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ABSTRACT 

 

Non-small cell lung cancer (NSCLC) constitutes over 85% of lung cancer. Histologically, 

NSCLC can be broadly classified into adenocarcinoma (AC), squamous cell carcinoma 

(SCC), large cell carcinoma (LCC), and adenosquamous carcinoma (ASC). AC represents 

about 65% of all NSCLC cases, and it can be further subdivided based on tumor size and 

primary growth patterns, such as papillary, acinar, and mucinous. The formation of NSCLC 

histotypes is orchestrated by cells of origin, genetic alterations, and microenvironmental 

properties. Although NSCLC carries significant heterogeneity, some genetic mutations, 

functional phenotypes, and therapeutic responses are associated with specific NSCLC 

histotypes. Therefore, understanding histotype-selective etiology becomes essential for 

mechanistic studies and therapeutic applications in the NSCLC research field. 

Image-based tissue phenotyping has been commonly used for histological classification. It 

also allows the direct visualization of the distribution and expression of functional molecules. 

Quantifying such in situ phenotypes can be applied to hypothesis-based functional studies or 

data-driven correlative analyses.  

The first part of this thesis developed a spatial image analysis tool package. The making of 

Spa-RQ, an open-source tool package for image registration and quantification, reflected on 

the need to perform spatial phenotyping using serial tissue sections in a standardized 

laboratory workflow. Subsequently, we applied Spa-RQ to identify the histotype-selective, 

rather than genetically defined activation of MAPK, AKT, and mTOR signaling pathways in 

murine and human NSCLC samples. The diverse co-activation patterns between these 

pathways in different tissue compartments, measured by marker expression overlapping 

using Spa-RQ, may associate with heterogeneous responses towards combinatorial 

targeted therapies. 

The second part of this thesis work investigated the histotype-selective functions of a 

potential therapeutic target. The lung developmental transcription factor SOX9 is silenced in 

normal adult lung epithelia while it is re-expressed in NSCLC tissues. Its oncogenicity is 

widely acknowledged, but has thus far not been confirmed in NSCLC subtypes. Analyzing 

the correlation between SOX9 expression and histotype-specific clinical staging, survival, 

and invasiveness revealed a clinical significance for increased SOX9 expression only in non-

mucinous ACs, despite its broad expression in ASC, SCC, and mucinous AC. Supporting 

this, by comparing the histotype spectra in mouse models following Sox9 loss, we identified 

a critical role of SOX9 in promoting lung papillary AC progression. On the other hand, its 
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expression was not required for developing squamous and mucinous structure tissues. 

Finally, using spatial phenotyping, we explained such opposing roles of SOX9 in NSCLC 

subtypes by the different cells of origin and microenvironmental properties: SOX9 expression 

was required to form advanced AC from the lung alveolar progenitor cells; on the contrary, 

its expression was dispensable for SCC development and even interfered with squamous 

metastasis. Therefore, this work exposed SOX9 as a potential drug target specific to a 

subgroup of lung AC.  

In summary, the identification of histotype-selective functional oncogenic phenotypes, as 

achieved in this thesis, contributes to understanding the heterogeneous nature of 

tumorigenesis, cancer progression, and drug sensitivities.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



12 
 

INTRODUCTION 

 

Lung cancer has the most cancer-related deaths worldwide, significantly compromising the 

patients’ life expectancy [1]. Although lung cancer is largely preventable by reducing tobacco 

consumption, its prevalence among non-smokers has increased over the years, which is 

associated with longer life expectancy, increased environmental hazards, and lifestyle 

changes [2]. Despite the emergence of multiple targeted therapies against known genetic 

drivers, the therapeutic choices and (long-term) effectiveness remain relatively limited. 

Moreover, numerous resistance mechanisms compromise long-term treatment efficacy. 

Cancer heterogeneity plays a critical role in therapeutic resistance [3]. Lung cancer is a 

highly heterogeneous set of diseases. By histological classification, it can be categorized 

into multiple subgroups. Lung cancer is primarily divided into small and non-small cell lung 

cancer (SCLCL or NSCLC), with the latter constituting more than 85% of all lung cancer 

cases. NSCLC can be further classified as adenocarcinoma (AC), squamous cell carcinoma 

(SCC), large cell carcinoma (LCC), or adenosquamous carcinoma (ASC). AC is a 

significantly heterogeneous subset of NSCLC; it is sub-categorized based on the 

predominant growth patterns and tumor sizes [4]. The histological classification, which 

determines lung cancer histotypes, primarily guides the clinical diagnostic workflow and 

therapeutic choices [5]. 

NSCLC shows histotype-selective complex genomic features. The most frequent genetic 

aberrations found in ACs include KRAS, TP53, EGFR, and STK11 [6]. Some genetic drivers, 

such as EGFR mutants [7, 8] and rearranged ALK carried by 3-7% cases [9, 10], can be 

targeted by small-molecule inhibitors as part of routine AC treatment. However, resistance is 

frequently seen following these targeted therapies [11, 12]. Genetic mutations commonly 

found in SCCs include PTEN, FGFR2, and PI3K3CA [13]. A large proportion of genetic 

drivers remains unknown in both AC (about 40%) and SCC (about 20%) [14].  

While genetic mutations drive the initial oncogenic transformation of adult lung progenitor 

cells, it has also been increasingly understood that cell of origin properties co-define the 

formation of specific NSCLC histotypes with genetic factors, through studies on murine 

models of NSCLC [15]. Since the acquired identity of adult lung progenitor cells is regulated 

by developmentally-regulated signals and transcription factors [16], lineage-specific 

transcriptional networks may also regulate the generation, maintenance, and reprogramming 

of these lung progenitor cells upon oncogene expression.  
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Because NSCLC heterogeneity extends beyond genomic complexity, interpretation of 

oncogenic phenotypes can contribute to a more comprehensive understanding of 

therapeutic resistance. For example, within KRAS-mutated lung cancer, which represents 

more than 30% of all lung AC cases [8], phenotypic heterogeneity exists and influences 

therapeutic responses: rewiring of oncogenic signaling pathways shape the response 

towards kinase inhibitor-based single and combinatorial therapies [8, 17, 18]; heterogenous 

tumor cell subpopulations, such as stem-like state cells and tumor cells undergoing 

metabolic changes, contribute to NSCLC relapse following treatment [19-21]; and 

microenvironmental features, such as stromal infiltration, immune cell evasion, and re-

organization of extracellular matrix, can influence the effectiveness of immunotherapies, 

chemotherapies and targeted therapies [22-25]. Compared to sequencing-based or 

biochemical expression analyses, spatial tissue phenotyping methods directly measure the 

native marker co-expression phenotypes in relation to tumor histotypes and spatial tissue 

compartments.  

The goal of this thesis work was to identify in situ functional oncogenic phenotypes, and 

establish their connections with NSCLC histopathologies. First, the Spa-RQ tool was 

developed to visualize and quantify the inter-tumor and intra-tumor heterogeneity between 

co-activation of MAPK/AKT/mTOR signaling pathways in NSCLC histotypes. Second, 

through combining spatial phenotyping and loss-of-function animal studies, this thesis 

revealed histotype-selective, rather than expression level-informed, roles of the lung 

developmental transcription factor SOX9 in regulating NSCLC progression. Overall, this 

thesis demonstrates that identifying molecular functions in an NSCLC histotype-selective 

manner helps to understand the heterogeneity in NSCLC development and progression, and 

it may also guide precise therapeutic design in the future.  
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1. REVIEW OF THE LITERATURE  

 

1.1 Lung development and regeneration 

 

1.1.1 Lung structure and function  

The respiratory system in mammals consists of the lung, trachea, and the associated 

vasculature. The lung mediates the exchange between oxygen in the air and carbon dioxide 

from the blood, essential for maintaining terrestrial life; it also has non-respiratory functions, 

such as platelet biogenesis [26]. The lung has evolved to be a structurally sophisticated 

organ to face all kinds of challenges from the external environment and perform complex 

functions. It has a highly branched bronchial structure that connects to grape-shaped alveoli 

at the end. Such sophisticated organ design permits efficient gas transport through the 

airways and maximizes the number of functional units at the distal end for gas exchange [27].  

 

1.1.2 Lung development  

The lung and the trachea arise from the anterior foregut endoderm. Human lung 

development undergoes embryonic, pseudoglandular, canalicular, saccular, and alveolar 

stages. The first appearance of the primary lung buds is around embryonic day 9.5 (E9.5) in 

mice and on day 28 in humans. During the embryonic to pseudoglandular stage, primary 

lung buds undergo branching morphogenesis to form a tree-like structure with thousands of 

terminal branches. Next, the terminal buds become narrower at the canalicular stage, and 

they eventually develop numerous precursors of the alveoli. Along with the branching 

process, blood vessels derived from mesodermal cells become intermingled with the 

branching lung at the distal end, which is essential for developing functional alveoli. Lastly, 

the mature alveoli are formed postnatally at the alveolarization stage [27] (Figure 1). 

The formation of this complex organ is under the spatiotemporal regulations of multiple 

developmental signaling pathways. The first evidence of lung specification, occurring at E9.0 

in mice, is the expression of NKX2-1 in endodermal cells on the ventral side [16]. Both WNT 

and BMP signaling in the surrounding mesoderm is essential for this start of NKX2-1 

expression [28-30]. Next, outgrowing new lung branches require mesenchymal FGF 

signaling, which is in turn regulated by an interplay between epithelial SHH and BMP4 

signaling [31, 32]. In addition to developmental signals, the moving directions of new branch 
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points and the apical-basal polarity of lung cells are also mediated by matrix proteins, such 

as fibronectins, integrins, and collagens [33-35].  
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Figure 1. The steps and timeline of developing the complex lung structure in humans [36].  

 

1.1.3 Lung cell plasticity 

The lung is an organ with slow turnover, around seven years in humans, but there is a rapid 

repair of damaged tissues after acute injury [37]. A functional lung is made up of diverse cell 

pools that reside accurately along the proximal-distal axis: during branching morphogenesis, 

the proximal progenitors give rise to mainly basal, secretory, ciliated, and neuroendocrine 

cells; whereas at the alveolarization stage, distal progenitors differentiate into alveolar type 1 

(AT1) and type 2 (AT2) cells (Figure 2). Many of these cell types display stem-cell properties 

(Figure 3). In the airways, basal cells are multipotent; they can self-renew and give rise to 

secretory and ciliated cells, and even restore rare cell types such as neuroendocrine cells 

upon lung injury [38-40]. In the bronchioles, CC10-expressing club cells can become ciliated 

cells; at the distal end, AT2 cells can differentiate into AT1 cells [41, 42]. Moreover, in a 

specific region called the bronchoalveolar duct junction that connects the conducting airways 

and the alveoli, local bronchioalveolar stem cells (BASCs) have been shown to differentiate 

into the club and alveolar cells [43]. Lastly, a study has reported that a stem cell population 

expressing p63 and keratin 5 at the distal airways can differentiate into alveolar and 

bronchiolar secretory cells upon infection with the H1N1 influenza virus in mice [44]. 
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Figure 2. Lung structure and epithelial cell types in humans and mice, the figure was derived 
from [45]. The airways and alveoli are the two structurally distinct regions of the lungs. 
Secretory and ciliated cells span several generations of airways. Basal cells, cartilage rings, 
and submucosal glands in the human lungs locate throughout the airways, while in mice, 
they are restricted to the mainstem bronchi. CC10-expressing (CC10+) club cells and 
neuroendocrine cells reside in the bronchioles in the human and mouse lungs. Also, SPC-
expressing (SPC+) AT2 and AT1 cells are found in the alveoli. Basement membranes 
support the alignment of different epithelial cell populations along the respiratory tree.  
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Lung plasticity refers to the disruption of strict lung cell identity hierarchies and lineage 

boundaries upon environmental cues without genetic mutations. It can be achieved by either 

de-differentiation of lineage-confined cells or transdifferentiation of stem cells [45]. Multiple 

transcription factors and epigenetic regulators jointly dictate the fate of lung epithelial cells 

[45]. In addition to the hallmark expression of NKX2-1, some master transcription factors, 

including members of the forkhead box transcription factor family (FOX) and SRY-related 

HMG-box gene-encoded protein family (SOX), also participate in initiating lineage-specific 

transcription programs. This topic will be introduced in more detail in a later section.  

 

 

Figure 3. illustrations of cell 
plasticity in adult lungs, 
simplified from [41]. Only 
major cell types are listed. 
The rare bronchioalveolar 
stem cells (BASCs), whose 
existence remains under 
debate, can differentiate into 
various cell lineages. 

 

 

 

 

Lung cell plasticity profoundly impacts regenerative medicine, tissue bioengineering, and 

individuals’ risk for pulmonary diseases and lung cancer. The identification and study of adult 

lung stem cells have benefitted from the application of mouse injury models [42], in vivo 

lineage- tracing [46], and the ex vivo reconstruction of airways [47]. Although mouse model-

based studies as such have provided valuable insight into lung cell plasticity, the difference 

between human and mouse lung epithelia should not be underestimated. For instance, in 

mice, the location of basal cells is restricted in the mainstem bronchi, whereas in humans, 

they expand to the small airways. Also, a cuboidal epithelium consisting of mainly secretory 

and ciliated cells is commonly found in the murine small airway, but it is only observed at the 

very distal region of bronchoalveolar duct junction in humans [45] (Figure 2). Such cellular 

and anatomical discrepancies between human and mouse lungs highlight the challenges in 

translating murine pathology to humans. For example, NSCLC tumors found in similar 

human and murine lung regions may be derived from different types of lung progenitor cells. 



18 
 

1.2 Lung cancer histopathologies, genetics and molecular profiles 

 

1.2.1 Lung cancer epidemiology 

Lung cancer is ranked as the most frequently occurring cancer type and the leading cause of 

cancer-related deaths in men, and the third-highest for incidence and second-highest for 

mortality in women. In 2020, 1.8 out of 10 million cancer-related deaths were due to lung 

cancer [2]. Although lung cancer is largely preventable by decreasing the smoking rate, 

multiple countries have either just or not yet peaked tobacco consumption [48]. What is more, 

exposure to environmental hazards, including air pollution and other inhalable agents such 

as household cooking, increasingly influences lung cancer’s geographical incidence [49]. 

Approximately 20% of all lung cancers are not caused by tobacco consumption; this figure is 

higher in women, amounting to 50% [50, 51], and is expected to increase further following 

the implementation of smoking cessation programs worldwide. Some factors that are 

potentially associated with a higher risk in women, apart from second-hand smoke and 

household hazards (e.g., a poorly ventilated cooking environment) exposure, include 

estrogen hormone exposure [52], and frequent genetic alterations such as EGFR mutation 

and ALK rearrangement [53-55]. However, none of those correlations have been supported 

with conclusive mechanistic evidence. Therefore, understanding lung cancer's 

clinicopathological and molecular features, particularly in never smokers, will become 

increasingly important for preventing and defeating this disease. 

 

1.2.2 The histological classification of NSCLC  

Histologically, lung cancer is broadly divided into non-small cell lung cancer (NSCLC) and 

small cell lung cancer (SCLC). NSCLC constitutes above 85% of all lung cancer cases, and 

it also has several subclasses, including adenocarcinoma (AC), squamous cell carcinoma 

(SCC), large cell carcinoma (LCC), and adenosquamous carcinoma (ASC). AC and SCC 

histotypes represent more than 60% and about 20% NSCLC, respectively [56]. ASC, 

classified by presenting at least 10% of individual AC and SCC histological features, makes 

up around 0.3%-3% of all NSCLC cases. ASC also carries the genetic and molecular 

features of its two histotypes [57, 58]. LCC was not studied in this thesis work and, therefore, 

will not be introduced here. In the AC class, tumors display distinct tissue growth patterns, 

such as papillary, mucinous, solid, acinar, and lepidic growth. AC accordingly is further 

subdivided based on these tissue structural features.  
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More explicitly, the classification of human NSCLC AC subtypes is co-determined by tissue 

morphological features and marker expression, using immunohistochemistry methods (IHC) 

[59]. Small (≤ 3 cm) localized AC that grows along the alveolar structure is named 

adenocarcinoma in situ (AIS). If a tumor sample contains only a limited invasion region (≤ 5 

mm), it is classified as minimally invasive adenocarcinoma (MIA). Because of the high 

intratumor-heterogeneity in NSCLC, AIS and MIS can only be diagnosed if the entire tumor 

samples are resected; for this reason, AIS and MIS are not frequently diagnosed in NSCLC 

[56]. The majority of ACs are otherwise invasive and contain heterogeneous tumor growth 

patterns. If a clear growth pattern is predominantly presented, the tumor is named 

accordingly as papillary AC (PAC), mucinous AC (MAC), acinar AC (AAC), solid AC, AC with 

lepidic growth, or AC with micropapillary structure (Figure 4A). Some growth patterns are 

more straightforward to define than others. For example, mucinous AC has abundant mucin 

filling the tumor cells’ intracellular and extracellular space, which can readily be confirmed 

with mucin staining. On the other hand, solid AC morphologically resembles SCC; in this 

scenario, the expression of thyroid transcription factor 1 (TTF1, also called NKX2-1) can be 

used to confirm its AC classification. SCC, compared to AC, is more reminiscent of the 

columnar epithelium of the upper airways and less histologically heterogeneous. It can be 

characterized by keratinization markers and the expression of p63 and p40 (Figure 4B). 

 

Figure 4. (A) Illustrations of major histotypes in lung AC. AIS: adenocarcinoma in situ. 
Minimally invasive adenocarcinoma (MIA) is not shown; it may contain any illustrated growth 
patterns, but the invasive region must be smaller than 5 mm. (B) Additional markers are 
applied to distinguish solid AC and SCC, which are morphologically similar. SCC: squamous 
cell carcinoma. Modified from [60]. 

 

Until 2015, the term ‘not otherwise specified (NOS) was frequently used in NSCLC diagnosis, 

particularly for determining the histotypes of small tissue biopsies, where 30% to 50% were 
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listed as NOS [59]. However, in recent years, precise histological classification based on the 

tumor growth patterns and the avoidance of NOS have been emphasized for NSCLC 

diagnosis. Another recent update aiming to enforce precise histological diagnosis is dropping 

the term ‘bronchioloalveolar carcinoma’. Instead, it can be replaced by AIS or invasive 

adenocarcinoma with lepidic or mucinous growth patterns, depending on the size of the 

invasive area. Similarly, the use of ‘mixed adenocarcinoma’ has also been minimized [56].  

 

1.2.3 The prognostic value of NSCLC histopathologies 

There is growing evidence supporting the significant clinical relevance of precise histological 

classification. Patients with AIS and MIA can have 100% five-year disease-free survival if the 

surgical resection is complete. Among the invasive AC subtypes, AC with a lepidic growth 

pattern is generally low-grade, and the aggressiveness of primary tumors increases from 

acinar and papillary to solid and micropapillary [59]. It has been shown that even a tiny 

portion of micropapillary growth implies a poor outcome following surgery, especially if the 

surgical removal is not complete. Compared to AC and SCC, there is a higher incidence of 

lymph node metastasis in ASC, and ASC patients have worse survival, especially among 

those diagnosed with early-stage NSCLC [61, 62]. The histological classification also helps 

to decide NSCLC stages, where the size of the invasive region is preferred over the total 

tumor size for stage determination during computerized tomography (CT) assessment [63]. 

 

1.2.4 NSCLC histopathologies in precision medicine 

A typical NSCLC diagnosis and treatment workflow is as follows: a surgically removed 

NSCLC tissue is immediately processed for histological and cytological analyses, to 

determine its histotype; next, the mutations will be checked to evaluate the availability of 

targeted therapies; otherwise, patients are subjected to immunotherapy alone or together 

with chemotherapy, based on disease stages and the evaluation of immunotherapy-related 

biomarker [64]. The histological classification of NSCLC influences multiple decision-making 

steps during this process. 

The primary guidance from histotypes is to select NSCLC cases for mutation analysis [9]. 

Several targetable genetic events, including mutations in the gene encoding epidermal 

growth factor receptor (EGFR) [11], and translocations in the gene encoding anaplastic 

lymphoma kinase (ALK) [9], occur almost exclusively in AC histotypes. Therefore, patients 

diagnosed with AC are routinely subjected to genetic sequencing and molecular analysis to 



21 
 

issue the corresponding treatments [64]. Interestingly, papillary AC shows a better response 

to the EGFR inhibitor gefitinib than others [65]. 

NSCLC histopathology also guides the choice of chemotherapy [60]. SCC patients respond 

better to gemcitabine than those with non-SCC. However, they are not recommended to use 

bevacizumab due to the increased risk of severe hemorrhage, nor pemetrexed as SCC 

tends to have a higher level of thymidylate synthase, a negative indicator of pemetrexed 

sensitivity  [66-69]. It has also been found that micropapillary and solid AC subtypes respond 

better to adjuvant chemotherapy than PAC or AAC post surgery [70]. 

Recent years have seen a significant advance in immunotherapy for lung cancer treatment 

[71-74], with immune suppression being relieved by applying immune checkpoint inhibitors 

so that one’s immune system can attack tumor cells [75]. Two predictive factors for 

checkpoint inhibitor-based therapy are immune cell enrichment and tumor mutation burden 

[76, 77]. SCC tends to have a higher number of mutations than AC, as it is more associated 

with smoking [78, 79]; also, compared to AC, the SCC immune microenvironment is less 

heterogeneous [80]. Therefore, for the SCC histotype, which commonly lacks targetable 

genetic mutations, anti-programmed cell death-1 (PD-1)-based immunotherapy is 

recommended as a first-line treatment for advanced/metastatic cases after surgery, either 

alone or in combination with chemotherapy, based on PD-1 ligand (PD-L1) expression. On 

the other hand, in AC, anti-PD-1 immunotherapy is only considered after evaluating the 

availability of targeted therapies.  

 

1.3 NSCLC as a set of heterogeneous diseases  

Each NSCLC histotype represents a complex disease instead of a single disease entity. The 

development of NSCLC is orchestrated by genetic mutations, cells of origin, and 

microenvironmental context. Therefore, unraveling NSCLCs functional heterogeneity is 

essential for understanding the development and progression of NSCLC and moving 

precision medicine forward. 

 

1.3.1 The genomic landscape of NSCLC 

TP53 and KRAS are the most commonly somatically mutated genes in NSCLC AC, 

respectively detected in 46% and 33% of all analyzed samples in the 2014 Atlas project [6]. 

Mutant EGFR (14%) is mutually exclusive with KRAS. Some other well-known genetic 
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drivers include BRAF (10%) and MET (7%). Also, common mutations in tumor suppressors, 

such as STK11 (17%), KEAP1 (17%), and NF1 (11%), are detected. Clinically, some 

mutations are associated with gender. For example, EGFR mutations are enriched in female 

patients [54]. Also, nucleotide transversion from cytosine to adenine (C >A) is associated 

with tobacco smoking. Other frequently observed genetic aberrations include copy number 

amplification of NKX2-1, TERT, and KRAS, which are detected in AC [6, 81]. Furthermore, 

ALK fusions, targetable by ALK inhibitors, can occur at low incidence (1.3% in [6]). Finally, 

co-occurring genomic alterations add complexity to the AC genomic landscape [82]. One 

such case, of relevance to this thesis, is concurrent KRAS mutation and STK11 loss 

(KRAS/LKB1, shortened as ‘KL’). Compared to common concurrent mutation of KRAS and 

TP53 (KP) in AC, patients with KL tumors have worse overall survival and are more resistant 

to anti-PD-1 immunotherapy [83]. Moreover, in KL samples, mutations in the KEAP1 gene, 

which senses oxidative stress and enhances cell survival through the KEAP1/NRF2 pathway, 

are also found enriched [83, 84].  

Even though multiple targetable genetic drivers have been identified, most NSCLCs carry 

many passenger events, including likely unidentified drivers [6]. Furthermore, while multiple 

targetable genetic drivers, such as EGFR and TP53 mutation, are often present at the clonal 

level [85], mutations, translocations, and copy number variations typically are spatially 

distributed in NSCLC histotypes. In an analysis of 100 early-stage NSCLC samples, on 

average, 30% of the somatic mutations (ranging from 0.5% to 93%), and 48% of the copy-

number variations (ranging from 0.06% to 0.81%) were considered subclonal; without the 

use of multiregion whole-exome sequencing, the majority of these genetic alterations would 

otherwise have been considered clonal [78]. The abundance of spatial sub-clonality holds 

clinical relevance. Higher intratumor genetic heterogeneity favors tumor evolution and is 

associated with poorer prognostics [86, 87]. Therapeutically, the outgrowth of cells with 

subclonal mutations, initially present only in a small fraction, contributes to acquired 

resistance towards chemotherapy and targeted therapy [88]. It remains unclear whether 

intratumor genetic heterogeneity predicts the therapeutic efficacy of immunotherapy in 

NSCLC [89].  

Some genetic drivers are enriched in specific NSCLC subtypes. For example, mutated 

KRAS with the G to A transition in codon 12 is more frequent in mucinous AC than in non-

mucinous AC; EGFR mutation is enriched in AC with lepidic growth; the signet ring growth 

pattern is frequently seen in AC with ALK fusion; and KEAP1 mutation is commonly found in 

papillary AC [90, 91]. Moreover, the solid AC histotype shows a higher rate of KRAS or 

EGFR mutations when compared to lepidic, papillary, and acinar histotypes [92]. Among 
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non-AC NSCLC histotypes, ASC frequently carries LKB1 mutations [93] and EGFR mutation 

[8, 57], and amplification of SOX2 is frequently seen in SCC [94, 95].  

 

1.3.2 Cell of origin heterogeneity of NSCLC histotypes 

Over the years, studies using genetically engineered mouse models (GEMM) have 

generated abundant evidence that the formation of NSCLC histotypes results from the 

oncogenic transformation of specific lung progenitor cells [15]. Recombinase-dependent 

conditional systems allow the expression of oncogenes, the inactivation of tumor 

suppressors, or both of these, to be initiated in a tissue- and/or cell-specific manner [96]. In 

the typical case of targeting pulmonary tissues, the recombinase Cre is delivered intranasally 

via lentivirus or adenovirus to mice carrying mutant alleles inserted with a lox-stop-lox 

cassette, and/or conditional alleles flanked by the LoxP recognition site under cell type-

specific promoters, which allows oncogenes to be expressed, or tumor suppressor genes to 

be lost [96-98]. Without delivering Cre, the genes of interest remain wildtype. A Cre/Lox 

system therefore permits the temporal and spatial control of tumorigenesis and progression 

events in adult mice. Multiple genes that are commonly mutated in human NSCLC have 

been introduced to GEMM models. Mutant Kras alone (either KrasG12V or KrasG12D), 

expressed in SPC+ alveolar cells, gives rise to alveolar adenomatous hyperplasia (AAH), 

which can progress to invasive AC [99, 100]. On the contrary, expression of only mutant 

Kras in club cells expressing CC10 drives the formation of hyperplasia and adenoma, but not 

AC [99, 100]. It therefore indicates that tumor spectra are under the influence of cells of 

origin, with SPC+ alveolar cells as the most prominent progenitor of Kras mutant AC.  

In some cases, the genetic drivers play a more determining role in histotype formation. Lung 

SCC is hypothesized to arise from tracheobronchial basal cells marked by positive p63 and 

keratin expression [59]. However, in GEMMs carrying Pten and Cdkn2ab loss, 

overexpressing SOX2, a lung developmental transcription factor frequently amplified in 

human SCC [13], can induce SCC from not only basal, but also club and AT2 cells [101]. 

Similarly, in GEMMs with KrasG12D expression and concomitant Nkx2-1 loss, disruption of 

FOXA1 and FOXA2 expression, which are also crucial lineage-specific transcription factors, 

leads to the transdifferentiation of AC to SCC in the alveolar region [102]. Supporting this, 

clinical observations have confirmed the frequent appearance of peripheral SCC in addition 

to their location in the upper airways [103]. Together, this suggests that genetic drivers play 

a decisive role in histotype phenotypes, and herein act in concert with phenotypes defined 

by the precise cells of origin. 
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The cooperative influence of the cell of origin and genetic drivers in NSCLC histotype 

formation is well-illustrated in GEMMs carrying p53 or Lkb1 loss concomitant with oncogenic 

KrasG12D activation (Figure 5). Although the histotype spectra are similar, KP ACs developed 

from CC10+ club cells tend to be more invasive than those from SPC+ cells [104]. On the 

other hand, the lesions with squamous structure found in KL are not found in KP mice [105]. 

Finally, cells of origin also significantly influence the histotype spectra in KL mice. MAC, AAC, 

and ASC, are uniquely detected when the adenovirus targets CC10+ club cells; in 

comparison, KL NSCLC developed from SPC+ cells is limited to PAC and IAC histotypes 

[106].  

 

 

 

Figure 5. Summary of GEMM models and murine NSCLC histotypes included in this thesis. 
Notably, the NSCLC histotypes of KP [104] and KL tumors [106] differ: targeting CC10+ and 
SPC+ cells in KP GEMMs leads to similar histotype spectra, but tumors with mixed and 
poorly differentiated features, which indicate stage advance, are more frequently seen in KP-
CC10 mice than KP-SPC mice. On the other hand, while IAC and PAC are the common 
histotypes in both KL-CC10 and KL-SPC mice, MACs, AACs, and ASCs are uniquely 
presented in KL-CC10 mice. AAH: atypical adenomatous hyperplasia. 

 

1.3.3 Heterogenous oncogenic signaling activation in NSCLC 

Oncogenic signaling pathways are critical for cancer cell survival, proliferation, and invasion 

[107]. A study has shown that at least 50% of analyzed human NSCLC carries one 

targetable signaling pathway alteration [108]. However, resistance to those targeted 

therapies is commonly seen [109]. Multiple reasons exist: first, the activation of oncogenic 

signaling pathways is not always defined by the genetic drivers. While hyperactive KRAS is 

known to activate downstream MAPK and PI3K-mTOR pathways, which are two signaling 

cascades regulating cancer cell survival and proliferation [110], their actual activation status 
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varies in AC samples [111]. Interestingly, these pathways are also frequently activated in 

tumors without apparent genomic drivers, suggesting additional molecular mechanisms 

underpinning the activation of these pathways [6]. Second, different oncogenic signaling 

pathways are not uniformly activated in cancer cells, so that some cell subpopulations can 

escape the targeted therapies and then become the dominant ones to promote cancer 

progression [112, 113]. Studying spatial oncogenic signaling activation helps to decipher 

such NSCLC heterogeneity, particularly when small biopsy samples are involved, since in 

these samples the heterogeneity in genomic clonality is likely underestimated. Mutation co-

occurring and gene co-expression analyses are frequently used to achieve this task [108], 

however, the spatiality of oncogenic signaling activation is better addressed by direct spatial 

phenotyping on NSCLC tissue samples, e.g., through detection of phosphorylated residues. 

In a study using NSCLC explants, the portion of tumor areas that co-express phosphorylated 

4EBP1 (indicating mTOR pathway activation) and phosphorylated ERK (indicating MAPK 

pathway activation) related to the cytotoxicity induced by co-inhibiting these two pathways ex 

vivo [114]. Therefore, understanding the heterogeneity of oncogenic signaling crosstalk may 

improve the design of combinatorial drug treatments for precision medicine [17, 18, 115]. 

 

1.3.4 Microenvironmental heterogeneity in NSCLC 

NSCLC tumorigenesis and progression are determined by an interplay between genetic 

mutations and cells of origin, and importantly influenced by extracellular matrix, tumor 

vasculature, stromal, and immune cell populations. Tumor tissue microenvironmental 

components exhibit significant regional differences [116, 117]. These microenvironmental 

factors thus also shape cancer heterogeneity, particularly in therapeutic responses.  

In NSCLC, extensive stromal infiltration and low abundance of immune cells adjacent to the 

tumor region are associated with the risk for relapse [80]. Moreover, the clustering of 

immune cell populations and their distance towards tumor cells predict the outcome of 

checkpoint-based immunotherapy [118, 119]. On the other hand, stromal cells within the 

vicinity of cancer cells can exhibit immunosuppressive functions that thwart 

immunotherapies, through reducing the density of immune cells or expressing suppressive 

signaling molecules such as transforming growth factor β (TGFβ) [120, 121]. Stromal cells 

can also contribute to the resistance to targeted therapies by activating alternative oncogenic 

signaling pathways that mediate tumor cell proliferation or survival in a paracrine manner [23, 

122-124]. It has, for example, been shown that the co-activation of PI3K/MAPK at the 
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epithelial-stromal interface was enriched in a lesion type-specific manner, rather than been 

indicated by specific PIK3CA mutations, in a breast cancer study [125].  

Rearrangement of the extracellular matrix and tumor vasculature also support tumor 

progression and metastasis [126]. Moreover, endothelial cells can secrete interleukin-6, 

which protects nearby tumors from chemotherapy treatment response [127, 128], suggesting 

that measuring the spatial heterogeneity of microenvironmental factors may contribute to the 

practice of personalized medicine. 

 

1.4 Digital pathology in cancer research 

In digital pathology, the ultimate goal is to improve the precise histopathological classification 

and generate quantified phenotypes that have prognostic or diagnostic value, or may serve 

as biomarkers for therapeutics.  

 

1.4.1 The state-of-the-art of histopathological analysis 

Over the past century, histochemical methods have been used to determine the signs of 

disease from surgically removed tissue samples or small biopsies. A standard IHC workflow 

includes embedding the tissues into paraffin, cutting and placing the tissue paraffin block as 

thin (typically 3-5 μm) sections on glass slides, applying specific stainings, and eventually 

evaluating the tissue phenotype under optical microscopes by trained personnel. The 

digitalization of histopathology slides has revolutionized pathology-related research fields in 

recent years. Nowadays, whole-slide imaging scanners generate high-quality virtual images 

as whole-slide images in fast and storage-compatible ways. Most importantly, it promotes 

the development of computer-assisted quantitative image analysis, which has become 

increasingly crucial for diagnostics, molecular phenotype discovery, and therapeutic 

stratification in the cancer field [129].  

Two significant types of information can be extracted from histopathological images: 

tissue/cellular morphologies and molecular phenotypes. Hematoxylin and eosin (H&E) 

staining has been a common practice to visualize tissue compartments. Hematoxylin stains 

nuclei in blue/purple while other structures such as the cytoplasm are dyed by eosin in pink. 

The phenotypic difference between cell populations can be visualized by H&E staining: the 

nuclei of tumor cells are round and much larger than those of immune cells, the latter are 

also darker in color, and stromal cells tend to be spindle-shaped. The morphological features 
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are therefore critical for histopathological classification and disease grading; they also 

provide an opportunity to analyze tumor cells and microenvironmental cell populations 

quantitatively.  

Immunohistochemical staining (IHC), also widely applied clinically and in research, utilizes 

antibodies and chromogenic detection to visualize tissue marker expression [130]. 

Counterstaining with hematoxylin is also commonly included to visualize tissue morphology. 

The intensity of staining signaling can be quantified in objects or regions of interest (ROIs), 

following which the spatial expression of proteins-of-interest can be investigated. 

Depending on the segmentation scale, histopathological image analysis can quantify the 

phenotypic features on tissues at the regional or cellular level. Image segmentation typically 

generates outlines of target subjects in a supervised manner based on pixel-based signal 

intensity values, texture, and morphological features. A high-quality segmentation highlights 

the region or object-of-interest for subsequent analysis and may also provide quantifiable 

features [131]. 

 

1.4.2 A bird’s eye view of image analysis applications  

Developed alongside imaging technologies are user-friendly image analysis software or tools. 

Various open-source or commercialized image analysis tools have become accessible to 

biologists and pathologists, either as local or cloud-based systems. Open-source software 

packages, such as CellProfiler [132] and ImageJ/Fiji [133], provide a wide range of image 

processing and analysis modules, which biologists can flexibly arrange to build up 

customized image analysis pipelines. More recently, supervised machine learning and 

unsupervised deep learning algorithms, benefiting from increased computational capacities, 

have begun to reshape diagnostic and research pathology workflows. In the lung cancer field, 

such advanced technologies have been employed to describe tumor subtypes and stages, 

as well as to detect and quantify pathological (e.g., metastasis and percentage tumor areas) 

and molecular (e.g., proliferation) features [134]. In classical machine learning, supervised 

segmentation is firstly applied to delineate individual objects or regions; subsequently, 

morphological measurements, such as shape, intensity, and texture, can be chosen for 

computational training. Classical machine learning is more transparent than deep learning, 

but it has limited capacity to generate new findings. Deep learning, on the other hand, 

utilizes artificial neural networks to achieve minimal object segmentation steps before 

computational analysis, and is hypothesis-independent. However, deep learning is known to 

act as a ‘black box,’ so its reproducibility needs careful evaluation [80, 135]. Hence, there is 
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still much room to improve algorithm performance. For example, performing validation on 

images collected independently is essential; and a way to unite such analyses without the 

need to access multiple software platforms may help expand its applications [136]. While 

only traditional image analyses are described in the thesis-related publications, also machine 

learning and deep learning applications have been explored in my other projects.  

 

1.4.3 Spatial tissue phenotyping 

The quantification of spatial tissue phenotypes can contribute to a deeper understanding of 

tumor heterogeneity. For example, diverse clustering patterns of immune cell populations 

adjacent to tumor epithelia exist across NSCLC AC samples [137], and differential co-

activation of PI3K/MAPK signaling pathways is seen in breast cancer samples that carry 

PIK3CA mutations. While traditional IHC analysis focuses on single marker features, the 

central goal of spatial tissue phenotyping is to co-measure the expression, distribution, or 

both of these on multiple tissue markers (Figure 6).  

Spatial phenotyping can be achieved via two methods. The first is multi-slide analysis, during 

which individual stainings are applied to serial tissue sections, and the acquired images are 

then aligned together through image registration (the professional term of image alignment) 

so that the image sets can be analyzed in the specified regions or objects [138, 139]. Spatial 

phenotyping using serial sections permits convenient use of standard IHC workflows and 

requires minimal experimental steps or computational compacity. Nevertheless, this method 

cannot accurately analyze spatial phenotypes at single-cell resolution due to morphological 

differences between sections, even if the distance between sections is shorter than the 

diameter of most nuclei and optimized registration algorithms are applied [138, 140, 141].  

The second type of spatial image analysis, favored in cancer research, is multiplexed 

staining. A general multiplexed staining workflow involves applying different fluorophores to 

a single tissue section sequentially, during which each round of staining is followed by 

imaging and fluorophore inactivation [142]. The obtained image stacks are then processed 

via image registration and subjected to quantification. Multiplexed staining has the 

advantage of quantifying spatial phenotypes at single-cell resolution. Its applications have 

successfully linked tumor-immune complexity to clinical prognosis [137, 143] and helped to 

reveal heterogeneity in the co-activation of oncogenic signaling [125]. However, several 

barriers slow down the broad application of multiplexed staining. The staining cycle, order, 

and noise reduction step must be carefully evaluated to avoid false-positive results. Also, 

only a limited number of antibodies, typically including cell markers, can be applied. Finally, it 
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demands a high computational capacity to process multiple marker expression analyses in 

individual cells in tissues [144]. The continuous improvement on its workflow and the 

generation of open-source analysis platforms may expedite the mainstream adoption of 

multiplexed-staining and data [145].  

 

 
 

Figure 6. A generalized pipeline for spatial tissue phenotyping using multiplexed staining or 
serial stainings. Modified from [145]. In both cases, digitalized images that can either be 
fluorescent or bright-field are aligned using a suitable registration algorithm. After this, the 
images are segmented to obtain the cells or ROIs. Finally, the signals are analyzed per 
object to identify spatial phenotypes to illustrate their spatial heterogeneity in the samples.  

 

1.5 The transcription factor SOX9 in development and cancer 

 

1.5.1 Introduction of the structures and functions of the SOX protein family 

The transcription factor SOX9 belongs to the SOX (SEX-determining region Y-related) 

protein family (Figure 7). SOX family proteins are commonly composed of a highly 

conserved high-mobility group (HMG) for DNA binding and a C-terminal transactivation 

domain. Around 30 SOX proteins have been found in humans, and these are classified into 

A-J groups based on structural homology outside of the HMG domain [146, 147]. All SOX 

proteins bind to DNA molecules by recognizing a common motif, but they carry diverse 

downstream regulatory effects. The versatile roles of SOX proteins are attributed to 

differential sequences that flank the DNA-binding domain, mainly through binding other 

transcription factors (including other SOX proteins) on the transactivation or transrepression 

domain to modulate their gene regulatory activities [148]. The translocation of SOX9 into the 

nucleus is directed by two nuclear localization signals within the HMG domain [149], and can 

be modulated by protein kinases that phosphorylate the adjacent serine site [150, 151].  

Registration of
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SOX9 belongs to the SOXE class, which uniquely contains a dimerization domain in the C-

terminal region, allowing it to form homodimers [152]. Because SOX9 can dynamically 

interact with different protein partners, it regulates multiple tissue morphogenesis and 

disease processes. In humans, the SOX9 gene locates at chromosome 17q24.3, and there 

are no other protein-encoding genes in the surrounding 3Mb range [153]. The long arm of 

chromosome 17 where SOX9 resides is frequently amplified in non-smokers with NSCLC 

AC [154]. 

 

Figure 7. Overview of SOX protein family and their structure. Cited from [147]. (A) 
Phylogenetic tree illustrating connections between different SOX family members. (B) 
Structural domains of SOX family proteins, the DNA-binding HMG box domain (blue) and 
transactivation domain (yellow) are shared by all family members. Other domains are 
selective for specific SOX groups. The self-dimerization domain (red) is unique for the SOXE 
subgroup, including SOX9.  

 

1.5.2 SOX9 in chondrogenesis  

SOX9 first caught researchers’ attention because its heterozygous mutation causes a severe 

skeletal malformation syndrome named Campomelic Dysplasia; ‘campomelic’ is a Greek 

term for ‘bent limb’ [155]. Therefore, SOX9 was first extensively studied in the field of 

cartilage development [156, 157]. The first evidence of SOX9’s activity appears at the onset 

of chondrogenesis, despite the actual protein being expressed already as soon as the 

progenitor cells settle in the skeletogenic mesenchyme. During precartilaginous 

condensation, SOX9 exerts a protective function that ensures the survival of skeletogenic 

cells. Later, when the prechondrocytes differentiate into chondrocytes, SOX9 regulates the 

expression of cartilage markers to ensure lineage commitment. Furthermore, SOX9 

expression simultaneously regulates chondrocyte proliferation while inhibiting the premature 
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death of terminal chondrocytes. Overall, its expression guards the chondrocyte remodeling 

process by preventing excessive bone formation. 

The interactions between SOX9 and its multiple proteins partners are responsible for the 

versatile transcriptional modulations during chondrogenesis. During chondrogenic 

differentiation in mice, SOX9 activates SOX5 and SOX6 expression. SOX5 and SOX6 can 

form a heterodimer that binds to DNA significantly better than individuals. SOX9 and the 

SOX5/SOX6 dimer can bind to the enhancers of genes encoding chondrocyte lineage-

specific markers, such as those for collagen II and collagen XI, and cooperatively regulate 

their expression [156, 158]. Moreover, several critical signaling pathways for chondrogenesis, 

including fibroblast growth factor 3 (FGFR3) signaling, are under feedback regulation by 

SOX9 [159]. At the same time, SOX9 represses the expression of other identity markers, 

either directly or indirectly, through acting with other transcription factors, to maintain the 

chondrocyte lineage and regulate differentiation stages [160]. Finally, several non-

transcriptional roles of SOX9 have been proposed. Its physical interaction with β-catenin and 

RUNX2 can influence the degradation and functions of other transcription factors [161, 162].  

Various SOX9 co-activators that influence its functions are found in the promoter regions of 

target genes, including the RNA polymerase II complex transcription machinery [163] and 

histone acetylases [164]. SOX9 expression, its intracellular distribution, and activity during 

chondrogenesis in mice are regulated by multiple developmental factors, such as sonic 

hedgehog and bone morphogenetic protein signaling, as well as microRNAs and enzymes 

that perform post-translation modifications [157]. 

Ever since SOX9 came to light as an essential regulator for chondrogenesis, other studies 

have revealed its essential role in the morphogenesis of the pancreas [165], kidney [166], 

and brain [167]. In particular, it was discovered that SOX9 has multifaceted roles in 

regulating the development of complex lung structures. 

 

1.5.3 SOX9 in lung development 

Unlike a continuous expression throughout chondrogenesis and in adult articular cartilage, 

SOX9 is expressed highest in the distal epithelium during the pseudoglandular stage but 

decreases at the onset of alveolar terminal differentiation in developing lungs [168]. In 

GEMMs, Sox9 deficiency leads to dramatically reduced lung buds at the distal end; 

moreover, defects in the proliferation, apical/basal structures, and cell-cell adhesion of distal 

epithelial cells were observed. In vitro migration assays suggested that an impaired 
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movement of Sox9-deficient epithelial progenitors was associated with disrupted collagen 

organization and stabilized microtubules [35].  

Intriguingly, defective alveolar structures have also been observed in gain-of-function 

GEMMs where the SOX9 expression becomes persistent. Decreased alveolar marker 

expression upon SOX9 overexpression suggests that alveolar differentiation is negatively 

regulated by SOX9 [35, 168]. Consistent with the absence of SOX9 in developing alveoli, an 

earlier study found that Sox9 loss, specifically in SPC+ cells, did not affect lung development 

and respiratory function in mice [169]. As speculated in [170], the emergence of lung 

branching may evolutionarily be explained through a delay of ancestral alveolar 

differentiation. Therefore, the temporospatial regulation of SOX9 seems essential for 

orchestrating these two processes.  

The expression and function of SOX9 expression in murine lung development were found to 

be β-catenin independent and downstream of KRAS and FGF signaling [35, 168]. However, 

the exact regulatory networks are yet to be clarified. Interestingly, isolated SOX9+ murine 

lung progenitor cells can differentiate into airway epithelium but not the alveolar lineage 

when cultured at an air-liquid interaction interface. However, they can differentiate into both 

lineages when mixed with adult lung mesenchymal cells [47], indicating that 

microenvironmental cues can shape the functions of SOX9.  

Human and murine lungs show similarities and differences concerning SOX9 distribution. A 

human fetal lung tissue study showed that SOX9 is expressed in the budding lung tips, 

similarly to murine lungs. However, this study also illustrated the presence of a progenitor 

cell population co-expressing SOX2 and SOX9 at branching tips in humans, whereas in mice, 

proximal and distal cells separately expressed these two markers [171]. SOX2 promotes the 

lineage commitment of murine lung progenitors towards neuroendocrine and basal cell fate, 

and its overexpression was shown to disrupt branching morphogenesis in mice [172].  

Two other SOX9 family members, SOX11 and SOX17, are also expressed in embryonic 

lungs. SOX11 regulates progenitor cell proliferation and differentiation; its deficiency leads to 

hypoplastic lungs developments [173]. SOX17 is continuously expressed in adult lungs, 

regulating proximal cell plasticity [174]. The cooperative roles of SOX protein during lung 

morphogenesis and lung cancer development are yet to be fully understood. 
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1.5.4 SOX9 in tumorigenesis and cancer progression 

SOX9 is silenced in many adult tissues, including healthy lungs, but its re-expression is 

detected in several cancer types. Clinically, SOX9 overexpression is associated with poor 

prognosis in hepatocellular carcinoma [175, 176], breast cancer [177], and bladder cancer 

[178]. Also, SOX9 expression is expressed more highly in metastatic than in primary 

colorectal cancer cell lines [179]. Therapeutically, SOX9 expression has been linked to 

resistance to mTOR inhibition in colorectal and breast cancers [179, 180], chemotherapy in 

pancreatic cancer [181], and radiotherapy in gastrointestinal cancer [182]. In NSCLC, SOX9 

expression positively correlates with staging and negatively with overall patient survival [183]. 

These all support an oncogenic SOX9 function. However, evidence for an opposite role has 

also been reported: loss of SOX9 expression correlated with poor prognosis in a subgroup of 

prostate cancer patients with positive ERG expression and PTEN deletion [184], and lower 

SOX9 expression indicated a higher risk of relapse in primary stage II colon cancer [185]. 

Therefore, the roles of SOX9 in cancer could be heterogeneous and context-dependent 

[153].  

The molecular functions of SOX9 reflect its stemness properties and transcriptional 

regulatory functions. Overexpression of SOX9 in NSCLC cell lines increases cancer cell 

proliferation by negatively and positively influencing the expression of the cell cycle 

molecules p21 and CDK4, respectively [186, 187]; it also promotes the invasiveness and 

epithelial to mesenchymal transition of NSCLC cells by upregulating the expression of 

TCF1/LEF1 to activate the Wnt/β-catenin pathway [187, 188]. Another study showed that 

SOX9 expression led to upregulated Wnt inhibitor DKK1, thus imposing a slow-cycling and 

stem-like state on breast and lung cancer cells, allowing those cells to survive the immune 

surveillance and metastasize [19]. SOX9 was also shown to form a regulatory circuit with the 

Hippo-YAP/TAZ signaling pathway to regulate cell growth and migration in an esophageal 

squamous cell carcinoma cell line [189]. Moreover, SOX9-regulated microRNA expression 

can mediate PI3K/AKT oncogenic signaling activity [190]. Altogether, this undoubtedly 

demonstrates that SOX9, as a master transcription factor, can exert distinct regulatory 

effects depending on the specific transcription networks present in different tissue and cell 

types.  

In vivo experiments have explored the impact of SOX9 expression in more physiological and 

systemic settings. In a GEMM model of pancreatic cancer, SOX9 drove the formation and 

progression of KrasG12D -mediated intraepithelial neoplasias (PanINs), a precursor of invasive 

pancreatic ductal adenocarcinoma (PDA). SOX9 was shown to regulate the acinar to ductal 

cell reprogramming during this process, a necessary step for PDA formation [191]. Using a 
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GEMM model of basal cell carcinoma, it was found that SOX9-mediated transcriptional 

reprogramming and ECM remodeling were required for the maintenance, self-renewal, and 

invasion of oncogene-expressing cells [192]. These studies highlight that tissue context 

shapes SOX9’s function in tumorigenesis and progression 

 

1.5.5 Therapeutic targeting of transcription factors: perspectives and challenges 
 

The clinical features of cancer and its therapeutic responsiveness are primarily regulated by 

the malfunction of transcriptional programs in cancer cells [107]. However, targeting 

transcription factors for therapeutical purposes has proven to be a challenge over the years. 

Two barriers exist: first, many transcriptional dependencies also occur in normal cells [193]; 

second, unlike enzymatic molecules, transcription factors lack a primary binding site for 

small molecule inhibitors [194]. Nevertheless, a small number of master transcription factors, 

such as lineage regulators that are selectively expressed in cell subpopulations, are 

candidates for therapy development in the current era of personalized medicine. So far, very 

few drugs targeting lineage regulators have been developed and tested in clinical trials. 

Examples are LeuSO and SY-1365, which respectively interrupt the protein-binding ability 

and reduce the expression of Runt-related transcription factor 1 (RUNX1) [195]. Another 

transcription factor that has seen more progress in therapeutic development is the signal 

transducer and activator of transcription (STAT) family. STAT family members such as STAT3 

and STAT5 are overactive in many cancer types; phosphorylated STAT proteins regulate 

cell proliferation, survival, and angiogenesis [196]. Numerous small molecules that inhibit the 

phosphorylation of specific STAT members have been created, and tests of some inhibitors, 

often in combination with other drugs, are in clinical trials for NSCLC [197-199]. Current 

FDA-approved drugs mostly indirectly regulate transcription factor functions, including 

ruxolitinib, which inhibits signaling upstream of STAT3 [199]. Alternative targeting strategies 

for transcription factors are also available, including the indirect inhibition of NF-κB 

transcription factors via modification of upstream regulators, or disruption of the interaction 

between the transcription factor MYC and its partner MAX [200]. Multidisciplinary research 

endeavors are required to understand the structure, binding partners, and cancer type- and 

histotype-specific expression and functions of these transcription factors to develop suitable 

inhibitory strategies for cancer treatment.  
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2. AIMS OF THE STUDY 

 

The overall aim of this thesis work was to establish a quantitative analysis method to 

discover spatial phenotypic features in NSCLC histotypes, and unravel the functional 

relevance of such in situ phenotypes in tumor development and progression to ultimately 

dissect NSCLC heterogeneity. 

The three main aims of the thesis work were: 

1. Create open-source image analysis tools and establish a workflow for spatial 

tissue phenotyping customized for our research purpose (Publication I). 

2. Apply the developed spatial phenotyping method to dissect histotype-selective 

important signaling activities and their co-activation in murine NSCLC driven by 

KrasG12D activation with loss of p53 or Lkb1, as well as in human NSCLC histotypes 

(Publication I). 

3. Characterize histotype formation and metastasis in Sox9-deficient GEMM models, 

and apply spatial phenotyping, to unravel histotype-selective functions of 

transcription factor SOX9 in NSCLC (Publication II). 
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3. MATERIALS AND METHODS IN THIS THESIS WORK 

 

3.1 Materials  

 

3.1.1 Mice 

In the table below, the genotypes of mice and the related publications included in the thesis 

are listed. KrasG12D/+;Lkb1fl/fl (KL) and KrasG12D/+;p53fl/fl (KP) were established prior to this 

thesis work; the breeding of Sox9-deficient KL mice was initiated before publication II, but 

the analysis of KrasG12D/+;Lkb1fl/fl;Sox9+/fl (KLShet) and KrasG12D/+;Lkb1fl/fl;Sox9fl/fl (KLSnull) 

tumors was accomplished during this study. The generation of mouse cohorts is described in 

section 3.2.1. 

    
Cohorts Explanation Source Publication 
KrasG12D/+;Lkb1fl/fl 
(KL) 

Mice carrying a 
conditional allele of 
mutant Kras and Lkb1  

[106] I & II 

KrasG12D/+;p53fl/fl 

(KP) 
Mice carrying a 
conditional allele of 
mutant Kras and p53 

[104] I 

KrasG12D/+;Lkb1fl/fl; 
Sox9+/fl 

(KLShet) 

Mice carrying a 
conditional allele of 
mutant Kras, Lkb1, and 
Sox9 

B6.129S7-Sox9tm2Crm/J 
mice were purchased 
from The Jackson 
Laboratory). 

II 

KrasG12D/+;Lkb1fl/fl; 
Sox9fl/fl 
(KLSnull) 

Mice carrying a 
conditional allele of 
mutant Kras, Lkb1, and 
Sox9 

B6.129S7-Sox9tm2Crm/J 
mice were purchased 
from The Jackson 
Laboratory). 

II 

 

 

3.1.2 Human NSCLC samples  

Tissue microarray-1 (TMA-1) was prepared previously in [114]; it included three histotypes: 

ASC (samples: 13), PAC (samples: 25), and SCC (samples: 28). These surgically removed 

samples were collected during 2000-2015 at the Hospital District of Helsinki under an ethical 

license, Helsinki Biobank project number HBP2016002. The human adenocarcinoma TMA 

collection in project II (TMA-2; 970 samples) was archival human lung adenocarcinoma 
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tissue obtained from a retrospective cohort from University Hospital Leicester research 

ethics committee approval. 

 

3.1.3 Primary antibodies 

The table below lists the primary antibodies used in this thesis to examine the expression of 

histopathology markers, oncogenic signaling activities, cell identity/status, and tumor 

microenvironmental features. In the thesis, NSCLC histopathologies were first established 

using H&E staining and histotype marker analysis. Subsequently, the expression of 

oncogenic signaling and proliferation markers were investigated in publications I&II. Cell 

lineage and transcription factor expressions were studied in publication II. 

     
Antibody Reference Dilution Application Publication 
 
Rabbit anti-NKX2-1 
(TTF-1) 
 

 
Ab 133638 

 
1:2000 

 
Histotype marker 
for AC 

 
I & II 

 
Rabbit anti-p63 
 

 
Ab124762 

 
1:10000 

Histotype marker 
for SCC 

 
I & II 

 

     
Antibody Reference Dilution  Publication 
 
Rabbit anti-p44/22 
(Erk1/2) 
 

 
CST 4370 

 
1:1000 for 
murine 
samples 
1:500 for 
human 
samples 
 

 
Marker for MAPK 
pathway activation 

 
I & II 

 
Rabbit anti-Ki67 

 
Thermo 
Scientific 
RM-9106-
S0 
 

 
1:500 

 
Proliferation marker 

 
I & II 

 
Rabbit anti-pAKT 
(S473) 
(for murine samples) 
 

 
CST 4058 

 
1:400 

 
Marker for AKT 
pathway activation 
 

 
I & II 

 
Rabbit anti-pp38 
 

 
CST 4511 

 
1:200 

 
Marker for p38 
pathway activation 

 
I  
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Rabbit anti-p4EBP1 
 

 
CST 2855 

 
1:1000 

 
Marker for mTOR 
pathway activation 
 

 
I  

 
Rabbit anti-E-cadherin  

 
CST 3195 

 
1:400 
 

Epithelial marker 
 

 
I 

 
 
Rabbit anti-pAKT 
(for human samples) 

 
 
CST 4058 

 
 
1:300 

 
 
Marker for AKT 
pathway activation 
 

 
 
I 

 
Rabbit anti-SOX9 
 

 
Millipore 
5535 

 
1:10000 

 
SOX9: transcription 
factor 
 

 
II 

 
Rabbit anti- 
Prosurfactant Protein C 
(SPC) 
 

 
Millipore 
3786 

 
1:2000 

 
Marker for lung 
AT2 cells 

 
II 
 

 
Rabbit anti-collagen IV 
 

 
Ab 6586 

 
1:1500 

 
Collagen IV: 
microenvironmental 
component 
 

 
II 

 
Goat anti-SOX2 
 

 
SC 17320 

 
Goat anti-
SOX2 

 
SOX2 expression: 
transcription factor 
 

 
II 

 
Rabbit anti-HMGA2 

 
Biocheck  
BC-
59210AP 

 
HMGA2 

 
HMGA2:  
indicating tumor 
invasiveness 
 

 
II 

 
* CST = Cell Signaling Technology, Danvers, MA, US 
  Ab = Abcam, Cambridge, UK 
  SC= Santa Cruz Biotechnology, Dallas, TX, US 
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3.2 Methods 

 

3.2.1 Mouse cohorts, genotype confirmation, and adenovirus infection 

Breeding of KrasG12D/+;p53flox/flox (KrasG12D;p53fl/fl, KP) and KrasG12D/+;Lkb1flox/flox 

(KrasG12D;Lkb1fl/fl, KL) and mice, and confirmation of their genotypes were performed as 

before [106]. To establish Sox9-deficient KL cohorts, KrasG12D;Lkb1fl/fl, and Sox9flox mice were 

crossed. Different Sox9 genotypes, namely wildtype (Sox9wt), heterozygous loss (Sox9het), 

and homozygous loss (Sox9null), were determined according to the supplied protocol 29713 

(The Jackson Laboratory) using Hotstart Taq polymerase. To activate cell lineage-specific 

genetic alterations, Ad5-CC10-Cre (1-20 x107 pfu) or Ad5-SPC-Cre (2.5-7.5 x109) viral 

vectors were delivered intranasally to 8–10-week-old GEMMs anesthetized under 3% 

isoflurane. The health of infected animals was followed until they reached the disease end-

point or according to experimental designs (e.g., to collect early lesions). Animal work was 

performed following the ethical guidelines, approved by the license ESAVI/6365/2019. 

 

3.2.2 Tissue preparation, immunohistochemistry, and image acquisition  

Collected murine lung tissues were fixed in 4% formaldehyde overnight at 4°C, and 

dehydrated in 70% ethanol for at least 24 h before being processed to be embedded in 

paraffin. Formalin-fixed paraffin-embedded (FFPE) murine lungs and TMAs of human 

NSCLC samples were cut into 4 μm and 3.5 μm thickness serial of sections, respectively. 

Two adjacent sections were placed on the same glass slide (SUPERFROST® PLUS, 

Thermo scientific), with the sectioning order labeled. For antibody binding, antigens in tissue 

were retrieved using sodium citrate (10mM, pH=6.0). However, for anti-SPC, antigen 

retrieval was not performed. For serial staining, one antibody was applied to each of the 

adjacent tissue sections. The incubation of all antibodies except anti-SOX2 and anti-p4EBP1 

was performed at room temperature for 1.5 h, whereas overnight incubation at 4°C was 

used for anti-SOX2 and anti-p4EBP1 antibodies. To develop and detect the signals, 

BrightVision poly-horseradish peroxidase goat anti-rabbit IgG (Immunologic) was added to 

the section for half an hour, and subsequently, DAB-staining Kit (Immunologic) was applied. 

Obtaining the whole-tissue scans (bright-field) of stained murine and TMA-1 of human tissue 

sections were acquired using a 20x objective (Pannoramic 250 scanner, 3DHISTECH Ltd).  
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3.2.3 The making of the Spa-RQ tool package  

The open-source tool package Spa-RQ was written in MATLAB language (The MathWorks), 

which includes an image registration domain (Spa-R) and a spatial quantification domain 

(Spa-Q). Spa-R domain applies the ‘similarity transformation’ algorithm in the ‘imregtform’ 

package for performing image registration, which is available in MATLAB. The registration 

metric is determined by achieving the most mutual information during image alignment. Spa-

Q applies color decomposition to obtain separate signals for hematoxylin staining (matrix 

[.650 .704 .286]) and for 3,3'-diaminobenzidine (DAB) staining (matrix [.072 .954 .283]). This 

matrix was based on the color deconvolution analysis using the ImageJ/Fiji plugin [201]. 

 

3.2.4 Spatial analysis workflow 

To optimize spatial analysis precision, the order of IHC staining on adjacent tissue sections 

was pre-planned: adjacent sections were used for marker co-expression analyses (4 μm 

apart), while the most remote section within a four-section set (at a distance of 16 μm) was 

chosen for H&E staining. After obtaining whole-tissue scans, selected tissue or tumor 

regions, were exported at a magnification of 1:2 using the Pannoramic CaseViewer 

(3DHISTECH Ltd). 

To analyze region-of-interest (ROI)-specific features on images, annotations were made 

using ImageJ/Fiji [133] through the following steps: first, the individual lesions in murine lung 

lobes on H&E images were each selected using the drawing tool panel. Next, the outlines of 

tumors were annotated with the histotypes and added to the ROI library (using the OI 

manager in ImageJ/Fiji). The ROI libraries were created per sample and saved as Zip files. 

Finally, the ROI library was applied to registered images. Using the polygon tool, the ROI 

applied to the registered images can be adjusted (typically, only subtle tunning was required) 

to optimize the fit of the tumor outlines. An expert pathologist performed the histopathology 

classification of such ROIs. The sizes of individual tumors and lung tissues were measured 

using the Pannoramic CaseViewer (3DHISTECH Ltd), or ImageJ/Fiji. 

To quantify regional marker expression in ImageJ/Fiji, the following procedures were 

followed: The ROI managers were applied to each image, then processed the images with 

color deconvolution to acquire DAB signals. Three immunohistochemical experts 

independently determined the thresholds for each DAB staining positivity, and the average 

values were applied for positive area percentage analysis. The same thresholds for each 

staining were consistently applied to all samples. The whole tissue areas were determined 
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by the sum of hematoxylin and DAB staining. To quantify nuclear marker expression, images 

of individual tumors were created based on the ROI selections, inverted, and saved at 8-bit. 

They were then processed with a CellProfiler [132] pipeline, which consisted of the following 

modules: primary object identification (segmentation), signal measurement, thresholding, 

and percentage calculation post-filtration. The parameters used in each module were 

staining-specified. 

To quantify the co-activation between two oncogenic signaling pathways in individual tumors, 

image pairs of individual marker stainings were firstly aligned using Spa-R and then 

uploaded to Spa-Q. After manually selecting the ROIs and adjusting the intensity threshold 

for each staining, the raw data of the individual expression and the co-expression between 

markers was generated. A pseudocolored image illustrating individual stainings and their 

overlap were also available in the same result folder. 

 

3.2.5 H-score calculations and survival analysis in human samples  

The H-score was used to quantify SOX9 expression in human NSCLC samples upon visual 

scoring. The same expert pathologist evaluated the expression of tumor cell nuclei in clinical 

samples (TMA-1 and TMA-2). Subsequently, the expression level was measured using H-

scores defined as %weak + 2x%moderate + 3x%strong nuclei, yielding a number from 0 to 

300. The ‘SOX9-low’ and ‘SOX9-high’ sample groups for comparing survival and 

proliferation in TMA-2 were stratified by a SOX9 expression cut-off, which was generated by 

a well-established method [202]. This cut-off value led to the most statistically significant and 

distinguishable difference in the survival between these two groups.  

 

3.2.6 Statistical analysis 

GraphPad Prism 8 and R were used for statistically comparing the results and creating plots. 

One-way ANOVA multiple comparisons (specifically, non-parametric Kruskal-Wallis test), 

unpaired t-test (specifically, non-parametric Mann-Whitney test), or Fisher’s exact test was 

on demand for corresponding statistical analyses. The survival statistics in TMA-2 were 

assessed with a Log-rank (Mantel-Cox) test. P values < 0.05 were considered significant. 

For the survival study, statistical analyses were performed in R, where the survival package 

was used to make the Cox proportional hazard model, and the survminer package was used 

to generate the Kaplan-Meier curves. 
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4. RESULTS AND DISCUSSION 

 

4.1 Using Spa-RQ-based image analysis to dissect heterogenous oncogenic signaling 
activities in NSCLC histotypes 

 

4.1.1 Rationale of creating Spa-RQ 

Before this thesis work, our group has revealed that cells of origin define the spectra of 

NSCLC histotypes in KrasG12D;Lkb1fl/fl mice [203]; also, it had been found that the co-

activation of MAPK and mTOR pathways, rather than underlying genetic alterations, predict 

cytotoxic response in tumor explants towards combinatorial inhibition ex vivo [114]. This 

evidence suggested that spatial tissue phenotyping, in a quantitative manner, can likely 

confer a powerful tool for understanding the functional heterogeneity of NSCLC.  

Even though recent years saw a giant leap in spatial phenotyping techniques, considerable 

limitations continued to exist. Limitations in antibody choice and challenges in signal 

unmixing and data processing may slow down a straightforward implementation of 

multiplexed staining techniques to standard laboratory workflows. Also, existing tool 

packages for analyzing sequential images or multiplexed images commonly work on whole-

slide images (WSIs). The formats of WSI were challenging to handle, and we also 

questioned the accuracy of using WSIs in image alignment, as the shape difference between 

images was most profound at the whole tissue level, particularly, the paraffin sections are 

likely to be stretched during the making. Moreover, as the tissue phenotyping field rapidly 

moved to multiplexed staining analysis, there is a gap between classic immunohistochemical 

staining scoring and analysis of multiple markers at single-cell resolution; the latter requires 

heavy computational power. For all these reasons, we created Spa-RQ software, which 

contains a registration domain (Spa-R) and a spatial quantification domain (Spa-Q). Spa-R 

can perform register pairs or batches of input images in various formats, such as TIFF, 

JPEG, and PNG, so that snapshots and exported images from any WSI viewers can be 

processed (Figure 8A). These images may range from MB to GB in size. Spa-Q measures 

staining overlap (OL) in selected ROIs (Figure 8B).  
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Figure 8. An introduction of SPA-RQ. (A) Spa-R is an image registration domain that can 
align target image(s) to the reference. Unlike most tools that focus on WSI, Spa-R can apply 
to selective ROIs. Cited from publication I, Fig. 1C. (B) Spa-Q is a spatial analysis domain 
working on registered image pairs (with different staining, it segments the stainings and 
performs regional quantification. The results and quality control images were automatically 
saved in the destination folder. Cited from publication I, Spa-RQ user manual. 

 

4.1.2 The state-of-the-art of Spa-RQ 

After testing multiple methods available in MATLAB® function imregtform, the similarity 

transformation method showed the best registration performance and was implanted into 

Spa-R, which is reasonable as the adjacent sections carry high content similarity. The 

similarity transformation algorithm contains five adjustable optimization parameters: 

iterations, PyramidLevels, InitialRadius, Epsilon, and GrowthFactor. We found that iteration 

is the primary parameter determining registration quality relative to registration speed (Figure 

9A-B). Therefore, a setting to change iterations by the users is made available on the 

operating user interface.  

The Spa-Q domain measures the individual expression and co-expression between two 

markers as the areas (%). We emphasize regional analysis in the Spa-Q function because (i) 

regional analysis of phosphorylated proteins on adjacent sections can reach accuracy as the 

staining patterns tend to be diffused; (ii) regional analysis is much faster than single-cell 

analysis without the need for high computational capacity. A standard image analysis 

workflow, essential for spatial phenotyping, is implemented in Spa-Q, which includes image 
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and ROI selection, staining segmentation (based on user-defined thresholds), and positive 

area (%) calculations (Figure 9C).  

 

Figure 9. The state-of-the-art of Spa-RQ phenotyping. (A) The registration algorithm and 
related parameters, e.g., PyramidLevel, was optimized for the best registration quality. *: 
poor registration; **: intermediate registration; ***: good registration.Cited from publication I, 
Fig. S1C. (B) Iteration is the most crucial parameter determining the registration quality. The 
default 100-iteration reaches satisfactory registration quality within the reasonable 
processing time, but the actual iteration can be customized by the users. *: poor registration; 
**: intermediate registration; ***: good registration. Cited from publication I, Fig. S1D. (C) 
The respective DAB signals and their overlap (OL) on pairs of Spa-R registered images are 
measured by Spa-Q, allowing ROI selection and thresholding-based quantification. Modified 
from publication I, Fig. 1F. 
 
 

4.1.3 Spatial analysis revealed histopathology-selective oncogenic signaling activities 

Kras mutation leads to the activation of multiple oncogenic signaling pathways, and diverse 

NSCLC histopathologies, marked with distinct growth patterns, arise from KrasG12D;p53fl/fl 

(KP) and KrasG12D;Lkb1fl/fl (KL) mice [104, 106]. We set out to quantify NSCLC histotype-

selective activation of several crucial and targetable oncogenic signaling pathways 

downstream mutated KRAS expression, including AKT, MAPK, mTOR, and p38MAPK 

stress-sensing pathway (Figure 10A-B). To perform tumor-by-tumor analysis of multiple 

pathways, ROIs are generated for individual tumors based on the H&E images using 
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ImageJ/Fiji, and applied to DAB-stained images that have been aligned to their closest H&E 

references. Next, ImageJ/Fiji allows the ROI-specific DAB signal quantification to be 

achieved (Figure 10C-D). 

The most common histotypes in KL and KP GEMMs, regardless of cells of origin, included 

papillary adenocarcinoma (PAC) and invasive adenocarcinoma (IAC) (Figure 10E). IACs 

refer to small lesions without obvious growth patterns; they usually reside at alveolar regions. 

Murine IACs resembled the minimally invasive AC in human NSCLC. Adenocarcinomas in 

situ (AISs), tiny lesions with the maintained alveolar structure, were also frequently found in 

all GEMM cohorts. The sizes and morphologies of AISs changed dramatically between 

sections, and they were therefore excluded from the spatial analysis. In contrast, 

adenosquamous carcinoma (ASC) is the most predominant histotype derived from CC10+ 

club cells in KL mice (Figure 10E).  

Consistent with the previous study [114], the activation of AKT signaling was only observed 

in ASCs (specifically the SCC regions of ASCs), but not in any other KL nor any KP 

histotypes (P value < 0.0001) (Figure 10F). We further found that pERK expression (marking 

MAPK pathway activation) was the highest in PACs, compared to that in IACs (P-value < 

0.0001) and in ASCs (P-value = 0.0024), suggesting differential MAPK activities within AC 

subtypes and among NSCLC histotypes (Figure 10F). While heterogeneous activation of 

AKT and MAPK pathways was detected in a histotype-selective manner regardless of the 

genetic alterations, p38MAPK phosphorylation appeared to be genotype-selective. 

p38MAPK was significantly higher in both PACs and IACs from KP mice than KL mice 

(Figure 10F). The specific activation of p38 might be induced by ATM/ATR-mediated DNA 

repair mechanism to increase cell survival following p53 loss-of-function [204]. Or, the 

inactivation of this pathway in KL tumors might be associated with Lkb1 loss [205]. 

Comparatively, no histotype- or genotype-selective activation of mTOR signaling pathway, 

marked by p4EBP1 expression, was observed (Figure 10F). These findings suggested that 

heterogeneous mechanisms regulate oncogenic signaling activities in murine NSCLC.  
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Figure 10. Implementing Spa-R to measure histotype-specific oncogenic signaling activities 
in murine KL and KP NSCLC, Cited from publication I, Fig. 2A-F. (A) An overview of 
harvesting NSCLC tissues from KrasG12D;Lkb1fl/fl (KL) or KrasG12D;p53fl/fl (KP) GEMMs. 
Multiple tumors with different histopathological features are seen in single murine lung lobes 
after a certain time post adenovirus infection. (B) Diagram illustrating oncogenic signaling 
pathways regulated by KRAS and LKB1 or p53. Importantly, mTOR signaling can be 
regulated by multiple upstream signaling cascades and therefore serves as a signaling 
crosstalk hub. (C) Schematic illustration of registering the DAB-stated images to the nearby 
H&E images (16 μm at the farthest). (D) Diagram illustrating the workflow of Spa-RQ and 
Fiji/ImageJ-based tumor-by-tumor oncogenic signaling analysis. (E) Stacked bar plot 
illustrating the number of lesions of different histotypes in 9 KL and 5 KP mice. IAC and PAC 
are the most common histotypes across KP and KL cohorts. ASC is uniquely presented in 
KL GEMMs; specifically, it is the predominant histotype in KL mice with Ad5-Cre targeting 
CC10+ cells (so-called KL-CC10 cohort). Mixed AC carries multiple and no predominant 
growth patterns. It is a common histotype in KP cohorts but rarely seen in KL GEMMs [104, 
106]. (F) Scatter plot showing areas (%) of p4EBP1 (indicating mTOR activation), pAKT 
(indicating AKT activation), pERK (indicating MAPK activation), and pp38 (indicating p38 
activation) in individual tumors. While here the statistical analysis is performed by per-tumor, 
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the significance is also achieved when grouping per histotype per animal (publication I, Fig. 
S2A). 

 

4.1.4 Spa-RQ revealed conserved spatial oncogenic phenotypes in murine and human 
NSCLC histotypes 

mTOR and MAPK co-activities have been linked to the combinatorial inhibitory response in 

tumor slice explants [114]. Following the creation of Spa-RQ, we were able to quantitatively 

measure spatial oncogenic signaling activities, which were otherwise only achieved by 

qualitative eye-scoring or mask-based rough measurement. We used Spa-RQ to measure 

the expression OL between pERK, pAKT, and p4EBP1, respectively marking the co-

activation of MAPK-mTOR, AKT-mTOR, and MAPK-AKT in individual lesions.  

After obtaining the OL values using Spa-RQ, a threshold at 15%, used in the previous study 

[114], was applied to define the murine tumors with ‘MAPK/mTOR’ signature. In Spa-RQ 

analysis of 19 murine ASCs, 2 ASCs were found to have such signature (ASC_OL; 

pERK/p4EBP1 > 15%). Compared to the previous study, where the OL was measured by 

overlaying manually-drawn masks, OL results generated by Spa-RQ were lower, indicating 

that the choice of staining segmentation is important for establishing a standardized spatial 

analysis workflow. By using Spa-RQ, we also classified 2 ASCs with the ‘AKT/mTOR’ 

signature (ASC_OL; pAKT/p4EBP1 > 15%). The rest ASCs (15/19) did not have OL above 

the thresholds. They were thus categorized with ‘Null’ signature. The ‘MAPK/mTOR’ and 

‘AKT/mTOR’ signatures were never co-presented within an ASC or in ASCs from the same 

mice, corresponding to the minimized co-activation between AKT and MAPK pathways in 

ASC tumors, which might be explained by a negative regulation loop between AKT and 

MAPK pathways [172]. On the other hand, ‘MAPK/mTOR’ and ‘Null’ signature tumors can be 

found within the same animals, showing the inter-tumor difference of the same oncogenic 

signal activities (Figure 11A). 

Interestingly, identical spatial oncogenic signaling phenotypes were found in human NSCLC 

samples, which were independent of KRAS mutations status. 13 human ASCs were similarly 

stratified into the three subclasses, namely: (i) ‘MAPK/mTOR’ signature tumors; (ii) 

‘AKT/mTOR’ signature tumors; and (iii) ‘Null’ signature tumors (Figure 11B). Also, in both 

murine and human PACs, ‘MAPK/mTOR’ and Null signatures were observed (can be found 

at publication I, Fig. S2B and Fig. 3C).  
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However, notably, in human but not murine NSCLC, a subtype of ‘Null’ signature, defined by 

epithelial mTOR and stromal MAPK activities (and hence the low co-activation), was 

frequently observed (Figure 11B). Such heterogenous signalings in human NSCLC might be 

underestimated using mere biochemical measurements for protein levels. The supportive 

evidence is from a previous study on human breast cancer samples, where multiplexed 

staining was applied to identify intra-tumor heterogeneity of PI3K/AKT/MAPK co-activation 

[125]. Interestingly, while this study illustrated a high ‘randomness’ of spatial epithelial 

signaling using staining intensity-based spatial classification, they also noticed an 

AKT/MAPK stromal-epithelial interface phenotype in several samples. Altogether, it indicates 

that the stromal-epithelial spatial feature of oncogenic signalings may confer a stratification 

strategy for various cancer types. 

 

Figure 11. Illustrations of spatial activation between MAPK/AKT/mTOR pathways in murine 
ASCs and human ASCs. (A). Left: Bar plot showing the quantified co-activation between 
these three pathways, an OL > 15% (marked by the dashed line) is used to identify the 
signatures. The bottom number 1-19 labels individual ASCs, and the upper labeling indicates 
which animal the ASCs belong. Right: the illustrations of selected ASCs with different 
signatures, the squares outline the tumor’s signature, while ‘Null’ was not highlighted. Cited 
from publication I, Fig. 3A,C. (B) Three major signatures: ‘‘MAPK/mTOR’, ‘AKT/mTOR’ and 
‘Null’ are also observed in human ASCs. However, the ‘stromal MAPK/ epithelial mTOR’ 
signature is uniquely found within the ‘Null’ category in human NSCLC, suggesting that 
human ASCs have more heterogeneous spatial oncogenic signaling phenotypes than 
murine ASCs. Cited from publication I, Fig. 4B. 
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4.2 Heterogeneous functions of the lung developmental transcription factor SOX9 in 
NSCLC histotypes 

 

4.2.1 Motivation to study the histotype-selective functions of SOX9  

Part I (publication I) of this thesis work (Section 4.1) established the analysis and 

experimental workflows for histotype-guided spatial tissue phenotyping and revealed 

histotype-selective spatial oncogenic signaling heterogeneity beyond genetic influence. The 

precise cell of origin defines NSCLC histotype formation in KL GEMMs, and transcriptomic 

analysis of KL AC and ASC showed differential expression of genes encoding multiple ECM 

family proteins and developmental signals [106]. SOX9 is a lung developmental transcription 

factor that regulates the proliferation and differentiation of lung progenitor cells and ECM 

deposition by interacting with multiple developmental signals [35, 168, 206, 207]. We studied 

the loss-of-function of SOX9 in histotype formation from different cells of origin in GEMMS 

and investigated its clinical relevance in histotype-specific human NSCLC samples. This 

second part of the thesis aimed to see how cells of origin and microenvironmental factors 

can shape the function of molecules of interest in NSCLC histotype development, to shed 

light on the development of more precise therapeutics. 

 

4.2.2 The lung developmental transcription factor SOX9 is commonly expressed in 
human NSCLC 

SOX9 expression was evaluated using IHC methods in two sets of human NSCLC samples 

(TMA-1 and TMA-2). As reported before [156], SOX9 was exclusively expressed in 

malignant regions (Figure 12A). In TMA-1, SOX9 expression was observed in 96% SCCs, 

100% ASCs, and 88% PACs, which significantly differed from the expression of SOX2 in 

these tumors (SCC: 85%; ASC: 100%; PAC: 8%) (Figure 12B). In the TCGA Pancancer 

Altas data, SOX9 amplification was neither frequent in AC (10/503) nor SCC (9/466) cohorts, 

but SOX2 amplification was detected in 261 out of 466 SCC samples, compared to 10 out of 

503 in AC samples. This SOX2 amplification in SCC was associated with increased 

transcription levels in TCGA data, where 63% of SCC had high SOX9 mRNA levels. The 

above results were consistent with the known fact that SOX2 is a genetic driver of SCC; it 

also indicates that SOX9 expression was more transcriptionally and translationally regulated 

than been genetically amplified in NSCLC. Notably, the protein and mRNA levels of SOX9 in 

NSCLC samples were well-correlated [186].  



50 
 

Regarding the cellular distribution of SOX9, even though a nuclear location is required for 

SOX9 to regulate gene expression, we frequently observed cytoplasmic/membranous 

expression of SOX9, particularly in human PACs (Figure 12A). Previous studies have linked 

high cytoplasmic SOX9 expression to poor prognosis in oral squamous cell carcinoma, 

invasive ductal carcinoma, and breast cancer [177, 208]. However, to understand its 

transcription regulatory functions in NSCLC expression, this part of the thesis focused on 

studying the nuclear SOX9 expression. 

 

4.2.3 SOX9 is frequently expressed in advanced murine NSCLC histotypes 

The finding of high SOX9 expression in human NSCLC samples was consistent with 

previous studies, and its expression was subsequently examined in KL murine NSCLC 

samples (Figure 12C). Interestingly, while most advanced KL histotypes, including ASC, 

MAC, and PAC, displayed high nuclear SOX9 expression, it was rarely observed in IACs, 

which are small lesions that show low proliferation rates and low activities of oncogenic 

signaling pathways (not shown here, can be found in publication II, Fig. S2A) 

This phenotypic analysis in human and murine NSCLC indeed suggested cancer-promoting 

roles of SOX9 expression in NSCLC, as has been widely recognized.  
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Figure 12. Illustrations of SOX9 in human and murine NSCLC histotypes. SOX9 is not 
detected in normal adult lung tissues but is frequently expressed in human PACs, ASCs, and 
SCCs (A), cited from publication II, Fig. 1A. This contrasts with a more significantly 
expressed SOX2 in SCCs and ASCs than PACs (B), cited from publication II, Fig.S1A. Both 
the nuclear and cytoplasmic locations of SOX9 expression are observed, marked by *. (C) 
SOX9 is highly expressed in advanced KL murine NSCLC histotypes, which includes murine 
ASCs, PACs, whereas it is absent or expressed at a low level in the tumors classified as 
IACs, cited from publication II, Fig. 2A-B. 

 

4.2.4 Correlative studies indicate the histotype-selective significance of SOX9 
expression in human NSCLC  

Most previously published findings linked the expression of SOX9 to NSCLC stages and 

patient survival without refined histological classifications [183, 187]. Therefore, this work 

first evaluated whether SOX9 expression was associated with the stages of PACs, ASCs, 

and SCCs. Therefore, the H-scores of SOX9 expression were compared between samples 
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at different clinical stages within the same histotypes. Only in PACs, higher SOX9 levels 

significantly correlated with advances in the clinical stage, and the low expression of SOX9 

was frequently observed in low-stage PACs. On the contrary, high SOX9 expression was 

already commonly seen in low-stage ASCs and SCCs, suggesting that the association 

between SOX9 expression and NSCLC stage was histotype-selective, specifically in PACs 

(Figure 13A). 

The small sample size limited statistically analyzing the histotype-selective SOX9 functions 

in human NSCLC. Moreover, the application of online datasets was also challenged by the 

inconsistent use of histological terms, which, as mentioned before, have been revised over 

the years. For example, ‘bronchioloalveolar carcinoma’ (BAC) and ‘mixed subtype 

adenocarcinoma’ were discontinued in practice but still included in the TCGA PanCancer 

dataset, making it difficult to validate our results using different resources (Figure 13B). 

Figure 13. Scatter plots illustrating the histotype-selective clinical significance of SOX9 
expression in NSCLC progression. (A) SOX9 expression is positively associated with PAC 
staging but not ASC and SCC, despite broad expression in the latter two histotypes, cited 
from publication II, Fig. 2B. (B) Scatter plot illustrating the correlation between SOX9 
expression and tumor staging in the TCGA NSCLC database. Each dot represents one 
sample. Increased SOX9 expression following staging is only observed in the BAC and PAC 
subgroups (highlighted by the red squares). However, due to the abandoned use of BAC in 
the revised histological classification guidelines and a large proportion of samples classified 
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as NOS AC and mixed AC, such analysis does not fully corroborate our findings on TMA-1, 
and therefore was not included in publication II. This issue is a significant obstacle against 
utilizing big datasets for histotype-guided studies. * P value < 0.05. BAC: bronchioloalveolar 
carcinoma; NOS: not otherwise specified. 

 

Advised by pathologists, the advancement of NSCLC was next determined by systematically 

evaluating tumor histotype, invasiveness, and differentiation status rather than the staging 

alone. In analyzing a large AC cohort (TMA-2), we focused on the correlation between SOX9 

expression and AC invasiveness. Mucinous or non-mucinous subgroups were created based 

on available information in terms of histotypes. SOX9 expression was generally higher in the 

mucinous than non-mucinous samples, regardless of the invasiveness (non-mucinous vs. 

mucinous: p <0.001). A non-significant trend of higher levels of SOX9 expression in AC with 

invasive growth pattern than in AC in situ (p = 0.09) was observed in the non-mucinous, but 

not the mucinous, subgroup (Figure 14A-B). Similarly, regarding the overall survival, SOX9 

expression was a negative prognostic marker for non-mucinous ACs (p = 0.028) but not for 

mucinous samples (p = 0.8) (Figure 14C). Comparatively, we confirmed previous findings 

that SOX9 expression was significantly associated with tumor cell proliferation, evaluated by 

Ki-67 expression, in both non-mucinous and mucinous subgroups (not shown here, can be 

found in publication II; Fig S1C). These results suggested a histotype-selective influence of 

SOX9 expression on NSCLC development, which may be more complex than just through a 

known function of regulating tumor growth. 
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Figure 14. The histotype-selective correlation of SOX9 expression in NSCLC tumor 
invasiveness and patients’ survival. (A) Left: SOX9 expression is non-significantly correlated 
with the invasiveness of non-mucinous AC; such trend is not observed in the mucinous 
cohorts, although it is generally higher expressed in the latter. Cited from publication II, Fig. 
2D. Right: images illustrating SOX9 expression in in situ and invasive AC samples. 
Cytokeratin AE1/AE3 in yellow marked the lung epithelium, and SOX9 expression is in 
purple. Cited from publication II, Fig. S1B. (B) SOX9 expression is a poor prognostic marker 
for patients with non-mucinous AC but not for mucinous AC using the Cox proportional 
hazard model, cited from publication II, Fig. 2D. 

 

4.2.5 Functional studies reveal histotype-selective functions of SOX9 in murine 
NSCLC formation 

After confirming SOX9 expression across murine KL NSCLC histotypes, Sox9-deficient 

KrasG12D;Lkb1fl/fl GEMMs were generated to understand the potential histotype-selective role 

of SOX9 in NSCLC progression. These were triple compound mice, either KLShet (one floxed 

Sox9 allele lost) or KLSnull (two floxed alleles lost), genetically introduced in specific cells of 

origin by infecting mice with Ad5-CC10-Cre or Ad5-SPC-Cre viruses (Figure 15A).  
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Kaplan–Meier survival analysis showed significantly extended survival in Ad5-SPC-Cre 

cohorts following Sox9 loss, surprisingly even in mice with heterozygous Sox9 loss (Figure 

15B). This survival benefit corresponded to a reduced tumor burden of PAC, the 

predominant histotype in KLSwt -SPC mice, following Sox9 loss (Figure 15C). Although PAC 

tumors were not utterly undetectable in KLSnull-SPC mice, those tumors always expressed 

SOX9, resulting from Sox9 recombination escape (at a rate of 30%, comparing average PAC 

per KLSnull-PAC to per KLSwt-PAC mouse), which is known to occur in three-allelic 

compound GEMMs [209]. In comparison, the formation of IACs was not affected by Sox9 

loss, and an increased number of IACs was observed in Sox9-deficient animals, suggesting 

that this histotype was a PAC precursor, and Sox9 loss disrupted papillary progression but 

not the process of tumor onset. 

In Ad5-CC10-Cre cohorts, the growth of papillary tissue structure was also affected by Sox9 

loss, suggested by several pieces of evidence (Figure 15D): first, similarly to Ad5-SPC-Cre 

cohorts, PACs were not detected in the absence of SOX9 expression; second, while ASC 

with papillary AC core is the major histotype in KLSwt-CC10 mice, it was not observed in 

KLSnull -CC10 tumors that lacked SOX9 expression. Instead, pure squamous tissues become 

commonly seen in those mice. Those SCCs, like KL ASCs, expressed the AC marker NKX2-

1 and HMGA2 but lacked SOX2 expression, suggesting they were derived from ASCs and 

were hence named SCC-like. Third, the papillary structure, either as PACs or AC cores of 

ASCs, appeared only in SOX9-positive KLSnull-CC10 mice, with a 9% recombination escape 

rate in this cohort. On the other side, the non-papillary tumors presented in KLSwt mice, 

including the MACs and ASCs with mucinous AC cores, were also frequently seen in Sox9-

deficient mice. Altogether, this confirmed the essential role of SOX9 expression in forming 

papillary structure tissues in KL GEMMs. 

Interestingly, heterozygous loss of Sox9 already affected the survival, spectra of 

histopathologies, and tumor burdens, suggesting a previously undescribed allelic dosage 

effect of Sox9 in NSCLC formation. Sox9 haploinsufficiency has been a causal factor for 

campomelic dysplasia (CD), a severe skeletal dysplasia [210]. Although the actual 

mechanism differs, in some CD cases, a dominant-negative effect of Sox9 mutation was 

detected as a disruption of its dimerization, affecting SOX9-mediated transcriptional 

regulation of target genes [211]. It would be interesting to see whether creating a 

dysfunctional SOX9 dimerization by altering this domain can mimic the effect of 

heterozygous Sox9 loss on NSCLC formation, thus helping to unravel the underlying 

regulatory mechanisms of SOX9’s functions. 

 



56 
 

Figure 15. The heterozygous and homozygous loss of Sox9 affects papillary tissue formation 
in KL murine tumors, cited from publication II, Fig. 3. (A) List of animal cohorts applied in this 
study. (B) Survival curves for indicated animal cohorts. *p < 0.05, **p < 0.01. (C-D) 
Representative images illustrating the whole lungs of individual animals from each cohort, 
and bar plots showing the average tumor burden of each histotype (calculated as the % of 
total tumor area per histotype in the whole lung) found in individual Ad5-SPC-Cre (C) and 



57 
 

Ad5-CC10-Cre (D) animals without or following Sox9 loss. The papillary structure tissues 
(crossed on the plots in C and D) found in KLSnull mice are all SOX9-expressing, resulting 
from escaping the recombination, which further supports an essential role of SOX9 for the 
formation of this tumor growth pattern. *p < 0.05, ***p < 0.005. 

 

4.2.6 SOX9 expression drives the oncogenic progression of cancer-initiating alveolar 
cells  

The impact of Sox9 loss on papillary tissue structure formation, which completely disrupted 

AC progression in Ade-SPC-Cre mice, was intriguing. To understand this, I further 

investigated the spatial expression of SOX9 and AT2 cell marker SPC in murine lung tissues. 

SPC was highly expressed in normal epithelial cells and true IACs but was absent or 

sparsely distributed in PACs (Figure 16A), showing that AC progression involves losing AT2 

identity following SPC+ precursor lesion formation.  

Interestingly, SPC downregulation closely coincided with SOX9 upregulation, and the 

distribution of these two markers was mutually exclusive in all tumors. More specifically, 

SOX9 expression marked the appearance of papillary tissue structure, while SPC 

expression was restricted to the non-papillary (IAC) region, best illustrated in tumors 

showing partial papillary structure (Figure 16A).  

In Ad5-CC10-Cre cohorts, surprisingly, IAC, PACs, and the papillary AC cores of ASCs in 

KLSwt mice also expressed SPC to some extent (high in IAC and low to negative in the rest), 

which was again exclusive to SOX9 expression (Figure 16B). A temporal trans-differentiation 

of CC10+ to SPC+ cells induced by adenovirus [104], or non-specific SPC+ targeting (by 

CC10+ Cre virus), might explain the appearance of tumors from the SPC+ cell of origin. In 

contrast, MAC, ASC with mucinous AC core, and AAC (the histotype rarely detected in Ad5-

CC10-Cre GEMM and therefore excluded from tumor burden quantification) were not 

affected by Sox9 loss and remained SPC-negative throughout tumor development (Figure 

16C). 

The effect of SOX9 expression on murine NSCLC progression can thus be summarized as 

follows: upon KrasG12D expression and Lkb1 loss, SPC+ AT2 cells, or transdifferentiated 

CC10+ club cells that become SPC+, undergo oncogenic transformation to form small IAC 

lesion. At this stage, the expression of SOX9, regulated by as yet unknown factors, drives 

the loss of the SPC+ identity of these cells and promotes the progression of IAC to a more 

advanced histotype, specifically PACs in GEMMs. Other non-papillary tissues in this GEMM 
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appear to initiate in SPC- cells of origin, and their progression was not affected in the 

absence of SOX9 (Figure16D).  

 

 

Figure 16. SOX9 expression is essential for the papillary progression of IAC lesions in KL 
GEMMs, which is marked by the loss of SPC+ identity. (A) Representative images showing 
the spatial expression of SOX9 and SPC in IACs and PACs derived from the Ad5-SPC-Cre 
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cohorts, AT2 marker SPC is uniformly expressed in early IACs, and it decreases following 
SOX9 activation and papillary structure formation. Cited from publication II, Fig. 4B. (B) 
Representative images show that in Ad5-CC10-Cre cohorts, pure IACs are also uniformly 
SPC-positive and SOX9-negative. The emerging papillary structure regions express SOX9 
and loss SPC positivity. SPC and SOX9 expression are always mutually exclusive in the 
same tumor regions. On the other side, MAC and the SCCs of ASCs were always SPC+ 
negative and highly expressed SOX9. Cited from publication II, Fig. 4D. (C) Images of lung 
lobes harvested at early stages post adenovirus infection. SPC is seen in the IAC lesions, 
while SOX9 expression can be found in lesions with papillary or squamous structures. Cited 
from publication II, Fig. S4A. (D) Illustration depicting the histotype-selective role of SOX9 in 
NSCLC progression. SOX9 drives the oncogenic progression of precursor lesion from AT2 
cell of origin, resulting in PAC formation from IAC. SOX loss-of-function does not affect 
tumorigenesis in KL GEMMs. However, it disrupts the papillary progression of SPC+ lesions, 
marked by SPC loss. For this reason, PACs and the papillary AC cores of ASCs are not 
seen in the absence of SOX9 expression. On the contrary, the formation of other advanced 
NSCLC histotypes, such as MACs and ASCs with mucinous AC cores, which arise from a 
SPC- cell of origin, are not under the regulation of SOX9 expression. Cited from publication 
II, Fig. 4E. 

 

A negative impact of SOX9 expression on AT2 identity maintenance in NSCLC is supported 

by studies of lung development, where its downregulation coincided with the onset of 

alveolar differentiation [35, 168]. Recent studies on NSCLC organoids also showed an 

association between re-expression of developmental lung markers, including SOX9, and 

downregulation of AT2 marker SPC following oncogene expression in normal AT2 cells [212]. 

This thesis work further confirms that SOX9 expression is a driver for the progression of 

NSCLC that is specifically initiated in AT2 cells of origin, rather than just a passenger event.  

SOX9 expression was shown to promote the development of PAC, which is the only 

advanced AC subtype that originates from AT2 cells in KL GEMMs. In human NSCLC, the 

papillary growth pattern is associated with co-occurring KEAP1 mutation and NRF2 

overexpression [91], and these mutations are found to be enriched in human KL ACs [83]. 

Therefore, there is a potential association between PAC and KL genotype in human NSCLC, 

and a link between SOX9 expression and human PAC formation may also exist. Even 

though the cells of origin of human NSCLC are not understood, some similarities exist 

between these species. For example, the histological continuity between AC in situ and 

invasive AC in humans [213] resembles the IAC-PAC progression in GEMMs, and AT2 

signatures can be found in human AC cases [214, 215]. Therefore, it is plausible that our 

GEMM study has ramifications for insights into human disease. 
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4.2.7 SOX9 has opposite roles in regulating AC and SCC-like metastasis 

Previous studies have shown that SOX9 promotes tumor cell invasiveness by regulating 

extracellular matrix remodeling [192] and epithelial-mesenchymal transition (EMT) [188]. To 

evaluate the impact of SOX9 loss-of-function on tumor metastasis in KL GEMMs, the 

mediastinal lymph nodes (LNs) from wild-type and Sox9-deficient KL mice, located close to 

the lung lobes, were routinely collected and examined as done before [93]. Intriguingly, this 

investigation revealed the histotype-selective influence of SOX9 expression on NSCLC 

metastasis. 

AC metastases have previously been described in KLSwt-SPC mice [93], and metastases 

were similarly observed in the LNs of 3/8 KLSwt-SPC mice. Homozygous Sox9 loss 

significantly reduced this incidence of AC metastases, increasing the survival of mice (Figure 

17A). Although such metastases were not prevented in KLSnull-SPC mice, all metastatic 

lesions found in this cohort showed positive SOX9 expression and papillary structure, 

resembling those in KLSwt-SPC mice, indicating recombination escape.  

Interestingly, also squamous metastases were observed in the KLSnull-CC10 mice (Figure 

17B), which was in stark contrast to KLSwt-CC10 cohorts analyzed in a previous study [112] 

or our cohort here, which never showed squamous metastases. This was not a 

consequence of a longer lifetime: although survival analysis showed increased survival of 

KLSnull-CC10 mice than controls, those carrying squamous metastases did not display such 

a difference. In the LNs of KLSnull-CC10 mice, the detected squamous structure region was 

absent of SOX9 expression, suggesting that SOX9 expression negatively regulated SCC-like 

metastases.  

SOX9 regulates the expression and deposition of extracellular matrix (ECM), which can 

influence tumor invasiveness. Collagen IV (COLIV) is an essential component of the tumor 

basement membrane that supports tumorigenesis, progression, and metastasis [126]. SOX9 

can directly regulate the expression of multiple COLIV subunits [167, 216]. I therefore 

examined the deposition of COLIV in different murine NSCLC histotypes following Sox9 loss. 

COLIV expression was detectable in both IACs and PACs, but only in the latter did it re-

arrange into a linear structure at the backbone of aligned tumor cells, which was also 

observed in papillary structure tissue at the metastatic sites (Figure 17C). This suggested an 

association between papillary progression, COLIV re-organization, and SOX9 expression.  

Differential COLIV deposition was also distinguishable between SCCs of Sox9wt ASCs and 

Sox9null SCC-like tumors (also in SCCs of Sox9null ASCs with mucinous AC cores, not shown, 
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Figure 17D). While in the former, COLIV formed continuous boundaries around squamous 

tumor cell clusters, in the latter, those fibers were thinner and became parallelly re-oriented 

or focally deposited. Such disrupted COLIV deposition was also observed in the squamous 

metastases lacking SOX9 expression (Figure 17D), suggesting that Sox9 loss promoted the 

metastasis of squamous tissue rather than disrupting its formation. A discontinued COLIV 

structure has similarly been linked to the progression of oral SCC [217].  
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Figure 17. SOX9 expression promotes AC metastasis and hampers SCC metastasis in KL 
GEMMs. (A-B) The summary table and illustrations show the incidence of AC metastasis in 
Ad5-SPC-Cre and Ad5-CC10-Cre cohorts, where the mediastinal lymph nodes located close 
to the lungs are examined. The metastasis is confirmed by marker staining, specifically, 
NKX2-1 for AC and p63 for SCC-like. AC mets are always SOX9-expressing, whereas SCC-
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like mets can be absent of SOX9. Modified from publication II, Fig. 5. (C) Representative 
images showing the deposition of COLIV in relation to SOX9 expression in PAC, IAC, and 
papillary metastasis. COLIV expression is seen in IAC, but its linear structure is only 
observed in the papillary structure. Cited from publication II, Fig. 6 A-B. (D) Images show 
the openness and fragility of COLIV fibers following Sox9 loss and increased invasiveness in 
the squamous structure tissues. Cited from publication II, Figure C-D. 

 

In conclusion, we found that SOX9 expression positively regulated AC metastasis while 

negatively regulating SCC metastasis. Like the observation in embryonic murine lungs [35], 

SOX9 loss-of-function disrupts the deposition of COLIV in murine KL tumors. However, 

because COLIV fibers arrange in a histotype-specific manner in murine NSCLC, either as a 

supportive structure for epithelium alignment in PAC or as a boundary surrounding SCC-like 

tumor clusters, Sox9 loss leads to opposite outcomes for AC and SCC-like metastases 

(Figure 18).  

In human NSCLC, well-preserved COLIV, but not laminin (another major component of 

basement membrane) fibers, is a feature of true PAC [218], and the papillary growth pattern 

is recapitalized in LN metastases in patients with primary PAC [219]. Otherwise, little is 

known about the involvement of COLIV structure in the development and metastasis of 

human PAC. On the other side, the breakage of the tumor basement membrane is a well-

known factor for human SCC metastasis [220]. Characterizing the histotype-selective ECM 

features in human NSCLC will help to clarify the functions of ECM-regulating molecules such 

as SOX9 studied in this thesis work. 

 

 

Figure 18. Illustrations of COLIV re-arrangement during murine NSCLC histotype formation. 
Sox9 loss is associated with disrupted COLIV deposition, which negatively affects PAC 
metastasis but corresponds to increased invasiveness of squamous structure tissues. Cited 
from publication II, Fig. 6E. 
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5. CONCLUSIONS AND FUTURE PERSPECTIVES 

 

5.1 Unraveling NSCLC heterogeneity in a histotype-dependent manner 

The thesis work demonstrates: (i) the diversity of NSCLC histotype-selective spatial 

oncogenic signaling phenotypes beyond genetic modulations; and (ii) the functional diversity 

of the transcription factor SOX9 in different NSCLC histotypes. Altogether, it suggests that 

the heterogeneity in NSCLC tumorigenesis, progression, and therapeutic responses is tightly 

associated with histotype-selective phenotypic features.  

Despite being increasingly recognized as relevant, understanding the precise ways in which 

histotype-selective functions impact NSCLC development and treatment, particularly for the 

diverse set of AC subtypes, remains challenging. Firstly, while publicly available databases 

have become increasingly crucial for establishing the clinical correlations of molecular 

phenotypes, there are limited resources to explore histotype-selective 

transcriptomics/proteomics. This is because: a. the histopathological terminology of NSCLC 

has changed over the years, leading to inconsistent classification across datasets; b. clinical 

NSCLC samples are highly heterogeneous. Different tumor growth patterns co-exist, 

particularly in AC samples, therefore, it requires the more careful building of sample 

collections that are well-annotated for the various histopathology subtypes. Typically, this is 

driven by specific research questions. For example, the TMA of human PACs in publication 

I&II was originally created to translate findings in KL GEMMs, where PAC is the predominant 

advanced AC subtype that develops from SPC+ cells. With now the growth pattern-guided 

AC subclassification being well in practice, and the emergence of more histotype-selective 

findings on NSCLC, precise histological classification should draw increasing attention when 

biobanking collections are conducted.  

Although mouse models permit the study of histotype-selective molecular mechanisms, they 

inevitably have limitations. First, the murine lung does not phenocopy the human lung 

structure. For example, the multipotent basal cells in the human lung extend to distal 

bronchioles, while in the murine lung they are restricted to the central airways. Therefore, the 

histotypes and molecular features of murine and human NSCLC may differ regardless of the 

same genetic drivers and locations. Second, murine NSCLC tumors grow over a relatively 

short time and do not represent the intra-tumor complexity of human NSCLC. For instance, 

unlike human NSCLC, murine KL NSCLC displays little stromal infiltration and therefore is 

not the ideal candidate to investigate molecular features at the tumor-stromal interface, 

understanding which is of great importance to improve therapeutic efficacy [221]. Indeed, in 
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this thesis, stromal MAPK and tumor cell mTOR signaling activation was a unique phenotype 

found in human NSCLC. To overcome those limitations, additional models to GEMMs may 

prove helpful in understanding intra- and subtype-selective heterogeneity. For example, the 

niche [222] or cells of origin [223] effect can be engineered into 3-Dimensional (3D) human-

derived normal or cancer organoid cultures, to understand the molecular mechanisms 

behind the spatial phenotypes found in human or murine tumor tissues. In the lung cancer 

field, isolation of different lung adult progenitors and inducing their oncogenic transformation 

ex vivo, may provide a better understanding of histotype-specific NSCLC development in the 

context of cell of origin properties [47, 212]. 

Looking ahead, two directions may improve histotype-guided delineation of NSCLC 

heterogeneity: first, instead of considering that each histotype represents a single phenotypic 

unit, further stratifying them by other phenotypic features, e.g., COLIV deposition patterns, 

which have been connected to histotype-specific tumor invasiveness in this thesis; or 

oncogenic signaling co-activation signatures, which in this thesis were found to be 

heterogeneously displayed between and within NSCLC histotypes. This multi-feature 

stratification may establish a more precise connection between histotype and disease state 

or therapeutic response. Second, H&E images of NSCLC histopathologies can be analyzed 

using machine learning algorithms for digging up unknown phenotypic information. 

Examples include the prediction of genetic mutations and discovery of immune profiles in 

NSCLC histotypes [80, 135]; and more recently, even transcriptome predictions of breast 

cancer subtypes have been made using machine learning [224]. Leveraging such 

computational methods may go beyond knowledge-based discovery research and generate 

new histotype-selective findings. 

 

5.2 Understanding the etiology of NSCLC histotype development  

The development of NSCLC histotypes undergoes multiple steps. However, understanding 

the order of events during tumor progression is not straightforward. This thesis shows that 

SOX9 is initially sparsely expressed in GEMM IACs and later becomes uniformly expressed 

in PACs, indicating that the early oncogenic events do not unfold simultaneously in the 

transformed cell population. Moreover, although cell lineage exit and linear collagen 

deposition are observed during the IAC-PAC transition, the order and the causal relationship 

between these two events remain inconclusive. Either cell de-differentiation leads to cell 

realignment and subsequent collagen re-modeling, or the formation of collagen fibers 

supports tumor cell growth and promotes cell identity loss. Lastly, of note, it is unclear 
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whether squamous structure formation from the CC10+ cell of origin also involves a distinct 

set of sequential events, as the appearance of squamous structure tissue occurs rapidly 

after virus infection in this KL mouse model. 

Recent technological advances permit the understanding of oncogenic transformation and 

progression in more and more detail: for example, barcoding-based labeling techniques 

allow to generate differential gene expression data that can monitor cell status and identity 

change upon external perturbations or stimuli [225-227]. In addition, single-cell sequencing 

permits scrutinization of those changes in cancer subpopulations [228, 229]. Using Cas9-

based lineage-tracing methods, the order of events and previously unknown drivers of 

human NSCLC metastasis in mouse xenografts, have been identified [230, 231]. Moreover, 

engineered human-derived 3D organoids allow one to investigate tumorigenic signatures in 

‘real-time’. For example, the transcriptomic changes during the early stages of AC 

development, induced by expressing mutant KRAS mutant in normal alveolar epithelial and 

stage I AC human organoids, have been identified [212]. In the future, combining these 

cutting-edge techniques may allow projecting the routes of cancer, and thus help to permit 

treatment of early-stage NSCLC and intervene with NSCLC progression to late stages.  

 

5.3 In situ spatial oncogenic signaling phenotypes as predictors for combinational 
targeted therapies 

The long-term efficacy of targeted therapies is typically compromised by activating 

alternative oncogenic signaling modules that promote tumor growth and survival [232]. 

Personalized combinatorial therapies that aim to overcome resistance caused by pathway 

rewiring have thus been extensively explored over the years, guided by ex vivo or in vivo 

high-content drug screening and signaling network-based computational modeling [233, 234]. 

Spatial tissue phenotyping, either by serial staining as shown in this thesis or multiplexed 

staining, gives a straightforward view of signaling co-activities in different tissue 

compartments. The initial intention of developing Spa-RQ was to provide a standard 

quantification workflow for quantifying MAPK and mTOR co-activation in murine NSCLC 

tissues, which has been linked to the cytotoxicity in ex vivo tumor explants upon the 

combinatorial inhibition of these two pathways [114]. Recently, the Spa-RQ-identified stromal 

MAPK and epithelial mTOR activation in human NSCLC samples has been found to predict 

poor co-inhibition outcomes in vitro. In this collaborative work, I used Spa-RQ to quantify 

MAPK/mTOR co-activation in two surgically removed samples from the same patient; one 

had a high epithelial MAPK/mTOR co-activation while the other showed stromal 
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MAPK/epithelial mTOR activation. Intriguingly, the fresh cells derived from the former 

responded to the co-inhibition but not the latter [235]. Thus, based on this data, it appears 

that in situ oncogenic signaling co-activation, even between just two signaling pathways, 

represents biomarkers of a homeostatic and targetable state of cells. Lastly, to extend this 

topic, it will be interesting to investigate whether this stromal MAPK/epithelial mTOR 

signature also conveys resistance to other therapeutic types, as recently cross-resistance 

between MAPK inhibition and anti-PD-1-based immunotherapy has been identified [236]. 

Compared with other more high-throughput and data-driven methods of studying signaling 

crosstalk, Spa-RQ-based spatial phenotyping analysis remains low-throughput and 

knowledge-driven. However, the scale of spatial tissue phenotyping for signaling networks 

may be expanded following rapid technological progress in this field. For example, time of 

flight signaling analysis allows to map phospho-signaling networks at a single-cell resolution 

on tissue architecture [237]; matured workflows of data processing and integrations 

increasingly widen laboratory applications. Meanwhile, low-throughput methods like Spa-RQ 

can still serve experimental validation for data-driven findings on spatial transcriptomics or 

network modeling.  

 

5.4 Solving the intricacies of the SOX9-mediated transcriptional network  

SOX9 has long been recognized to regulate cancer progression by promoting tumor cell 

proliferation and activating oncogenic signaling [190, 238]. However, this thesis challenges 

the essentiality of such regulatory roles, highlighting the lineage-regulatory role of SOX9 in 

promoting KL PAC progression via regulating AT2 cell differentiation. In KL GEMMs, the 

expression of SOX9 is ‘switched on’ during IAC to PAC progression, whereas it is uniformly 

expressed in all ASC and MAC lesions regardless of their stage. Paradoxically, several 

factors known to upregulate SOX9 expression, such as the absence of SOX2 [239] and 

persisting KRAS signaling [168], are seen in all histotypes from KL mice. Moreover, LKB1 

loss-of-function, which is known to cause loss of methylation of histone H3 on lysine 27 

(H3K27me3) [240], a gene silencing marker, also occurs in all KL histotypes. This suggests 

that lineage-specific transcriptional programs may be involved in temporally controlling 

SOX9 expression in NSCLC formation. It will be interesting to identify the SOX9 interacting 

proteins that cooperatively promote tumor progression from these progenitor cells. FOXA2, a 

transcription factor that maintains alveolar differentiation [241] and negatively regulates lung 

AC metastasis [242], competes with SOX9 for DNA-binding [241, 243] and therefore may 

influence the SOX9-mediated transcriptional program. Indeed, a knowledge-based network 
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construction search, which employed a ‘shortest pathway’ algorithm to integrate the 

information of protein-protein binding, transcriptional regulation and influence on expression, 

has located SOX9, FOXA2, NKX2-1, and CREB-binding proteins in the same regulatory 

circuit that may associate with lung AC progression [186]. Identifying key transcription 

factors that work antagonistically or cooperatively with SOX9 will improve our understanding 

of NSCLC development and possibly reveal potential therapeutic targets. 

 

5.5 The therapeutic perspective of targeting SOX9 in NSCLC 

The exclusive expression of SOX9 in malignant tissue of the lungs, its relevance in NSCLC 

prognosis, and the identified molecular functions to promote tumor cell proliferation and 

invasiveness, make SOX9 a promising candidate NSCLC target for drug treatment [153, 183, 

186, 187]. However, part II of this thesis suggests that achieving this requires a better 

understanding of its histotype-selective functions.  

Hypothetically, targeting a lineage-specific transcription factor may reverse malignancy [244, 

245] or induce normalcy [246]. Therefore, it is interesting to see whether SOX9 inhibition 

benefits the regression of AC developed from AT2 cells of origin, particularly for KL ACs that 

respond poorly towards immunotherapies [76, 247, 248]. A potential step forward to 

confirming the anti-cancer (lineage restoration) effect of inhibiting SOX9 in already-formed 

advanced PAC lesions, as detected in the KL GEMM, could be to sequentially induce 

oncogenic activation and Sox9 loss using a dual recombinase system in mice [249]. 

Encouragingly, small molecule inhibitors that interrupt the nuclear protein-protein binding 

domain of SOX18, a key regulator of angiogenesis and lymphangiogenesis in humans, have 

become available [250]. Similar strategies to inhibit SOX9 might become available soon to 

help clarify its roles in human NSCLC progression. Furthermore, this thesis showed that 

Sox9 heterozygous loss already affected papillary progression from transformed AT2 cells. 

Such SOX9 haploinsufficiency has been linked to the disruption of SOX9 self-dimerization, 

which impairs its DNA-binding ability, as one of the causal factors for the CD disease [251, 

252]. Therefore, targeting SOX9’s self-dimerization domain may also pose a potential 

inhibitory strategy for treating NSCLC. Notably, while there might be a perspective targeting 

SOX9 for inhibiting AC progression, this thesis also showed that Sox9 loss enhanced 

squamous metastasis in KL mice. Although this finding remains to be evaluated in human 

NSCLC, the result that SOX9 is dispensable for squamous progression from CC10+ cells 

suggests that targeting it may not benefit the treatment of human SCC, particularly with a KL 

genotype. 
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In terms of the potential use as a biomarker, this thesis shows that despite the differential 

expression of SOX9 in NSCLC histotypes, there is no unidirectional correlation between 

SOX9 and disease status. On the one hand, increased SOX9 expression may be associated 

with the invasiveness and clinical staging of non-mucinous ACs. On the other hand, 

increased SOX9 expression may correlate with COIV linearization that inhibits SCC 

invasiveness. Therefore, the prognostic value of SOX9 expression requires further validation 

in clinical NSCLC samples of different histotypes. 

Altogether, this thesis highlights the necessity to clarify histotype-specific functions of 

developmental transcription factors in NSCLC before developing the corresponding 

therapeutic strategies. Also, hinted by the lung developing process, where spatiotemporally 

transcriptional regulation is the key, this thesis suggests that co-analysis of multiple aspects 

of phenotypic features, beyond identifying the genetic alterations, can generate more 

understanding of the molecular mechanisms behind heterogeneous NSCLC development 

and therapeutic responses.  
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