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Abstract

Background Lung neuroendocrine tumours (NETs, also known as carcinoids) are

rapidly rising in incidence worldwide but have unknown aetiology and limited therapeutic options beyond surgery.
The current WHO classification, based on mitotic count and presence or absence of necrosis, divides lung NETs into
grade-1 typical, and grade-2 atypical tumours. This dichotomous classification however does not account for recently

described molecular entities nor is it sufficient for clinical management.

Methods Here we conducted integrative multi-omic analyses on over 300 lung NETs including whole-genome
sequencing, transcriptome profiling, and DNA methylation arrays, followed by archetype analysis, to identify
and characterise molecular groups. We further investigated molecular groups using spatial RNA sequencing and
proteomics, and deep learning analysis of whole slide images.

Results The integration of multi-omic data provided definitive proof of the existence of four strikingly different
molecular groups that vary in patient characteristics, genomic and transcriptomic profiles, microenvironment,

and morphology. Among these, we identified a new molecular group, enriched for highly aggressive supra-
carcinoids that displayed an immune-rich microenvironment linked to tumour-macrophage crosstalk. We uncovered
an undifferentiated cell population within supra-carcinoids and show the transcriptomic similarities between
supra-carcinoids and the recently identified atypical small cell lung cancer tumours, further demonstrating

their molecular link to high-grade lung neuroendocrine carcinomas. Multi-regional genomic analyses identified
distinct evolutionary trajectories, suggesting that molecular groups are determined early in tumourigenesis

by genomic events, and that transitions between groups, though infrequent, are possible for supra-carcinoids.

Deep learning models accurately identified these groups based on morphology alone, outperforming current
histological criteria. Together with the validation of a panel of immunohistochemistry markers, we demonstrated that
these molecular groups can be accurately identified based on morphological features, facilitating their future
implementation in the clinical setting. Our proposed morpho-molecular classification highlights potential group-
specific therapeutic opportunities, with differences in expression to DLL3, EGFR, FGFR and TERT inhibitor targets.

Conclusions Overall, our findings unify previously proposed molecular classifications and refine the lung cancer map
by revealing novel tumour phenotypes with potential implications for prognosis and therapeutic management.

Keywords Cancer, Pulmonary carcinoids, Genomics, Multi-omics, Deep-learning

Background

Lung neuroendocrine tumours (NETs, also known as
carcinoids) and neuroendocrine carcinomas (NECs,
including small-cell lung cancer, SCLC, and large-cell
neuroendocrine carcinoma, LCNEC) are considered to
be distinct diseases due to their differing aetiologies and
clinical behaviour, with NECs being much more aggres-
sive and strongly linked to smoking, unlike NETs [1, 2].
According to the World Health Organisation (WHO)
Classification of Thoracic Tumours, mitotic count and
necrosis differentiate grade-1 typical from grade-2 atypi-
cal tumours, with five-year overall survival rates of 90%
and 60%, respectively [1, 3]. However, the current mor-
phological classification has limited predictive value for
treatment response, and its prognostic value is hindered
by significant inter-observer variability [4, 5]. We previ-
ously identified three distinct transcriptomic groups of
lung NETSs (Ca A1, Ca A2, and Ca B [6, 7]) each compris-
ing a mixture of grade-1 and grade-2 tumours, which
have been validated in independent studies and are start-
ing to guide clinical research [8—12]. However, the mis-
alignment between the morphological and molecular
classifications and their respective biological relevance

poses a dilemma for their implementation in clinical
practice [13, 14]. Previously we also reported six cases
of a new entity, named “supra-carcinoid’; with low-grade
morphology but molecular and clinical features resem-
bling those of SCLC and LCNEC [6], and suggested that
this new biological entity might be responsible for the
poor prognosis observed in a subset of lung NETs [15].
The discovery of supra-carcinoids further questions the
assumption that lung NETs and NECs are unrelated dis-
eases [16]. However, the limited number of samples and
molecular data generated has hindered the identifica-
tion of diagnostic or targetable features of this aggressive
group, as well as the investigation of the molecular mech-
anisms and evolutionary trajectories leading to each
group.

In the current study, we leverage a unique series of 319
fresh frozen lung NETs, including matched normal mate-
rial, enriched for the more aggressive grade-2 tumours
(n=79), coupled with detailed histopathological annota-
tions and whole-slide images, primarily sourced from the
lungNENomics network [5]. On this series, we have per-
formed multi-omic analyses and state-of-the-art spatial
omics and deep learning analyses to better understand
supra-carcinoid biology, the development of lung NET
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Fig. 1 Supra-carcinoids constitute the fourth distinct molecular group of lung NETs. a 319 tumours from the lung neuroendocrine tumour (NET) cohort
plotted over MOFA Latent Factors 1 and 2, contained within a tetrahedron (blue lines) formed by four phenotypic archetypes (blue dots) identified
through ParetoTl. Archetype positions are labelled by molecular group, and tumours are coloured by molecular group membership (=121 Ca AT,
n=107 Ca A2, n=75 Ca B, n=16 sc-enriched). Supra-carcinoids are circled in grey (n=16). sc-e, supra-carcinoid enriched. b Kaplan-Meier plot of overall
survival probability over time in months per molecular group (P value=0.021, Log-rank test). ¢ Violin plot of the distribution of the small variant burden
(left), structural variant burden (centre), and proportion of genome deleted (right) in the lung NET cohort (y-axis) as a function of the molecular group
classification (x-axis). Displays samples (n=102) for which WGS data are available. Significance levels correspond to t-tests. * 0.01 <P value <0.05; **
0.001 <P value<0.01; *** Pvalue <0.001. d Polar bar plot of the number of sc-enriched core upregulated genes per hallmark of cancer. Asterisks indicate
that the corresponding hallmark is significantly enriched in sc-enriched core upregulated genes. The three genes per hallmark with the largest fold
change in sc-enriched are displayed. e Proportion of samples assigned to four immune archetypes (y-axis) per molecular group or tumour type (x-axis).
LCNEC, large cell neuroendocrine carcinoma; SCLC, small cell lung cancer; LUADC, lung adenocarcinoma; LUSC, lung squamous cell carcinoma, LNEC,
lung neuroendocrine carcinoma. f Uniform Manifold Approximation and Projection (UMAP) of transcriptomes of neuroendocrine neoplasms from mul-
tiple organs (n=641). NET, neuroendocrine tumour. g Proportion of variance in gene expression explained by the proposed and existing thoracic tumour
classifications, where 0% indicates the classification explains no difference in gene expression profiles between patients and 100% indicates that all differ-
ences between patients are explained by the classification. The dashed line corresponds to the value expected under a random classification, obtained

using permutations of the molecular group labels

molecular groups, and the relationship between NETSs
and NECs. We further aimed to propose a unified mor-
pho-molecular classification of lung NETs to ultimately
improve diagnosis and clinical management.

Methods
See attached document entitled (Supplementary Material
1: Supplementary Methods).

Results

Beyond anecdotal case reports, supra-carcinoids constitute
the fourth distinct molecular group of lung NETs

We conducted Multi-Omics Factor Analysis (MOFA [17])
incorporating gene expression (n=273), DNA methylation
(n=247), small and structural variant, and copy number
variant data (n=102) on a cohort of 319 lung NETs [18]
(Supplementary Figs. S1, S2a-d, Supplementary Tables
S1-S3). Archetype analysis (ParetoTT [19, 20]) was applied
to the resulting factors of variation and demonstrated the
existence of four distinct molecular archetypes, three of
which aligned with our previously identified molecular
groups (Ca Al, Ca A2, and Ca B [6]). The fourth archetype
was enriched for supra-carcinoid [6, 7] (14 of 16 tumours)
and is hereafter referred to as sc-enriched (Fig. 1a, Sup-
plementary Fig. S2e-h, Supplementary Tables S1, S4-S5).
A mixture of grade-1 and grade-2 NETs were found in
each molecular group, however Ca B and sc-enriched con-
tained a higher proportion of grade-2 tumours than Ca
Al and Ca A2 (33% and 63%, versus 21% and 18%, respec-
tively). Unlike the other molecular groups, sc-enriched
tumours displayed no propensity for any particular sex,
age, or location, but were significantly more likely to dis-
play pleural invasion, and had poorer overall survival,
including when adjusted for sex and stage (Fig. 1b, Table 1,
Supplementary Tables S5-S7).

Genomically, sc-enriched had higher mutational, struc-
tural variant and deletion burdens compared to other
groups (Fig. 1c, Supplementary Table S8). Accordingly,
signature variability analysis [21] showed that sc-enriched

tumours displayed significantly more diverse muta-
tional repertoires, suggesting that they undergo more
mutational processes than tumours from other groups
(Supplementary Fig. S3, Supplementary Table S9). Addi-
tionally, sc-enriched tumours showed significantly more
hallmarks of cancer [22, 23] impacted by small variants
than the other three groups (cell replicative immortality,
escaping immune response to cancer, and proliferative
signalling) (Supplementary Fig. S4, Supplementary Table
$10). Similar results were obtained from transcriptomic
data where it was found that the sc-enriched samples had
the greatest number of core upregulated genes, and that,
contrary to the other molecular groups, these genes were
enriched for hallmarks of cancer (seven out of ten),
including escaping immune response to cancer, and pro-
liferative signalling (Fig. 1d, Supplementary Tables S1,
S11-S12). In line with this, sc-enriched tumours had a
significantly higher proliferation index [24, 25], even
when considering grade-2 tumours only (Supplementary
Table S13).

Cell deconvolution of transcriptomic data [26, 27] dem-
onstrated that the sc-enriched group had significantly
higher immune infiltration (dominated by classically
activated M1 macrophages [26, 28]), and cancer associ-
ated fibroblast (CAF) levels than other lung NET groups,
aligning it with recently proposed immune- and stromal-
rich tumour immune archetypes [29, 30], contrary to Ca
A1, Ca A2, and Ca B that were predominantly classed as
immune-desert archetypes (Fig. le, Supplementary Fig.
S5, Supplementary Tables S14-S16). Moreover, most of
the sc-enriched core upregulated genes were associated
with the immune system, including a high proportion of
chemokine ligand genes, with 56% linked to regulation of
immune system process, leukocyte migration, or regula-
tion of humoral immune response (Supplementary Table
S17). These findings establish supra-carcinoids as a dis-
tinct and robust molecular group of lung NETs, with a
more clinically and molecularly aggressive profile, associ-
ated with a unique tumour microenvironment.
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Morphological features Histological type
Mean mitotic count
Mean % of ki-67
Pleural invasion

Clinical and epidemiological features 10-year overall survival rate

Sex

Stage

Asbestos exposure

Smoking

MENT damaging mutations

BRAF V60OE

TERT overexpression

Molecular features

Diverse mutational repertoire

Tumour microenvironment features
Immune infiltration

Levels of cancer associated fibroblasts

1330 core upregulated genes’

2 typical, 11 atypical, 2 carcinoid, 1T NET G3
55

15%

4 (out of 6 tumours)

47%

8 female, 8 male

31A,31B, TIIA, 211B, T1IIA, 111B, 1 1IC, 11V, 3 unknown
2 (out of 3)

4 never, 2 former, 3 current, 7 unknown

2 (out of 5)

2 (out of 5)

8 (outof 12)

Three hallmarks of cancer affected

Seven hallmarks of cancer affected

Mostly linked with the immune system
30% (quanTlseq estimate)

4% (EPIC estimate)

"Analysis performed with supra-carcinoid enriched molecular group, therefore included all supra-carcinoid with RNA-seq data (n=12) and one non supra-carcinoid

(LNET16T)

Dimension-reduction analysis of transcriptomic data
from lung, pancreatic, small intestine, and rectal neuro-
endocrine neoplasms (NENs) [31-33] revealed that only
lung NETs formed distinct clusters, and all other neo-
plasms clustered homogenously by their organ of ori-
gin (Fig. 1f). Whilst molecular groups of digestive NETs
have been identified [34], these findings indicate that
within the family of NENs, lung NET molecular groups
are uniquely distinct from one another. As a measure
of molecular group distinctiveness, and how well the
four-group categorisation captures differences between
lung NET patients in comparison to the existing classi-
fication, we calculated the percentage of molecular varia-
tion explained by the current classifications. We found
that the four groups explain more inter-patient molecu-
lar variance than the WHO Classification of Thoracic
Tumours [1], be that of lung NETs, lung NECs, or even
that of all lung carcinomas (Fig. 1g). The existence of
four distinct lung NET molecular groups suggests varied
carcinogenesis processes; we thus set out to understand
their origin and temporal evolution.

Ca A1, A2, and B are spatially stable and follow distinct
evolutionary trajectories while supra-carcinoids may
evolve from other groups

To assess whether the groups contained different cell
states [35], hinting at different precursor cells or var-
ied cell differentiation trajectories. We compared lung
NET bulk expression profiles with a panel of single-cell
sequencing reference profiles comprising epithelial cells
from foetal lung tissue airway organoids, enriched for
both lower airway progenitor (LAP) and pulmonary neu-
roendocrine cells, as well as lung NET microenvironment
cells (stromal and immune) [36-38]. Deconvolution

revealed that most tumours contained a mix of the termi-
nally differentiated neuroendocrine cell types (CALCA +,
NEURODLI +), and club cells, however proportions did
vary within and between molecular groups. Ca Al had
the highest proportion of differentiated neuroendo-
crine cells, while Ca B contained the highest propor-
tion of club cells, and Ca A2 displayed a mixed profile
of both cell types. The pulmonary neuroendocrine pre-
cursor, LAPs [38], were found in the highest proportion
in sc-enriched samples and were virtually absent in Ca
A1, Ca A2 and Ca B. Furthermore, sc-enriched tumours
had similar proportions of LAP and differentiated neu-
roendocrine cells to LCNEC (Fig. 2a, Supplementary
Fig. 6a, Supplementary Tables S14 & S18). Spatial tran-
scriptomic analysis of four supra-carcinoids showed that
these cell types occupy distinct spatial locations, with
clear separation between CALCA +/NEURODI +areas
and LAP areas (Fig. 2b, Supplementary Fig. S6b & S7,
Supplementary Table S19).

We then explored the role of the tumour microenvi-
ronment in driving supra-carcinoid development. Spa-
tial transcriptomics data confirmed that sc-enriched
regions had specific microenvironments, co-localising
with macrophages and fibroblasts (Fig. 2b, Supple-
mentary Figs. S6b & S7, Supplementary Table S19).
Cell—cell interaction inference [39] identified MIF (mac-
rophage migration inhibitory factor) and collagen signal-
ling pathways (commonly associated with fibroblasts)
among the top-scored interactions present in the four
supra-carcinoid samples, and importantly, key genes
involved in these pathways, CD44 and CD74 (MIF),
and COLIAI and COLIA2 (collagen), were found
to be spatially correlated with sc-enriched regions
(Supplementary Fig. S8, Supplementary Table S20).
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Fig. 2 Supra-carcinoids harbour a unigue cell state and microenvironment. a Estimated proportion (y-axis) of cell types per sample (x-axis), using de-
convolution with a custom single-cell reference database including a diverse repertoire of neuroendocrine cells. NE: neuroendocrine; LAP, lower airway
progenitor. Displays samples from the lung NETcohort (n=273), LCNEC (n=69), and SCLC (n=51) for which RNA-seq data are available. b Spatial transcrip-
tomic images of two supra-carcinoid samples. From left to right, columns represent: the H&E image, proportion of lower airway progenitor cell expression
profile per spot, proportion of neuroendocrine NEUROD?1 + cell expression profile per spot, proportion of sc-enriched group expression profile per spot,
proportion of CA A1 group expression profile per spot, proportion of Ca B group expression profile per spot, and the estimated location and proportions
of macrophages and fibroblasts (scaled so 1 is the maximal value observed in a given sample). ¢ Distribution of ICAMT expression by molecular group,
TPM, transcripts per kilobase million, asterisks correspond to significance assessed by t-tests (left), mean expression (scaled read counts) of genes ICAMT,
ITGBX, and /TGB2 obtained from single-cell data for cell types present within sc-enriched samples (right, from panel a), and schematic of interaction
between LAP-like cells, macrophages, ICAM-1 and the ITGBX/ITGB2 heterodimer (bottom). * 0.01< P value < 0.05; ** 0.001 < P value < 0.01; *** Pvalue <
0.001. d Ternary plots depicting the relative position of intra-tumoural heterogeneity (ITH) samples in space between different molecular groups. Black
lines join ITH samples from the same patients. ITH samples are coloured by patient. Patient LNEN107 highlighted as the patient whose ITH samples were

assigned to two different molecular groups

Furthermore, a significant cell-cell interaction involv-
ing sc-enriched regions was detected between the LAP
marker ICAMI, whose expression is highly specific
to sc-enriched tumours, and two macrophage mark-
ers, ITGAX and ITGB2 (Fig. 2¢c, Supplementary Fig. S8b-
¢, Supplementary Tables S19-S20). The ICAM1 pathway
is known to be involved in wound healing, early car-
cinogenesis, and the metastatic process [40], hint-
ing at the role of tumour-macrophage interactions in
supra-carcinoids.

Spatial analysis also demonstrated that the supra-
carcinoids contained regions with a molecular profile
similar to that of the Ca Al or Ca B groups, as well as
sc-enriched (Fig. 2b, Supplementary Fig. Sé6c). We found
that the sc-enriched profile was significantly spatially
correlated with the LAP cell profile, while the Ca Al and
Ca B profiles were significantly spatially correlated with
CALCA +and NEURODL1 +cell profiles (Supplementary
Figs. S6c & S7, Supplementary Table S19). To exam-
ine the possibility that supra-carcinoids may arise from
other molecular groups, we performed multi-region
multi-omics integration of 90 tumour samples from 41
patients. Subsequent archetype analysis demonstrated
that in 40/41 patients, all tumour regions belonged to
the same molecular group, and that the only tumour that
had regions belonging to different groups (Ca Al and
sc-enriched) was a supra-carcinoid (LNEN107, Fig. 2d,
Supplementary Fig. S9a, Supplementary Table S$21).
Visualisation of the multi-regional samples within the
latent factor space demonstrated that tumour regions
differed in location primarily across the axes separat-
ing sc-enriched from the other three molecular groups
(Fig. 2d, Supplementary Fig. S9b). This suggests that
groups are generally spatially stable, but that transitions
between groups, though infrequent, are possible for
supra-carcinoids.

To further explore molecular group development, we
examined genomic driver alterations [41, 42] and evo-
lutionary trajectories. Eight significantly recurrent copy
number variant (CNV) events were identified as drivers
at the cohort level, and an additional three at the level of
individual molecular groups. These were amplifications

of chr 4 (Ca B-driver), chr 5 (encompassing TERT), chr
7, chr 8 (Ca A2), and chr 14p (cohort-level and Ca Al),
and deletions of chr 1p13.3, chr 3 (cohort-level and Ca
Al), chr 11q13.1 (encompassing MENI), and chr 11 (Ca
B) (Fig. 3a-b, Supplementary Tables S$22-524). Whilst
sc-enriched did harbour driver CNVs, none were spe-
cifically enriched within the group (Fig. 3a-b). Most
driver mutations were clonal and almost exclusive
to a single molecular group, including EIFIAX (only
in Ca Al, n=6), BRAF (V600E, only in sc-enriched,
n=2), MENI1 (9/11 in Ca B), and ARIDIA (4/6 clonal
mutations in Ca A2), suggesting that molecular groups
are determined early by genomic events (Supplemen-
tary Fig. S9c, Supplementary Tables S25-529). This was
further corroborated by phylogenetic analyses [43],
identifying 26 significant driver-to-driver (small vari-
ant and CNV) trajectories (Fig. 3c, Supplementary Fig.
S9d, Supplementary Table S30). These analyses showed
that alterations associated with the molecular groups
were predominantly initiation events, while alterations
shared across groups were typically subsequent events
(Fig. 3¢). In contrast, sc-enriched emerged through multi-
ple trajectories which were common to other groups and
were more likely to have undergone secondary driver
events, further suggesting that they may have evolved
from other entities (Fig. 3b-c).

Supra-carcinoids may represent an intermediate step
between NETs and NECs

In terms of lung NEN development, a question remains
whether supra-carcinoids may represent a transitional
biological entity between lung NETs and NECs [44, 45].
In support of this proposition, we report here upon
a supra-carcinoid patient for which a patient-derived
tumour organoid (PDTO) was created [46]. LNET10, a
26-year-old female never-smoker, was diagnosed with
an atypical carcinoid at stage IA (T1bNOMO), with
two mitoses/2mm?, focal necrosis, and Ki-67 index of
20%. Molecular analysis of both the primary tissue and
PDTO passage 4 (p4) identified moderately high MKI67
expression (5 and 14 TPM, respectively), BRAF (V600OE)
and PTEN mutations, expression-based clustering with
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Fig. 3 Molecular groups are spatially stable and follow distinct evolutionary trajectories. a Copy number profile of each molecular group; the y-axis
represents the percentage of samples in each group with a given alteration (amplifications above the 0 line, deletions below), and colours represent the
copy number. The black line represents copy-neutral loss of heterozygosity (cn-LOH). Driver copy number variants (CNVs) detected in each group by the
GISTIC2 method are represented by a square above each profile (red rectangles for deletions, blue rectangles for amplifications). b Oncoplot of small
variants in IntOGen identified driver genes, CNV drivers identified by GISTIC2, and large chromosomal rearrangements. Selected clinical features and
molecular group assignment are represented at the top along the x-axis. ¢ Recurrent evolutionary trajectories based on small variants and CNV drivers
detected using the REVOLVER method. Colours represent the driver event, “1st event” refers to initiating events (trajectories from germline to a driver in
Supplementary Fig. S9d), and “2nd event”refers to subsequent events (trajectories between two drivers in Supplementary Fig. S9d). a-c Display samples

from the lung NET cohort with WGS data (n=102)

LCNEC [46], and a chromothripsis-like clustered struc-
tural variant pattern affecting chr 9 (Fig. 4a, Supple-
mentary Tables S1-S2, S25, S$27-528). One year after
diagnosis, metastatic disease in the skin and lymph nodes
was noted, and the patient was then treated with BRAF
and MEK inhibitors, dabrafenib and trametinib, respec-
tively. After an initial response, bone and liver metastases
developed, and biopsy of the liver metastasis followed by
whole-genome sequencing revealed a deletion in exons
2-8 of BRAF, a known mechanism of resistance to BRAF
inhibitor therapy [47], that was absent in the p4 PDTO.
Crucially, based on the liver biopsy, the pathologist
revised the diagnosis to LCNEC, suggesting that a full
transformation to NEC may have occurred (Fig. 4a). The
LNET10 PDTO was one of the fastest-growing lung NET
PDTOs, taking around three months to reach passage
three versus on average six months for the others, and
displayed an increase in mutational burden and MKI67
gene expression over time, from the primary to passage
11 (p11), thus reflecting the tumour aggressiveness seen
in the patient (Fig. 4a). We subsequently assessed the cell
type make-up of the primary and PDTO passages and
noted a shift from a NET-like to NEC-like profile over
time, exemplified by the reduction in LAP and club cells,
and increase in NE early 1 cells, between p4 and pll,
despite the lack of microenvironment in culture (Fig. 4a,
Supplementary Table S14).

Chromothripsis is an infrequent event in lung NETs [6,
48], however the findings above suggest it may be impor-
tant in the potential transformation from lung NET to
NEC. Supporting this hypothesis is the recent publica-
tion of a subset of metastatic SCLC tumours with chro-
mothripsis but lacking RBI and TP53 co-inactivation,
labelled ‘atypical SCLC; several of which originated from
a primary lung NET [49]. We combined the available
transcriptomic data for these atypical SCLC tumours,
which included two primary and four metastatic tumours
with chromothripsis (one of which had a carcinoid pri-
mary), and one primary tumour with carcinoid histology
(with atypical SCLC metastasis), with that of our sc-
enriched tumours as well as 36 SCLC from George et al.
[50] (which included one TP53 and RBI wild-type SCLC
also with chromothripsis) to examine the relationship
between them (Fig. 4b). Hierarchical consensus cluster-
ing demonstrated that all chromothripsis-carrying SCLC

tumours (whether metastatic or primary), as well as the
primary lung NET that gave rise to metastatic SCLC, had
transcriptomic features more closely related to supra-
carcinoid than to conventional SCLC, raising the possi-
bility that they may represent distinct evolutionary stages
of supra-carcinoids (Fig. 4b).

Similar to the already established grade-3 NETs
described in other organs a new morphological entity of
lung NETs with carcinoid morphology but higher mitotic
counts and Ki-67 levels than expected for such grade-
1/2 tumours has now been formally recognised [14, 16,
51-55]. To assess whether supra-carcinoids correspond
to this grade-3 lung NET entity, current and proposed
lung NET diagnostic criteria of mitotic count and ki-67
index were evaluated by six individual pathologists for a
subset of the cohort (n=197). Although sc-enriched had
significantly higher MKI67 gene expression levels than
other groups (9.4 TPM versus 1.6), the proliferative activ-
ity estimated via Ki-67 protein expression showed only
a moderate increasing trend (Supplementary Fig. 10a,
Supplementary Tables S1 & S13). In terms of mitotic
count, mean count was significantly higher in Ca B
tumours than those in Ca Al (1.47 versus 0.86, Supple-
mentary Fig. 10a). Only one supra-carcinoid exceeded
the expected mitotic count and Ki-67 thresholds for
lung NET and was classified as NET grade-3 by consen-
sus. Five additional lung NETs were annotated by at least
one pathologist as having more than ten mitoses/2mm?
(although mean did not exceed ten). Of these five, four
were classified as grade-1 or 2, and one as grade-3 by
consensus. These higher mitotic count tumours were
found in Ca A2 (n=1), sc-enriched (#n=2) and Ca B
(n=3) molecular groups. Three of the remaining 15 lung
NETs in the sc-enriched were classified as grade-1, ten
as grade-2, and two as carcinoid not otherwise speci-
fied (Supplementary Table S13). This data suggests that
supra-carcinoids can be but are not always grade-3.

The molecular classification of lung NETs provides
additional information about biology and development
Molecular group classification also provided additional
information on tumour biology and development masked
by histological types. Distinct epidemiological charac-
teristics were identified, particularly for the three larg-
est groups. Ca Al was enriched for females, patients
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Fig. 4 Supra-carcinoids may represent an intermediate step between NETs and NECs. a Profile of a patient with a supra-carcinoid tumour for which a
patient-derived tumour organoid (PDTO) was developed, allowing drug screens. Top left panel, clinical profile and disease course including H&E and Ki-67
stained pathology images. BRAFi, BRAF inhibitor; MEKi, MEK inhibitor; NET, neuroendocrine tumour; NEC, neuroendocrine carcinoma. Top right panel,
molecular profile of primary tumour (LNET10T) showing location in archetype space (left), BRAF V60OE alteration and shattered region of chr9 (right), and
structural variant (SV) signature profile of clustered translocations (T) corresponding to RefSig R4 (below). Del, deletions; TD, tandem duplications; Inv,
inversions. Bottom panel, PDTO features of growth trajectory in comparison to other grade-1 and grade-2 lung NETs (left), MKI67 expression and non-
synonymous mutations per megabase (Mb) for primary tumour, PDTO passage 4 (p4) and passage 11 (p11) in comparison to other sc-enriched tumours
(middle), and cell type proportions (right). Proportions for lung NET (Ca A1, Ca A2 and Ca B), sc-enriched and LCNEC are mean proportion per cell type
for n=260, n=13, and n=69 tumours, respectively. LAP, lower airway progenitor; NE, neuroendocrine. b Heatmap of differentially expressed genes be-
tween small cell lung cancer (SCLC) and supra-carcinoid enriched (sc-enriched) tumours with log fold change > 2.5 (n=351). Gene expression values for
all samples (=36 SCLC, n=13 sc-enriched, and n=7 atypical SCLC) are plotted as log2(TPM+ 1). Samples are arranged by consensus cluster order, and

coloured bars indicate study of origin, sample origin, histology, presence of chromothripsis, smoking status, and entity

aged over 40, and distal locations. Similarly, Ca A2 was
enriched for females but featured younger patients, com-
prising nearly all the under 40 cases, and were predomi-
nantly proximal tumours, whereas Ca B was enriched
for males and patients over 40 (Fig. 5a, Supplementary
Tables S1 & S5). Amongst grade-2 tumours only, smok-
ing rates differed between molecular groups, whereby
Ca B patients were significantly more often current or
former smokers than Ca A2 (52% versus 11%, Fig. 5b,
Supplementary Tables S1 & S5). Indeed, the smoking-
associated ID3 mutational signature [56] was signifi-
cantly more often present in Ca B than Ca Al or Ca A2
(58%, 30%, and 24% of sequenced samples, respectively),
and only within Ca B did tumours from ever smokers
show stronger signs of clonal selection [57] than tumours
from never smokers (Fig. 5b, Supplementary Fig. S3a-b,
Supplementary Tables S8-S9). A significant difference in
asbestos exposure was observed, albeit in low numbers of
patients (n=1 in Ca Al and Ca A2, n=2 in sc-enriched,
and n=5 in Ca B, Supplementary Tables S1 & S5). Fur-
thermore, of 26 patients with a prior cancer diagnosis,
19 belonged to Ca Al; however, despite the associations
with history of cancer in Ca Al, and young age at diag-
nosis in Ca A2, no recurrent germline variants were
identified that clearly suggested underlying genetic sus-
ceptibility [58] (Supplementary Tables S1, S5, S31).
Group-specific core upregulated and downregulated
genes showed that Ca Al was the only molecular group
to harbour enrichment for genes highly expressed in
lung neuroendocrine cells [59], and in line with this,
pathway analysis highlighted nervous system func-
tions, and potential master transcription factors (TFs)
for Ca Al included proneural TFs ASCLI and MYTLI
[60-62] (Fig. 5¢, Supplementary Fig. S10b, Supplemen-
tary Tables S11, S17, S32-S33). HNF4A and OTP were
identified as putative master TFs for Ca A2. Ca A2 and
Ca B core upregulated genes both showed enrichment for
the regulation of hormone levels pathway, and Ca B was
associated with uronic acid metabolic process pathway
(comprising the core upregulated UGT genes located on
amplified chr 4, Fig. 5¢, Supplementary Tables S11, S17,
S33). Sc-enriched displayed the lowest expression of

characteristic lung neuroendocrine cell genes [59] (Sup-
plementary Fig. S10b, Supplementary Table S32).

Further analysis of transcriptomic data demonstrated
that each molecular group had a dominant immune cell
type: dendritic cells in Ca A1, alternatively activated (M2)
macrophages in Ca A2, monocytes in Ca B, and classi-
cally activated (M1) macrophages [26, 28] in sc-enriched,
though cell proportions varied within groups (Fig. 5d,
Supplementary Tables S14-S15). Additionally, using digi-
tal spatial profiling the molecular groups Ca Al, Ca A2
and Ca B could be distinguished through the expression
of immune-related proteins within tumoural and micro-
environmental regions (Supplementary Fig. S10c-f, Sup-
plementary Table S34).

Given the observation that molecular groups con-
tain both grade-1 and 2 tumours (Fig. 5a), and the
association between genomic instability and increased
malignancy in cancer [23], we investigated genomic
alteration burden by histological type. This analysis
showed that in general grade-2 tumours harboured more
genomic alterations than grade-1 tumours, suggesting
that samples within each molecular group may have the
potential to progress from grade-1 to 2 as part of their
disease course, however this grade-effect was not always
present within each molecular group (Figs. 3c & 5e, Sup-
plementary Fig. S11, Supplementary Tables S1, S8, S10,
S30).

Artificial intelligence and expert pathologists reveal
morphological signatures of molecular groups

To identify whether there were morphological features
specific to molecular groups that could assist in diag-
nosis, we used an agnostic approach of deep learning
models [63, 64] followed by human interpretation of Al
findings. Briefly, (i) whole slide images of HE/HES stained
tumours were cut into small tiles, (ii) a deep learning
model clustered the tiles into partitions which shared
common morphological features, and (iii) the partitions
were then annotated for morphological features by six
expert pathologists (Supplementary Fig. S12a, Supple-
mentary Tables $S35-540). Surprisingly, we found that the
model performed better at predicting molecular groups
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Fig. 5 Molecular groups provide complementary information to current classification. a Proportion per molecular group of each category within four
feature groups: type (where “carcinoid”indicates tumours that could not be definitively classified as typical or atypical), sex (inferred from omics data), age
category, and tumour location. Molecular group proportions per category within a feature group sum to 1. Circled features indicate significant enrich-
ment within group (P value <0.05, Binomial test). b Bar chart displaying the proportion of patients with grade-2 atypical lung NETs with and without a
history of smoking (y-axis) per molecular group (x-axis), n=>57 for which data were available (left). Level of immunoediting, estimated as the selection co-
efficient of small variants in neoantigen-rich regions (ratio of non-synonymous to synonymous mutations, dN/dS) by the SOPRANO method within ever
and never smoking patients, as a function of tumour type or molecular group (right). ¢, Expression heatmap of selected genes (columns) for each sample
of the lung NET cohort (rows, n=273). Gene expression values are displayed as z-scores of log2(TPM+ 1) values. Genes are grouped by the molecular
group for which they are either (i) a core upregulated gene and in a super-pathway (black), or (i) a putative master transcription factor (red). Coloured
bars on the bottom indicate gene membership in super-pathways, described in the legend on the right. Values between brackets next to the pathways
correspond to the number of core upregulated genes (first value), and core pathways (second value), included in the super-pathway. d Relative abun-
dance of ten immune cell types, in each molecular group, estimated from RNA-seq data using deconvolution (software quanTlseq). Individual samples are
shown on the x-axis, relative abundances on the y-axis. c-d display lung NET cohort samples for which RNA-seq data are available (n=273). e Distribution
of genomic alteration burden within histological tumour types as a function of molecular group. Tumour types are ordered as follows: typical, carcinoid,
atypical, colours are as per Fig. 5a. Stars represent the significance level of two-sided t-tests (small variants, structural variants), or permutation tests (copy

number variations, CNVs). * 0.01 < P value < 0.05; ** 0.001 < P value < 0.01; *** P value <0.001

(Ca A1, Ca A2, and Ca B, for which sufficient samples for
analysis were available) than histological grades (Supple-
mentary Fig. S12b-c). We found that Ca Al tumour cells
more frequently have a spindle shape, displayed nested
cells, cells with clear cell changes, solid tissue architec-
ture, and an enrichment for salt and pepper chromatin
(Supplementary Figs. S12d, S13 & S14). Whilst Ca A1 and
Ca A2 tumours shared an enrichment for fibrotic tissue,
Ca A2 tumours more frequently had oncocytic changes,
organoid tissue architecture, and plasmacytoid cells. Ca
A2 and Ca B tumours also had more frequently an aci-
nar tissue architecture than Ca Al tumours. Tumour cell
size was also found to be slightly different between the
groups, with Ca Al having marginally but significantly
smaller cell sizes, and a smaller nucleus to cytoplasm
ratio (Supplementary Figs. S12d, S13 & S14). Additional
features were highly specific to certain partitions, such as
cartilaginous tissue in partition 70, which was enriched
for Ca A2 and Ca B (Supplementary Figs. S12d, S13 &
S14). This finding is likely related to the more frequent
proximal location of these tumours compared with Ca
A1 and demonstrates the biological and clinical relevance
of the model outputs. To test the generalisation of mor-
phological features identified in tiles to entire whole slide
images, we estimated the presence of two significant and
easily recognisable features (spindle cells, and fibrotic tis-
sue) using the visual-language model CONCH [65]. This
demonstrated that spindle cell shape was indeed charac-
teristic of Ca Al, and interestingly was also common in
supra-carcinoid samples, and further confirmed that the
absence of fibrotic tissue was associated with Ca B (Sup-
plementary Fig. S15).

For an illustration of the overall approach, we display
three tumours correctly classified by the deep learning
model (probability >0.95), highlighting the regions given
most attention by the model, and their morphological
features. The algorithm was highly focussed on tiles with
spindle cells and solid morphology to predict the Ca Al
tumour, on regions with organoid tissue architecture to

predict the Ca A2 tumour, and on regions with round
cells and cartilage to predict the Ca B tumour (Fig. 6a).

Opportunities for implementing a more clinically relevant
morpho-molecular classification

Several previous studies have investigated whether
molecular features may better capture lung NET diver-
sity than the current grading system, including Lad-
dha et al. [8], whose LC1, LC2, and LC3 groups were
found previously to correspond to Ca Al, Ca B, and Ca
A2, respectively [7]. We therefore sought to reconcile
these proposals with the molecular groups character-
ised in the current study. Recently, Werr et al. showed
that high expression of TERT was predictive of progno-
sis independently of tumour grade [66]. Here we found
both tumour grade and molecular group to be associated
with TERT expression whereby grade-2 tumours were
significantly more frequently TERT high than grade-1
(61% versus 29%), and Ca A2 tumours were significantly
more often TERT low than Ca Al, Ca B, or sc-enriched
tumours (83% versus 52%, 50% and 31%, respectively,
Fig. 6b, Supplementary Fig. S16a-b, Supplementary Table
S41). Analysis of cis-regulatory elements led Davis et al.
to propose three regulatory subtypes of lung NETSs: Pro-
neural, HNF +, and Luminal [67]. We found that almost
all Ca Al tumours were of the Proneural subtype
(n=97/109), characterised by high expression of ASCLI.
Ca A2 corresponded to the HNF +subtype (n=287/89),
characterised by high expression of HNF genes, includ-
ing HNFIA and HNF4A, and the neuronal TF OTP. The
Luminal subtype, typified by high HNF gene expres-
sion but low levels of OTP, corresponded to Ca B
(n=55/62). Whilst two sc-enriched were Proneural and
one Luminal, most did not correspond to any subtype,
however almost all were OTP-low (n=11/13, Fig. 6b,
Supplementary Table S42). Given the similarity between
supra-carcinoid and lung NEC molecular profiles [6,
7], we also examined the alignment between lung NETSs
and proposed markers for TF-driven subtypes of SCLC.
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Fig. 6 Presentation of a biologically grounded and clinically relevant morpho-molecular classification. a Example of how the morphological criteria iden-
tified by deep learning could help diagnose patient molecular group. Coloured squares correspond to high-attention tiles identified by RoFormer-MIL
to predict molecular groups. Colours represent different partitions, and barplots display the number of tiles from the different partitions in these high-
attention regions. Example tiles from partitions along with their consensus pathological annotations from two independent pathologists are also repre-
sented, where stars correspond to the significance of the association between partitions and annotations. * 0.01 < g value <0.05; ** 0.001 < g value <0.01;
*** g value<0.001. b Alluvial plots comparing the proposed four-group molecular classification with other published classifications, determined by
marker gene expression; box sizes correspond to sample sizes in the study cohort, n=273. ¢ Distribution of mean expression (in log10(TPM + 1) of a panel
of 18 genes that capture a T-cell inflamed phenotype and is associated with response to PD-1 inhibitor pembrolizumab by molecular group. n=273,
TPM, transcripts per kilobase million. Pair-wise comparisons performed with t-tests. * 0.01 < P value < 0.05; ** 0.001 < P value <0.01; *** P value <0.001. d
Schematic depicting the molecular, clinical, and morphological characteristics of the proposed morpho-molecular classification for lung NETs. PNEC,
pulmonary neuroendocrine cell (putative cell of origin); TME, tumour microenvironment; G1, grade-1; G2, grade-2; G3, grade-3; SVs, structural variants;
LCNEC, large cell neuroendocrine carcinoma; SCLC, small cell lung cancer; LAP, lower airway progenitor; DC, dendritic cell; macro, macrophage; fibro,

fibroblast; yo, years old

SCLC-A, SCLC-N, SCLC-P, and SCLC-I are character-
ised by elevated ASCLI, NEURODI, or POU2F3 expres-
sion, or low expression of all three alongside an inflamed
gene signature and YAPI expression, respectively [68].
Our analysis revealed that Ca Al, Ca A2, and Ca B
lung NETs either fell into the SCLC-A subtype (mainly
Ca Al, aligning with the proneural lung NET subtype),
or were negative for all three markers (ASCLI, NEU-
RODI, POU2F3), however, approximately half of Ca Al
and Ca A2 tumours also expressed low levels of YAPI. In
the case of sc-enriched, they displayed the highest YAP1
expression and inflamed score (SCLC-I), but interestingly
approximately half were also ASCLI-high (Supplemen-
tary Fig. S16¢, Supplementary Table S43). Also, as pre-
viously reported [6, 48], bona fide SCLC TP53 and RBI
alterations were rare or non-existent in lung NETs (Sup-
plementary Fig. S16¢c, Supplementary Tables S25 & S28).
It has been suggested that the current histological grad-
ing system for lung NETs does not adequately capture
the variability present within lung NETs, and is lack-
ing in terms of clinical utility, both for prognostication
and identification of targetable molecular features for
treatment [4, 5, 8, 9, 13]. Importantly, clinically relevant
features were also identified in the molecular groups
including differences in survival and potential therapeu-
tic vulnerabilities. Ten-year overall survival rates were
86% for Ca Al, 83% for Ca A2, 70% for Ca B, and 60% for
sc-enriched, and paired analysis indicated poorer overall
survival for Ca B and sc-enriched compared with Ca A2
(Supplementary Table S6). Sc-enriched also had poorer
overall survival compared with Ca A2 after adjusting for
sex and stage, but not tumour grade (features that were
additionally associated with survival). In contrast, grade-2
had poorer overall survival than grade-1 when adjust-
ing for sex, stage, or molecular group (Supplementary
Table S6). A number of approved and emerging targeted
therapies have recently been reported on for neuroendo-
crine neoplasms including DLL3 [69], FGFR3/4 [67], and
EGEFR [11] inhibitors, somatostatin analogues (SSTR2)
[70, 71], and alkylating agents (MGMT) [72, 73]. Such
therapies are associated with expression-based predictive
markers [13], and given the described biological variation

between molecular groups we therefore assessed whether
treatment response marker expression profiles also dif-
fered across the cohort. While no markers were sig-
nificantly differentially expressed between grade-1 and
grade-2 tumours, they did differ by molecular group.
Delta-like protein 3 (DLL3), a direct downstream tar-
get of the Ca Al core upregulated gene ASCLI, was
expressed at a higher level in Ca Al than in all other
groups. Ca Al also had the highest expression of EGFR,
along with sc-enriched tumours. FGFR4 was most highly
expressed in Ca A2, whilst FGFR3 was highest in Ca A2
and sc-enriched. Ca A2 and Ca B shared high expres-
sion of SSTR2, and finally MGMT was slightly elevated
in sc-enriched tumours compared with Ca Al and Ca A2
(Supplementary Fig. S17, Supplementary Table S43). We
additionally examined the expression a panel of 18 genes
that capture a T-cell inflamed phenotype and is associ-
ated with response to PD-1 inhibitor pembrolizumab in
nine different cancer types [74]. Mean expression was
significantly higher in sc-enriched than other molecular
groups, a promising finding given the higher expression
observed in pembrolizumab responders [74] (Fig. 6c,
Supplementary Table S44). Grade-2 tumours also showed
a modest increase in the PD-1 inhibitor response sig-
nature compared to grade-1 (1.7-fold higher), but this
difference was smaller than that observed between sc-
enriched and other molecular groups (5 to sevenfold
higher, Supplementary Figure S16d, Supplementary Table
S44).

Despite its potential, a key challenge to any molecular
classification lies in its implementation in clinical prac-
tice. To address this, we assessed two methods suitable
for different resource settings. Firstly, Leunissen et al. [9]
demonstrated that a combination of ASCL1, HNF1A,
and OTP protein expression could accurately classify
a small cohort of lung NETs into their known molecu-
lar group (Ca Al, Ca A2, and Ca B) based on a subset of
our series (n=15). Applying the immunohistochemistry
(IHC) panel to 90 additional samples in our series (7 =30
each of Ca Al, Ca A2, and Ca B) resulted in a predicted
molecular group for 77% of samples. Of the classified
samples, 99% were correctly predicted, and only one was
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misclassified (Supplementary Fig. S18a-b, Supplementary
Table S45). Although not included in the IHC experi-
ment, gene expression analysis of ASCL1, HNFIA, and
OTP in supra-carcinoids demonstrated unique profiles
such that ten out of 13 tumours did not match any of the
Ca Al, Ca A2, or Ca B patterns (Supplementary Table
S42). Subsequently, using a selection of the deep learning-
identified morphological features: spindle cells, organoid
and solid architecture, and fibrosis, the unclassified/mis-
classified cases from the IHC experiment (n=22) were
reassessed, and nine were able to be correctly grouped,
despite being more complex cases (Supplementary Fig.
S18c, Supplementary Table S45). In total, using the three-
protein IHC panel and the morphological signature of
the molecular groups we managed to correctly assign to
their molecular groups 77 out of 90 samples assessed.

Secondly, we evaluated PACMOS, our publicly avail-
able R package designed to classify new samples with
single or multi-omic data into the four molecular groups
(defined in this study). Cross validation within our cohort
demonstrated an accuracy of 100% in assigning study
samples to one of the four molecular groups when using
both RNA sequencing and DNA methylation array data,
98.9% using RNA sequencing data alone, and 98.8% using
DNA methylation data alone (Supplementary Table
S46). To assess its applicability to external datasets, we
applied PACMOS to publicly available lung NET RNA
sequencing data from Laddha et al. [8]. Among 29 patient
samples, PACMOS assignments were concordant with
expression-based subtypes previously reported by Lad-
dha et al, all LC1 samples were assigned to Ca Al, all
LC2 to Ca B, and all LC3 to Ca A2 (Supplementary Fig.
S19a, Supplementary Table S46). Finally, we projected an
additional longitudinal sample from a supra-carcinoid
patient included in the study cohort, obtained two years
after initial diagnosis, this sample was also classified as
sc-enriched (Supplementary Fig. S19b, Supplementary
Table S46). Together, these results indicate that PACMOS
can classify new lung NET samples with available tran-
scriptomic and/or methylation data, providing a practical
tool for translational research studies.

Discussion

Prior to this study, we and others had introduced the con-
cept of molecular groups of lung NETs (Ca A1, Ca A2, and
Ca B) that were in opposition to the current WHO classi-
fication of grade-1 (typical) and grade-2 (atypical) tumour
types [6, 8, 67]. In this study we applied archetype analysis
to latent factors representing multi-omic variation within
a large cohort of lung NETSs, identifying a fourth group
encompassing almost all instances of supra-carcinoids.
This supra-carcinoid enriched group displayed a more
disrupted genomic profile, an immune rich microenviron-
ment, more frequent pleural invasion, and may be more
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clinically aggressive. The molecular groups Ca Al, Ca A2,
and Ca B are likely determined early in tumorigenesis by
genomic events, and were highly spatially stable, however
the evidence for early determination of supra-carcinoids
was more mixed. Whilst we identified a supra-carcinoid
specific driver alteration, BRAF V60OE, though present in
only two samples, many tumours also harboured driver
alterations characteristic of other molecular groups, and
also contained regions with profiles matching these other
groups, suggesting that supra-carcinoids may evolve from
Ca Al, Ca A2, or CaB.

Cell of origin analyses did not indicate a unique pre-
cursor for each group but were suggestive of differences
in tumour development. The high proportion of differ-
entiated pulmonary NE cells present in Ca Al, in com-
bination with the proneural nature of its putative master
transcription factors ASCLI and MYLT1 [59, 61, 62], is
suggestive of a group of tumours arising from a pulmo-
nary NE cell of origin that has undergone limited dedif-
ferentiation during tumourigenesis. In parallel, recent
studies have reported specific enrichment within a Ca
Al-like patient group (older women with peripheral lung
NETs with high ASCLI expression) for the preinvasive
condition diffuse idiopathic pulmonary neuroendocrine
cell hyperplasia (DIPNECH) [9, 75, 76]. It is plausible
that DIPNECH predisposes patients to the development
of Ca Al lung NETs specifically, and the Ca Al NE-like
phenotype is reflective of a possible relationship with
hyperplastic NE precursor lesions. In contrast, Ca B had
a high proportion of club cells, shown in animal models
to play an important role in repair of airway epithelial
cells following injury, and to contribute to the removal of
xenobiotic compounds within the lung [77]. This was in
line with the upregulation of several L/GT genes within
Ca B, that are also crucial for the elimination of xenobi-
otic compounds [78], and suggests that environmental
exposures, such as smoking, may be specifically involved
in the development of Ca B tumours. The finding that
the pulmonary NE precursor, LAP cells [38], were most
abundant in sc-enriched tumours, and were very rarely
present in the other molecular groups, suggests that at
least a subset of supra-carcinoids are in an undifferenti-
ated, stem-like cellular state with loss of neuroendocrine
phenotype. Finally, the co-localisation of LAP and sc-
enriched regions with macrophages and fibroblasts, and
the significant interaction between markers of macro-
phages and LAP cells, suggests that the tumour microen-
vironment may be key to supra-carcinoid development,
although it may not be essential for maintaining their
phenotype and growth [46].

Lung NENSs are currently divided into low-grade NETs
and high-grade NECs, however the molecular similar-
ity between supra-carcinoids and lung NECs does lend
weight to the idea that NETs and NECs represent two
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ends of a spectrum of highly stable tumour groups rather
than two completely unrelated diseases [44, 45]. Support-
ing this hypothesis is the recent publication of so-called
atypical SCLC tumours which demonstrated the pos-
sibility of NEC development through transformation of
a lung NET via chromothripsis [49]. Our case report on
LNET10 provides additional evidence that a low-grade
NET may progress to a high-grade NEC in the context
of chromothripsis, and our reanalysis of the atypical
SCLC [49] data suggests that such tumours may in fact
be fully transformed supra-carcinoids. Our observa-
tions on the development of supra-carcinoids, whether
that be through evolution of other molecular groups or
de novo appearance, their stability over time or capacity
for high-grade transformation and the potential mecha-
nisms involved, be that chromothripsis and/or changes
in tumour microenvironment and neuroendocrine cell
state, have generated hypotheses that will need to be
tested in future mechanistic and longitudinal studies.
Furthermore, whether supra-carcinoids represent a tran-
sitional entity, or a distinct morphological subtype of
lung NETs, remains to be evaluated, including by expert
pathologists in purposely designed studies.

Finally, the four molecular groups capture differences
in epidemiological and biological features that are not
represented by the current histological system, which is
more a measure of tumour progression. Whilst our find-
ings do not provide direct evidence of the therapeutic
value of the molecular groups, they highlight the limita-
tions of relying solely on histological subtypes which may
obscure biologically relevant differences. Thus, as sup-
ported by the differences in protein expression identified
by Leunissen et al. [9], consistent with our gene expres-
sion findings, the molecular groups provide a plausible
patient stratification framework for future clinical trials.
Importantly, this molecular classification has the poten-
tial to be implemented in both the research and clinical
settings, either through the use of software (PACMOS)
or classical cancer diagnostic methods (IHC panel com-
bined with morphology). However further refinement is
certainly needed, specifically to ensure reproducibility in
assays between settings, and to more concretely deter-
mine diagnostic morphological features, particularly for
supra-carcinoid tumours.

Conclusions

We identify the fourth distinct molecular group of lung
NETs as being supra-carcinoid enriched (sc-enriched),
and prove that each of the molecular groups (Ca Al, Ca
A2, Ca B, and sc-enriched) has unique aetiology, clinical
and epidemiological features, molecular profiles, micro-
environmental niches, and evolutionary histories, sug-
gestive of different diseases that should be tackled with
different clinical approaches (Fig. 6d). These molecular
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groups are independent of but complementary to the
current WHO classification, with the former more accu-
rately reflecting tumour biology to guide future clinical
trial design, and the latter capturing tumour progression
and remaining key for prognostication. These data raise
awareness about the existence of the supra-carcinoid
phenotype and provide a window into the so far unrecog-
nised lung NEN plasticity.
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