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ABSTRACT Seeking to assess the representative and instructive value of an engineered

mouse model of pancreatic neuroendocrine tumors (PanNET) for its cognate
human cancer, we profiled and compared mRNA and miRNA transcriptomes of tumors from both.
Mouse PanNET tumors could be classified into two distinctive subtypes, well-differentiated islet/
insulinoma tumors (IT) and poorly differentiated tumors associated with liver metastases, dubbed
metastasis-like primary (MLP). Human PanNETs were independently classified into these same two
subtypes, along with a third, specific gene mutation-enriched subtype. The MLP subtypes in human
and mouse were similar to liver metastases in terms of miRNA and mRNA transcriptome profiles and
signature genes. The human/mouse MLP subtypes also similarly expressed genes known to regulate
early pancreas development, whereas the IT subtypes expressed genes characteristic of mature
islet cells, suggesting different tumorigenesis pathways. In addition, these subtypes exhibit distinct
metabolic profiles marked by differential pyruvate metabolism, substantiating the significance of
their separate identities.

SIGNIFICANCE: This study involves a comprehensive cross-species integrated analysis of multi-omics
profiles and histology to stratify PanNETs into subtypes with distinctive characteristics. We provide
support for the RIP1-TAG2 mouse model as representative of its cognate human cancer with prospects
to better understand PanNET heterogeneity and consider future applications of personalized cancer

therapy. Cancer Discov; 5(12); 1296-313. ©2015 AACR.

INTRODUCTION

Genetically engineered mouse models of human cancer
have fueled progress in understanding mechanisms of tumor
development and progression in different organs, induced
by various driving oncogenes and/or loss of tumor suppres-
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sors (1). Among these, the RIP1-TAG2 (RT2) mouse model,
in which pancreatic neuroendocrine tumors (PanNET) are
induced by expression of the SV40 T-antigen oncogenes in
insulin-producing islet B cells (2, 3), has proved a valuable
prototype for studying the stepwise progression of multistage
tumorigenesis. For example, this model has revealed the
angiogenic switch (4), the importance of attenuating apop-
tosis (5), and the determinants of progression to an invasive
growth phenotype (6-9). The RT2 model has also proved to
be tractable for preclinical trials of targeted therapies. For
example, preclinical trials of angiogenesis inhibitors target-
ing the VEGF signaling pathway (10-15) predicted efficacy
and incentivized clinical trials (16) that led to the approval of
sunitinib for treating human PanNET. These results notwith-
standing, a persistent question concerns the extent to which
these tumors, induced by a viral oncogene that abrogates the
p53 and RB tumor suppressors, represent human PanNET.
This study has sought to address the question via inde-
pendent profiling followed by comparative analysis (cross-
filtering) of the mRNA and miRNA transcriptomes of tumors
from the mouse model and from human patients.

Human PanNET can be categorized based on the World
Health Organization (WHO)’s classification into compara-
tively benign, well-differentiated neuroendocrine tumors
(WD-NET, also known as NET Grade G1, with 0% to 2% Ki67
cellular proliferation marker-based immunolabeling, or G2,
with 3% to 20% Ki67 labeling) that can be functional or non-
functional, secreting in the former case insulin (insulinoma)
or other islet cell hormones. Aggressive, poorly differentiated
neuroendocrine carcinomas (PD-NEC or NEC G3, with >20%
Ki67 labeling), on the other hand, are mostly nonfunctional
and are defined by loss or marked downregulation of the
islet cell hormone genes that define their origins (17-21).
However, it is increasingly being recognized that not all G3
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neuroendocrine neoplasms are poorly differentiated. In fact,
a proportion of G3 aggressive tumors display well-differenti-
ated morphology (22).

Although the majority of the PanNETs are sporadic, a
certain fraction represents familial hereditary disease that
results from inactivating mutations in the multiple endo-
crine neoplasia type 1 (MEN1) gene (23, 24). Notably, exome
sequencing of human PanNET has confirmed somatic inac-
tivation of MENI in about 40% of cases and revealed a
spectrum of somatic mutations in genes associated with
chromatin remodeling (DAXX, encoding death-domain-
associated protein, and ATRX, encoding o-thalassemia/
mental retardation syndrome X-linked protein) and in nega-
tive regulators of the PI3K-mTOR pathway (TSC2, encoding
tuberous sclerosis 2 protein, and PTEN, encoding a lipid
phosphatase that modulates PI3K signaling; refs. 23, 24).
However, these tumor genome analyses have not provided
clarity into the underlying determinants that correspond
to the varying degrees of malignancy observed in human
PanNET.

The RT2 model develops PanNETs of varying malig-
nancy, including both adenomatous (encapsulated tumors
with well-defined margins and less invasion into surround-
ing exocrine pancreas) islet/insulinoma tumors (IT) and
invasive carcinomas (IC2), the latter being defined in part
by loss of E-cadherin expression (6) and desmosomes (25).
Expression of the SV40 large T-antigen hybrid oncogene in
the approximately 400 pancreatic islets elicits a highly syn-
chronous tumorigenesis pathway: Hyperplastic/dysplastic
islets begin arising at 3 weeks of age, of which about 25%
switch on angiogenesis by 6 to 9 weeks, followed by the
formation of PanNET; at end stage of 14 to 16 weeks,
every mouse has 2 to 10 solid tumors (2, 3). This synchro-
nicity might have predicted homogeneity in histologic
and genetic phenotypes, in contrast with the bona fide
human cancer. Interestingly, however, there is evidence for
genetic and phenotypic heterogeneity. First, genome profil-
ing by array comparative genomic hybridization (CGH) has
revealed that developing PanNETs in this model acquire a
range of chromosomal aberrations (26, 27). Second, profil-
ing of the miRNA transcriptome during the stereotypical
stages of tumorigenesis in this pathway revealed, in addi-
tion to stepwise changes in miRNA expression during pro-
gression, the existence of two distinctive tumor subtypes,
defined by markedly distinct miRNA signatures. The major-
ity of tumors profiled fell into a class that was similar to the
earlier tumor development stages (hyperplastic/dysplastic
islets and angiogenic islets) and were designated as canoni-
cal IT. The remaining primary tumors clustered together
with a very distinct miRNA profile and had clear similar-
ity to a small sample set of liver metastases. This latter
set, defined by its miRNA signature as a distinct subtype,
was dubbed “metastasis-like primary” [or met-like primary
(MLP); ref. 28]. Herein, we establish the existence of human
miRNA PanNET subtypes that resemble those seen in
mouse by characterizing the human and mouse PanNET
transcriptomes. We further use this information to define
associated phenotypic characteristics that are suggestive of
differing metabolism and distinct cellular phenotypes or
tumorigenesis pathways of PanNETs.

RESULTS

miRNA Profiling of Human PanNET Reveals
Distinctive Molecular Subtypes Similar
to Mouse PanNET

Given the identification of PanNET subtypes in the mouse
model by miRNA profiling (28), we began by similarly analyz-
ing miRNA profiles from 40 human PanNETs, including liver
or lymph node (LN) metastases, designated as our core clini-
cal miRNA dataset (from a previous report; ref. 29). We chose
88 variable miRNAs that have SD greater than 0.5 across sam-
ples and asked whether the tumors could be clustered into
distinctive subtypes using the consensus clustering-based
non-negative matrix factorization (NMF) method (30), as
we have described previously (31-32). The human PanNETs
clustered into three distinct subsets with an NMF-based
cophenetic coefficient (cc)—indicative of a robust number
of clusters (Supplementary Fig. S1A)—being highest for k =
3. These clusters were named miR-cluster-1, miR-cluster-2,
and miR-cluster-3. To identify subtype-specific miRNA sig-
natures, we performed Significance Analysis of Microarrays
(SAM,; ref. 33), as described in our previous publications (31,
32). We identified a 30-miRNA signature (PanNETassigner-
miR) that was differentially expressed across the three sub-
types (Fig. 1A; Supplementary Table S1A). The three miRNA
PanNET subtypes were subsequently validated with an inde-
pendent human PanNET miRNA profiling dataset (n = 50;
miRNA validation dataset), applying the PanNETassigner-
miR signatures and NMF analysis (Supplementary Fig. S1B
and S1C and Supplementary Table S1B).

Next, we cross-filtered the mouse and human miRNA pro-
files to assess possible similarities between the two miRNA
subtypes seen in the mouse (28) and the three miRNA clus-
ters found in human PanNET. We performed this analysis
by mapping the mouse MLP signature miRNAs from Olson
and colleagues (28) onto the human PanNET data. Indeed,
eight mouse MLP- and metastases-specific miRNAs (miR-
137, -132, -181a2, -181al, -23b, -27b, -24-1, and -24-2) were
highly expressed in the majority of the samples in miR-
cluster-1 and -2. Among these eight miRNAs, miR-137, the
most highly enriched miRNA in the mouse MLP subtype,
was highly expressed in the human miR-cluster-2 (Fig. 1B).
Given the implication that the mouse model was in fact reca-
pitulating some of the heterogeneity seen in human disease,
according to this metric, we went on to profile the mRNA
transcriptomes of both human and mouse PanNETs, as well
as the premalignant stages in the mouse model.

mRNA Profiling Confirms the Existence of
Molecular Subtypes in Human PanNET

Human mRNA transcriptomes (1 = 86; a core clinical gene
expression dataset that primarily included nonfunctional
PanNETs, insulinomas, and normal pancreatic islet samples)
obtained from a previous study (34) were analyzed using
NMF consensus clustering analysis. This dataset includes
four normal islets, seven liver and lymph node metastases,
and 75 primary tumors with or without associated metasta-
sis. This dataset was analyzed after selecting variable genes
that were defined to have SD > 0.8, which revealed five clus-
ters of PanNET (cc highest for k = 5;Fig. 2A; Supplementary
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Figure 1. miRNA expression subtypes in human PanNET and their similarity to mouse MLP PanNET. Heatmaps of human PanNET samples showing (A)
three miRNA expression subtypes as defined using NMF and (B) the expression of previously identified RT2 mouse MLP-specific miRNAs (from Olson and
colleagues; ref. 28) in the three human PanNET subtypes defined in A. In both cases, the columns represent individual human tumors. In A, the rows indicate
30 differentially expressed miRNAs from 40 samples. In the rainbow bar below the heatmap, red indicates elevated expression, blue decreased, and white no
change. (Supplementary Table S1A also lists the miRNAs in the same order as the columns in part A.) The miRNAs shown in A and Supplementary Table S1A
constitute a signature, designated as the “PanNETassigner-miR signature” (genes were selected using SAM analysis with a delta value, A=1.3 and a false

discovery rate, FDR < 0.05).

Fig. S2A; and Supplementary Table S1C). One of these clus-
ters consisted in large part (28%) of normal human islet sam-
ples and was therefore termed “normal islet-like.” This cluster
was not considered further as a tumor subtype in our current
study. Among the four other subtypes, the one termed “islet/
insulinoma tumors” consisted primarily of less-aggressive
insulinomas (n = 16) that expressed insulinoma-associated
genes, such as INS, JAPP, and INSM1. None of these tumors
from this subtype were associated with metastases.

Two of the other subtypes consisted primarily of samples
(n = 31) categorized as nonfunctional that were associated
(in more than 50% of primary tumor samples) with metas-
tasis. As such, we termed these groups MLP-1 and MLP-2
using nomenclature from our work classifying tumors
from the RT2 mouse model (28). In general, MLP-1 and
MLP-2 share signatures that are enriched for genes associ-
ated with fibroblasts/stroma, stem cells, and hypoxia (Fig.
2B; additional information about these genes is available in
Supplementary Table S1D). Although these subtypes have
subtle differences in their constitution (e.g., 45% of the
MLP-2 samples were from liver/LN metastases, in contrast
with only 5% of the MLP-1 subtype samples; Fig. 2A), on
the whole, there were more similarities than differences.
As such, MLP-1 and MLP-2 were subsequently considered
as a single MLP PanNET subtype, thereby reducing the
total number of human PanNET transcriptome subtypes
to three. Three primary PanNETs with functional symp-
toms of insulinoma, gastrinoma, and Cushing’s syndrome

[secretes ectopic adrenocorticotropic hormone (ACTH)]
were classified as MLP-1 and MLP-2, respectively. These
tumors were metastatic and hence probably denote that
rarely functional PanNETs with malignant phenotype can
be classified into the MLP subtype. The third distinctive
subtype was predominantly composed of nonfunctional
PanNETs (n = 25), of which approximately 16% of primary
tumors were associated with distant metastasis (Fig. 2A).
In addition, this subtype shared many genes with the IT
subtype while also being moderately associated with metas-
tasis. As such, it was provisionally named the “intermediate
subtype.”

To validate the robustness of these aforementioned sub-
types in other PanNET datasets, we derived gene signatures
(PanNETassigner-mRNA; 221 genes) specific to each of the
subtypes using SAM (Fig. 2A; Supplementary Table S1C). We
then used another PanNET dataset (n = 29; gene expression
validation dataset) and mapped the PanNETassigner-mRNA
signatures onto the new dataset and performed NMF analysis
(Supplementary Fig. S2B and S2C and Supplementary Table
S1E). Concordantly, in this validation dataset, we observed all
five (including normal-like and two MLP) mRNA expression
subtypes.

Comparison of miRNA and mRNA Subtypes
in Human PanNET

Next, we sought to associate the human PanNET mRNA
and miRNA transcriptome subtypes using the matched
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Figure 2. Gene expression subtypes and cross-species analysis of human and mouse PanNETs. A, heatmap of human PanNET samples show-
ing subtypes defined by gene expression differences, and the association of these subtypes with distant metastasis and clinical syndrome. The

subtypes are defined by sets of genes—signatures—that are listed in the same order in Supplementary Table S1C and labeled as “PanNETassigner-
mRNA signatures” (genes were selected using SAM analysis with A=11.1 and FDR < 0.05). ACTH represents ectopic adrenocorticotropic hormone-
secreting tumor. B, the heatmap shows genes (listed in Supplementary Table S1D) that were commonly expressed/repressed in human MLP-1 and
MLP-2 subtypes and inversely expressed in tumors of the other two subtypes (genes were selected using SAM analysis with A=1.7 and FDR <

0.05). C, enrichment of miRNA subtype samples in gene expression subtype samples was assessed using the hypergeometric test (red represents a
significant enrichment of samples between miRNA and gene expression subtypes with FDR < 0.05). D, a bar plot displays the total number of miRNA
subtype samples in each gene expression subtype. E and F, heatmaps of RT2 mouse PanNET samples showing gene expression profile differences.

E, the distinct stages of tumorigenesis in the RT2 mouse model are shown, including IT, MLP, and liver metastasis (mets) samples. Genes (908 genes
selected with SD > 0.8, and highest variable probe across samples in the cases where multiple probes per gene were present) and samples are listed
in the same order in Supplementary Table S1F. F, mRNAs that clearly delineate the two subtypes—IT and MLP—are shown. The rows indicate 394
differentially expressed genes (genes were selected using SAM analysis with A= 0.6 and FDR < 0.05) among the profiled genes of 10 samples. These
genes define “m-PanNETassigner-mRNA” signature, with the individual genes listed in the same order in Supplementary Table S1G. G, heatmap show-

ing cross-species analysis and association of human and mouse PanNET subtypes using ComBat-merged gene expression profiles of RT2 mouse
(n=10) and patient (n=72) PanNET samples. In all the heatmaps, the rows indicate differentially expressed genes (Supplementary Table S1H)
among the profiled gene expression data. In the rainbow bar beneath the heatmaps, red indicates elevated expression, blue decreased, and white no

change.

samples (n = 36) from the core clinical gene (mRNA) expres-
sion dataset and the miRNA dataset. Interestingly, each of
the three miRNA subtypes was significantly enriched in one
of the three mRNA transcriptome subtypes (Fig. 2C and D).
Tumors from miR-cluster-1 were significantly enriched in
the intermediate subtype; tumors from miR-cluster-2 were
enriched in the MLP-1 sub-subtype; and finally, miR-cluster-3
were enriched in the IT subtype (Fig. 2C and D). Due to low
sample size in the MLP-2 subtype, it is not significantly asso-
ciated with any of the miRNA subtypes. However, both of
the MLP-2 samples belong to miR-cluster-2 (Fig. 2D). Given
the regulatory nature of miRNA for mRNA, concordance
between miRNA and mRNA subtypes is not unexpected, but
serves to further validate the existence of distinct subtypes
of human PanNET.

Transcriptome Subtypes of Mouse PanNET
and Its Neoplastic Stages

Having established the existence of three human PanNET
subtypes, we next investigated the mRNA expression profiles
from the progressive stages of disease in RT2 mice, including
pools of normal (n = 3), hyperplastic/dysplastic (» = 3), and
angiogenic (n = 3) islets, as well as individual tumors (n = 10)
and liver macrometastases (mets; # = 3). As expected, hierarchi-
cal clustering (genes selected with SD > 0.8 across samples and
average linkage method applied) grouped these samples accord-
ing to the stage of disease progression, with all of the normal,
hyperplastic, and angiogenic islets grouped into one main
cluster, whereas tumors and mets grouped into a second main
cluster (Fig. 2E; Supplementary Table S1F). The tumor samples
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were further split into two distinct clusters, one of which shared
similarities with the metastasis samples. Based on our current
understanding, we expected these tumors to be the MLPs, with
the remaining tumors being ITs. In an effort to identify distin-
guishing characteristics between these mouse tumor subtypes,
we performed differential gene expression analysis using the
SAM analysis and identified 394 genes (m-PanNET-assigner-
mRNA) that were differentially expressed (Fig. 2F; Supplemen-
tary Table S1G). These data indicate that both human PanNET
and RT2 tumors can be classified into distinct subtypes based
on their miRNA or mRNA expression profiles.

Cross-Species Analysis of Human
and Mouse PanNET

Next, we sought to further investigate the similarities
between the mouse and human PanNET subtypes, this time
at the mRNA level. To this end, we first compared mRNA
expression profiles of the distinct subtypes of human Pan-
NET and RT2 tumors. Human PanNET mRNA expression
profiles from the MLP, IT, and intermediate subtypes and
mouse PanNET mRNA expression profiles from the MLP
and IT subtypes were combined and analyzed using two dif-
ferent batch correction methods after selecting those genes
that had an SD > 0.8 from each dataset. First, we applied the
ComBat (“combatting batch effects when combining batches
of gene expression microarray data”) method (35) directly to
the SD-selected datasets to remove batch effects, followed by
hierarchical clustering. Second, we applied distance weighted
discrimination (DWD; ref. 36) analysis after normalizing the
data (described in the Methods section below), followed by
hierarchical clustering to validate the results from ComBat.
Both of these analyses revealed that the majority of mouse
and human MLPs clustered together and that the mouse and
human ITs clustered together. None of the mouse tumors
clustered with human tumors of the intermediate subtype
(Fig. 2G; Supplementary Table S1H for ComBat analysis;
Supplementary Fig. S3 and Supplementary Table S1I for
DWD analysis). In Fig. 2G, six human MLP tumors clustered
more closely than most MLPs with the human and mouse
ITs, and these are suspected to represent a subset of human
MLPs with increased IT-specific genes (similar to the subset
referred to below as insulin-high MLP mouse and human
tumors). Similarly, four human ITs clustered more closely
with the majority of the human and mouse MLPs, again sug-
gesting that on rare occasions ITs can be aggressive and meta-
static. In sum, this cross-species analysis clearly demonstrates
concordance between the two human and mouse PanNET
subtypes—IT and MLP.

Mutational Associations in PanNET Subtypes

The intermediate human subtype is not observed in the
RT2 mouse model (Fig. 2G). One possibility is that this
subtype has a molecular pathogenesis different from the
concomitant loss of function in the TP53 and RB tumor sup-
pressor pathways (as is suspected for this and many forms
of human NET), but rather through the loss of the MENI
tumor suppressot. In order to address this hypothesis, we
performed targeted next-generation DNA sequencing using
65 human tumor specimens representing all three subtypes.
Indeed, we observed that 50% (n = 24) of the intermediate

tumors were MEN1 mutant, whereas less than 13% of tumors
from each of the other two subtypes had mutations in MEN1
(P <0.05; Fisher exact test; Fig. 3A; Supplementary Table S2).
These data provide a possible explanation for the absence
of intermediate subtype tumors among those samples from
the mouse model and provide insight into the etiology of
intermediate subtype human PanNET tumors. As such, we
have renamed this subtype as “MEN1-like” to reflect this
association. We infer that MenI mutations are not occurring
in either IT or MLP subtypes in the RT2 mouse model of
PanNET, as evidenced by the lack of detectable copy-number
losses by CGH on mouse chromosome 19 where Men1 resides
(26, 27). Notably, most MEN1-related human PanNETs have
reported loss of heterozygosity detectable by CGH (37).

Also of note, 42% (n = 24) and 28% (n = 25) of the human
MEN1-like/intermediate and MLP subtype tumors, respec-
tively, had recently identified PanNET-specific mutations in
DAXX/ATRX (24), whereas none of the IT tumors exhibited
this mutation (P < 0.05; Fisher exact test; Fig. 3A), confirm-
ing recent reports that DAXX/ATRX mutations are enriched
in more aggressive nonfunctional PanNETs (24, 38). We
observed that 21% (n = 24) of the intermediate/MEN1-like
tumors had both MEN1 and DAXX/ATRX mutations [29%
(n = 24) of the intermediate/MEN1-like tumors did not have
either MEN1 or DAXX/ATRX mutations|. In RT2 mice, we
did not detect Daxx/Atrx mutations, as assessed by DNA
sequencing of 24 RT2 mouse tumor samples, including 14
MLPs and 10 ITs.

In addition, we evaluated the association of the mTOR
pathway genes TSC2 and PTEN, which are mutated in Pan-
NETs, with the human transcriptome subtypes (24). We
observed that both MLP (24%; n = 25) and IT (19%; n = 16)
subtypes are associated with TSC2 or PTEN mutations. In
contrast, only 4% (n = 24) of the intermediate/MENI1-like
tumors have TSC2 or PTEN mutations (Fig. 3A). Similar to
the mTOR pathway genes, the DNA repair pathway gene
ATM is also mutated in PanNETs (24). Again, MLP (16%; n =
25) and IT (25%; n = 16) subtypes are identifiable (not statisti-
cally significant) with ATM mutations, whereas only 4% (n =
24) of the intermediate/MEN1-like tumors have this muta-
tion (Fig. 3A). However, these associations of mTOR pathway
genes (TSC2 and PTEN) or ATM mutations with subtypes are
not statistically significant (Fig. 3A), which may be attributed
to the limited sample size of tumors.

Overall, this integrated analysis revealed that MENI muta-
tions are significantly enriched in the intermediate subtype
(which is renamed accordingly as the MEN1-like subtype);
DAXX/ATRX mutations significantly associated with the
MLP and MEN1-like/intermediate subtype; and TSC2/PTEN/
ATM mutations associated (not statistically significant) with
the MLP and IT subtypes. These findings warrant further
validation using increased sample size.

Subtype-Specific Associations in Tumor
Functionality, Biomarker Expression, Proliferative
Index, and Vascularity

Next, we sought to histologically characterize the tran-
scriptome subtypes of PanNET based on tumor differen-
tiation state and insulin protein expression. We identified
three histopathologic subtypes (histotypes) of PanNET in the
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Figure 3. Mutation changes and biomarker expression in human and mouse PanNET subtypes. A, a summary of MEN1, DAXX/ATRX, mTOR pathway
(PTEN/TSC2) and ATM gene mutations in human PanNET subtypes. P values correspond to the Fisher exact test. ns, not significant. B, visualization of
different histologic subtypes of RT2 tumors with hematoxylin and eosin (H&E) staining, and immunostaining for the driving oncoprotein (SV40 T-antigen)
and insulin. Images are representative of the analysis from 60 tumor-bearing RT2 B6, B6AF1, and BED2F1 mice (see Methods section for different
strains of the RT2 mouse model). Scale bar, 200 um. C, heatmap showing median expression of MLP-specific genes (biomarkers) in distinct stages of the
RT2 mouse model of PanNET. N, normal islet; H, hyperplastic/dysplastic islet; and A, angiogenic islet. D and E, expression of PanNET subtype genes in five
different laser capture microdissection-derived (LCMD) samples from tissue sections of tumors representing IT, Ins-hi MLP, and Ins-lo MLP subtypes
using (D) RT-PCR (Ins1 and Enpp2) and (E) microarray (multiple PanNET subtype genes) methodologies. In D, * represents statistical P value < 0.05 as
measured using the Student t test comparing relative Ins1 or Enpp2 expression in IT versus Ins-hi and Ins-lo MLP tumors. F, visualization of different
histologic subtypes of RT2 tumors within a single pancreas by immunostaining for ENPP2 and insulin protein expression. Images are representative of
the analysis from 8 tumor-bearing RT2 mice. Scale bar, 50 um. G, ENPP2 and insulin protein expression in human PanNETs as assessed using IHC. DAPI
(4’,6-diamidino-2-phenylindole) staining represents cellular nucleus. Scale bar, 50 pm.
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mouse model, with the following distinctive characteristics:
(a) moderately- to well-differentiated tumors that stained
highly positive for insulin, ostensibly the IT subtype (Fig.
3B, top), (b) less-differentiated tumors that stained variably
positive for insulin expression, ascribed as insulin-high MLP
(Ins-hi MLP; Fig. 3B, middle), and (c) a group of poorly dif-
ferentiated RT2 tumors that did not express insulin and were
therefore designated as insulin-low MLP (Ins-lo MLP; Fig.
3B, bottom). Notably, tumors with Ins-lo MLP characteristics
have recently been identified in the RT2 model of PanNET
and referred to as poorly differentiated invasive carcinoma
(PDIC; ref. 39). Given the many characteristics this classifica-
tion shares with the one we define herein as Ins-lo MLP, it is
considered and renamed as such in the present study.

These three mouse PanNET histotypes cannot be linked
directly per se with the transcriptome subtypes. In order to
investigate a possible association, we identified a small number
of genes that readily distinguish mouse MLP from IT tumors
based on our transcriptome profiling analyses (Fig. 2E). These
included Enpp2 (autotaxin, ATX), Sema3e (semaphorin 3e),
Epha3 (ephrin A3), Gpmo6a (glycoprotein m6a), and the genes
encoding for the metabolic enzymes HK1 (hexokinase) and
MCT1 (SLC16A1; monocarboxylate transporter; Fig. 3C); all
are expressed at higher levels in MLP than IT. Seeking to asso-
ciate the PanNET histotypes with the molecular subtypes, we
performed laser capture microdissection (LCM) from tissue
sections of mouse RT2 tumors (n = 5) that were either positive
or negative for insulin protein expression by IHC. After micro-
dissection, expression of the InsI and Enpp2 genes in LCM
tumors was assessed using qRT-PCR to associate the different
histotypes with the delineated transcriptome subtypes. Four
of the five tumors expressed Insl, of which two had relatively
low Enpp2 expression, identifying them as IT; the two others
had high Enpp2 expression and were identified as Ins-hi MLP.
In addition, one tumor had low Insl expression and high
Enpp2 expression, consistent with the Ins-lo MLP subtype (Fig.
3D). Next, we performed microarray analysis of these LCM
tumor samples followed by hierarchical clustering using a
selected set of genes representing IT and MLP transcriptome
subtypes. Concordant with the RT-PCR results, the two Ins-hi
MLP samples clustered with Ins-lo MLP, whereas the two IT
tumors clustered separately. Figure 3E shows relatively higher
expression of MLP markers in Ins-hi and Ins-lo MLP tumors
compared with IT tumors; in contrast, IT markers were more
highly expressed in IT compared with Ins-hi and Ins-lo MLP
tumors. Furthermore, in order to identify and establish IHC
markers for these subtypes, we evaluated Enpp2 as a marker by
IHC for ENPP2 protein expression. Consistent with the gene
expression data from Fig. 3D and E, we observed significantly
increased ENPP2 protein expression in Ins-hi and Ins-lo MLP,
whereas there was decreased protein expression in the IT sub-
type (Fig. 3F).

In addition to insulin, we observed that both the IT and
Ins-hi MLP tumors expressed higher levels of chromogranin
A (Chga) and secretogogin (Scgn; Fig. 3E) genes compared with
the Ins-lo MLP tumors, suggesting that the insulin-secretory
pathway is still active in the IT and Ins-hi MLP tumors, con-
sistent with their insulin IHC staining in Fig. 3F. Hence, by
gene expression profile and histology, the mouse Ins-lo MLP
and IT subtypes are evidently similar to the human MLP

(incorporating both human MLP-1 and MLP-2 sub-subtypes)
and IT subtypes, respectively. Overall, these results clearly
link the transcriptome and histotypes of human and mouse
PanNET and demonstrate the existence of two robust sub-
types in common: IT and MLP.

We further corroborated ENPP2 as a marker in human
PanNETs by analyzing ENPP2 expression in our core clinical
gene expression dataset. We found that tumors of the MLP-2
subtype have relatively high ENPP2 gene expression com-
pared with MLP-1 and IT. In addition, MLP-2 subtype tumors
have relatively low gene expression of insulin (Supplementary
Fig. S4). Next, we tested ENPP2 protein expression in human
PanNETSs using a tissue microarray (TMA; n = 20) and IHC.
Interestingly, 11 human PanNETs were negative for insulin,
but positive for ENPP2 (Fig. 3G; Supplementary Table S3A).
These tumors are similar to the mouse Ins-lo MLPs and prob-
ably represent human Ins-lo MLPs. However, some of these
human ENPP2-high and insulin-negative tumors could rep-
resent intermediate/MEN1-like subtype tumors (Supplemen-
tary Fig. S4). In addition, we observed two human PanNETs
in our TMA were positive for insulin, but negative for ENPP2,
probably representing the IT subtype. There were also three
human PanNETs that were positive for both insulin and
ENPP2, which likely represent the Ins-hi MLP subtype (Sup-
plementary Table S3A). However, an increased sample size
is required for definitive evaluation of the human PanNET
subtype protein markers by IHC. Collectively, these results
suggest that ENPP2 may serve as a biomarker that—along
with insulin—can be used to distinguish human and mouse
PanNET subtypes (and even sub-subtypes of MLP).

To further characterize the phenotypes of distinct PanNET
subtypes in RT2 mice, we evaluated the tumor vasculature by
immunostaining for CD31. As presented in Fig. 4A, top, and
consistent with the clinical presentation of human IT and our
previous studies in the RT2 model, mouse I'T samples were highly
vascularized. Interestingly, the MLP tumors were comparatively
less vascularized. IT samples contained about 40% to 60% more
CD31-positive cells than Ins-hi and Ins-lo MLP tumors (Fig. 4B).

We additionally assessed cancer cell proliferation in human
and mouse tumors by Ki67 staining, which is clinically used
for assessing NET grades (17-21). We observed a statistically
significant increase in Ki67 staining in the mouse Ins-lo MLP
tumors compared with the IT samples, whereas the differ-
ences with Ins-hi MLP tumors were not significant (Fig. 4A,
bottom and C). This characteristic of increased Ki67 stain-
ing in the RT2 Ins-lo MLP sub-subtype is also evident in the
human tumors, where MLP tumors (equivalent to mouse Ins-
lo tumors) exhibit a substantially higher Ki67 staining com-
pared with MEN1-like/intermediate and insulinoma subtype
PanNETs (less than 3%), albeit lower overall (Fig. 4D). The
difference in frequencies of Ki67-positive cells between mouse
and human PanNETs may be attributable to the effects of
the driving oncogene—SV40 large T-antigen—in the mouse
PanNET cancer cells.

Association of NET Grades with PanNET
Transcriptome Subtypes

In order to ascertain whether the transcriptome subtypes
are associated with the WHO classification of NET grades, we
sought to associate the core clinical mRNA dataset with NET
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Figure 4. Vascular and proliferative characteristics of human and
mouse PanNETs. A, CD31 (top) and Ki67 (bottom) staining in RT2 tumor
subtypes. Images are representative of the analysis of 60 tumor-bearing
RT2 B6, B6AF1, and BED2F1 mice (see Methods section for different
strains of the RT2 mouse model). In the top plot, blue represents CD31,
pink represents nucleus, and scale bar represents 200 pm; in the bottom
plot, red represents Ki67, blue represents nucleus, and scale bar repre-
sents 100 um. B and C, quantification of CD31-positive blood vessels

(B) and Ki67-positive tumor cells (C) in different subtypes of RT2 tumor
subtypes. The quantitation is representative of the analysis of 10 random
fields from 10 different tumor-bearing RT2 B6, B6AF1, and B6D2F1 mice
from the analysis illustrated in A. D, percentage of Ki67-positive cells

in human PanNET subtypes (from the samples of the core clinical gene
expression dataset; see Methods section for detailed description about
quantitation). * represents statistical P value < 0.05 as measured using
the Student t test comparing IT versus Ins-hi MLP and IT versus Ins-lo
MLP. Error bars in the graphs represent SD. E, identifiable percentage and
summary (number of samples in the table) of NET grades in human Pan-
NET subtypes. NET grades are significantly (P < 0.05; Fisher exact test)
associated with PanNET subtypes.
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Figure 5. Stem cell and differentiated phenotypes of PanNET subtypes. A and B, heatmaps showing differential expression of genes that distinguish
islet progenitor cells from differentiated f cells, as well as metabolic pathway genes (including metabolic genes that are disallowed in mature B cells;

ref. 46) showing differential expression, in PanNET samples from (A) human and (B) mouse. Human PanNET data are from gene expression microarrays,
whereas mouse PanNET data are from RT-PCR analysis. The relative (to housekeeping gene PPIA) gene expression from mouse PanNET RT-PCR data was
multiplied by 10,000 units before performing the heatmap analysis. Gray color in the heatmap of B represents not available value. C, heatmap comparing
the ComBat-merged gene expression profile datasets of IT and MLP subtypes from the RT2 mouse model versus embryonic pancreas (from stages e12.5
to e16.5; data from GSE8070). D, heatmap showing differential expression of genes (measured using microarrays) distinguishing islet progenitor cells
from differentiated B cells, as well as variably expressed metabolic pathway genes, in mouse LCM-derived tissue samples from IT, Ins-hi MLP, and Ins-lo
MLP PanNET tumor sections, from Fig. 3D and E. E, hyperplastic/dysplastic islets in pancreas tissue sections from RT2 mice showing regions of Ins-lo
(top) and Ins-hi (bottom) islets, as visualized with hematoxylin and eosin (H&E) and insulin staining. Images are representative of the analysis from 12

tumor-bearing RT2 mice (8-10 weeks of age). Scale bar, 50 um.

grade information. A majority of the IT (81%) and intermedi-
ate (75%) subtypes are identifiable as NET G1, whereas the
remainder are NET G2. In contrast, 60% of the MLP subtype
PanNETs are NET G2, and 16% are NET G3; the remaining
24% are NET G1 (Fig. 4E; Supplementary Table S2). Thus
lower-grade (including NET G2) human PanNETs are het-
erogeneous, variably associating with all three transcriptome
subtypes, whereas high-grade NET G3 tumors are exclusively
associated with the MLP subtype.

Genes Regulating Early Pancreas Development
Distinguish MLP from IT

Given the highly distinctive mRNA and miRNA profiles of
the PanNET subtypes, we hypothesized that these subtypes
may be the result of tumors arising from different cellular
origins. To identify the putative cell of origin for the IT and
MLP subtypes, we examined the expression of various pan-
creatic stem/progenitor- and differentiation-specific genes.
In both human and mouse PanNETs, the MLP samples
were enriched for expression of pancreatic progenitor-specific

genes, such as HNFIB (40) and GATA6 (though clustered
with mature B-cell genes in human PanNETs; ref. 41), and
the stem cell factor LIN28B (ref. 42; Lin28b significant only
in mouse PanNETs), relative to the IT samples (Fig. SA and
B). Collectively, this pattern of gene expression suggests that
the MLP subtypes share characteristics with B-cell precursors
or immature B cells. Conversely, the IT subtype differentially
expresses a number of mature B-cell-specific genes, includ-
ing PDX1, INS1, GCK (GK), and SLC2A2 (GLUT2), and the
insulinoma-specific gene INSM1 (Fig. SA and B). These results
provide evidence that the IT subtype resembles mature f cells.

To further investigate a possible stem/progenitor pancre-
atic cell origin of MLPs, we compared the gene expression
profiles of the PanNET subtypes with those of stem/progeni-
tor islet cells from early pancreatic developmental stages. Islet
B cells originate during two sequential regulatory phases of
pancreas development, termed the primary and secondary
transitions. The primary transition occurs between 9.5 and
el2.5, whereas the secondary transition begins at e13.5 and
ends at el5.5. During the primary transition, the developing
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pancreas primarily contains multilineage precursor cells and a
small number of immature B cells. These precursor and imma-
ture cells undergo a differentiation process during the second-
ary transition to commit to separate pancreatic cell lineages,
including one that produces the islet B cells (43). We used the
ComBat algorithm to merge the gene expression profiles from
RT2 tumors (IT and MLP) with a published dataset (GSE8070)
consisting of serial samples collected from the dorsal pancreas
of the mouse embryo at each day from el12.5 to e16.5. We
observed that the samples from e12.5 to e14.5, which are part of
the late primary transition and early secondary transition, clus-
tered tightly with the MLP samples, whereas the majority of the
IT samples clustered with the e15.5 and e16.5 samples that are
representative of the late secondary transition period (Fig. 5C).
It is notable that the RIP-TAG2 transgene is activated at 9.5
(44) and is demonstrably expressed in the multipotential pro-
genitors; its expression in immature B cells can be surmised by
its activation during the primary transition. These results indi-
cate that MLPs share characteristics with immature B cells of
the pancreas and presumably with the recently described rare
adult pancreatic stem/progenitor cells (45). In contrast, the IT
cancer cells are more closely related to mature islet B cells of the
pancreas than to these progenitors. Moreover, a set of epithe-
lial-mesenchymal transition (EMT)-specific genes—including
Vim—was highly expressed in MLPs compared with ITs (Fig.
5B). The expression of EMT genes in MLP in Fig. SB along
with our previous report of EMT in RT2 mouse cell lines (28)
suggest that a dedifferentiation process probably also takes
place in a subset of tumors that progressed from IT into MLP
tumors.

To gain further insights into the canonical IT multistage
tumorigenesis pathway, we used the ComBat-based merging
of data to compare the gene expression profiles of samples
from the different stages of tumor progression with profiles
(from Chun and Hanahan; ref. 25) of microdissected nonin-
vasive IT and the broadly invasive IC2 that had been micro-
dissected from tissue sections of RT2 tumors. Interestingly,
we observed that MLP tumors have similarities to those of the
microdissected invasive regions of IC2 tumors (Supplemen-
tary Fig. S5A). Similar to MLP, the microdissected invasive
IC2s showed increased expression of the EMT gene—Vim. On
the other hand, the noninvasive IT tumors showed increased
expression of mature B-cell genes, such as Insl, Pdxl, and
Insml1 (Supplementary Fig. S5B). These data suggest that
IC2s arising via progression from ITs switch on an invasive
program similar to that of MLP tumors.

In order to clarify whether both Ins-hi and Ins-lo MLP
tumors have increased expression of B-cell precursor genes, we
furcher examined the LCM-derived tumor samples described
in Fig. 3D and E. Interestingly, we observed that only the
Ins-lo MLP tumors have increased expression of a majority
of the B-cell precursor genes compared with the Ins-hi MLP
and IT tumors (Fig. 5D). The above results motivated us to
further examine the histologic differences in hyperplastic/
dysplastic islets in the RT2 mouse model, a premalignant
stage we had historically considered to be homogeneous. We
analyzed 8- to 10-week-old mice and observed heterogene-
ity in this premalignant stage: Some hyperplastic/dysplastic
islets had characteristics of Ins-lo MLP, whereas the majority
had the expected characteristics of Ins-hi MLP or IT (Fig. SE).

Although dysplastic islets can be detected with poorly dif-
ferentiated features and reduced insulin secretion, similar to
Ins-lo MLP tumors, they are infrequent (2.8% of 145 prema-
lignant hyperplastic islet lesions evaluated from 12 mice of 8
and 10 weeks old had this phenotype; Fig. SE). Overall, these
results, along with the above-mentioned analysis comparing
PanNET tumors with the stem/progenitor cells of the pan-
creas, suggest the existence of an early and separate cell- and/
or pathway-of-origin for prometastatic Ins-lo MLP tumors,
whereas Ins-hi MLP tumors arise either directly from mature
B cells or via progression of B-cell-derived IT tumors.

Differences in Central Carbon Metabolism
lllustrate Subtype-Specific Similarities to
Distinct Stages of B-Cell Development

Among the panel of genes differentially expressed between
the MLP and IT subtypes was a set involved in central
carbon metabolism. Tumors from the IT subtype demon-
strably expressed metabolic enzymes of the B-cell lineage,
including the glucose transporter GLUT2 (SLC2A2), glucose
6-phosphatase (G6PC2), and glucokinase (GCK) genes. In
contrast, the lactate transporter MCT1 (SLC16A1) and hexoki-
nase (HKI) genes, which are not expressed in mature B cells
(46), were considerably enriched in both mouse and human
samples from the MLP subtype (Fig. 6A). In addition to dif-
ferences in expression of enzymes involved in glucose uptake
and glycolysis, human and murine IT tumors exhibited
increased gene expression of pyruvate carboxylase (Pc) and
cytoplasmic malic enzyme 1 (Mel), relative to MLP subtype
tumors (Fig. 6A). Expression of these enzymes is consistent
with pyruvate cycling, a phenomenon observed in mature B
cells and insulinomas that facilitates the generation of energy
in the mitochondria to sustain glucose-stimulated insulin
secretion (refs. 47-49; Fig. 6B). The differential expression of
metabolic genes in the IT and MLP subtypes was further vali-
dated at the protein expression level. Global, mass spectrom-
etry-based proteomic analyses of mouse IT and Ins-lo MLP
tumor samples confirmed that GLUT2 and PC were highly
expressed in IT but not in Ins-lo MLP, whereas MCT1 and
HK1 protein levels were increased in Ins-lo MLP compared
with IT (Supplementary Table S3B). In addition, protein
expression of HK1 and PC protein in the Ins-lo MLP subtype
was confirmed by immunoblot and IHC (Fig. 6C and D).

Given these observations, we predicted that the metabolic
phenotypes of these two subtypes would be similarly distinct.
To study PanNET metabolism in vitro, we sought to identify
mouse PanNET cell lines that represent each subtype. To this
end, we classified cell lines derived from RT2 mouse tumors
using two genes that are among those most highly expressed
in mouse MLP samples relative to IT samples (Enpp2 and Hk1)
and three other genes that conversely are highly expressed in
IT cell lines compared with MLP [Gck, Pc, and Glut2 (Slc2a2);
Fig. 6E, top]. qRT-PCR analyses revealed that two RT2 Pan-
NET-derived cell lines, PTC1b and BTC1e (50), have MLP sub-
type characteristics, displaying high expression of Enpp2 and
Hk1 in both the cell lines and low expression of Gck, Pc, and
Glut2 in both the cell lines. In contrast, two other lines, BTC4
and BTC3, had low expression of the MLP genes and high
expression of the IT genes (except for Hk1, which is hetero-
geneous in these two cell lines), and are thus representative
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Figure 6. Metabolic characteristics of PanNET subtypes. A, heatmap showing median expression of metabolic genes that are differentially expressed
in human and mouse IT versus MLP subtypes. The comparisons involved 5 IT and 5 MLP tumors from the mouse model, and 16 IT and 31 MLP from
humans. B, a simplified model of glycolysis and the tricarboxylic acid cycle, overlaid with the pyruvate cycle (arrows in green), highlighting genes
upregulated (in red) and downregulated (in blue) in the IT subtype compared with the MLP subtype. C and D, protein expression in IT and Ins-lo MLP
determined by immunoblot for HK1, PC, and Insulin (C) and IHC for HK1 and Insulin (D). Scale bars, 50 um. DAPI staining represents cellular nucleus. E,
expression of MLP-specific genes in mouse PanNET cancer cell lines (3TC) representing different subtypes of PanNET. The gene expression is relative
to the expression of a housekeeping gene, Rpl13a (top). Immunoblot analysis of BTC cells using antibodies against HK1, PC, and B-actin (bottom). F and
G, relative abundance of pyruvate cycle metabolites in mouse PanNET subtype-specific cell lines cultured under normal conditions (F) or in the presence
of 13C-labeled glucose (G). Metabolites in F are median-centered across samples for each metabolite, and this was done separately for two different
(batches of) metabolic profiling experiments either using BTC1b (MLP)/BTC4 (IT) or BTCle (MLP)/BTC3 (IT); and labeled metabolites in G are normalized
to their characteristically lower level in the MLP subtype. The M+3 isotopomers of aspartate (Asp), malate (Mal), fumarate (Fum), citrate (Cit), and isoci-
trate (Iso/Cit) are biosynthesized from glucose by way of PC. The M+5 species of Cit and Iso/Cit are M+3 labeled by PC. H, proliferation of IT versus MLP
cancer cell lines in the absence of glucose in the media. * (comparison between BTCle and BTC3) or ** (comparison between BTC1b and BTC4) represents
statistical P value < 0.05 as measured using the Student t test. Error bars in the graphs represent SD or SEM.

AAC—R American Association for Cancer Research DECEMBER 2015 CANCER DISCOVERY | 1307

Downloaded from cancerdiscovery.aacrjournals.org on December 8, 2015. © 2015 American Association for Cancer
Research.


http://cancerdiscovery.aacrjournals.org/

RESEARCH ARTICLE

Published OnlineFirst October 7, 2015; DOI: 10.1158/2159-8290.CD-15-0068

Sadanandam et al.

of the IT subtype (Fig. 6E, top). The MLP subtype of BTC1b
and the IT characteristics of BPTC4 were further validated
by immunoblot analyses, confirming that the MLP cell line
exhibited low expression of PC and high expression of HK1
compared with the IT cell line (Fig. 6E, bottom).

With IT and MLP cell lines in hand, we performed metabo-
lomic profiling using a LC/MS-MS-based metabolomics
platform (51). Consistent with our expectation, we found
that the IT (BTC4 and BTC3) and MLP (BTC1b and BTCle)
cells had distinctive global metabolic profiles (Supple-
mentary Fig. S6A and S6B). Among these differences, we
observed an increase in the relative abundance of metabo-
lites involved in pyruvate cycling, including aspartate, fuma-
rate, and malate (Fig. 6F).

To further explore differences in metabolites as well as
features of central carbon metabolism between these sub-
type-representative cell lines, we traced glucose metabolism
using isotopically carbon-13 (*3C)-labeled glucose in cell
lines representing the IT (BTC4) and MLP (BTC1b) subtypes.
Cells were grown overnight in media containing uniformly
13C-labeled glucose to achieve steady-state saturation of label,
and then subjected to targeted LC/MS-MS, as above. Here,
incorporation of *C was monitored at each carbon position
for metabolites in pyruvate cycling and the tricarboxylic acid
(TCA) cycle. Indeed, we observed an elevation in abundance
of the glucose-derived M+3 isotopomer in several TCA inter-
mediates in the IT cells (Fig. 6G), indicative of pyruvate entry
into the TCA cycle via PC. In addition, we observed that the
IT cell line had a 5-fold increased dependence on glucose for
proliferation (Fig. 6H). Glucose-derived carbon may be partic-
ularly important to these cells for energy generation via pyru-
vate cycling, consistent with the metabolic characteristics of
mature B cells, which harness such energy to produce and
release insulin (52). The increased pyruvate cycling observed
in IT cells provides evidence for the retention of mature B-cell
metabolism in ITs, in contrast with the distinctive metabolic
characteristics of the MLP cell line. Thus, the distinctive
metabolic phenotypes of these subtypes of PanNET further
delineate them as such.

DISCUSSION

The low incidence of PanNET has made it difficult to cor-
relate apparent heterogeneity in clinical presentation with
responses to therapies (23). By using dual miRNA and mRNA
transcriptome profiling analysis, we have revealed the exist-
ence of three distinctive molecular subtypes and associated
biomarkers in human PanNET. Remarkably, despite its rapid
and synchronous ontogeny, a PanNET genetically engineered
mouse model (GEMM; RT2) is demonstrably recapitulating
two of these subtypes based on analysis of the transcriptome,
the metabolome, selected protein expression, and histologic
and phenotypic presentation, including distant metastasis.
Hence, the distinct pathophysiology and molecular mecha-
nisms behind two of the three human PanNET subtypes,
MLP and IT, can be further studied using the RT2 model
as a surrogate for human (both insulinoma and nonfunc-
tional) tumors. In addition, the RT2 model reveals distinc-
tive angiogenic phenotypes between PanNET subtypes, with
decreased blood vessels in MLP compared with IT, predicting

analogous differences in human PanNETs that are worthy of
future investigation. Although the RT2 model does not repre-
sent the MEN1-like/intermediate subtype, due to the appar-
ent necessity of MEN1 mutations to elicit this tumor type,
its selective presence in a discrete subtype of human PanNET
tumors provides clarity in regard to heretofore unrecognized
heterogeneity among nonfunctional PanNETs. The character-
istics of the distinct subtypes of human and mouse PanNETs
are summarized in Fig. 7A and B.

Although treatment decisions for PanNET patients are based
on NET grade, which is assessed in part using Ki67 labeling,
there is heterogeneity in patient responses to standard-of-care
therapies (23, 53). This heterogeneity in NET G2, for example,
may be explained by the observation that G2 tumors are dis-
tributed across all three transcriptome subtypes with highest
prevalence in the metastasis-associated MLP subtype. In addi-
tion, the observation that there is a higher density of CD31-
positive microvessels in the less-aggressive mouse IT subtype
compared with the MLP subtypes corroborates data indicating
that increased microvessel density is associated with better histo-
prognostic factor (and negatively correlated with tumor progres-
sion) and vice versa in PanNET patients (54-57). This variable
association of transcriptome subtypes with histologic grades
and microvessel density in regard to therapeutic responses
should be further assessed in additional patient samples.

Previous efforts to molecularly subclassify other human
tumor types have implicated distinctive cells of origin/phe-
notypes in several instances (32, 58, 59). In the current study,
expression of progenitor-specific genes in the MLP subtype
implicates a stem cell/progenitor origin. In addition, how-
ever, the variable expression of certain pancreatic progenitor
genes among the mouse MLP samples (Fig. 5B) implies that
tumors of this subtype may originate from more than one
progenitor cell, a possibility consistent with the observation
that the SV40 oncogene is expressed in multiple B-cell precur-
sors of the embryonic mouse pancreas (44). Further support
for the proposition that MLP tumors are not derived from
differentiated B cells comes from the observation that the
mature B-cell-specific transcription factor MAFA 1is poorly
expressed in MLP tumors (Fig. 5B; refs. 41, 43).

The data from this and a previous report (28) implicate two
pathways to invasive carcinomas, which either have the com-
plete MLP signature or a subset of it. Tumors with a partial
MLP signature are envisaged to arise out of the canonical islet
tumorigenesis pathway that leads to IT, which then progress to
IC2/MLP tumors. The second pathway, already invasive in small
islet-like lesions (Fig. SE), has the full MLP signature, including
expression of pancreatic progenitor genes, and we hypothesize
that it originates from islet progenitor cells. The alternative
pathways to MLP in RT2 mouse are presented in Fig. 7B.

Beyond molecular profiles of stem cell- and lineage-spe-
cific gene expression, we also observed subtype-correlated
variation in metabolic enzymes, and in metabolic activities,
providing additional evidence in support of different cells
of origin/phenotypes for IT and MLP tumors. During termi-
nal B-cell differentiation, glucokinase (GK)—with its lower
affinity for glucose—replaces HK1; the K, of GK is in the
physiologic range for blood glucose, and thus GK can act as
a sensor, relating glucose concentration in the circulation
to insulin production and secretion. Similarly, expression
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Figure 7. Anew view of PanNET tumor heterogeneity. A, summary of human PanNET subtypes and their characteristics. B, a revised schematic of the
parallel pathways of PanNET tumorigenesis, evidently with distinctive cells of origin, leading to the IT and MLP subtypes, as revealed in the RT2 mouse
model, and inferred in the human from the concordance of transcriptomic and phenotypic data presented for mouse and human PanNET.

of the MCT family of cation transporters is turned off in
terminally differentiated B cells, because lactate/pyruvate
uptake would feed directly into the TCA cycle, bypassing
the glucose-sensing feature of GK (46). Thus, MLP express
HK1 and MCT1, much like progenitors, whereas IT express
GK but not HK1 or MCT1, much like normal islet B cells.
Moreover, our metabolomic analysis (both metabolite pro-
files in Fig. 6F and Supplementary Fig. S6 and *C-labeling
experiments in Fig. 6G) of PanNET cancer cells revealed dis-
tinct metabolic profiles for IT and MLP cell lines, which pro-
vide further support for distinctive cells of origin. Namely,
we observed enriched activity in pyruvate cycling, a B-cell
phenomenon (47-49), in the IT subtype both in terms
of metabolic enzyme expression and metabolite profiles.
Taken together, our data suggest that islet tumors have
mature B-cell characteristics, whereas MLP tumors have
islet cell precursor characteristics. A revised summary of
tumor progression in the RT2 model (3), reflective of what
our results suggest for the human IT and MLP subtypes,
and now including information regarding the cell of origin/
phenotype, is presented in Fig. 7B.

Human PanNETs show considerable genetic heterogeneity
and malignant potential. Notably, Jiao and colleagues recently
sequenced the exomes of 10 nonfamilial PanNETs, seeking to
identify the most frequent mutations in this tumor type (24);
their analysis revealed a variety of low-frequency mutations
with potential functional roles, but no prevalent mutations
in commonly known driving oncogenes or tumor suppressor
genes (TSG). Now, we have stratified human and mouse Pan-
NETs into subtypes, utilizing a wealth of data from miRNA,
mRNA, mutation, and metabolome profiling. Furthermore,
our current study has revealed that MENI-mutant tumors
are significantly enriched in the intermediate human subtype
we defined; additional studies will be required to determine if
those MEN-like/intermediate subtype tumors that have not
suffered MENTI loss-of-function mutations have found alter-
native means to abrogate the MENI TSG pathway. Notably,
Jiao and colleagues reported new inactivating mutations in
DAXX/ATRX in nonfunctional PanNETs (24). Now, we dem-
onstrate that tumors carrying these mutations can be alter-
natively segregated into MEN1-like/intermediate and MLP
subtypes with distinct transcriptomic profiles. Our finding
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that 21% of MENI-like/intermediate subtype tumors also
contained DAXX/ATRX alterations suggests that these muta-
tions are probably late events in PanNET pathogenesis driven
by MENT1 loss, consistent with the detection of DAXX/ATRX
mutations in PanNET patients with MENI syndrome by de
Wilde and colleagues (60).

In order to apply these transcriptomic subtypes clinically,
it will be important to identify robust biomarkers and assays
that can discriminate each of these subtypes similar to that
in our previous colorectal cancer study (32). Based on the
analysis of both human and mouse tissue, we suggest ENPP2
and INS as possible biomarkers that can distinguish IT and
MLP subtypes via IHC and RT-PCR assays. These biomarkers
warrant prospective and retrospective validation. Additional
biomarkers along with these two will be required to unam-
biguously identify the MEN1-like/intermediate subtype.

In summary, we have used an integrated multiomics data
analysis approach that includes transcriptomics (mRNA and
miRNA), mutatomics (selected mutations), and metabo-
lomics along with histology and clinical information to
evaluate PanNET from patient samples and a GEMM as well
as derivative cancer cell lines. This cross-species analysis has
revealed and characterized previously unrecognized subtypes
of PanNET in both mouse and humans, and assigned to
these tumor subtypes different mutations and phenotypic,
clinical, and pathologic properties that underlie the hetero-
geneous biology of this disease, knowledge that may prove
applicable to the development of subtype-selective (personal-
ized) therapies.

METHODS

PanNET Patient Samples and RNA Isolation
for Validation Studies

The miRNA expression validation (» = 50) and matched gene
expression validation (» = 29; except one unmatched sample) data-
sets (Supplementary Figs. SIB-S1C and S2B-S2C) involved a total
of 51 primary and metastatic PanNET samples. For gene expres-
sion analysis, total RNA was isolated from tumor tissues using the
Ambion RiboPure Kit (Life Technologies) as per the manufacturer’s
instructions. For miRNA analysis, tumor tissues were sectioned using
cryotome, every sixth section was evaluated using hematoxylin and
eosin (H&E) staining, and total RNA was isolated using the miRNe-
asy Kit (Qiagen) as per the manufacturer’s instructions. This study
was conducted in accordance with the Declaration of Helsinki. It was
approved by the ethics committee of Charité - Universititsmedizin
Berlin, and informed consent was obtained from all patients.

RT2 Transgenic Mouse Model of PanNET

The breeding and generation of RT2 mice have been described
previously (2). Although the majority of the mice in this study were
on a C57BL/6 background, which is typically used for this model, we
also crossed C57BL/6] (B6) RT2 mice with A/J (B6AF1) or DBA/2]
(B6D2F1) mice to produce F1 mice. All animal research was per-
formed under the auspices of animal protocols approved by Experi-
ence sur animaux (EXPANIM)—Service de la consommation et des
Affaires veterinaries (SCAV) in Switzerland.

Isolation of RT2 Tumor and Premalignant Lesions

RT2 mouse PanNET tumors, liver metastases, normal, hyperplas-
tic, and angiogenic islets were dissected out or isolated as described
previously (25, 28, 61).

RT2 Mouse Tumor Cell Lines

BTC cell lines were previously derived by us from the RT2 mouse
model (50). These cell lines (passages between 20 and 30) were
authenticated by growth, morphologic characteristics, and insulin
gene and protein expression at certain intervals between the years
2010 and 2015. These cell lines were also tested for Mycoplasma.

Processing of Microarray Data and Subtype Identification

The core clinical gene and miRNA expression datasets were from
Missiaglia and colleagues (GEO Omnibus ID—GSE73338; ref. 34)
and Roldo and colleagues (GSE73350; ref. 29). Gene expression was
assessed using Affymetrix GeneChip Human and Mouse Gene 1.0 ST
arrays (Affymetrix; GSE73339—patient gene expression validation
samples and GSE73514—mouse RT2 samples). Human microarrays
were analyzed using a statistical framework R and Bioconductor (62)
as described earlier (31, 32) and mouse microarrays using aroma.
affymetrix (63). miRNA expression was assessed using Agilent Human
miRNA Microarrays (based on miRBase release 16; Agilent Technolo-
gies; for patient miRNA validation samples; GSE73367). Normaliza-
tion of the miRNA profile data was performed as described (64).

For subtype identification, the variable genes (from core clinical
gene expression dataset) with SD > 0.8 or miRNAs (from core clini-
cal miRNA expression dataset) with SD > 0.5 from the normalized
data were median-centered across patient samples for each gene and
used for subtype identification by applying the NMF algorithm (30)
followed by SAM analysis (33) to identify significantly differentially
expressed features (mRNA or miRNA), as described previously (31,
32). For (both gene and miRNA) validation datasets, SAM genes from
the core clinical datasets were mapped followed by NMF analysis for
subtype identification.

Cross-Species Analysis

ComBat (“sva” Biocoductor package; ref. 35) or DWD (36, 65) was
used to correct the batch effects and merge human and mouse gene
expression data after selecting variable genes with SD > 0.8 across
samples from each dataset. For merging the human and mouse data,
we used official gene names from the HUGO Gene Nomenclature
Committee (HGNC) as references.

Cross-Comparison of Gene and miRNA Subtypes

The hypergeometric test was performed to reconcile gene and
miRNA subtypes, as described (66).

Laser Capture Microdissection

Snap-frozen pancreatic sections (10 pm) from 15-week-old RT2
mice were mounted onto PET-membrane slides (MMI). Sections were
incubated with ice-cold 70% ethanol and stained with cresyl violet.
Individual tumors were microdissected using a PALM laser dissecting
microscope (Zeiss) followed by RNA isolation and hybridization to
Affymetrix GeneChip Mouse Gene 1.0 ST arrays.

IHC

IHC was performed as described in our previous studies (32, 67,
68) using the primary antibodies listed in the Supplementary Infor-
mation. Ki67 scoring was performed as previously described (34). For
mouse samples, Image] software was used to count the total number
of Ki67-positive cells. The number of CD31-positive blood vessels in
random 20X magnification fields was determined independently by
two investigators, and averaged.

Metabolic Profiling

To characterize central carbon metabolism, targeted LC/MS-MS was
performed (51). Briefly, BTC cells were grown in DMEM (25 mmol/L
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glucose, 2 mmol/L glutamine, without pyruvate) to 80% confluency,
and metabolites were extracted using 80% methanol at dry ice tempera-
tures. Metabolite fractions were normalized to protein concentration
from a biologic replicate processed in parallel. For '*C-labeling experi-
ments, cells were grown in DMEM (without pyruvate, glucose, and
glutamine) in the presence of 10% dialyzed FBS, supplemented with
13C-glucose (25 mmol/L; Cambridge Isotope Laboratories) for 20 hours.

Next-Generation Sequencing

Human DNA samples were analyzed with a panel targeting all coding
sequences of MEN1, ATRX, DAXX, PTEN, TSC2, and ATM. Next-gener-
ation targeted sequencing was performed as previously described (69).

Gene-specific primers used for qRT-PCR using mouse samples are
provided in Supplementary Table S4.

R scripts associated with data analysis are available from github
(https://github.com/syspremed/PanNETassigner).

A detailed description of Materials and Methods is available in
Supplementary Information.
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Supplementary Figure 1

A. NMF analysis of human PanNET- core clinical miR dataset B. NMF analysis of human
PanNET miR — validation dataset
k=2 k=3 k=4 k=5 k=2 k=3

samples
samples
samples
samples
samples
samples

I

samples samples samples samples samples samples
Cophenetic coef.= 0.9919 Cophenetic coef.= 0.9987 Cophenetic coef.= 0.9984 Cophenetic coef.= 0.9826 Cophenetic coef.= 0.9999 Cophenetic coef.= 0.9985
Cophenetic Coefficient Cophenetic Coefficient
e o]
S N e 2 - a <
Q ®
5 3 ./I—\ - . 8 g "
= © = 9 =
[ I ° o
3 ? 5
58 £
Qo
2 T T T T T T g T T 1T 1
20 30 40 50 samples © 20 3.0 4.0
K Cophenetic coef.= 0.9708 K
E T 2 .
0% 100%

C. miR subtypes - validation dataset

I -+ iR subtypes
B miR-cluster-1
miR-cluster-2
mENR=ERaN B miR-cluster-3-like

[THr I




Supplementary Figure 2

A. NMF analysis of human PNET - core clinical gene B. NMF analysis of human PNET gene expression validation
expression dataset dataset
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Supplementary Figure 3

Cross-species analysis - gene expression data of
human and mouse PanNET merged together using DWD
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Supplementary Figure 4

mRNA expression of ENPP2 and INS in different subtypes - microarray data
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Supplementary Figure 5

A. Gene expression of invasive carcinoma B. Progenitor, metabolic and mature p
compared to RT2 subtypes cell genes in microdissected IT vs

invasive region from IC2.
52l fna il
i I

I Liver metastases

MLP
I Invasive region from IC2 (IR)
I Angiogenic islet
' Hyperplastic islet

Normal islet
I Non-invasive region (IT)
T = Hmmr

Progenitor and EMT
genes
3
&

l_ Mature [5 cell genes
0D =
55



Supplementary Figure 6
Metabolite profiles from IT and MLP cell lines
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Supplementary Information: Materials and Methods.

Processing of microarrays, data analysis and subtype identification. The core clinical
gene and miR expression datasets were from Missiaglia, et al. (GEO Omnibus accession

number - GSE73338) (1) and Roldo, et al. (GSE73350) (2).

Affymetrix GeneChip® Human and Mouse Gene 1.0 ST arrays (Affymetrix, Santa Clara,
CA, USA) were processed according to the manufacturer’s instructions. Patient (gene
expression validation samples) RNA samples were quantitated, quality checked, amplified,
hybridized to Affymetrix Human Gene 1.0 ST arrays and scanned by Lausanne Genomic
Technologies Facility, Center for Integrative genomics (CIG), University of Lausanne,
Lausanne, Switzerland. Mouse RNA samples were similarly processed using Affymetrix
Mouse Gene 1.0 ST arrays by the UCSF Genomics Core Facilities, University of California

San Francisco, San Francisco, USA.

The Robust Multi-array Analysis (RMA) of human Affymetrix microarrays were analyzed
using a statistical framework R and Bioconductor (3) as described earlier (4, 5) and mouse
microarrays using aroma.affymetrix (6). The normalized data for human samples are
available at GEO Omnibus with accession number GSE73339 and for mouse samples -

GSE73514.

Agilent Human miRNA Microarrays (based on miRBase release 16; Agilent Technologies)

were processed according to the protocols provided by the manufacturer. 100 ng total RNA



from each sample (miR validation samples) was labeled according to the Agilent miRNA
Complete Labeling and Hybridization Kit. The labeled RNAs were hybridized to Agilent
human miRNA microarrays for 20 hours at 55°C with rotation. After hybridization and
washing the arrays were scanned with an Agilent microarray scanner using high dynamic
range settings as specified by the manufacturer. Agilent Feature Extraction Software v
10.7.3.1 was used to extract the data. Normalization of the Agilent Human miRNA
Microarrays profile data were performed as described (7) with the following modification. In
order to avoid taking the logarithm (log) of zero and of values between zero and one, we
added a small constant, 10, to the raw data values, such that all resulting values were greater
than one (except those from the blank control). After this shift, the data were log,
transformed followed by normalization of the data to the same scale, using a quantile method
that is available in the R based Bioconductor package “preprocessCore” (8). These
procedures were performed by Lausanne Genomic Technologies Facility, Center for
Integrative genomics (CIG), University of Lausanne, Switzerland. The normalized data for
human samples are available at GEO Omnibus with accession number GSE73367. Two

different batches of Agilent arrays were batch corrected using ComBat (9).

For subtype identification, the variable genes (from core clinical gene expression dataset)
with SD > 0.8 or miRs (from core clinical miR expression dataset) with SD > 0.5 from the
normalized data were median-centered across samples for each gene and analyzed using the
non-negative matrix factorization (NMF) algorithm (10) as described in our previous studies
(4, 5). Significant Analysis of Microarrays (SAM) analysis (11) was performed to identify
significant features (MRNA or miR) that are differentially expressed between subtypes, as

described previously (4, 5). For (both gene and miR) validation datasets, SAM genes from



the core clinical datasets were mapped followed by NMF analysis for subtype identification.
Clusters were generated using Gene Cluster 3.0 (12) and heatmaps were generated using

Genepattern-based Hierarchical Clustering Viewer (13).

Merging of microarray data. ComBat (9) and distance weighted discrimination (DWD)
algorithms (14, 15) were used to correct the batch effects and merge human and mouse gene
expression data. DWD was applied after sample or column minimal value-based centering
and row or gene expression median-based centering. The data was column normalized to
N(0,1) and row median centered after DWD analysis. These were performed as described in
our previous publications (4, 5, 16). For merging the human and mouse data, we used official

gene names from HUGO Gene Nomenclature Committee (HGNC) as references.

Cross-comparison of gene expression and miR subtypes. The hypergeometric test was
performed using R based phyper library (17) for enrichment of samples between gene
expression and miR subtypes, and the p values were plotted as a heatmap using the statistical

framework R as described (18).

RNA isolation and qRT-PCR analysis. Total RNA was isolated using the miReasy kit
(Qiagen, Hombrechtikon, Switzerland) or Ambion RiboPure kit (Life Technologies, Zug,
Switzerland), and reverse transcription was performed using Superscript II (Life
Technologies) as per the manufacturer’s instructions. qRT-PCR was performed using
Qiagility (automated PCR setup, Qiagen), QuantiTect SYBR Green PCR kit (Qiagen), gene-
specific primers (Supplementary Table 4) and a Rotor-Gene Q real time PCR machine

(Qiagen). All qRT-PCR gene expression data were normalized to the levels of the



housekeeping gene RPL13A or PPIA. The RNA integrity was assessed by NanoDrop 2000
(Thermo Scientific) and RNA Pico/Nano chip analysis using Agilent Bioanalyzer (Agilent

Technologies).

RIP1-Tag2 (RT2) transgenic mouse model of PanNET. The breeding and generation of
RT2 mice has been described previously (19). While majority of the mice in this study were
on a C57Bl/6 background, which is typically used for this model, we also crossed C57BL/6J
(B6) RT2 mice with A/J (B6AF1) or DBA/2J (B6D2F1) mice to produce F1 mice. All animal
research was performed under the auspices of animal protocols approved by Experience sur
animaux (EXPANIM) — Service de la consommation et des Affaires veterinaries (SCAV) in

Switzerland.

Isolation of RT2 tumor and pre-malignant lesions. RT2 mouse PanNET tumors and liver
metastases were dissected out of 14- to 21-wk-old RT2 mice and either snap-frozen in liquid
nitrogen for DNA, RNA and protein isolation or formalin fixed and paraffin embedded for
IHC as described previously (20, 21). Normal, hyperplastic, and angiogenic islets were

isolated as described previously (20, 22) and snap-frozen in liquid nitrogen.

RT2 mouse tumor cell lines: BTC cell lines were previously derived from RT2 mouse
model (23). These cell lines (passages between 20 and 30) were authenticated by growth,
morphological characteristics and insulin gene and protein expression. These were also tested
for mycoplasma using two different kits (MycoProbe™ Mycoplasma Detection Kit (R&D
Systems, Minneapolis, MN, USA) and PCR Mycoplasma test kit (Biological Industries,

Kibbutz Beit-Haemek, Israel).



Laser capture microdissection. Snap frozen pancreatic sections (10um) from 15-week old
RT2 mice were mounted onto PET-membrane slides (MMI). Sections were incubated with
ice-cold 70% ethanol and stained with cresyl violet. Individual tumors were microdissected
using a PALM laser dissecting microscope (Zeiss, Feldbach, Switzerland). 100ng of total
RNA was subjected to microarray experiments using Affymetrix GeneChip Mouse Gene 1.0

ST arrays.

Human tissue microarray (TMA) analysis. A human TMA containing pancreatic tumor
samples were obtained from US Biomax (Rockville, MD, USA; #PA 2081a) and subjected to

IHC analysis as described below.

Immunohistochemistry (IHC). IHC was performed as described in our previous studies (5,
24, 25) using the following primary antibodies: anti-Enpp2 (#10005375, Cayman Chemical,
Ann Arbor, MI), 1:500; anti-CD31 (#DIA-310, Dianova GmbH, Hamburg, Germany), 1:40;
anti-Ki67 (MIB1 antibody; DBA, Milan, Italy; for human samples; reference (1)); anti-Ki67
(#16667, Abcam, Cambridge, MA, USA), 1:100 (for mouse samples); anti-insulin (#A0564,
DAKO), 1:250; anti-HK1 (#2024, Cell Signaling Technology, Danvers, MA, USA), 1:250;
and anti-SV40-Tag polyclonal antibody (in house production), 1:1000. Slides were imaged
using a Leica DM 5500 B microscope (Leica, St. Gallen, Switzerland). For Ki67 scoring of
the human PanNET specimens, the area with the highest density of Ki67-positive cells was
defined. Ki67 was then assessed by scoring at least 2,000 tumor cells in the selected areas,
after which the percentage of positive cells was calculated as previously described (1). For
mouse samples, Imagel software was used to count the total number of Ki67 positive cells

normalized to hematoxylin-stained cells. The number of CD31 positive blood vessels in



random 20X magnification fields was determined independently by two investigators, and

averaged.

Immunoblotting. 1ug of total protein lysate extracted from laser capture microdissected
tumor samples or 10ug of cell lysate of BTC cells was separated on a Mini-Protean TGX gel
(Bio-Rad Laboratories AG, Fribourg, Switzerland) and subjected to immunoblot analysis
using antibodies against HK1 (#2024, Cell Signaling Technology), insulin (#A0564, DAKO),

PC (#ab126707, Abcam) and p-actin (#4967, Cell Signaling Technology).

Proliferation assay. Cells were plated (5 x 10°) into 96-well plates in DMEM Glutmax with
10% FBS media (Life Technologies) at day 0. The following day (day 1), glucose-dropout
media (Life Technologies) was added, and the cells were assayed by CellTiter-Glo on day 3,

as described in our previous studies (4, 5).

Metabolic profiling. To characterize central carbon metabolism, targeted LC-MS/MS was
performed (26). Briefly, BTC cells were grown in DMEM (25mM glucose, 2mM glutamine,
without pyruvate) to 80% confluency, and metabolites were extracted using 80% methanol at
dry ice temperatures. Metabolite fractions were normalized to protein concentration from a
biological replicate processed in parallel. For *C-labeling experiments, cells were grown in
DMEM (without pyruvate, glucose and glutamine) in the presence of 10% dialyzed FBS,
supplemented with *C-glucose (25mM; Cambridge Isotope Laboratories, Tewksbury, MA;

#CLM-1396) for 20hrs.



Next-Generation Sequencing. Human DNA samples were analyzed with a panel targeting
all coding sequences of MENI, ATRX, DAXX, PTEN, TSC2 and ATM, and mouse (tumor and
normal) samples were similarly analyzed with a panel to detect mutations in the A#rx and
Daxx genes. DNA was prepared from human tumor tissue after neoplastic cell enrichment to
about 70%, by manually microdissecting 10 consecutive 4-um FFPE sections. The mouse
tumors were microdissected for enrichment of neoplastic cells, as described above. Next-
generation targeted sequencing was performed as previously described (27) using an Ion
AmpliSeq custom panel (Life Technologies). Twenty nanograms of DNA were used for each
multiplex PCR amplification. Sequencing was performed on an Ion Torrent Personal Genome
Machine (PGM, Life Technologies) loaded with 318 chips. Data analysis was done using the
Torrent Suite Software v.3.6 (Life Technologies). Those filtered mutations/variants were
annotated using the SnpEff software v.3.1 (28). Alignments of the DNA sequence were

visually verified with the Integrative Genomics Viewer; IGV v.2.2 (29, 30).

Proteomic analyses by mass spectrometry. Proteins from laser capture microdissected
tumor sections were extracted using 0.1 % RapiGest SF Surfactant (Waters, Baden-Déttwil,
Switzerland) reagent. Protein extracts were in-solution digested as previously described (31).
The reaction was stopped and RapiGest was cleaved by adding pure trifluoroacetic acid
(TFA) during a final one hour incubation at 37°C. Peptides were desalted using stageTips
(32) and dried using a vacuum concentrator. For LC-MS/MS analysis, resuspended peptides
were separated by reverse phase chromatography on a Dionex Ultimate 3000 RSLC nano
UPLC system connected in-line with an Orbitrap Fusion (Thermo Fisher Scientific,
Waltham,USA). Database searches were performed using Mascot (Matrix Science, Boston,

USA), MS-Amanda (33) and SEQUEST in Proteome Discoverer v.1.4. against a mouse

10



UniProt protein database. Data was further processed and inspected in Scaffold™ 4.4.1.1

(Proteome Software, Portland, USA).

Supplementary Figure Legends.

Supplementary Figure 1. NMF analysis of PanNET miR expression and its validation.
(A.) NMF analysis of PanNET core clinical miR expression data set (n=40). (B.) NMF
analysis of the independent validation dataset of human PanNET miR expression (n=50). (C.)
Heatmap showing validation of three PanNET miR expression subtypes using the
independent validation data set (n=50). In the rainbow bar beneath the heatmaps, red
indicates elevated expression, blue decreased, and white no change. PanNETassigner-miR
signatures associated with this dataset are listed in the same order in Supplementary Table

1b.

Supplementary Figure 2. NMF analysis of PanNET gene expression and its validation.
(A.) NMF analysis of the PanNET core (‘training’) clinical gene expression dataset (n=86).
(B.) NMF analysis of the validation dataset of human PanNET gene expression data (n=29).
(C.) Heatmap confirming the existence of three PanNET gene expression subtypes using the
independent validation data set (n=29). In the rainbow bar beneath the heatmaps, red
indicates elevated expression, blue decreased, and white no change. PanNETassigner-mRNA
signatures associated with the subtypes in the heatmap are listed in the same order in

Supplementary Table 1e.
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Supplementary Figure 3. Cross-species analysis of gene expression subtypes in human
and mouse PanNETs. Heatmap showing cross-species analysis and association of human
(IT, MLP and intermediate; from core clinical gene expression dataset; n=72) and mouse
RT2 PanNET (IT and MLP; n=10) subtypes using DWD-merged gene expression profiles. In
all the heatmaps, the rows indicate differentially expressed genes amongst the profiled
transcriptomes. In the rainbow bar beneath the heatmaps, red indicates elevated expression,
blue decreased, and white no change. Genes and samples in the same order as that of the

heatmap are shown in Supplementary Table 1i.

Supplementary Figure 4. ENPP2 and INS mRNA expression in human PanNET subtypes

as assessed using human PanNET core clinical gene expression microarray dataset.

Supplementary Figure 5. Comparison of mouse PanNET subtypes to microdissected
invasive IT vs. non-invasive IC2 of mouse PanNET tumors: Relationship to PanNET
histotypes and progenitor gene signatures. (A.) A heatmap of hierarchical clustering of
DWD merged gene expression profiles from RT2 progression stages (including IT, MLP and
met samples) and microdissected highly invasive IC2 and non-invasive IT of RT2 tumors
(from published data (21)). (B.) A heatmap showing expression of genes that distinguish
progenitor (including metabolic and EMT) from EMT and mature f cell genes in
microdissected non-invasive (from IT) and invasive (IR; from IC2) regions of RT2 tumors

(samples and microarray data from Chun et al., (21)).

Supplementary Figure 6. Metabolic profiles of IT and MLP cell lines. (A-B.) Heatmap

showing hierarchical clustering of samples with metabolites (with SD>0.2) from LC-MS/MS
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analyses that are differentially abundant between (A.) MLP (BTC1b) and IT (BTC4), and
(B.) MLP (BTCle) and IT (BTC3) cell lines. The experiments in (A.) and (B.) were done as
different batches and hence, were analyzed separately. The analyses were performed in

triplicate for each sample.

Supplementary Table Legends.

Supplementary Table 1. Underlying data from microRNA and mRNA transcriptome
profiling of human and mouse PanNET samples associated with the main and
supplementary figures. (a-b.) microRNA profiles and PanNETassigner-miR signatures
from (a.) human PanNET core (‘training’) clinical miR dataset (n=40) in the same order top
to bottom as in Figure 1A, and (b.) from the human miRNA validation dataset (n=50), in the
same order top to bottom as in Supplementary Figure 1C. (¢.) Gene expression profiles and
PanNETassigner-mRNA signatures from human PanNET core clinical gene expression
dataset (n=86) in the same order from top to bottom as in Figure 2A. (d.) Human PanNET
core clinical gene expression dataset (n=72), with combined MLP-1 plus MLP-2 subtypes as
one class and IT and intermediate as other class and their associated genes are in the same
order as in Figure 2B. (e.) Gene expression profiles and PanNETassigner-mRNA signatures
from the human gene expression validation (n=29) dataset, in the same order top to bottom as
in Supplementary Figure 2C. (f.) mRNA profiles and genes associated with different
progression stages of RT2 mouse model, in the same order top to bottom as in Figure 2E.
(g.) mRNA profiles and signatures (m-PanNETassigner-mRNA) from mouse (RT2) PanNET
subtypes (IT and MLP) in the same order top to bottom as in Figure 2F. (h-i.) Merged gene

expression profiles of human (only tumor samples) and mouse (only IT and MLP) using (h.)
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ComBat (in the same order top to bottom as in Figure 2G) and (i.) DWD (in the same order

top to bottom as in Supplementary Figure 3).

Supplementary Table 2. Patient and tumor characteristics of the core clinical samples
used in the miR and mRNA profiling. The dataset includes clinical syndrome, mutations,
gender, age at diagnosis, sporadic or familial cancer, site of tumor, percent Ki67-positive

cells and NET grades.

Supplementary Table 3.

a) Evaluation of Insulin and Enpp2 IHC staining of human PanNET TMA. ‘-¢ indicates no
staining, ‘+’ weak staining, ‘++’ intermediate staining, ‘+++’ strong staining.

b) Protein expression levels determined by global proteomic analysis of micro dissected IT
and Ins-lo MLP tumor samples from RT2 mice. The number of unique peptides, the

normalized total spectrum and the fold change comparing IT to Ins-lo MLP are depicted.

Supplementray Table 4. List of primer sequences used in this study.
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