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The selection of a suitable cell line for an in vitro test system is fundamental for establishing a 
fit-for-purpose model representing the mechanistic, molecular, and transcriptomic profile of the 
studied disease and tissue. While tools for defining tissue specificity exist, they were neither de-
veloped for comparing the similarities between cell lines and tissues nor for evaluating the suita-
bility of a cell line for toxicological research.  
In this thesis, a computational model was developed to provide a data-driven tool to assess 

the suitability of a cell line for modelling lung tissue and to study pulmonary fibrosis. The tran-
scriptomes of the cell lines retrieved from ENCODE, Human Protein Atlas and EMTAB were com-
pared to the transcriptome of lung tissue retrieved from the GTEx database applying three differ-
ent computational approaches: Similarity of the whole transcriptome based on ranking genes by 
their expression, embedded features extracted from link prediction between nodes in a protein-
protein interaction network, and similarity based on Fuzzy labelling of genes according to their 
expression height. Additionally, the datasets were filtered for cell lines with high similarity to whole 
blood samples from GTEx. This was performed to penalize cell types naturally present in lung 
tissue such as blood and vascular structure related cell types, since their high rank does not 
reflect their similarity to the lung tissue itself, but a general immune profile or vascular structures 
present in multiple tissues. 
A consensus rank was calculated with the Borda method from the three approaches for each 

cell line that was in the top 20 % list in all three approaches. This resulted in a final list of 16 
candidate cell lines from all datasets mainly consisting of fibroblasts and epithelial cell types de-
rived from lung, colon and kidney adenocarcinoma, glioblastoma, embryonal stem cells, and skin. 
Gene Ontology Analysis (GO) was conducted to evaluate the performance of the model as well 
as which molecular functions and processes explain the similarities between the cell lines and 
lung tissue.  
The candidate cell lines and the lung tissue shared expression signatures related to epithelial 

barrier function, filtration of blood or inhaled air, immune signalling and regulation as well as to 
structural components such as the extracellular matrix (ECM) and cell membrane. Among the 
most enriched biological processes, molecular functions and cellular components were main com-
ponents of the ECM network which affect the immune system regulation. Processes related to 
tissue repair or perturbations in the cellular environment were also enriched, further indicating 
that the gene expression of the candidate cell lines resembles functions and signaling processes 
present in the dynamic and complex environment of the lung tissue. 
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Soveltuvan solulinjan valinta on erittäin tärkeää in vitro -solumallien kehittämisessä, jotta tes-

tausmenetelmä edustaisi ja mallintaisi mahdollisimman hyvin taudin ja kudoksen mekaanista, 
molekyylistä ja transkriptomista profiilia. Vaikka erilaisia työkaluja kudosspesifisyyden määrittä-
miseen on olemassa, niitä ei ole kehitetty vertailemaan solulinjojen ja kudosten välisiä yhtäläi-
syyksiä eikä arvioimaan niiden soveltuvuutta toksikologiseen tutkimukseen. 
Tässä opinnäytetyössä kehitettiin laskennallinen malli, joka tarjoaa tietopohjaisen työkalun so-

lulinjan soveltuvuuden arvioimiseksi terveen keuhkonkudoksen mallintamiseen ja keuhkofibroo-
sin tutkimukseen. ENCODE-, Human Protein Atlas- ja EMTAB- tietokannoista noudettujen solu-
linjojen transkriptomeja verrattiin GTEx:n keuhkokudoksen transkriptomiin kolmella laskennalli-
sella menetelmällä; Koko transkriptomin samankaltaisuus perustuen geenien järjestykseen, yh-
teydet proteiini-proteiini-vuorovaikutusverkostossa ja Fuzzy labels-luokittelumenetelmä. Lisäksi 
datasta suodatettiin solulinjoja, joilla oli suuri samankaltaisuus GTEx:n kokoverinäytteiden 
kanssa. Tämä tehtiin sen varmistamiseksi, että kudoksissa luonnollisesti kudoskeräysprosessin 
seurauksena esiintyvät solutyypit kuten lymfosyytit eivät ole yliedustettuna tuloksissa, sillä niiden 
korkea sijoitus ei ole välttämättä osoitus samankaltaisuudesta keuhkokudoksen kanssa, vaan 
yleisestä immuuniprofiilista tai verisuonirakenteista. 
Kaikista tietokannoista valittiin 20 % solulinjoista, jotka saivat korkeimmat arvot kolmessa las-

kennallisessa menetelmässä. Lopullinen arvo laskettiin Borda- menetelmällä solulinjoille, jotka 
esiintyivät kaikissa 20 % listoissa. Tämän tuloksena saatiin 16 solulinjaa, jotka koostuivat pääasi-
assa fibroblasteista, endoteeli- ja epiteelisolutyypeistä, jotka ovat peräisin keuhkojen, paksu-
suolen ja munuaisten adenokarsinoomasta, glioblastoomasta, alkion kantasoluista ja ihosta. Mal-
lin suorituskykyä arvioitiin Gene Ontology Analysis -menetelmällä. Gene Ontology-analyysiä käy-
tettiin myös arvioimaan, mitkä molekyylitoiminnot ja prosessit selittävät yhtäläisyydet solulinjojen 
ja keuhkokudoksen välillä. 
Soveltuvilla solulinjoilla oli toiminnallisia yhtäläisyyksiä keuhkokudoksen kanssa, kuten epitee-

lin barrier-rakenteita, veren tai sisäänhengitetyn ilman suodatusta, immuunisignalointia ja sääte-
lyä sekä rakenteellisia yhtäläisyyksiä ekstrasellulaarisessa matriisissa ja solukalvossa. Eräitä ri-
kastuneimpia termejä olivat ECM-verkoston pääkomponentit, jotka vaikuttavat immuunijärjestel-
män säätelyyn ja säätelevät vasteita kudosvammoihin ja korjauksiin. Myös kudosten korjaami-
seen tai soluympäristön häiriöihin liittyvät prosessit olivat rikastuneita, mikä mahdollisesti osoittaa, 
että soveltuvien solulinjojen geeniekspressio ja toiminnallisuudet muistuttavat keuhkokudoksen 
dynaamisessa ja monimutkaisessa ympäristössä olevia toimintoja ja signalointiprosesseja. 
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1. INTRODUCTION 

The field of toxicogenomics has vastly advanced due to the increased use of in vitro 

models in research. While models have been developed to study disease progression 

and responses to chemical exposures in vitro, the selected cell line may not always be 

the best possible choice for accurately reflecting the in vivo counterpart. However, the 

selection of a suitable cell line for the development of in vitro models is essential for the 

scientific purpose, validity, and integrity of the study outcome. The cell lines should pos-

sess as many of the qualities (expression profile, protein interactions, pathways) of the 

model organ or tissue as possible for efficient and accurate evaluation of chemical safety.  

The selection process should also be a part of the model assessment when establishing 

regulatory guidelines. Previously, cancer-related studies have shown that cell lines have 

variable representativeness of primary tumors (Chen et. al., 2019), and when compared 

by genomic profiling, frequently used cell lines have been found unsuitable as a tumor 

model (Domcke et. al., 2013). While methods to measure tissue-specificity have been 

established, they vary in their ability to detect tissue-specific genes as well as how the 

specificity and gene expression thresholds are selected/defined (Kryuchkova-Mostacci 

et. Al. 2017). So far, a standardized way to define model suitability for cell lines has not 

been established despite its importance in research. 

To ensure that the selected cell line is fit for the purpose, a transcriptomics-based ap-

proach was developed to prioritize and select cell lines that best represent a complex 

tissue by the example of lung tissue, in order to promote meaningful in vitro test systems 

to study (lung) diseases such as pulmonary fibrosis. 
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2. BACKGROUND 

2.1 Idiopathic pulmonary fibrosis 

Interstitial lung diseases (ILD) are a group of irreversible, chronic respiratory illnesses 

which result in the scarring of lung tissue. As the disease progresses, the quality of life 

of the patients is impaired by increased difficulty in breathing, respiratory infections, and 

comorbidities such as lung cancer, pulmonary hypertension, ischemia and sleep apnoea. 

Since the disease progression and tissue damage cannot be reversed, it is crucial to 

uncover the patterns and markers of the disease before any irreversible damage occurs 

and intervene at an earlier stage (Nature Reviews Disease Primers, 2017.).  

One cause of ILD is idiopathic pulmonary fibrosis (IPF), the specific mechanisms of 

which are unknown. Primary risk factors of the disease can be divided to chronic infec-

tions (viral, fungal, microbial), environmental (age, smoking, particle exposure) and ge-

netic factors (Nature Reviews Disease Primers, 2017.). IPF has been considered mainly 

as an inflammatory process, and studies indicate that the epithelial cells in the respiratory 

tract are the main factor driving fibrotic responses through cytokine secretion and stimu-

lation of lung fibroblasts. Recurrent infections lead to a disturbed epithelial barrier func-

tion, changes in the extracellular matrix (ECM) and accumulation of fibroblasts in the 

lung environment. Recent studies suggest that individuals with IPF have an elevated risk 

of death from COVID-19 through shared genetic factors between the diseases and mu-

tual stimulation via inflammatory responses (Islam et. al., 2023). 

Inhalation of nanoparticles is a known occupational hazard causing respiratory tract dam-

age, inflammatory responses, and lung cancer.  In addition to direct toxicity to the respir-

atory organs, manufactured nanomaterials may translocate through the vascular system 

and affect multiple organs. While the responses to nanomaterials are widely established 

for the pulmonary tissue as well as for the cardiovascular system, particle inhalation has 

been also shown to affect the kidneys, gastrointestinal tract, liver, stem cells and skin 

diseases. Passage through the vascular system does not completely explain the multi-

organ responses. Three pathways that link the exposure in the lung to effects on other 

organs have been hypothesized: 1) Lung inflammatory signalling to the circulation, 2) 

alveolar sensory receptor activation providing a neural stimulus leading to changes in 

the autonomic nervous system functions and endocrine release, and 3) direct transloca-

tion through circulation to peripheral organs (Raftis et. al., 2019, Miller, 2014). Structural 

and functional similarities may also contribute to the extrapulmonary effects through 
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feedback loops, shared components in the basement membranes of the organs and the 

circulation of these components or their fragments, acting as triggering factors for inflam-

matory responses. The lung and kidney share similar basement membrane components 

and functions. The basement membrane is a subtype of the ECM and functions as a 

barrier and filtrates or selectively allows the passage of molecules. Defects in the base-

ment membrane are found often in pulmonary and renal diseases and may lead to the 

release of matrikines in circulation, directly affecting the vascular endothelium (Jandl et. 

al., 2022). 

 

2.2 In vitro models of human lung and pulmonary fibrosis 

A physiologically relevant lung model is difficult to establish in vitro due to the physiolog-

ical and structural complexity as well as its heterogenic cell composition (Doryab et. al., 

2023). Current in vitro models rely on 1) 2D models such as mono- or co-cultures, cells 

cultured on transwells in either submerged or air-liquid interface conditions and 2) 3D 

models of organoids, scaffold-based systems and organ-on-chip models (Figure 1). As 

the number of respiratory diseases rise due to environmental pollution and pandemics 

such as COVID-19, there is an acute need for more representative in vitro lung models 

for the development of new therapeutic treatments for pulmonary diseases. While animal 

models exist and are routinely used in research, their effectiveness is reduced by the 

differences between human and animal organ functions and thus limiting their capability 

for translating the in vivo (animal) studies to clinical use. Additionally, our aim is to reduce 

the costly and unethical animal models and develop alternatives according to the 3R 

(replace, reduce, refine) principles. In vitro models do not possess the same limitations 

and can be used for high-throughput pharmacological screening of novel drugs as well 

as evaluating the repurposing of existing drugs for treatment (Moreira et. al., 2022), alt-

hough they have their own limitations such as reduced physiological relevance (2D mod-

els), complex protocols with spheroid models and lack of cellular crosstalk between dif-

ferent cell types (Moreira et. al., 2022). However, their advantages such as lower cost, 

automatization, accessibility of cell lines, ECM biomaterials and Organ-On-Chip devices 

promote the development of new in vitro and moving towards animal-free models. 
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Figure 1. Commonly used in vitro models of human lung. 2D- models are generally 
less complex and easier to establish since the cells are often cultured as monolayers or 
co-cultures. Cells cultured on transwell inserts are commonly used for chemical expo-
sures with aerosols, establishing epithelial barriers for physiological relevance or migra-
tion assays. 3D in vitro models include more complex models such as organoids aiming 
to mimic whole organs (liver, heart), cells incorporated to biocompatible scaffolds and 
3D-printed to create a specific cellular assembly, and lung-on-chip models utilize micro-
fabrication to mimic both mechanical and biological functions of the lung by including 
vascularization or gas exchange in the in vitro system. Created with BioRender.com. 
 

2.2.1 Lung microenvironment and cell composition 
The lung is a highly specialized organ with a heterogenic cell population. To replicate the 

lung in an in vitro model, the responses facilitated by the cellular crosstalk between cell 

types (immune, mesenchymal, epithelial, endothelial, nerve cells), interactions with the 

extracellular matrix (ECM), immune signalling through cytokines as well as the respira-

tory and barrier functions should be adequately represented in the in vitro model. The 

required complexity of the model has caused a shift from 2D monocultures towards gen-

eration of new 3D models such as spheroids and organoids as well as utilizing microflu-

idic systems to replicate the mechanical stress from respiration (Moreira et. al., 2022). 

To define the cellular diversity and landscape of the human lung, databases of single-

cell atlases (Travaglini et. al., 2020) have been established to generate a reference da-

taset of the respiratory system for interpretation and analysing new research data from 
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the lung (Sikkema et. al., 2023). These reference datasets have provided insight on un-

derstanding the differences between healthy and a diseased state as well as uncovered 

new cell types not previously identified to be a part of the lung cell population. Another 

valuable aspect of the single-cell atlases is the possibility to deconvolute bulk RNA-se-

quencing data to determine the cell type proportions, cell states and whether their 

changes are specifically related to the diseases and their progression in severity (Sik-

kema et. al., 2023). Single-cell RNA sequencing studies have revealed 58 cell popula-

tions in the human lung consisting of 15 epithelial, 9 endothelial, 9 stromal and 25 im-

mune populations (Travaglini et. al., 2020). The pulmonary airway (Figure 2) is covered 

by the alveolar epithelium, vasculature, and fibroblasts. These cell types have multiple 

functions in the air-exposed surface of the lung, including surfactant production, self-

renewal, gas exchange, immune response and clearing the alveoli from bacteria and 

pathogens (Moreira et.al., 2022). 

 

 

Figure 2, adapted from Moreira et. al., 2022. Pulmonary cell type composition with 
focus on A) airway and B) alveolar structures. A) The airway contains basal cells, 
which are progenitor cells capable of self-renewal and may differentiate into ciliated cells 
during repair and homeostasis. Ciliated cells participate in the removal of particles from 
the airway. Goblet cells contribute to the fluid balance in the lung airway. B) The alveolar 
compartment includes differentiated AT1 cells and AT2 cells, with the latter being capa-
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ble of self-renewal, production of surfactants and differentiation into AT1 cells. The fibro-
blasts may contribute to tissue repair in lung injuries. (Moreira et. al., 2022). Created with 
BioRender.com. 

2.2.2 Advanced in vitro lung models 
Current approaches in the lung model development focus on simulating the mechanical 

stress caused by inhalation, exhalation, and blood circulation in engineered models such 

as Air-Liquid Interface (ALI) and Organ-on-Chip (OoC) systems. However, these models 

often require compromises between the physiological and biological properties of the 

lung tissue (Doryab et. al., 2023).  

The alveolar epithelium consists of two types, alveolar epithelial type I (ATI) and II (ATII) 

cells. Along the ATI and ATII cells, the alveolar region contains macrophages and endo-

thelial cells in contact with the air and blood circulation. This region functions as a barrier 

and filters the inhaled gases and particles and passes them on to the blood circulation. 

In the ALI system, the barrier function is generated by the polarization of the epithelial 

cells along the basal and apical sides and by cellular secretion of a protective surfactant. 

Previously, the epithelial cells have been cultured in a submerged state, but the devel-

opment of microfluidic systems have enabled the development of lung-on-chip models 

cultured in a nonsubmerged state and including the mechanical stress. The possibility to 

have the epithelium cell layer in contact with air has also enabled to study the toxicity of 

inhaled chemicals and drug delivery through aerosols (Doryab et. al., 2023). 

From a regulatory point of view, these advanced models still lack reproducibility and 

standardization. Several of the ALI or OoC systems have been developed with cell lines 

that are unable to replicate the physiology and complexity of the lung. Additionally, the 

models have been developed only with endothelial and epithelial cells, thus lacking the 

cellular crosstalk with immune cells that is critical for the homeostasis and responses to 

environmental stimuli or disease progression. While primary cells would be more ideal 

to establish a lung model, the maintenance and culture of primary cells for extended 

periods of time has been proven to be more difficult than the cancerous or immortalized 

lung cell lines (Doryab et. al., 2023).  
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3. AIM OF THE STUDY 

This work aims to establish a computational framework for the prioritization of cell lines 

for the development of an in vitro lung model (Figure 3). To this end, transcriptomic 

profiles of multiple cell lines are systematically compared to the transcriptomic 

signature of lung tissue. This will be achieved by utilizing three computational methods 

to evaluate the similarities between the cell lines and healthy lung tissue ultimately 

providing a selection of cell lines for in vitro model development. 

 

 
Figure 3. Schematic of the computational workflow for cell line prioritization. 
Transcriptomic profiles of lung tissue and cell lines will be systematically compared and 
ranked based on three computational approaches. The similarities of the candidate cell 
lines will be compared to the lung tissue to evaluate the performance of the model and 
ultimately, provide a selection of cell lines for developing an in vitro lung model. Cre-
ated with BioRender.com. 
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4. MATERIALS AND METHODS 

Cell line and tissue transcriptomic datasets for the analysis were retrieved from public 

databases. The tissue data was retrieved from The Genotype-Tissue Expression 

(GTEx) project, which consists of gene expression data across tissues from almost a 

thousand individuals (Lonsdale et. Al., 2015). Cell line transcriptomic data consisting of 

both normal cell lines and cancer cell lines were retrieved from the ENCODE, Human 

Protein Atlas and Expression Atlas (The ENCODE Project Consortium, 2012. Uhlen et. 

al., 2015. Moreno et. al., 2021) (Figure 4). The lung tissue and whole blood 

transcriptomic data from GTEx were treated as the reference sets in the analysis (Fig-

ure 5). 

 

 
Figure 4. Cell type distribution of datasets used in the analysis before the filter-
ing processes. Cell type annotation was unified in cases where the cell type annota-
tion was determined as duplicated, such as B cell, B lymphocyte and T cell, T lympho-
cyte. The different cell types are shown as bars in the graph. The color of the bar indi-
cates the contribution of each dataset to the number of cell lines assigned for a specific 
cell type. 
 

The public data used in this project was generated by RNA-sequencing. Previous 

studies have suggested that most tissue-specific genes may have low expression 

levels, and it has been reported that RNA-sequencing is more suitable for detecting 
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lowly expressed genes than microarray (Kryuchkova-Mostacci et. Al. 2017). For that 

reason, RNA-sequencing data was determined to be more suitable for this project. 

 

 
Figure 5. Computational pipeline of cell line prioritization. TPM-normalized data 
from healthy lung tissue and cell lines are filtered and unified, followed by comparison 
of the transcriptomes with three computational approaches. Another filtering process 
will be performed to remove cell lines that have high correlation with whole blood sam-
ples. The candidate cell lines will be ranked with the Borda method and evaluated for 
pathways and functions that are characteristic for the lung tissue and shared with the 
candidate cell lines. Ultimately, cell lines would be selected for the development of an 
in vitro lung model. Created with BioRender.com. 
 

4.1 Data processing 

  
The RNA-sequencing datasets used in the analysis were previously filtered and TPM 

(Transcripts-Per-Million)-normalized. For the tissue data, median expression values 

were calculated  from all available lung (n=515) and whole blood samples (n=670), 

respectively. The TPM normalized data was filtered for non-expressed genes across 

the cell lines and tissues. For each dataset, a gene unification was performed where 

genes that were not detected in both datasets were discarded.  
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4.2 Rank correlation 

 
The Kendall correlation method was used to compare the expression patterns of 

tissues and cell lines across the whole transcriptome. Rank-based methods are used 

when the similarity between two variables, e.g. two ranked gene lists is evaluated by 

the strength and direction of association. The Kendall Tau is suitable for pairwise and 

non-parametric comparisons and does not require a normal distribution of the data. 

Thus,it is suitable for data where it cannot be assumed that the data has a linear 

relationship. However, the Kendall correlation is stricter and more conservative than 

other correlation methods and applies a penalty on discordant ranks, therefore 

flattening the correlation values. The expression values of cell lines and tissues were 

ranked with the R base function dense_rank to obtain a ranked gene list for each cell 

line and tissue. Next, Kendall correlation was used to calculate the similarities of the 

expression patterns between each cell line and tissue pair. 

 

4.3 Fuzzy labels 

Expression data of the cell lines and tissues were previously classified using a fuzzy 

logic model and each gene was assigned a fuzzy label according to its expression 

height. The advantage of this method is that the different datasets can be made compara-

ble by fuzzification, since the expression values are not directly compared and therefore, 

batch effects are not affecting the performance of the method. Classifications for the 

expression probabilities for each gene in the cell lines and tissues were previously 

assigned with Fuzzy Labels. The fuzzy logic is based on the fuzzy set theory, where the 

fuzzy set is a class of objects in a continuum instead of a classification of 0 or 1, or 

True/False. In real-world cases, classes of objects do not have a precise criterion of 

membership, as imprecisely defined classes reflect human thinking, information, and 

patterns better than strict categorization (Zadeh, 1965).  

 

To gather the Fuzzy labels, the probability of the expression value of each gene was 

calculated based on the distribution of all gene expression values in  a cell line or tissue. 

A label was assigned to the gene in the cell line or tissue based on the probabilities. 

Each gene is assigned either the label Low, Mid, or High or a combination label such as 

Low-Mid. The genes were considered as misclassified if they (1) were labeled as Low-
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Mid-High i.e., the three labels had the same or similar probability, (2) had a 

combination label of non-adjacent labels (Low-High) or (3) if they had NAs. Genes 

containing these misclassifications were filtered from the data. 

 

The Jaccard index was calculated for the labels as well as the overlaps between labels 

separately for each combination of cell line and tissue. Labels were compared either as a 

direct match (Low in both cell line and tissue) or an overlapping of neighboring label 

(Low in cell line, Mid in tissue). A Jaccard consensus was calculated from the label 

similarities. The Jaccard indexes were weighted to correct for the low similarity values 

of directly matching labels (0.3 for the Jaccard index based on matching labels, 0.7 for 

the Jaccard index based on neighboring labels). 

4.4 Embedded features from link prediction 

 
In network analysis, predicted connections between the nodes and edges can be used to 

discover novel interactions between genes or functional labels of proteins in a protein-

protein interaction network. Prediction tasks require the construction of a feature vector, 

which represents the nodes and edges in the network. The feature vector is based on ei-

ther expert knowledge or learning the feature representations by solving optimization 

problems. Feature learning requires an objective for the optimization task, which can be 

challenging to define and requires a balance between the efficiency and predictive accu-

racy of the algorithm. Traditional approaches have not been successful in optimizing the 

objective and have been proven to be too expensive and poorly performing in real-world 

networks. New approaches aim to design the objective to include the local neighbor-

hoods of nodes, which improves the efficiency of the prediction. The nodes can either 

be organized based on node communities, or structures of the nodes in the network. 

Networks constructed from real-world data are commonly a combination of the two 

node representations, therefore the algorithm needs flexibility for learning both repre-

sentations and to be able to generalize across a variety of prediction tasks. A semi-su-

pervised algorithm for feature learning in networks, node2vec, utilizes an approach 

where the maximized likelihoods of preserving node neighborhoods in the feature space 

is set as an objective. The algorithm embeds nodes from the same community or nodes 

sharing similar roles, creating a feature matrix representing the node embeddings in the 

network (Grover et al., 2016).  
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The embedding matrix from a PPI network previously generated with the node2vec 

algorithm was used to prioritize cell lines for lung tissue based on the similarity of their 

associated genes in the embedding. For all the genes in a cell line-lung tissue pair, a 

prototype was constructed for each fuzzy label classification (“low”, ”mid”, “high”). 

The prototype label, e.g. "High prototype" is derived from the embedding matrix 

containing probabilities for node connections (=edges) in a Protein-Protein-Interaction 

(PPI) network. From the embedding matrix, average values were calculated for those 

genes that share the same fuzzy label for a particular cell line. This resulted in a single 

vector representing the label prototype of a cell line or tissue. The label prototypes from 

each cell line were compared to the lung tissue label prototype with Pearson correlation, 

and an average was taken from all label correlations (low, mid, high) to retrieve a con-

sensus similarity. 

 

While the rank correlation and fuzzy label methods directly compare the transcriptomes 

of each cell line-lung tissue pair based on expression height, the embedded features 

from the link prediction method perform the comparison based on the interactome as 

constructed by a PPI network, i.e., the genes, and their neighborhood as well as 

molecular interactions. This method aims to simulate the complexity and connectedness 

of tissues in multiple layers as well as provide an approach for evaluating functional 

similarities that could possibly remain undiscovered with other methods. 

 

4.5 Filtering 

4.5.1 Filtering based on similarity with whole blood 
 
All three similarity methods were performed for the whole blood samples from GTEx in 

the same way as for the lung tissue and cell line comparisons. A top 10 % list of cell 

lines most similar to the whole blood based on the rank correlation, fuzzy label and link 

prediction results from each dataset were retrieved and removed from the previously 

processed data (Figure 6). This resulted in removing most of the cell types strongly 

associated with whole blood such as B cells, T cells, lymphocytes, and monocytes. 
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Figure 6. Top 10 % of cell types filtered by similarity with whole blood samples 
from GTEx. Cell lines that had a strong correlation with whole blood were removed 
from the datasets to correct for cell types originating from the tissue harvesting process 
such as blood and connective tissue. 

4.5.2 Filtering by cell type 
 
To remove cell lines originating from cell types such as trophoblasts, which either had a 

high rank in the computational methods due to their ubiquitous gene profile or 

represented a rare cell type, an additional filtering was performed. These cell lines 

appeared only in 1 or 2 of the datasets, while most cell lines were present in 3 or all four 

of the datasets. The presence of cell types was counted over the four datasets and the 

cell type was kept in the analysis if it appeared in at least 2 datasets (Figure 7).  

Removed cell types comprised of keratinocytes, trophoblasts, myoblasts, stem cells, 

ectodermal, neuroectodermal, hepatocytes, Purkinje cells and mesendodermal cells. 
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Figure 7. Number of cell types remaining after cell type filtering. Colors indicate 
the dataset where the cell types originate from as well as the fraction indicating the 
amount of cell lines in the dataset. Each cell type was counted over the datasets and 
kept in the analysis if the cell type was present in at least 2 datasets. The cell type was 
removed from the analysis if it was found in only 1 dataset. 

4.6 Consensus rank 

 
The Borda count method was used to calculate a consensus rank after retrieving cell 

lines that were shared across the top 20 % lists in all methods (rank correlation, fuzzy 

labels, and link prediction). Borda is a pairwise ranking method used in voting systems, 

where points are assigned based on positions given by the voters for each candidate, and 

the ranking will be determined by the total of assigned points. (Saari, 1995). The three 

ranked cell line lists from the three methods were given as input to the Borda() function 

from the TopKLists package version 1.0.8 (Schimek et. al, 2015), and the cell lines 

were ordered based on the median of their placement across the three methods. By 

utilizing this method, the highest-ranking cell lines will be those that were placed higher 

in correlation with lung tissue across all three methods.  
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4.7 Gene Ontology Analysis 

 
After obtaining the candidate cell lines and their consensus rank, a gene set 

overrepresentation analysis (ORA) was performed to evaluate the model fit for 

prioritization of cell lines based on their similarity to the lung tissue. The gene ontology 

analysis (GO) is used to define the enrichment of functionally related genes in each 

gene set. Gene Ontologies are widely used and curated sets of classes and concepts to 

describe the functions of the genes and their relationship in three categories: Molecular 

Function (MF), Biological Process (BP) and Cellular Component (CC). These 

categories focus on concepts related to the activities of the gene products in the gene set, 

pathways and processes consisting of a group of gene products and the active site in the 

cell where these products are located. ORA is used to determine whether a candidate 

gene list is enriched in a gene set as compared to the background genes (Ashburner, 

2000. The Gene Ontology Consortium, 2023).  

 

To obtain the gene list of interest for ORA, genes that shared the same fuzzy label in the 

cell line-tissue pair were selected. The GO analysis was performed with the 

ClusterProfiler R package (version 4.6.2) and enriched GO terms were retrieved for all 

three GO categories. Gene names were converted with the bitr function from SYMBOL 

to ENTREZID and the compareCluster function was used with the enrichGO function 

for each ontology (BP, CC, MF). The p-values were adjusted with the Benjamin-

Hochberg method with the p-value cutoff set to 0.05. Redundant GO terms were merged 

with the simplify function. 
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5. RESULTS 

5.1 Data processing 

For each comparison of a cell line and the lung tissue or whole blood, genes that were 

not expressed i.e., undetected by RNA-Seq, in both datasets were filtered/removed.  

This resulted  in the removal of approximately 10 000 genes for each cell line-tissue 

combination. After the unification, the number of genes left in the datasets was 

approximately 42 000 genes. In the Jaccard similarity analysis, genes with misclassified 

fuzzy labels (Low-Mid-High, Low-High or NA) were filtered. For each cell line-tissue 

combination, the list of genes and their label was filtered for rows containing either a 

misclassification label or NA, leaving only rows where the classification was 

successfully assigned for both the cell line and the tissue. 

 

5.2 Method aggregation 

The transcriptomes of cell lines and lung tissue were compared based on the similarity 

of the whole transcriptome. Genes from each dataset were ranked according to their 

expression value with the dense_rank function from the dplyr R package (version 1.1.3). 

A pairwise comparison with the Kendall correlation method was performed for each cell 

line and lung tissue combination. As the comparison contained the whole transcriptome 

i.e., all genes, the penalty applied by the Kendall correlation affects the results by 

condensing the underlying differences between the correlation coefficients through its 

conservative methodology. This causes the coefficient values of the cell lines being 

much closer to one another with very few or none of them having significantly higher 

correlations with lung tissue. The results contained very specialized cell lines not com-

monly linked with the lung tissue, and cell lines either originating from the lung tissue 

or being closely related by the cell type, namely epithelial, endothelial and fibroblast 

cell types. The most likely cause for this is that even if a cell line should rank high 

based on their concordance with the lung tissue, the amount and magnitude of the dis-

cordance lowers their correlation coefficient. Highly ranked cell lines consisted of cell 

lines originating from the lung (A549, lung fibroblasts), but also mammary cells, 

trophoblasts, hepatocytes, and cardiomyocytes indicating that this method alone may 
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not be robust enough for prioritizing a suitable lung model.  Other methods such as the 

Spearman and Pearson correlation coefficients were also tested, but their performance 

was not superior to the Kendall correlation.  

 

The low specificity of the Kendall correlation is explained by how the method itself 

functions. As the number of ranked genes is high (over 40 000 genes), the differences 

are leveled across the ranked gene list. In a list of such length, genes that are located 

closer in the rank will have significantly less weight in the coefficient than genes with 

very high discordance. The magnitude of differences in the ranked genes applies a high 

penalty to the correlation coefficient, leading to loss of high correlation (correlation 

coefficient over 0.8) and leveling the correlation values. This would explain the 

appearance of both lung fibroblasts that can be trusted to have a high correlation coeffi-

cient as well as nonspecific cell lines such as trophoblasts and mammary cells. The 

highest correlation coefficients ranged between 0.6 and 0.7 with none of the cell lines 

obtaining a correlation over 0.8. 

 

Next, the Jaccard similarity index of fuzzy labels was calculated for each pair of cell 

line and lung tissue. This method was divided into two approaches, comparison of 

directly matching labels as well as combination of neighboring labels (low and low-mid 

etc.). The Jaccard index was calculated for each label separately and the mean of all 

values served as similarity measure  of the cell line with lung tissue. As the original 

label probabilities contained a high number of misclassifications, there is a possibility of  

suboptimal labeling of genes depending on the thresholds chosen for the label 

assignment. This was seen in the Jaccard index values of the direct label comparison 

where the distribution of the label similarities was skewed as opposed to the 

neighboring label similarity. This may introduce a bias in the results when the values 

are averaged. Therefore, a weighted consensus Jaccard index was calculated, and more 

weight was given to the neighboring label similarity as this will allow tolerance for 

label probability threshold errors. This results in model averaging, where the model is 

corrected for bias originating from possible imprecision in some parts of the method. 

 

Finally, the label prototypes of each cell line-lung tissue pair were compared. For each 

cell line-lung tissue pair, genes with the same label were collected from the fuzzy labels 

and retrieved from the embedding matrix containing features, i.e., node embeddings of 
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the PPI network. Prototype vectors containing 200 features were constructed for each 

label in the cell lines and lung tissue, for example “Low prototype” of healthy lung tis-

sue. Pearson correlation was used to calculate the similarity based on the embedding 

matrix from the PPI network. The label prototype approach yielded more immune and 

bone marrow cell lines as compared to the Jaccard similarity approach. Additionally, 

low and mid label correlations seemed to affect the overall correlation of the cell line-

lung tissue pairs significantly more than the high label correlation. This could indicate 

that the genes associated with tissue specificity originate from low and mid expression 

levels. This has been observed in previous research (Kryuchkova-Mostacci et. al., 

2017.) where genes with low expression values were the ones separating tissues from 

one another. While the results were more robust than the rank correlation method and 

aligned with results obtained from the fuzzy labels, the presence of immune and bone 

marrow cells may indicate that another filtering process is needed. 
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Figure 8. The number of shared cell lines between the top 20% lists of the three 
computational methods (fuzzy labels, link prediction, rank correlation) in A) EN-
CODE, B) Human Protein Atlas, C) E-MTAB-3983 and D) E-MTAB-2706 datasets. 
Cell lines appearing in all three top 20% lists were selected as the candidate cell lines 
for prioritization. 

5.3 Consensus rank 

The consensus rank was calculated with the Borda method from the list of cell lines pre-

sent in all 3 methods with highest correlation values (n=16 cell lines). Cell lines were 

assigned ranks based on their similarity value in each method. This resulted in three 

rank-ordered lists as an input for the Borda function (Table 1). The list of candidate cell 

lines mainly consisted of primary cells with only a few cell lines. Cell lines from the 

lung were derived from lung adenocarcinoma (Hop-62) or bronchoalveolar carcinoma 

(NCI-H1781) samples, however no cell lines frequently used as in vitro lung models 

were (A549, IMR-90) among the candidate cell lines. The reason for this may be that 
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both A549 and IMR-90 are immortalized cell lines and possibly bear less resemblance 

to primary cells. When comparing the label correlations of these cell lines with lung tis-

sue, their Mid label correlation was either very low or 0, leading to lower overall label 

similarity. This alteration of expression profiles could lead to modification of functions, 

gene products or pathways that would be characteristic for lung cells. Another reason 

for the lung cell lines for not appearing in the list of candidate cell lines is that the lung 

tissue sample is a bulk expression of several different cell types, which would result in 

differences in expression profiles when compared to a cell line of a single cell type. 

 

 
 
Table 1. List of candidate cell lines prioritized and ranked in order with the Borda 
method. Endothelial cells derived from the skin and umbilical vein of an embryo were 
ranked highest with the Borda method, followed by fibroblasts also from the skin of an 
embryo.  
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5.4 Gene Ontology and STRING analysis 

An overrepresentation analysis (ORA) was performed for three candidate cell lines se-

lected from the Borda consensus rank to search for pathways and functions 

characteristic for lung tissue. Additionally, STRING analysis was performed for the 

functions that would possibly form modules characteristic for the interactome of lung 

tissue. HPA000054 (TIME microvascular endothelial cell), ENCFF010QUB (fibroblast 

of skin of abdomen) and ERR413584 (HOP-62, epithelial lung carcinoma) were se-

lected for the analysis, as they represent endothelial and epithelial cells as well as 

fibroblasts, some of the most abundant cell types present in the lung tissue. The genes 

that were selected for ORA shared the same fuzzy label with lung tissue. This set of 

genes was chosen as it represents a selected domain of similarity, i.e., a module of genes 

with a significant likelihood of a shared expression level. The GO analysis was 

performed with the ClusterProfiler R package for Biological process (BP), Cellular 

component (CC), and Molecular function (MF) ontologies. 

 
Multiple functional similarities with the lung tissue were found from the three cell lines 

chosen for ORA. Enriched terms comprised functions related to barrier formation such 

as cell-substrate adhesion and cell-cell junction or surfactants (phospholipid binding). 

Other enriched terms such as regulation of response to cytokine stimulus, response to 

transforming growth factor beta (TGF-β) and regulation of cell migration represented 

the function of the lung in responding to tissue injury. TGF- β is known to play a central 

role in pulmonary fibrosis by initiating the differentiation of fibroblasts into cell types 

that produce an excess of extracellular matrix which eventually leads to an impaired 

lung function. Additionally, multiple enriched GO terms were related to ECM structure 

or organization, and gene products required for the formation of ECM.  

 

5.4.1 Biological Process 
 

The enriched biological processes from the overrepresentation analysis suggest that the 

main factors influencing the similarities between the cell lines and lung tissue are 1) 

composition and structure of the extracellular matrix, 2) cell migration potentially con-

nected to regulatory processes following tissue injury and 3) signaling pathways regu-

lating immune responses (Figure 9). Additionally, processes driving ECM remodeling 
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and epithelial-to-mesenchymal transition may be shared between the cell lines and lung 

tissue. Response to TGF- β and various biological activities, such as collagen metabo-

lism, ECM organization and cell migration were enriched by the genes sharing the same 

label with lung tissue. TGF-β is known to promote the differentiation of fibroblasts into 

myofibroblast, facilitate collagen production and inhibit metalloproteinases (MMPs) 

(Figure 10), processes which drive the progression of fibrosis. These processes indicate 

that the three cell lines share larger coordinated activities describing the response of the 

lung when the tissue environment is altered.  

 

 

 
Figure 9. Enriched Biological Process terms from GO analysis as enriched by the 
genes sharing the same label with lung tissue. The ECM structure and organization 
are highly similar between the cell lines and lung tissue. Other similarities include the 
response to transforming growth factor beta, multiple terms related to cell or tissue mi-
gration, and the differentiation of various cell types. 
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5.4.2 Molecular function 
 
The molecular functions from the ORA between cell lines and lung tissue consisted of 

immune responses through growth factor and cytokine binding and binding of ECM 

components, as well as binding of protein-containing complexes for the three cell lines. 

Additionally, other terms enriched by the genes sharing the same label consist of the 

binding of receptors and regulatory molecules, such as SMAD, cadherin, and Notch 

(Figure 10).  

 

 
Figure 10. Enriched Molecular Function terms from GO analysis as enriched by 
the genes sharing the same label with lung tissue. The cell lines were enriched by 
terms relating to the binding of regulatory molecules, receptor activity and binding of 
ECM components. 
 
The SMAD binding enriched by the genes of the cell lines sharing the same label with 

lung tissue comprised genes such as SMAD7, SMURF2, TGFBR1. These genes showed 
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comparable expression levels (Mid-High or High) between the candidate cell lines and 

the lung tissue according to the fuzzy label classification. SMAD7 is an antagonist of 

the TGF-β type 1 receptor superfamily and is known to affect tumor progression in 

cancer by negatively regulating TGF-beta signaling (Tong et. al., 2019). SMAD7 also 

acts as a recruiter for SMURF2 to bind to the TGFBR1 complex. In lung fibrosis, the 

TGF-β signaling pathway is initiated by the activation of TGF-β1 through high levels of 

IL-1B, and the activated form binds to the transmembrane and TGFBRII, which will re-

cruit TGFBRI to form a receptor complex. The activated TGFBRI binds to SMAD2/3 

on the cytoplasmic side and phosphorylates them, thus initiating their transport to the 

cell nucleus. The SMADs form a complex with SMAD4, and the resulting complex will 

drive the upregulation of profibrotic genes. SMAD7 functions as an inhibitor for the 

TGF-β signaling pathway by blocking the recruitment, binding, and phosphorylation of 

SMAD2 and SMAD3 (Sehgal et. al., 2022). The SMAD binding molecular function as 

enriched by the genes of the skin fibroblast cell line formed a PPI network in the 

STRING analysis (Figure 11). 

 
Figure 11. PPI network of the SMAD binding pathway as enriched by genes of the 
skin fibroblast cell line sharing the same label with lung tissue. SMAD7, TGBFR1 
and SMURF2 were connected in the network as well as profibrotic genes COL1A2 and 
COL3A1. Extracted from the STRING database. 
 
Overall, the enrichment of receptor activity and binding of regulatory molecules suggest 

that the cell lines share the dynamic nature of the lung tissue environment. Moreover, 

the possible union between TGF- β1 receptor and SMAD binding may indicate that the 

cell lines also share key mechanisms related to organ fibrosis with respect to IPF, as 
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well as contain some of the profibrotic genes activated by the TGF- β1 (COL1A2, 

COL3A1). These profibrotic genes contribute to the excess accumulation of ECM. Fur-

thermore, the results suggest that another shared mechanism is epithelial-to-mesenchy-

mal transition (EMT). In lung fibrosis, epithelial cells lose E-cadherin during the heal-

ing process and accumulation of fibroblasts (Sehgal et.al., 2022). Multiple of the en-

riched MF terms were related to the binding of ECM components along with terms re-

flecting structural changes and cell adhesion. These molecular activities may indicate a 

broader activity or pattern describing the functional elements regulating the homeostasis 

of the cellular environment and responses to injury that are shared between the cell lines 

and lung tissue. 

 

5.4.3 Cellular component  
 
Enriched cellular component terms consisted of several locations and structures affect-

ing cell migration, cellular junctions as well as the cell membrane and endoplasmic 

reticulum (Figure 12). Additionally, another group of enriched structures consisted of 

vesicles, caveola, early endosomes and granules. CC terms describing the cell motility 

and cytoskeletal organization suggest that structures initiating the cell motility on the 

leading edge of the cell are shared between the cell lines and lung tissue. Moreover, the 

structures responsible for forming cell junctions are shared.  

 

As multiple terms in the MF and BP ontologies were connected to the ECM and its re-

modeling or structural changes, the CC terms reflect the processes and signaling events 

occurring inside the cell and initiated on the cell membrane. The ECM is a dynamic 

environment where changes initiated by degradation of ECM proteins, altered elasticity 

and stiffness lead to modifications in the structure and organization of the cells’ 

cytoskeleton (Burgstaller et. al., 2017.).  

 

The enrichment of vesicles, endosomes, granules and caveolae indicate the cell lines 

and lung tissue share cellular structures responsible for the trafficking of molecules in-

side the cell membrane. Caveolae are cup-shaped pits which bud from the plasma 

membrane and return to it after fusing with early endosomes, or form multivesicular 

bodies. Dysfunctions of caveolae influence the signaling pathways and lipid regulation, 
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and the disruption of integrin-mediated adhesion to the ECM decreases the density of 

the caveolae (Parton et. al., 2013). Caveolar density is also tissue specific and may 

correlate with specialized functions such as mechanotransduction, lipid regulation and 

ECM modulation (Parton et. Al., 2013). Based on the genes that share the same label 

between the cell lines and lung tissue, the abundance of terms related to cellular traf-

ficking and signaling suggests that the density, structure, and function of endosomal 

vesicles are highly similar between the candidate cell lines and lung tissue. 

 

 
Figure 12. Enriched Cellular Components from the Gene Ontology overrepresen-
tation analysis. Shared terms indicate that cellular trafficking, junctions and structures 
related to cell migration are shared between the cell lines and lung tissue. Components 
of the extracellular matrix and cell membrane are also enriched. 
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5.4.4 Fibroblast cell line 
 
Functions enriched by genes of the skin fibroblast cell line sharing the same label with 

lung tissue consisted of binding molecules associated with cell motility and ECM struc-

ture as well as molecular activity related to cell adhesion and receptors (Supplementary 

figure 1). This suggests that the byproducts of the genes may respond to changes in the 

cellular environment and remodel the ECM structure by collagen accumulation and pro-

tein degradation by metallopeptidases, and initiate cell motility and adhesion on the site 

of injury. The connected functions suggest that the skin fibroblast cell line may model 

how the healthy lung tissue would respond to the events affecting homeostasis.  

 

The main processes (supplementary figures 1-3) enriched in the GO analysis can be di-

vided to three categories: 1) Organization of the ECM and cell migration in the cellular 

environment, 2) responses to growth factor stimulus and TGF-beta, and 3) processes re-

lated to cell fate such as differentiation, proliferation, and apoptosis. It is suggested that 

fibroblasts are plastic and may reenter the cell cycle, differentiate into myofibroblasts, 

and revert to quiescent fibroblasts or undergo apoptosis. Signaling via TGF-b superfam-

ily promotes myofibroblast activation and can also induce proliferation of fibroblasts 

and EMT in the lung (Plikus et al., 2021). Additionally, in the GO analysis, response to 

TGF-b co-occurs with the receptor serine-threonine kinase signaling pathway and 

SMAD binding enriched by the genes of the skin fibroblast cell line sharing the same 

label with lung tissue. Receptor serine-threonine kinases are a family of enzymes re-

sponding to specific cytokines and directly bind TGF-beta (IUPHAR/BPS Guide to 

PHARMACOLOGY, 2019). These receptors are located on the cell membrane and 

modulate multiple cellular processes, including differentiation, proliferation and apopto-

sis. Previous studies suggest that SMAD proteins are phosphorylated by intracellular ki-

nases, including serine-threonine kinase. These signaling pathways are integrated with 

TGF-beta to obtain a highly regulated TGF-beta response (Seong et. al., 2018). The fi-

broblast cell line is derived from the skin of an embryo, but not from the lung. There-

fore, the shared gene characteristic for lung may provide additional insight when evalu-

ating the suitability of the fibroblast cell line for developing an in vitro lung model. 

 

Additionally, the fibroblast cell line was enriched for functions related to sulfur activity: 

protein disulfide isomerase activity,  intramolecular oxidoreductase activity transposing 
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S-S bonds and sulfur binding (supplementary figure 2). A central gene in these molecu-

lar functions, thioredoxin domain containing 5 (TXND5), has been shown to be upregu-

lated in patients with idiopathic pulmonary fibrosis and bleomycin-induced pulmonary 

fibrosis in a mouse model (Lee et. al., 2020). These functions and genes in combination 

with the TGF-beta response, SMAD binding and receptor serine-threonine kinase sug-

gest that the fibroblast cell line could be used to model the crucial functions and pro-

cesses of the healthy lung that are triggered during the development of pulmonary fibro-

sis. 

 

5.4.5 Telomerase-immortalized microvascular endothelial cell 
line 

 

In the telomerase-immortalized microvascular endothelial cell line (TIME), multiple of 

the GO terms were related to epithelial-to mesenchymal transition (EMT) signalling. 

EMT can be initiated by multiple factors such as TGF-beta, Notch or several transcrip-

tion factors (Snail, Slug, Twist, Zeb1, and Zeb2) (Tong et. al., 2019). The shared fuzzy 

labels with the lung contained multiple EMT initiating factors mainly in the GO terms 

epithelial cell migration, small GTPase mediated signal transduction and Notch binding, 

such as the Zinc finger protein SNAI1 and Syndecan binding protein SDCBP. The prev-

alence of EMT initiating factors and cell migration in the GO analysis of the TIME cell 

line suggest that endothelial cells in the lung contribute to initiation or mediation of sig-

nalling events that define the cell fate and survival. Additionally, as multiple transcrip-

tion factors possibly enabling chromatin reorganization such as SNAI1 were shared be-

tween the TIME cell line and lung tissue, it is possible that the endothelial cell type can 

alter the traits of the cells through epigenetic modifications. 

 

Other regulatory functions shared between the TIME cell line and lung tissue were ve-

sicular trafficking and Rho GTPase regulation. In addition to contributing to processes 

such as cell migration, adhesion and cytoskeletal changes, Rho GTPases have a role in 

vesicle transport. Rho GTPases are activated by receptors on the cell surface, leading to 

changes in cell behaviour and responses (Hodge et. al., 2016). This indicates that endo-

thelial cells act as signalling mediators in the lung tissue through the vesicular traffick-

ing. Depending on the direction of transport, e.g, if molecules affecting cell fate are 
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transported away through vascular circulation or if the molecules are carried further to 

other cells, endothelial cells can either initiate or suspend signalling events leading to 

inflammation, EMT or epigenetic modification.  

 

5.4.6 Lung carcinoma cell line 
 
The epithelial lung carcinoma cell line did not contain the same processes or functions 

that appeared in the fibroblast and endothelial cell lines, such as EMT, responses to 

TGB-beta, and vesicular trafficking. However, healthy epithelial cells in the lung seem 

to affect and regulate their cell environment and play a decisive role in coordinating the 

specific responses during cell damage. Mainly, the results indicate that epithelial cells 

respond to changes in the environment and act as master regulators through multiple 

key factors controlling the fate and biological processes of other cell types. As the cell 

line is derived from lung cancer, care should also be taken when interpreting the signifi-

cance and origin of the regulatory functions of the epithelial cell line. It is likely that 

some molecular activities are associated with carcinoma, rather than a healthy epithelial 

cell driving changes in the cell environment. 

 
The main functions differentiating the epithelial lung carcinoma cell line from the fibro-

blast and endothelial cell lines consist of 1) regulation of lung vasculature, 2) respond-

ing to changes in the cell environment, notably hypoxic conditions, DNA damage and 

cellular stress, and 3) maintaining homeostasis, cell junctions and epithelial barrier in-

tegrity. Additionally, regulation of endothelial cell function and angiogenesis may be 

driven by the epithelial cells in lung. Multiple transcription factors and proteins affect-

ing vascular development in hypoxic conditions and leukocyte transendothelial migra-

tion were contained in the genes sharing the same fuzzy label in lung tissue and con-

nected in the PPI network from STRING analysis (Figure 13).  
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Figure 13. PPI network of the epithelial cell development as enriched by genes of 
the epithelial lung carcinoma cell line sharing the same label with lung tissue. 
Transcription factors contributing to vascular development in the lung through hypoxic 
conditions or kinase phosphorylation are central in the network as well as proteins in-
volved in leukocyte transendothelial migration. Regulation of endothelial cell function 
and angiogenesis is indicated as a crucial role of the epithelial cells in lung. 
 

The epithelial cells of the lung maintain the integrity of the barrier and cell-cell or cell-

substrate junctions. The GO term cell-substrate junction, as enriched by genes sharing 

the same label between the epithelial cell line and lung tissue, indicate that barrier integ-

rity is maintained by promoting cell adhesion in the microenvironment, anchoring trans-

membrane proteins, and actin filament branching which crosslink membrane proteins. 

These components provide a scaffold for multiple signaling proteins, creating a cellular 

structure assembled by the epithelial cells and influencing the adhesion, migration or re-

organization of the cells in the lung environment. 
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6. DISCUSSION 

Selecting the most suitable cell line for an in vitro model is a crucial part of establishing 

a relevant and fit-for-purpose disease model and ensuring the validity as well as robust-

ness of the test system. To date, data-driven methods have not been fully utilized as a 

supporting tool to aid researchers in decision-making when establishing new test sys-

tems. Since the decisions related to choosing the test system for an in vitro model 

should be based on prior data and expert knowledge, new methods are needed to com-

bine prior knowledge and use existing data to curate a set of cell lines that would best 

represent the target tissue or disease. Data-driven tools could be used in the future for 

regulatory purposes, where justifications and reasoning for the selected test systems 

would be supported by prior knowledge and computational methods.  

 

The candidate cell lines are prioritized based on aggregation of three computational 

methods and include the interactome to introduce a layer of complexity reflecting the 

often heterogenous and interactive nature of tissues and organs. The similarities in the 

interactome of the PPI network may be used to derive sets of pathways or functions that 

are important for the homeostasis of the selected tissue as well as cellular communica-

tion between different cell types and organs that are relevant for the disease model, 

since the protein-protein interactions direct the information flow in signalling pathways 

(Reinhardt et. al., 2013). While the cell line prioritization model has been developed to 

compare similarities in all expression levels rather than selecting only highly expressed 

genes, the gene sets for similarity comparisons may be selected according to the re-

search question. 

 

The prioritized cell lines reflected the immune system of the lung environment, and 

multiple functional properties were shared between the lung tissue and cell lines. The 

microvascular cell lines were deemed especially high in the consensus rank, highlight-

ing the importance of the vascular network for tissue function and homeostasis. Fibro-

blasts, endothelial and epithelial cells are highly represented in the lung cellular compo-

sition (Travaglini et al., 2020) and share regulatory functions and ECM components 

needed to respond to stimulus and tissue damage. While certain cell lines originating 
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from glioblastoma, colon and kidney were found in the list of candidate cell lines, they 

share functions with the lung tissue, such as the epithelial barrier and filtration of parti-

cles or blood. The presence of cell types not relevant for the lung tissue can be ex-

plained by their ubiquitous expression profile (WA01 stem cell, vulvar carcinoma) that 

will likely result in high correlation with multiple tissues. However, it is also possible 

that some of the cell lines or their order in the consensus rank may be affected by the 

lower performance of the Kendall correlation in the rank-based method. While the mi-

crovascular cell lines were at the top of the ranked list, their correlation may be influ-

enced by the embedding from the link prediction method, where cell lines of immune, 

bone marrow or vascular origin were overrepresented or appeared higher in the list 

compared to the other methods in the analysis. However, vascular endothelial cells are 

also known for their immunomodulatory functions, which may explain why they were 

ranked higher in the method representing the interactome. Additionally, the lung con-

sists of highly vascularized tissue and possesses defensive functions for immune re-

sponse. Therefore, the results underline that vascular endothelial cells have a crucial 

role in the lung immunomodulation, gas exchange and responses to inhaled pathogens 

and particle exposure (Amersfoort et. al., 2022). Additionally, cells in the lung have a 

low turnover rate compared to other tissues (Kadota et. al., 2022), which further empha-

sizes the significance of functions responsible for maintaining homeostasis of immune 

responses in an environment that is constantly exposed to pathogens and particles.  

 

Primary cells were highly represented in the prioritized cell lines, while commercially 

established cell lines represented a minority in the consensus rank. This is likely caused 

by the heterogenous nature of the lung tissue samples, since the tissue sample will con-

sist of several cell types in the lung environment regardless of the sampling technique. 

Cell lines that are immortalized and established in a stable culture are of clonal origin, 

thus they are less heterogenous and might therefore fail to represent tissues. Therefore, 

single-cell data could be incorporated into the prioritization tool if the purpose would be 

to target and choose a set of specific cell types for a tissue and disease model.  

 

The extracellular matrix is a fundamental part of the physiological composition and ho-

meostasis of the lung. Alterations and injuries occurring in the ECM may have a signifi-

cant impact on cell fate, tissue remodelling and onset of chronic lung diseases such as 

IPF (Burgstaller et. al., 2016). The results were enriched for terms relating to multiple 
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of the most important ECM components of the lung, such as collagen, actin, fibronectin 

and microfibrils. However, some of the enriched components and functions were more 

generic such as integrin-mediated functions, or necessary for all cells such as attach-

ment to the ECM or motility. The presence of more specific terms such as the cytoskel-

eton and activity related to cell elasticity may reflect more precise functions connected 

to lung function and fibrotic diseases. Studies have indicated that alteration of mechani-

cal properties such as stiffness of the ECM generates feedback connections between the 

cell-ECM adhesions and the cytoskeleton. These mechanical factors are sensed by the 

cells which respond to the new equilibrium of tensile strength of the ECM and contrac-

tion force by changing their shape and molecular activity, thus leading to long-term 

changes in gene expression and cellular identity (Burgstaller et. al., 2016). In fibrotic 

tissue, fibrotic foci contain activated fibroblasts and myofibroblasts, which affect the 

contraction force and ECM molecule production in response to fibrotic stimuli. In addi-

tion to fibroblasts, the list of candidate cell lines contained a cell line of myoblast origin. 

The myofibroblasts in the fibrotic foci of the lung are though to originate from progeni-

tor cells originating from the bone-marrow (Hashimoto et. al., 2004), pericytes (Hung 

et. al., 2013), epithelial cells undergoing EMT (Willis et. al., 2005) or circulating fibro-

blasts (Burgstaller et. al., 2016. Quan et. al., 2004). Interestingly, this was shown in the 

results when the list of genes used in the ORA analysis was also used as an input for 

EnrichR. The Tabula Sapiens was enriched for bone marrow cells as well as pericytes 

originating from the lung (supplementary figure 10). Previous studies have revealed the 

role of pulmonary pericytes in regulating lung morphogenesis during postnatal develop-

ment as well as indicated their possible effect on developing lung diseases (Kato et. al., 

2018). 

 
In addition to fibroblast-mediated responses to mechanical stimulus and ECM remodel-

ling, endocytic trafficking via caveolae and endosomal vesicles was indicated as an ad-

ditional signalling mechanism for ECM remodelling. While the fibroblasts may regulate 

the downstream events in the surrounding environment of the cell, the caveolae and ves-

icles are responsible for transmitting signals and carrying extracellular cargo to the inte-

rior of the cell and back to the membrane. The caveolae can also flatten when sensing 

mechanical stimulus and mediate mechanotransduction, inducing responses to remodel-

ling of the ECM and altering the stiffness (Parton et. al., 2013). The extracellular vesi-

cles are used by epithelial cells in the lung airway to communicate with each other 
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(Gupta et. al., 2019), and the vesicles may also be internalized by other cell types in the 

lung such as fibroblasts and endothelial cells. The cargo carried by the extracellular ves-

icles as well as their effect on signalling events, such as tissue repair or remodelling, is 

cell type specific (Kadota et. al., 2022). As the lung possesses high capacity for repair 

and regeneration after infection and injury, the results suggest that the main functions 

and properties shared between the lung tissue and candidate cell lines are related to the 

dynamic interactions, crosstalk and feedback signalling between the cell types residing 

in the lung as well as with the surrounding lung environment. 

 

The co-occurrence of multiple enriched terms comprising responses to stimulus and cell 

communication taking place either in the ECM, or intracellularly via endocytic traffick-

ing, may indicate an ensemble of fine-tuned mechanisms maintaining the equilibrium of 

the pulmonary environment under constant exposure and stress. As multiple of the sig-

nificantly enriched terms were related to TGF- beta and responses to cytokine stimulus, 

it is indicated that these are the main factors contributing to the cell fate due to tissue 

damage or exposure either directly or through alternate signalling pathways. The intra-

cellular signalling events centralized in the microvascular cell line suggest that the vas-

cular structure highly contributes to the regulatory processes of the cellular neighbour-

hood as well as acting as mediators in molecular interactions. This is supported by the 

enrichment of small GTPase signal transduction and serine/threonine kinase signalling 

pathway in the TIME cell line. The serine/threonine kinases contain binding domains, 

which operate as molecular integrators by creating signalling nodes around dynamic 

phosphorylation events (Reinhardt et. al., 2013). This signalling type appears especially 

in cell cycle processes, checkpoint activation and recovery and DNA damage response 

(Reinhardt et. al., 2013). Small GTPases are enzymes that hold a similar role as molecu-

lar “on-off” switches regulating cellular processes such as cell survival, cell cycle pro-

gression, proliferation, apoptosis, differentiation, adhesion, and migration. They also 

regulate the vesicle trafficking and cytoskeletal dynamics in subcellular events (Guowei 

et. al., 2023). 

 

The biological themes of the similarities between the prioritized cell lines and lung tis-

sue supports the relevance of the results as well as the validity of the model developed 

in the thesis. The pathways and functions explaining the similarities of highly ranked 
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cell lines were characteristic for tissues with dynamic environments and complex regu-

latory systems, such as the lung tissue. While there may very well be sources of error 

originating from the computational methods such as the penalty applied by Kendall cor-

relation, higher prioritization of immune cells in the embedding from the link prediction 

and the robustness of the fuzzy label thresholds, the weaknesses of each method are mit-

igated by the method aggregation or averaging, as well as consensus ranking. The re-

sults of this thesis indicate that the developed methodology can be used as a tool to aid 

researchers in decision-making and provide a set of candidate cell lines for further eval-

uation when selecting the most representative test system for in vitro models. 
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7. CONCLUSIONS 

In this thesis, a computational framework was established to aid researchers in decision-

making when selecting the cell line most suitable for in vitro model development. The 

aim was to develop a method to prioritize cell lines for a lung fibrosis model. Three 

computational methods were used to evaluate the similarity of the cell lines and lung 

tissue based on the gene expression ranking, classification of gene expression with 

fuzzy labels, and interactome similarity based on an embedded PPI network from link 

prediction. A consensus rank was calculated from the results obtained from the three 

methods and a GO analysis was performed for a set of prioritized cell lines. 

 

A filtering step based on similarity with whole blood is necessary to remove cell lines of 

immune or bone marrow origin, as their similarity is not an indication of tissue similar-

ity, but rather of the tissue sampling process where connective tissue as well as blood 

cannot be  completely removed from the sample. A future addition to the analysis could 

include an additional filtering step based on similarity with the bone marrow, however 

the intention is not to remove every cell line of immune origin, as these cell types are 

crucial for ensuring the functionality and homeostasis of tissues. Additionally, further 

computational methods or single-cell datasets could be included in the methodology to 

mitigate the imprecision of the current methods or adjusting the framework for a more 

specific prioritization.  

 

The overrepresentation analysis revealed the shared biological functions and pathways 

characteristic for complex and dynamic tissues between the cell lines and lung tissue. 

Among the factors contributing most to the similarities between cell lines and lung tis-

sue were the structure and composition of the ECM and cell membrane, endocytic traf-

ficking and intracellular signalling, epithelial barrier function, responses and pathways 

related to mechanical stress, cytokine and TGF-beta signalling, and maintenance of the 

pulmonary homeostasis. Processes related to tissue repair or perturbations in the cellular 

environment and the immune system regulation were also enriched in the candidate cell 

lines. These show that the cell lines prioritized with the computational framework ex-
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pressed some of the most important processes and events regulating the pulmonary en-

vironment and responses to external stimuli. For cell lines that shared genes involved in 

fibrosis, the results indicate that they may be a good model for lung fibrosis.  

 

Future perspectives for the work performed in this thesis include developing the tool 

further to compare the similarity of the cell lines with all tissues in the GTEx, but not 

only the lung tissue. The additional filtering for bone marrow similarity may also be in-

cluded in the framework, as well as including Adverse Outcome Pathway (AOP) genes 

for disease relevance. The AOP is a framework where a molecular initiating event 

(MIE) activates key events (KE). AOPs can be used to connect mechanistic information 

to apical endpoints such as lung fibrosis, providing a means to assess chemical toxicity 

for regulatory purposes (Jeong et. al.). Finally, the framework developed in this thesis is 

intended for use as a decision-making tool to aid researchers in establishing fit-for-pur-

pose in vitro test systems. The use of data-driven tools would promote the standardiza-

tion and reproducibility of the developed test systems in order to gain regulatory ac-

ceptance for the methods as well as more meaningful and representative disease models, 

such as for pulmonary fibrosis. 
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Supplementary figure 1. Enriched biological processes in the fibroblast cell 
line. ECM organization, cell migration and several regulatory processes are 
shared between the fibroblast cell line and lung tissue. 

 

 

Supplementary figure 2. Enriched molecular functions in the fibroblast cell 
line. Binding of receptors that mediate cell adhesion, components of connective 
tissue and membrane proteins are enriched between the fibroblast cell line and 
lung tissue. 
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Supplementary figure 3. Enriched cellular compartments in the fibroblast cell 
line. Cell junctions and components of the cell membrane associated with cell 
motility are enriched between the fibroblast cell line and lung tissue.   

 

 

Supplementary figure 4. Enriched biological processes in the telomerase-im-
mortalized microvascular endothelial (TIME) cell line. Similarities between 
the TIME cell line and lung tissue include wound healing, tissue and epithelial 
cell migration as well as regulation of substrate adhesion. 
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Supplementary figure 5. Enriched molecular functions in the telomerase-im-
mortalized microvascular endothelial (TIME) cell line. Multiple terms are 
similar to those appearing in the fibroblast cell line (binding of cell adhesion re-
ceptors, components of connective tissue and membrane proteins). Several 
terms (GTPase regulator activity, Notch binding) suggest the TIME cell line par-
ticipates in regulation of signalling pathways such as cell growth, proliferation, 
death and homeostasis. 
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Supplementary figure 6. Enriched cellular compartments in the telomerase-
immortalized microvascular endothelial (TIME) cell line. Enriched terms in-
clude cell junctions and components related to cell motility. Multiple terms re-
lated to membrane-bound vesicles were enriched between the TIME cell line 
and lung tissue. 

 

 

Supplementary figure 7. Enriched biological processes in the lung carcinoma 
cell line. The enriched terms between the lung carcinoma cell line and lung tis-
sue consisted of cell adhesion and cell-substrate adhesion, cell migration, regu-
lation of responses to growth factor stimulus and cytokine signalling. 
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Supplementary figure 8. Enriched molecular functions in the lung carcinoma 
cell line. Similarities between the lung carcinoma cell line and lung tissue in-
clude binding of multiple cell adhesion regulators, membrane proteins as well as 
cytokine binding. 
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Supplementary figure 9. Enriched cellular compartments in the lung carci-
noma cell line. Cell-cell and cell-substrate junctions, cell motility, components 
of the cytoskeleton and the endoplasmic reticulum are enriched between the 
lung carcinoma cell line and lung tissue. 

 

 

Supplementary figure 10. Tabula Sapiens data from EnrichR for the fibroblast 
cell line. The Tabula Sapiens consists of single-cell expression data from tis-
sues. Pericytes, neutrophils and capillary cells from the lung are enriched by the 
genes of the skin fibroblast cell line sharing the same label with lung tissue that 
were used to query EnrichR. 


