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Abstract

Nearly 1/3 of lung adenocarcinomas have loss of STK11 (LKBZ1) function. Herein, a
bioinformatics approach was used to determine how accurately preclinical model systems reflect
the /n vivo biology of STK11 loss in human patients. Hierarchical and K-mean clustering,
principle component, and gene set enrichment analyses were employed to model gene expression
due to STK11 loss in patient cohorts representing nearly 1000 lung adenocarcinoma patients.
K-means clustering classified STK11 loss patient tumors into three distinct sub-groups; positive
(54%), neuroendocrine (NE) (35%) and negative (11%). The positive and NE groups are both
defined by the expression of NKX2-1. In addition to NKX2-1, NE patients express neuroendocrine
markers such as ASCL1 and CALCA. In contrast, the negative group does not express NKX2-1
(or neuroendocrine markers) and is characterized by significantly reduced survival relative to the
two other groups. Two gene expression signatures were derived to explain both neuroendocrine
features and differentiation (NKX2-1 loss) and were validated through two public datasets
involving chemical differentiation (DCI) and NKX2-1 reconstitution. Patients results were then
compared with established cell lines, transgenic mice, and patient-derived xenograft models of
STK11 loss. Interestingly, all cell line and PDX models cluster and show expression patterns
similar with the NKX2-1 negative subset of STK11-loss human tumors. Surprisingly, even mouse
models of STK11 loss do not resemble patient tumors based on gene expression patterns. Results
suggest pre-clinical models of STK11 loss are pronounced by marked elimination of type Il
pneumocyte identity, opposite of most /7 vivo human tumors.

Keywords
Type Il pneumocyte; STK11 (LKB1); NKX2-1 (TTF-1); Immunotherapy

:Corresponding author - Douglas.Cress@moffitt.org (WDC).

Co-first authors
Conflict of interest statement: The listed authors have any NO conflicts of interest relative to this publication. Specifically, we have
no affiliations with or involvement in any organization or entity with any financial interest (such as honoraria; educational grants;
participation in speakers’ bureaus; membership, employment, consultancies, stock ownership, or other equity interest; and expert
testimony or patent-licensing arrangements), or non-financial interest (such as personal or professional relationships, affiliations,
knowledge or beliefs) in the subject matter or materials discussed in this manuscript.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Karthikeyan et al.

Page 2

Introduction

As of 2020, lung malignancies remain the leading cause of cancer death with
adenocarcinoma being the most common histological subtype(1). Expression of the STK11
(LKB1) protein, encoded by the tumor suppressor gene STK11, is lost in over 30% of
these tumors(2—4), but is rare in other common tumors. Currently, there are no drugs

used clinically to target STK11 loss cancers. Furthermore, STK11 loss tumors have
reduced infiltrates of cytotoxic T-cells and respond poorly to anti-PD1 or anti-PDL-1
immunotherapies regardless of the PDL-1 status(5-11). For these reasons, many patients
will benefit from a better understanding of the biology of STK11 loss.

Biologically, STK11 plays roles in cell polarity, metabolic regulation, inflammation, DNA
repair, apoptosis, and relevant to this manuscript, it is also involved in cell lineage
switching(12-14). The type Il pneumocyte (ATII) is the cell lineage that is thought to

most commonly give rise to adenocarcinoma. ATII cells are characterized by expression

of NKX2-1 (commonly known as TTF1 and used as a clinical biomarker of the
adenocarcinoma histology)and pulmonary surfactants which are responsible for regulating
gas exchange and injury/inflammatory response in the lung(15-17). NKX2-1 is a master
homeobox transcriptional regulator expressed in the thyroid, the lung, and the diencephalon
of the brain which links the nervous system and the endocrine system.

Neuroendocrine cells of the pulmonary vasculature act as sensors, providing feedback and
transmitting signals pertaining to the lung environment(18-20). These cells exist in isolation
or cluster into neuroepithelial bodies and express the lineage biomarkers ASCL 1 (Achaete-
Scute Family BHLH Transcription Factor) and CALCA (Calcitonin related polypeptide
alpha)(21, 22). Serving as sentinels, these cells are capable of sensing hypoxia among

other environmental stimuli and can both communicate to other tissues in the body as

well as influence the local microenvironment(23). In addition to their role in homeostatic
maintenance and signal transduction, neuroendocrine cells produce neurotransmitters such
as y-aminobutyric acid (GABA) and are thought to play a vital role in allergen response(19).

One hurdle in understanding complex biological systems is the development of models
capable of accurately recapturing patient biology. In the current manuscript, we explore
how well current preclinical models of STK11 loss reflect the predominant adenocarcinoma
phenotypes observed in patients. The results suggest that nearly all STK11-loss model
systems reflect a single and rare classification of lung adenocarcinoma that is characterized
by loss of NKX2-1 expression and thus ATII cell identity. These findings demonstrate the
current limitations of surrogate /n vivo research regarding STK11 loss and highlight the
importance of studying STK11 loss primarily in human patients.

Materials and Methods

Public datasets

Series matrix files were downloaded through public NCBI GEO (https://
www.nchi.nlm.nih.gov/gds/). Datasets that contained linear gene expression were
log2 transformed. TCGA data was downloaded from the Xena browser (https://
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xenabrowser.net/hub/) for gene expression (RNA-seq), protein expression (RPPA), copy
number variants and somatic mutation. MLOS (Moffitt Lung Adenocarcinoma with Qverall
Survival) has been previously described as GSE72094(6). Additional resources include

cell line datasets; GSE36133 (Cancer Cell Line Encyclopedia or CCLE(24)), GSE21581
(mouse model 1, MM1(25)) GSE118246 (mouse model 2, MM2(14)), GSE78806 (patient
derived xenograft, PDX(26)), and two human datasets mentioned in our previous study
MLOS(2, 6, 27) and TCGA. The CCLE contains 44 annotated lung adenocarcinoma
samples, 15 are classified as STKZZ mutant and 29 as wildtype. MML1 contains 18 primary
lung cancer samples, 9 KRAS mutants and 9 KRAS/STK11 mutants. MM2 contains 8
KRAS/TP53 mutants, 9 STK11 mutant SOX2cre, 6 STK11/PTEN mutants, 8 SOX2
overexpressed S7TKZI mutants, and 3 normal lung tissues. The PDX study contains 46
adenocarcinoma samples determined by clustering and of these 10 were S7K11 mutant and
29 STK11 wildtype. MLOS contains 442 patient tumors, 145 predicted STKZ1 mutants

and 297 wildtypes. TCGA contains 515 lung adenocarcinoma tumors, 178 predicted S7TK11
mutants and 337 wildtypes. In addition to these datasets, we also explored two separate
characteristics of ATII cellular identity through viral transduction of NKX2-1 into A549
cells (S7K11 mutant, NKX2-1 null; GSE40584, described herein as cohort NKX) and
combination dexamethasone and cyclic AMP treatment of fetal lung epithelial cells to
differentiate them into ATII cells (GSE3306, described herein as cohort, DCI). Supplemental
Files 1-11 provide data and test statistics that were generated in various analyses.

Hierarchical Clustering was performed using the Python programming language. The gene
expression matrix was first Z-score transformed for each gene. Distance was calculated
through scipy.spacial.distance.pdist using the Euclidean distance metric. Linkage was

then calculated through scipy.cluster.hierarchy.linkage using Ward linkage. Dendrograms
were created for the clustering of both samples and genes and represented using
scipy.cluster.hierarchy.dendrogram. Heatmaps were displayed on a color bar scale by Z-
score from -3 to 3. K-means clustering classified the three STK11-loss subtypes through
the Biopython library and the Bio.Cluster.kcluster function generated (k=3) clusters. The
average method was used and Euclidean distance with 100 permutations.

Principal component analysis was performed through the Biopython library (https://
biopython.org/) using the Bio.Cluster pca function. The data matrix was refined to the
genes of interest prior to calculating component scores of each gene. Signature scores were
generated by first calculating the number of standard deviations from the mean (z-score)
for each gene for each patient. The averaged principal component loading coefficients were
multiplied by the z-score for that same gene. This cumulative score was then divided by the
number of genes in the signature to get an average score per sample.

Gene Set Enrichment Analysis, Venn Diagrams and Kaplan-Meier Curves

Gene Set Enrichment Analysis was performed with the Broad Institute’s Hallmark gene-
sets (http://software.broadinstitute.org/gsea/msigdb/annotate.jsp) with a FDR cutoff of 0.05.
Venn diagrams were generated using (http://www.interactivenn.net/) as referenced (28).
Kaplan Meier survival curves were generated using Python’s lifelines library (https://
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lifelines.readthedocs.io/en/latest/). The KaplanMeierFitter was called and passed vital status
information as (alive = 0) and (dead = 1) and respective survival duration. Log-rank
assessment was performed using the logrank_test in the lifelines library.

Statistical Tests

Results

Statistical analysis was performed using the Scipy python package and the function
scipy.stats.ttest_ind for p-value between arrays. Pearson correlation was calculated through
the scipy.stats.pearsonr function. The scipy.stats.fisher_exact function was used for the
statistical test determining the significance between mutations occurring in each STK11-
loss/Mut subset compared to STKZZ WT.

Optimization of a patient-derived gene expression classifier for STK11 loss.

Previous studies, including our own, have developed classifiers to identify STK11-loss
tumors based on gene expression changes(2—4). Universally, these studies concluded that
the identification of STK11 loss in patients is significantly under-estimated by genomic
sequencing. While these signatures are nonetheless good classifiers, the genes that they
contain, in retrospect, do not fully represent the /n vivobiology of STK11 loss since the
signatures relied heavily on cell lines and/or mouse models in their derivation. To correct
for this deficiency, we two very large well-annotated lung adenocarcinoma datasets: TCGA
(N=515)(29) and our previously published MLOS cohort (N=442)(2, 6, 30). Each of these
datasets contains both DNA sequencing and RNA expression data on most patients. First, we
used known STK11 mutation data derived from genomic sequencing to derive an initial 29-
gene expression classifier. Next, we used the initial gene expression classifier to reclassify
the patients as STK11 loss or STK11 wildtype (WT). Finally, we used the reclassified
patients to define the full spectrum of gene expression changes associated with STK11 loss.
This process generated a novel patient derived 137-gene signature to classify patients by
STK11 loss of function. The entire process is described in more detail in Supplementary
Materials, including Supplementary Table 1 and Figures 1 and 2. This signature was used,
when appropriate, to classify patient tumors as STK11 WT or STK11 loss in the studies that
follow.

Ex vivo models of STK11 loss lose ATII lineage marker NKX2-1

It became apparent that a subset of patients with predicted STK11 loss also lost expression
of a subset of genes in the derived signature. This same gene network was not found in

our previous /n vitro signature and contained NKX2-1, a critical regulator of the ATII cell
lineage and the principle biomarker of lung adenocarcinoma clinically. To explore NKX2-1
expression in pre-clinical models of lung adenocarcinoma, we characterized the expression
changes of NKX2-1 in six model systems with respect to STK11 status. Surprisingly,

in three of the four pre-clinical model systems, STK11 mutant samples had statistically
significant reductions in their expression of NKX2-1 (Fig 1 A-D) relative to samples with
wildtype STK11. The one exception was our first public mouse model (MM1). While the
MM1 result is not statistically significant, the STK11 mutant tumors in MM1 trend toward
reduced NKX2-1 expression (Fig 1 C). In contrast, when we explored NKX2-1 expression in
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the MLOS and TCGA patient cohorts, we find only a small number of patients with reduced
NKX2-1 in both the STK11-loss and wildtype subsets. Notably, unlike the pre-clinical
models, there was no change in frequency of NKX2-1 loss with respect to STK11 status in
MLOS (p = 0.246) or TCGA (p=0.212) (Fig 1 E-F). Thus, in human lung adenocarcinoma
tumors, STK11 loss is not associated with loss of NKX2-1; however, in pre-clinical models
STK11 loss is strongly associated with a loss of NKX2-1 expression (and thereby ATII
lineage differentiation).

Classification of STK11 loss tumors into three distinct biological subtypes.

The fact that a subset of patient samples with predicted STK11 loss show reduced NKX2-1
expression (Fig 1 E-F) provides an opportunity to assess the impact of STK11 loss in the
context of cellular lineage identity both within patient tumors and ex vivo models. Previous
work has shown that a subset of lung adenocarcinomas expresses neuroendocrine markers
(31, 32). Interestingly, we noticed that a large fraction of patient tumors with STK11

loss upregulated at least two of these markers; Achaete-Scute Family BHLH Transcription
Factor 1, or ASCL1 (TCGA p = 8.38e-31; MLOS p = 2.19e-16) and Calcitonin Related
Polypeptide Alpha or CALCA (TCGA p = 1.13e-54; MLOS p = 3.78e-41) (Fig 2 A

and B). In contrast, Fig 2 A and B reveals that high expression of these neuroendocrine
markers are rare in STK11 WT tumors. This suggests that a large fraction of pathologically
classified lung adenocarcinoma with STK11 loss may undergo partial lineage switching to a
neuroendocrine-like phenotype.

To assess this hypothesis, K-means clustering was used to further classify STK11-loss
patient tumors based on their expression of neuroendocrine markers, ASCL1and CALCA,
in addition to the ATII marker, NKX2-1. We annotated tumors in MLOS and TCGA

with high expression of ASCL1, CALCA, and NKX2-1 as “neuroendocrine (NE)”, high
expression of NKX2-1and low ASCL1/CALCA as “positive”, and “negative” as low
expression of all these markers. In TCGA, patients clustered into these 3 subtypes with

84 positive tumors, 68 NE, and 26 negative tumors (Fig 2 C). MLOS contained 91 positive,
44 NE, and 10 negative tumors (Fig 2 D). The overall percentage of patients with each
subtype was 54% positive, 35% NE and 11% negative.

Further, we performed principal component analysis on the most significantly altered genes
between these three clinical subtypes to describe lineage associated expression patterns. We
find that two principal components sufficiently explain this variance with PC-1 describing
neuroendocrine features and PC-2 describing features of NKX2-1 loss, or de-differentiation
(Fig 2 E). Loading coefficients of genes most significantly contributing to PC-1 include
well-characterized NE markers (ASCL1, CALCA, RET, KLK12, PCP4, CTNND2, and
NEURODZ1). (Supplemental File 3). Top coefficients of PC-2 include NKX2-1, PCSK2,
GKN2, C160RF89 (LINC00473), SLC14A2, NAPSA, LPL, and HOPX.

The three STK11-loss subtypes have distinct biology and clinical outcome

Lung adenocarcinoma subtypes have been related to survival and other clinical outcomes in
several published studies (5, 9, 33-35). We further characterized our STK11-loss subtypes
by defining their molecular characteristics to understand their clinical and biological
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ramifications. We analyzed gene expression, protein expression, DNA mutations, and copy
number alterations using data from the TCGA cohort and gene expression, survival, and
clinical data from both TCGA and MLOS (Fig 3 A-D). We briefly summarize the findings
here.

Survival—Overall survival was assessed at 3 years (1095 days or 36 months) in the 3
subtypes through Kaplan-Meyer analysis and the log-rank test (Fig 3 A-B). The negative
cohort displayed the worst survival compared to both the positive (TCGA p = 0.019, MLOS
p = 0.00087) and NE (TCGA p = 0.00074, MLOS p = 5.24e-7) cohorts with a median
survival of less than 700 days. There was no significant difference between the positive and
NE cohort in TCGA (p = 0.103) but the NE subset had a statistically improved prognosis in
MLOS (p = 0.022). These data suggest that de-differentiation and loss of cellular identity is
coincident with poor patient prognosis.

Protein Expression—Through use of TCGA’s RPPA protein expression data, we profiled
the three STK11-loss subtypes for defining characteristics (Fig 3C). In the positive
subgroup, there was a significant reduction in cyclin B1 (CCNBI), glutamine dependent
asparagine synthetase (ASNS), caspase 7 cleavage, and immunosuppressive programmed
cell death 1 ligand 1 (PD-L1/CDZ274). There was a significant increase in napsin A (involved
in the processing of surfactants), HER3, and YAPpS127 which lies downstream of AMPK
activation (downstream of STK11) and is activated during high cellular density. The negative
cohort had significant increases in glucose-6-phosphate dehydrogenase G6PD a hallmark

of NRFZactivation, TFRC, cyclinEl and had the highest levels of both PD-Z and PD-L1
expression. There was a reduction in NKX2-1 (as one would predict), c-K/7, and /GFBPZ.
The NE cohort was characterized by elevated /GFBPZ2, XRCC1, BCL2, acetyl-a-tubulin
lys40 with decreases in YAPpS127. Through both gene and protein expression there is a
remarkable correlation of KIT to NKX2-1 levels (K/T is highly mutated in gastrointestinal
cancers (36) and may be related to latent gastrointestinal signaling mediated in lung
adenocarcinoma through NKX2-1 (37)).

Gene Copy number—Gene copy number profiles showed very interesting lineage
specific amplifications (Fig 3D). The NE cohort displayed copy number amplifications

of the NKX2-1/FOXA1 locus, suggesting that amplification of NKX2-1 may have an
oncogenic role in this subset. NKX2-1 and FOXAI have been shown to have opposite roles
in the regulation of differentiation and lung cancer progression (37, 38). CDKNZA (p16),
had an increased rate of deletion in the negative cohort, followed by the positive, and much
less so in the NE subset. While MYC was amplified in each cohort, it was most commonly
amplified in the NE subset.

NKX2-1 addition and ATII differentiation in ex vivo models, mimics patient phenopes

To distinguish the changes that take place as a result of type Il pneumocyte differentiation,
we explored a public dataset (called DCI in our studies) in which human fetal lung epithelial
cells were differentiated into type Il pneumocytes through treatment with dexamethasone
and cyclic AMP (Supplemental File 4) (39). A student’s t-test was performed on the dataset
comparing the 5 treated samples to untreated and changing genes were displayed through
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volcano plot (Fig 4A). In the treated cohort, significant upregulation was seen in ALDH3AZ,
SFTPC, SFTPB, CIT, CALCA, HOPX, NR4AZ, LPL, PGC, and MAOA, all of which are
genes shown to associate with NKX2-1 expression in TCGA (Fig 4C). Many of these genes
upregulated during ATII differentiation play critical roles in ATII cell biology and are seen
in neither ex vivo models nor the negative cohort of patients with STK11 loss.

As a second test, we analyzed data from a previous publication that used a lentivirus to
overexpress NKX2-1in A549 lung adenocarcinoma cells which lack expression of both
NKX2-1 and STK11 (Supplemental File 5) (40). Student’s t-test was performed on the
gene expression of this dataset and the results are summarized in a volcano plot (Fig

4B). Notable increases in gene expression include PD-L 1, KIT, and SFTPB (Supplemental
Fig 1E). Decreasesin PTGSZ2 (COX2), FGA, and HLA-DMB were also observed. The
complementation of NKX2-1 to A549 cells restored a subset of gene expression seen in
patients with STK11 loss, including increases in K/7 and decreases in class Il HLA’s. This
dataset highlights the role that the NKX2-1 transcription factors plays in the context of
STK11 loss and further displays its importance in regulating the expression of genes lost in
ex vivo studies.

We applied the principal component derived signatures from our classification of /n vivo
STK11 loss tumors (From 3.3 reference). These signatures explain the gene expression
changes associated with neuroendocrine features and NKX2-1 loss respectively and were
applied to studies of both NKX2-1 addition to A549 cells and ATII differentiation.

In both the NKX2-1 study (p=0.244) and ATII differentiation study (DCI) (p=0.200)

the neuroendocrine signature was not significantly altered. However, the differentiation
signature was significantly elevated through both reconstitution of NKX2-1 (p=0.00079) and
DCI treatment (p=1.45e-6) (Fig 4C-D). Thereby providing evidence for the aforementioned
observations: 1) That /n7 vitro STK11 loss models can partially regain /n vivo expression
patterns when NKX2-1 expression is restored 2) that in vivo loss of NKX2-1 expression
mimics gene expression patterns of genes altered during ATII differentiation 3) that /n

vitro models of STK11 loss are representing only the fraction of STK11 loss patients with
NKX2-1 loss.

Ex vivo models cluster with the NKX2-1 and ASCL1/CALCA negative subgroup of STK11-
loss adenocarcinomas

We characterized gene expression patterns conserved between studies, represented by the
5-way Venn diagram displaying overlaps of genes changing by either +/- 1.5-fold (Fig
5A). Using the log2 gene expression changes in each public dataset used in this study
(Supplemental Files 6-11), a matrix was created for every gene that had expression data.
In both MLOS and TCGA, we added the relative fold-change from the positive, NE, and
negative cohort compared to S7TKZZ WT patients. In addition, we added the averaged
fold change between all STK11 mutants and WT, labeled as overall. Each study was
hierarchically clustered based on the genes that were used in the neuroendocrine signature
and differentiation signature (Supplemental File 3). The NE, overall, and positive cohorts
all cluster together from each study while the negative cohorts cluster with both PDX and
CCLE models of STK11 loss (Fig 5B). More surprising is that mouse models of STK11
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loss exhibit the least resemblance to STK11 loss patient tumors and cluster alongside the
experimental studies (named DCI and NKX).

Genes lost in ex vivo models are markers of both neuroepithelial cells and type 11
pneumocytes. Clustering of cell line and PDX models to the subset of patients with loss

of NKX2-1 suggests that ex vivo models of STK11 loss fail to retain cellular lineage
identity. This contrasts with roughly 90% of /n vivotumors of STK11 loss. Gene Set
Enrichment Analysis (GSEA) on each of the datasets described here demonstrate how
different pre-clinical models of STK11 loss impact biology. (See section on GSEA analysis
and Figure 3 in Supplemental Materials)

Discussion

Herein, we show that STK11 loss results in changes in cell lineage markers unanimously
in non-patient model systems. We first profiled several known /n vivo and ex vivo

datasets in the context of STK11 loss. We showed the specific loss of cellular identity

in ex vivomodels of STK11 loss through NKX2-1 expression, while revealing that

most patient tumors retained this identity. In addition, we observed the enrichment of
predominant neuroendocrine characteristics in a subset of /n vivo STK11 loss tumors
through expression of ASCL1and CALCA. We clustered patients into 3 subsets dependent
upon their expression of lineage markers into positive, NE, and negative. These cohorts
were then analyzed for recurrent changes in copy number alterations, protein expression,
MRNA expression, DNA mutation profiles, and overall survival. Negative cohorts displayed
loss of ATII identity and subsequently other hallmarks of STK11 loss via urea cycle
utilization, polyamine metabolism, and an increase in inflammatory response. This same
negative cohort most closely related to ex vivo models of STK11 loss, which lose NKX2-1
expression.

It is important to understand the differences in each of these models. Cell lines, mouse
models, and PDX models are much more homogenous than most human tumors with a much
quicker initiation in the case of PDX and mouse models. Being a mediator of energy sensing
and metabolic stress, STK11 loss in environments with vastly altered resource and nutrient
availability likely contribute to the significant alterations in both cellular differentiation and
gene expression seen in /n vitro culture. Culture conditions most commonly provide an
excess of amino acids and sugar and are grown at normoxia (20% O5), all of which are
significantly different from /n vivo models. Most surprising is how far mouse models miss
the mark of recapturing patterns of human gene expression changes. Previous genetically
engineered mouse models have shown the impact of STK11 loss on an adenocarcinoma to
squamous cell carcinoma lineage switch through both SOX2 mediated suppression(14) and
epigenetic changes driven by the EZH2 polycomb recombination complex(13). While, these
observations are relevant in mice, we notice that this same lineage switch does not occur in
patient tumors of STK11 loss, which maintain the histological identity of adenocarcinoma.
In this setting, most environmental stressors such as oxygen availability, immune response,
and lung specific signaling should remain intact. It is possible that mouse models that do not
specifically target NKX2-1 positive cells with the induction of STK11 loss could result in a
tumor with mixed histology given the low frequency of ATII cells to other cell types. Mouse
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models differ significantly in tumor initiation from that of patient tumors, which undergo a
much more stringent and elaborate adaptive process in disease progression. Further, another
explanation of the discrepancy of cell line and PDX models is a selection for the most
aggressive phenotype of STK11 loss, which happens to be cells lacking ATII identity.

Previous studies of STK11 loss noted that neutrophils modulate the immune
microenvironment and result in lack of immunotherapy efficacy through an increase in
proinflammatory cytokines CXCL 7, G-CSF, and /L-6 (41). While these observations are
true of mouse models, these same markers are not seen to be elevated in patient studies

nor do we observe any significant changes in myeloid cell populations through gene
expression patterns. Flow cytometry of patient tumors with STK11 loss revealed that of all
basic immune cell populations, T-cells were the most significantly reduced cell population
(9). This study was carried out in mice with genetic backgrounds of KRAS/ TP53and
KRASI TP53/STK11. We find that TP53 mutations occur more frequently in the negative
cohort of patients (58% occurrence) than in the positive cohort (32%, p=0.02) and previous
publications have shown the dichotomy of NKX2-1 signaling dependent on TP53 status
and STK11 loss (42, 43). Additionally, it has been shown that 7P53and p16alterations
are exclusive for subsets of large cell neuroendocrine carcinoma with dual KRAS/STK11
mutation (44). 7P53 mutations are exclusively associated with both KRASand S7TK11
mutations in lung adenocarcinoma and this could also play a role in the maintenance of both
cell state and subsequently inflammatory signaling.

Model systems are created with the purpose of deepening our understanding of patient
biology and thus providing a mechanism towards discovering therapies to be used in our
fight against cancer. Given the implications of STK11 loss on both the metabolism and
immune response make this exceedingly difficult. This study highlights the importance

of having model systems that are not only capable of manipulation, but also ones

that accurately recapitulate patient biology, especially in the context of immunotherapy.
Understanding the limitations of such systems will help to not only keep an open mind

to previous failed treatments but also to improve our current models in a way that

accurate depicts the disease we are attempting to eliminate. Tissue specificity influences
the frequency of genomic aberrations, as confirmed from the diverse landscape of genomic
alterations in specific cancer types. With respect to lung cancer and STK11 loss, we hope
that this consideration will drastically alter the ways in which we study this unique genetic
abnormality and provide insight into the lack of immune response in this cohort.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figurel|. STK11llossresultsin loss of typell pneumocyte identity ex vivo.
(a-f) Log2 transformed expression of NKX2-1 mRNA. (a) Cancer Cell Line Encyclopedia

(CCLE) lung adenocarcinoma cell lines predicted with the STK11 loss signature cutoff WT
(n =29) < 0 > Mutant (n = 15). (b) Patient derived xenograft (PDX) models predicted

with the STK11 loss signature with a cutoff of WT (n=29) < 0, Mutant (n =10) > 0.1. (c)
Mouse model 1 (MM1) of n=9 KRAStumors vs n=9 KRAS/STK11tumors. (d) Mouse
model 2 (MM2) of n=8 KRAS/TP53tumors and n=6 STK11/PTENtumors. (€) MLOS lung
adenocarcinoma patient tumors predicted for STK11 status with WT (n=297) and Mutant
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(n=145). (f) TCGA lung adenocarcinoma patient tumors predicted for STK11 status with
WT (n=337) and Mutant (n=178).
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Figure 2|. Classification of STK11 loss (mutant) patient tumorsinto positive, NE, and negative
subsets.

(a) Gene expression of neuroendocrine markers ASCL1 and CALCA in STK11 normal
and STK11 loss in TCGA (left) and MLOS (right). (b-c) K-means clustering of STK11
loss patients in TCGA (b) and MLOS (c) into negative, positive, and NE subsets based

on the markers NKX2-1, ASCL1, and CALCA. (d) Scatter plot of PC-1(neuroendocrine
signature) and PC-2 (differentiation signature) of principal component analysis performed
on 544 genes describing variance of STK11-loss subtypes.
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Figure 3|. Molecular and clinical characterization of STK11 loss subsets
(a-b) Kaplan Meier curves of 3-year survival in TCGA (a) and MLOS (b) based on the

STK11-loss subtypes. (c) Heatmap of Z-score (scale =3 to 3) transformed protein expression
from TCGA RPPA (d) Heatmap of Z-score transformed copy number changes (scale -3 to
3) between the three STK11-loss subtypes.
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Figure4|. ATl differentiation and NKX2-1 addition sharetranscriptional changes associated
with STK 11 signaling

(a) Volcano plot of gene expression changes as a result of type Il pneumocyte
differentiation. (b) Volcano plot of gene expression changes as a result of NKX2-1 addition
to A549 cells. (c) Expression of genes pertaining to ATII differentiation in the top and
bottom 10% of patients based on NKX2-1 expression in both STK11 WT and loss patients
(d) Swarm plot of PC-1 (left) and PC-2 (right) in ATII differentiation study. (€) Swarm plot
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of the neuroendocrine signature (left) and the differentiation signature (right) in NKX2-1
addition study.
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Z-Score

Figure5|. Ex vivo models of STK 11 loss cluster with and mimic the negative subset of STK11
mutant patients lacking inflammatory signaling.

(a) 5-way Venn Diagram of average STK11 loss vs WT, cell lines (CCLE), patient-derived
xenografts (PDX), and mouse models (MM1 and MM2). (b) Hierarchical clustering of gene
expression fold changes of each study. TCGA and MLOS were further divided into fold
changes of subtype vs WT and average vs WT. Genes selected were used for PCA signature
generation.
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