucosal” tumor cells across geographically separate 
tumors, such as enhanced metabolic and proliferative activity and 
reduced microenvironmental dependency, may provide key insights 
into their tumor development (57). 

This study has several limitations. First, the sample size of the 
spatial transcriptomics analysis was relatively small, and all included 
tumors had low Ki-67 indices (<2%, 0.5%, 0.9%, and 3.3%). Al-
though this allowed for a deep investigation of these well- 
differentiated SI-NETs, the limited cohort may restrict the gener-
alizability of the findings. To mitigate this, we validated key results 
using external datasets and additional patient cohorts, which pro-
vided support for the robustness and broader relevance of our 
observations. 

Second, the use of FFPE tissue may present challenges due to 
RNA degradation. Although DV200 values were assessed to ensure 

RNA quality, transcriptomic coverage may be biased toward more 
stable transcripts, potentially affecting the sensitivity of differential 
expression and downstream analyses. Third, the resolution of the 
Visium platform was at the level of 55 µm, and SI-NET tumor cells 
generally measure about 10 to 20 µm in diameter and, therefore, are 
not at the precision of single cells. Although quality control and 
deconvolution methods were applied to select representative 
tumoral and nontumoral spots, cellular mixtures within each spot 
could still confound cell subtype classification and L–R inference. 

Fourth, although L–R analyses and ORA provide valuable in-
sights into potential signaling interactions and enriched pathways, 
these inferences remain exploratory and require further functional 
validation. Importantly, the L–R analysis did not account for po-
tential somatic mutations or posttranscriptional modifications in 
receptor genes that may alter receptor functionality. As such, the 
actual biological activity of predicted L–R interactions may differ 
from transcriptomic predictions. However, several well-known L–R 
pairs in SI-NETs, such as CXCL12–CXCR4 and SST–SSTR1/2, were 
confirmed by our analysis. Moreover, our comprehensive analysis 
identified HTR1D as the predominant receptor for serotonin in SI- 
NETs, providing new insights into this important auto/paracrine 
signaling pathway. 

Fifth, the spatial transcriptomic data were not integrated with 
other omics data like genomics, proteomics, metabolomics, or 
single-cell RNA-seq. However, we partially mitigated this limitation 
by validating protein expression of key genes using IHC, providing 
additional support at the protein level. Finally, although we iden-
tified subtype-specific patterns associated with tumor cell location 
and proposed potential tumor-priming or enhancing factors, the 
cross-sectional nature of this study limits the ability to infer cau-
sality in tumor development. Future longitudinal or functional 
studies will be necessary to validate our results. 

Conclusion 
Through the integration of transcriptional profiling and signaling 

network analysis, this study implies distinct biological programs 
associated with location-specific cell subtypes in multifocal SI-NETs. 
Although further validation is needed, these findings offer valuable 
insights into the mechanisms behind the spatial dynamics of the 
tumor, potentially guiding subtype-specific diagnostic and thera-
peutic strategies. 

Data Availability 
The 10x Visium spatial transcriptomics data generated in this study are avail-

able from the NCBI GEO database under accession number GSE301265 (https:// 
www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc¼GSE301265). The code used for 
data analysis is available on GitHub: https://github.com/yogo-akitada/SINET. 
spatial. 

Authors’ Disclosures 
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et al. Comprehensive molecular portrait reveals genetic diversity and distinct 
molecular subtypes of small intestinal neuroendocrine tumors. Nat Commun 
2025;16:2197. 

11. Somech E, Halder D, Spitzer A, Barbolin C, Tyler M, Halperin R, et al. Sub-
types and proliferation patterns of small intestine neuroendocrine tumors 
revealed by single-cell RNA sequencing. Elife 2025;13:RP101153. 

12. Alvarez MJ, Subramaniam PS, Tang LH, Grunn A, Aburi M, Rieckhof G, et al. 
A precision oncology approach to the pharmacological targeting of mecha-
nistic dependencies in neuroendocrine tumors. Nat Genet 2018;50:979–89. 

13. GTEx Consortium. The GTEx Consortium atlas of genetic regulatory effects 
across human tissues. Science 2020;369:1318–30. 

14. Gorji-Bahri G, Moradtabrizi N, Vakhshiteh F, Hashemi A. Validation of 
common reference genes stability in exosomal mRNA-isolated from liver and 
breast cancer cell lines. Cell Biol Int 2021;45:1098–110. 

15. Wen X, Yang G, Dong Y, Luo L, Cao B, Mengesha BA, et al. Selection and 
validation of reference genes for pan-cancer in platelets based on RNA- 
sequence data. Front Genet 2022;13:913886. 

16. Yu G, Wang LG, Han Y, He QY. clusterProfiler: an R package for comparing 
biological themes among gene clusters. OMICS 2012;16:284–7. 
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