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ABSTRACT 

In the last two decades, tremendous progress has been made in producing large 

amounts of biological and biomedical data in a time- and cost-effective manner. 

Along with the increasing amount of data has come the requirement for methods to 

analyze and interpret it effectively. This lead to a multitude of computational methods 

being developed, often rather sophisticated and highly specific to the datatype and 

-source. However, in order to utilize the wealth of data to its full potential in systems 

medicine, it is essential to bring the different data sources together and use 

approaches, that can easily be applied and adapted to different use cases.  

Therefore, using the example of Cystic Fibrosis, this thesis focuses on applying 

generic systems medicine methods to integrate different kinds of data and thereby 

create a holistic overview of the disease and gain new insights. Cystic Fibrosis is one 

of the most common genetic diseases prevalent among the white European 

population. Its vast range of geno- and phenotypes makes the development of 

therapeutics especially challenging. During the last years, different small-molecule 

therapeutics have been developed that amplify CFTR function, but they are not 

effective for all patients. The latest research efforts, therefore, focus on developing 

combination therapies to target multiple defects at once.  

To provide an overview of already tested compounds, I contributed to establishing the 

publicly available database CandActCFTR, where substances are listed and 

categorized according to their interaction with CFTR. It becomes apparent that for the 

majority of compounds it is unknown whether they affect CFTR directly or indirectly. 

To elucidate the mechanism of action for promising candidate substances and be able 

to predict possible synergistic effects of substance combinations, I created a systems 

medicine disease map of the CFTR biogenesis, function and interactions. In order to 

support the manual curation and upkeep of disease maps, a tool was developed to 

integrate text mining approaches into the disease map curation. The tool allows the 

user to iterate through the text mined interactions to validate the results, thereby 

bringing together the speed of text mining and the accuracy of scientific expert 

knowledge. 

To bring together the chemical knowledge from the database and the biological 

pathways from the disease map, an interlinking tool was developed, to interactively 



and computationally map compounds to their respective targets based on publically 

available interaction data. 

This data, however, still leaves the mechanism of action for the majority of the active 

compounds unexplained. Therefore, in order to suggest possible modes of action for 

all active compounds in the database, I used two complementary in silico target 

identification approaches, namely target-based molecular docking and ligand-based 

similarity searches. I thereby identified possible targets for all active compounds, 

which will help to understand which compound classes affect CFTR at which stage of 

its life cycle and which compounds can be combined to alleviate different defects in 

its biogenesis. 

All parts of the project can be seen individually as stand-alone resources and be 

combined to yield new findings. Since the approaches are generic and easily 

adaptable, they can also be applied to other disease besides Cystic Fibrosis in a 

similar manner, to give a holistic, systems medicine approach to answer research 

questions relevant to them. 

 



 

ZUSAMMENFASSUNG 

In den letzten zwei Jahrzehnten wurden enorme Fortschritte bei der zeit- und 

kosteneffizienten Erzeugung großer Mengen biologischer und biomedizinischer Daten 

erzielt. Mit der zunehmenden Datenmenge steigt auch der Bedarf an Methoden zu 

deren effektiver Analyse und Interpretation. Dies hat zur Entwicklung einer Vielzahl 

von Berechnungsmethoden geführt, die oft anspruchsvoll und sehr spezifisch für den 

jeweiligen Datentyp und die Datenquelle sind. Um jedoch die Fülle der Daten in der 

Systemmedizin voll ausschöpfen zu können, müssen die verschiedenen Datenquellen 

zusammengeführt und Ansätze verwendet werden, die sich leicht anwenden und an 

verschiedene Anwendungsfälle anpassen lassen.  

Daher konzentriert sich diese Arbeit am Beispiel der Mukoviszidose auf die 

Anwendung generischer Methoden der Systemmedizin, um verschiedene Arten von 

Daten zu integrieren und dadurch einen ganzheitlichen Überblick über die Krankheit 

zu schaffen, und neue Erkenntnisse zu gewinnen. Mukoviszidose ist eine der 

häufigsten genetischen Krankheiten in der Bevölkerung nordeuropäischer 

Abstammung. Ihre große Bandbreite an Geno- und Phänotypen macht die 

Entwicklung von Therapeutika zu einer besonderen Herausforderung. In den letzten 

Jahren wurden verschiedene kleinmolekulare Therapeutika entwickelt, die die CFTR-

Funktion verstärken, aber nicht bei allen Patienten wirksam sind. Die jüngsten 

Forschungsbemühungen konzentrieren sich daher auf die Entwicklung von 

Kombinationstherapien, die auf mehrere Defekte gleichzeitig abzielen.  

Um einen Überblick über die bereits getesteten Wirkstoffe zu geben, habe ich an der 

Erstellung der öffentlich zugänglichen Datenbank CandActCFTR mitgewirkt, in der 

die Substanzen nach ihrer Interaktion mit CFTR aufgelistet und kategorisiert sind. Es 

zeigt sich, dass bei dem Großteil der Substanzen nicht bekannt ist, ob sie CFTR direkt 

oder indirekt beeinflussen. Um den Wirkmechanismus vielversprechender 

Wirkstoffkandidaten aufzuklären und mögliche synergistische Effekte von 

Substanzkombinationen vorhersagen zu können, habe ich ein systemmedizinisches 

Modell der CFTR-Biogenese, -Funktion und -Interaktionen erstellt. Um die manuelle 

Erstellung und Pflege solcher Modelle zu unterstützen, wurde ein Tool entwickelt, das 

Text-Mining-Ansätze in den Erstellungprozess integriert. Das Tool ermöglicht es dem 



Benutzer, durch die im Text Mining identifizierten Interaktionen zu iterieren, um die 

Ergebnisse zu validieren, wodurch die Geschwindigkeit des Text Mining mit der 

Genauigkeit von wissenschaftlichem Expertenwissen kombiniert wird. 

Um das chemische Wissen aus der Datenbank und die biologischen Zusammenhänge 

aus dem Modell zusammenzubringen, wurde ein Tool entwickelt, das die Substanzen 

auf Basis öffentlich zugänglicher Interaktionsdaten interaktiv ihren jeweiligen 

biologischen Zielen zuordnet. 

Für einen Großteil der Wirkstoffe lassen sich durch diese Daten jedoch keine 

Rückschlüsse auf den Wirkmechanismus ziehen. Um potentielle Wirkmechanismen 

für alle Wirkstoffe in der Datenbank vorzuschlagen, habe ich daher zwei 

komplementäre in silico Ansätze zur Identifizierung von Targets verwendet: Struktur-

basiertes molekulares Docking und Liganden-basierte Ähnlichkeitssuche. Auf diese 

Weise konnten mögliche Targets für alle Wirkstoffe identifiziert weden, was dazu 

beitragen wird, zu verstehen, welche Verbindungsklassen CFTR in welchem Stadium 

seines Lebenszyklus beeinflussen und welche Verbindungen kombiniert werden 

können, um verschiedene Defekte in seiner Biogenese zu lindern. 

Alle Teile des Projekts können einzeln als eigenständige Ressourcen betrachtet 

werden, oder kombiniert werden, um neue Erkenntnisse zu gewinnen. Da die Ansätze 

generisch und leicht adaptierbar sind, können sie auch auf andere Krankheiten 

ähnlicher Weise angewandt werden, um einen ganzheitlichen, systemmedizinischen 

Ansatz zur Beantwortung der für sie relevanten Forschungsfragen zu bieten. 
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Chapter 1 Introduction 
 

1.1 Cystic Fibrosis 

“Woe to the child who tastes salty from a kiss on the brow, for he is 

cursed and soon will die.” 

mid-17th century Northern European folklore  

This medieval proverb from Northern European folklore is considered to be the first 

description of Cystic Fibrosis (CF), which today affects approximately one in 3000 

new-borns amongst people of white European ancestry, making it the most prevalent 

monogenic autosomal recessive disorder in this population (Bobadilla et al., 2002; 

Farrell, 2008; Bell et al., 2020). The proverb refers to the elevated salt concentration 

in the sweat of people with CF, which is one of its major hallmarks and is still used 

for diagnostic purposes until today (Di Sant’Agnese et al., 1953; Quinton, 1999; 

Elborn, 2016). CF is caused by mutation of the cftr-gene, which encodes the Cystic 

Fibrosis Transmembrane Conductance Regulator (CFTR) protein, a chloride- and 

bicarbonate ion channel expressed in the apical membrane of epithelial cells in 

exocrine glands throughout the body. This makes CF a multi-organ disease, affecting, 

apart from the sweat glands, the pancreas, liver, intestines and reproductive system 

(Riordan et al., 1989; O’Sullivan and Freedman, 2009; Elborn, 2016). The most well-

known hallmarks of CF, however, are its effects on the lungs and upper respiratory 

system. Normally, fully functional CFTR transports Cl- ions from the inside of the 

cytoplasm to the lumen, thereby increasing the salt concentration in the airway 

surface liquid (ASL). As a consequence, the osmotic pressure increases, and water 

from the inside of the cell diffuses to the outside, keeping it liquid, which allows a 

process called mucociliary clearance. During mucociliary clearance, the ASL and the 

atop lying mucous are being moved across the airway surface by the beating cilia, 

which are hair-like membrane-bound organelles that extend from the cell surface. In 

the respiratory system, mucous is responsible for trapping pathogens of all kinds, 

which makes it possible to clear them out by e.g. coughing (Tarran et al., 2005; 

Proesmans, Vermeulen and De Boeck, 2008). In CF the CFTR ion channel is defect 
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due to mutation, which impairs Cl- secretion, hence no water diffuses to the ASL. 

Additionally, functional CFTR inhibits Na+ absorption through the epithelial sodium 

channel ENaC. Therefore, defect CFTR further increases intracellular salt 

concentration and depletes water from the ASL through unregulated Na+ absorbance. 

As a result, the now highly viscous mucous cannot be transported across the airway 

surface any longer and accumulates there. This not only severely obstructs the 

airways but gives rise to inflammation and bronchiectasis and allows pathogens to 

infest the lungs. This results in a vicious cycle of mucous obstruction, chronic 

infection and inflammation, which leads to fibrosis and ultimately respiratory failure 

(Tarran et al., 2005; Proesmans, Vermeulen and De Boeck, 2008; Dechecchi, 

Tamanini and Cabrini, 2018; Lopes-Pacheco, 2020). Another hallmark with an early 

onset is exocrine pancreas insufficiency, which is also caused by mucus obstruction 

and the resulting inability to release digestive enzymes. This leads to malabsorption 

and low weight gain, which was the main cause of death in infants with CF before 

treatments became available (Busch, 1979; Quinton, 1999; Elborn, 2016). CF lung 

disease and pancreatic insufficiency were the main hallmarks of CF in past times, but 

with the advance in care and treatments available, life expectancy increased and other 

morbidities, such as CF-related diabetes and CF-related liver disease, came to the 

forefront (Bell et al., 2020). 

1.1.1 CFTR protein and mutations 

The CFTR protein is located in the apical plasma membrane of epithelial cells. It is 

composed of one 1440 amino acid chain and complex glycosylation, resulting in a 

170 kDa membrane-spanning glycoprotein (Riordan et al., 1989; Cheng et al., 1990; 

O’Riordan et al., 2000). CFTR belongs to the superfamily of ABC (ATP-binding 

cassette) transporters, a ubiquitous family of integral membrane proteins (Higgins et 

al., 1988; Higgins, 1989). Like most other ABC transporters, CFTR is composed of 

four domains, two membrane-spanning domains (MSD1 and MSD2), which make up 

the channel pore, and two cytosolic nucleotide binding domains (NBD1 and NBD2). 

MSD1 and NBD1, and MSD2 and NBD2 respectively, make up the two homologous 

halves of CFTR. The two halves are additionally connected by the highly flexible 

regulatory region (R-region) between NBD1 and MSD2, which controls channel 

opening and is unique to CFTR (Zhang, Liu and Chen, 2018; Csanády, Vergani and 
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Gadsby, 2019; Meng et al., 2019). CFTR, as opposed to the remainder of the ABC 

transporter superfamily, acts as an ion channel instead of an active transporter. While 

it does require ATP for opening, it then forms a channel pore for the substrate to 

passively diffuse through instead of actively transporting it across the membrane 

(Aleksandrov, Aleksandrov and Riordan, 2007; Moran, 2017; Csanády, Vergani and 

Gadsby, 2019). 

The two membrane-spanning domains are each made up of six α-helices, which pack 

compactly in the outer leaflet of the plasma membrane (PM) and separate into two 

bundles in its inner leaflet, which extend into the cytoplasm, and attach to the 

respective NBD (Callebaut, Chong and Forman-Kay, 2018; Zhang, Liu and Chen, 

2018; Meng et al., 2019). 

More than 2000 mutations of the cftr gene have been reported to date, several hundred 

of which have been shown to be disease causing by affecting the CFTR protein. 

Disease causing mutations are not exclusive to specific areas of the protein, but are 

spread throughout the entire structure, and can cause different kinds of defects during 

the intricate and error-prone biogenesis of CFTR (Cystic Fibrosis Mutation Database, 

no date; Welcome to CFTR2 | CFTR2, no date; Sosnay et al., 2013). As originally 

proposed by Welsh and Smith in 1993, to make working with the multitude of 

mutations easier, they have been traditionally categorized into six distinct classes, 

according the kind of basic defect they cause (Figure 1) (Welsh and Smith, 1993).  

o Class I mutations cause reduced CFTR expression through premature termination 

codons caused by nonsense mutations, frameshifts, and splicing mutations. 

o Class II mutations are folding mutations, that result in premature degradation 

through ER-associated degradation or other complications during the biogenesis 

of CFTR. 

o Class III and IV mutations both lead to a reduced conductance. Class III mutations 

do so by hampering channel regulation and thereby decreasing its open 

probabilities, while class IV mutations obstruct the pore itself. 

o Class V mutations encompass splicing or promoter mutations that reduce protein 

abundance. 

o Class VI mutations reduce protein stability, thereby increasing degradation at the 

PM and also reducing the amount of functional protein. 
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This classification system has been in use for almost three decades and has since been 

universally accepted, reviewed extensively and adapted by the community (Zielenski 

and Tsui, 1995; Zielenski, 2000; Rowe, Miller and Sorscher, 2005). The biggest 

modification has been proposed by Veit et al. in 2016 (Veit et al., 2016). Since many 

mutations can cause multiple defects that fall into different mutation classes, they 

suggested a combinatorial classification system, where categories are based on all 

combinations of the six original mutation classes. This way, the limits of the 

traditional classification system can be removed, especially with respect to the 

development of improved therapeutics for all genotypes. 

The most prominent example for a mutation causing different molecular defects is the 

deletion of phenylalanine at position 508 (F508del), which is the most common CF 

causing mutation. The main defect caused by F508del is a folding defect, leading to 

premature degradation at the ER. Hence, it has traditionally been classified as a class 

II mutation. However, when rescued to the PM, F508del CFTR also exhibits reduced 

channel gating and a decrease in stability compared to the wild type, which are 

defects that belong to classes III and VI respectively. Thus, according to the new 

comprehensive classification system, F508del is a II-III-VI mutation, which makes it 

more apparent that a drug rescuing the trafficking defect is not sufficient, but has to be 

augmented by therapeutics that improve channel gating and membrane stability (Veit 

et al., 2016). 

According to CFTR2, a database with information collected by CF patient registries 

worldwide, F508del is by far the most common mutation, with an allele frequency of 

almost 70%. The next most frequent mutations are G542X (2.5%, class I), G551D 

(2.1%, class III), N1303K (1.6%, class II-III-VI), R117H (1.3%, class II-III) and 

W1282X (1.2%, class I-II-III-VI). The remaining 395 mutations listed in the database 

have an allele frequency of less than 1% (Welcome to CFTR2 | CFTR2, no date; Veit 

et al., 2016). 

1.1.2 CFTR biogenesis 

CFTR expression is specific to cell type and tissue (Pranke and Sermet-Gaudelus, 

2014a). While the highest amounts are expressed in the pancreas, followed by tissues 

of the endocrine and the digestive system, expression levels in the lung and other 

tissues of the respiratory system are relatively low (Ochoa et al., 2021). The control of 
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the complex expression involves different transcription sites, multiple tissue selective 

cis-regulatory elements (CREs) and alternative splicing. The main airway selective 

enhancer elements are located at -44 kb and -35 kb, whereas the main intestinal 

enhancer elements are located at 185+10 kb (intron 1) and 1811+0.8 kb (intron 11) 

(Ott, Blackledge, et al., 2009; Ott, Suszko, et al., 2009; Gillen, 2012; Swahn and 

Harris, 2019). A range of transcription factors are known to bind to these and other 

regulatory elements, but a lot remains to be understood about CFTRs expression 

regulation. Translation of the cftr-transcript occurs at approximately 2.7 residues per 

second, leading to an overall translation time of nine minutes for the whole transcript 

(Ward and Kopito, 1994). 

 

Figure 1. Cartoon representation of the CFTR biogenesis and the mutation classes. cftr is 

transcribed in the nucleus, which can be affected by class I mutations. The nascent peptide is 

folded co-translationally in the ER, which can be affected by class II mutations. After being 

fully glycosylated and transported to the PM through the secretory pathway, it transports Cl-

and HCO3
- ions into the lumen. Class III and IV mutations affect ion conductance and class V 

mutations cause lower protein abundance. CFTR regularly undergoes endocytosis and either 

recycling or degradation, where class VI mutations decrease its stability at the membrane 

and cause premature lysosomal degradation. 

As a large, multi-glycosylated protein, CFTR undergoes an intricate, delicately 

balanced and error-prone maturation pathway, the main steps of which are depicted in 

Figure 1. Even in wt-CFTR, only 20-40% of the transcripts produced are successfully 

integrated into the PM as fully functional protein (Pranke and Sermet-Gaudelus, 

2014a). Folding of the newly synthesized peptide occurs co-translationally early on 

during translation at the ER membrane (Kim and Skach, 2012). Here, first of all 
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MSD1 is positioned in the ER membrane while NBD1 is being synthesized and then 

temporary bound by the chaperones HSP7C and DNJA1. The chaperones increase the 

stability and support folding of NBD1 while the R-region is being translated, which in 

turn reduces the affinity of DNJA1 to NBD1 (Lu et al., 1998). Next, the synthesis of 

MSD2 stabilizes the interactions between NBD1 and the R-domain, causing the 

release of DNJA1 (Ostedgaard et al., 1997). The complex formation between MSD1 

and MSD2 in the ER membrane is facilitated by the chaperone calnexin (CANX), 

while NBD2 is being synthesized (Pind, Riordan and Williams, 1994; Okiyoneda et 

al., 2004). The conformational maturation, which is then completed post-

translationally, requires high energy in form of ATP and is assisted by different 

cytosolic and ER chaperones, which are also involved in ER-quality control (Lukacs 

et al., 1994; Okiyoneda and Lukacs, 2012). During ER-quality control, CFTR passes 

through four quality check points (Farinha, Matos and Amaral, 2013; Farinha and 

Canato, 2017).  

The first one occurs early in its biogenesis when the nascent polypeptide interacts 

with the chaperones HSP7C and DNJA1. In case of misfolding, the peptide is 

ubiquitinated by ligases and targeted for degradation at the proteasome (Meacham et 

al., 1999; Farinha et al., 2002).  

The second checkpoint occurs during the calnexin cycle and the N-terminal 

glycosylation of CFTR. After folding of the MSD2 domain, a 14-unit oligosaccharide 

is attached to it and afterwards two of three glucose residues are removed by 

glucosidase I. When folded correctly, the third glucose residue is also removed by 

glucosidase II, which in turn leads to a decreased affinity to the calnexin chaperone, 

thereby releasing the core-glycosylated CFTR from the calnexin cycle. If, however, 

the protein is misfolded, it becomes re-glucosylated and retained in the calnexin cycle, 

and when retained too long (Hammond, Braakman and Helenius, 1994), degraded by 

glycoprotein ER-associated degradation (GERAD) (Farinha and Amaral, 2005). 

The third checkpoint is constituted by arginine-framed tripeptides (AFTs), which are 

transient retention/retrieval motifs that CFTR has four of. When exposed due to 

misfolding, these AFTs result in CFTR being retained in the ER instead of being 

trafficked to the Golgi (Michelsen, Yuan and Schwappach, 2005). 
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The fourth and final checkpoint takes place when CFTR exits the ER through coat 

protein II coated vesicles, which relies on a specific exit motif being exposed in 

NBD1 (Nishimura and Balch, 1997; Wang et al., 2004). 

When successfully transported to the Golgi, the core-glycosylated CFTR undergoes 

its remaining glycosylation steps and becomes complex glycosylated and thereby 

functional. The mature protein is then trafficked and integrated into the plasma 

membrane by COPI vesicles (Yu et al., 2007; Rennolds et al., 2008). At the plasma 

membrane, CFTR interacts with a range of proteins with different functions, such as 

other ion channels, cytoskeletal proteins, and proteins directly involved in its activity. 

Furthermore, ten percent of the CFTR protein at the PM become internalized every 

minute through endocytosis for quality control purposes (Prince et al., 1999; Bertrand 

and Frizzell, 2003). Fully functional CFTR passes through the quality control 

mechanisms mediated in the endosomes and is recycled back to the PM, where native 

CFTR has a rather long half-life. Misfolded CFTR however, gets ubiquitinated and 

degraded in the lysosomes (Picciano et al., 2003; Sharma et al., 2004). 

1.1.3 CF treatments 

Until the approval of the first causative treatment in 2012, people with CF were solely 

treated with symptomatic medications. Early in the 1950s, long before the cftr gene 

was identified in 1989 by Kerem et al., pancreatic enzymes were started being used to 

treat people with CF for their pancreatic insufficiency to allow them to absorb 

nutrients (Levy et al., 1986). Around the same time, different mucus thinning 

enzymes were used in order to promote airway clearance. With the introduction of 

these first treatments, the average life expectancy of children with CF, who previously 

rarely lived through toddler age, started increasing. In the late 1950s, antibiotics 

against the most common CF pathogens, Staphylococcus and Pseudomonas, were 

used to combat the recurrent microbial infections in CF lungs (Ratjen, 2001). More 

than two decades later, in 1983, the first successful lung transplantation was 

performed, increasing the life expectancy of people, mainly adults, with end stage CF 

lung disease (Scott et al., 1988; Adler et al., 2009). The next major medication was 

introduced shortly after, in 1990, when recombinant human deoxyribonuclease I 

(rhDNase), also called dornase alpha, was first produced. rhDNase cleaves 

extracellular DNA, which accumulates in CF sputum due to its release from 
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degenerating neutrophils and contributes to its high viscoelasticity. By cleaving the 

DNA into shorter strands, the mucous becomes more liquid and easier to clear (Shak 

et al., 1990). Afterwards, another important antibiotic, tobramycin, was introduced to 

target the main CF airway pathogen, Pseudomonas aeruginosa. Tobramycin is 

administered as an aerosol by inhalation, thereby directly delivering it to the site of 

infection (Ramsey et al., 1999). All these symptomatic treatments, and many others, 

greatly improved the quality of life and life expectancy of people with CF and are still 

routinely used in patient care. Nonetheless, due to the vast amount of different geno- 

and resulting phenotypes, it has been difficult to find causative treatments for CF. 

During the last years, however, different small-molecule therapeutics have been 

developed for clinical applications, which improve the CFTR function by directly 

targeting the CFTR protein – and not just alleviate symptoms of CF-patients. The first 

drug was clinically approved in 2012 and changed medical treatment of CF 

drastically. Currently, four pharmaceutical drugs, different combinations of four 

compounds, are approved and available as causative therapy to some CF patients 

(Drug Development Pipeline | CFF Clinical Trials Tool, no date; Clinical Pipeline, 

no date; Gentzsch and Mall, 2018; Zaher et al., 2021). The first drug to be approved 

was Kalydeco, where the active compound Ivacaftor is a CFTR potentiator, which is 

approved mainly for gating mutations (Van Goor et al., 2009; Ramsey et al., 2011). 

Potentiators increase the open probability of CFTR, thereby leading to a higher 

chloride conductance, hence they are targeted at class III mutations. The newer 

approved drugs are combination therapies (Drug Development Pipeline | CFF 

Clinical Trials Tool, no date; Clinical Pipeline, no date), which contain more than one 

active compound and thereby target multiple defects. The second approved drug, 

Orkambi, contains Lumacaftor in addition to Ivacaftor. Lumcaftor is a CFTR 

corrector, which acts as small-molecule chaperone to correct the folding defect of 

class II mutations (Clancy et al., 2012; Wainwright et al., 2015). Similarly, Symdeco 

also contains Ivacaftor and an alternative CFTR corrector called Tezacaftor (Taylor-

Cousar et al., 2017). In addition to Ivacaftor and Tezacaftor, the most recent drug, 

Kaftrio (known as Trikafta in the US) contains a second CFTR corrector called 

Elaxacaftor, thereby making it the first triple combination (Voelker, 2019; Ridley and 

Condren, 2020). Additionally, there are currently eight other potentiators and 
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correctors in the clinical pipeline, of which two are again triple combinations (Drug 

Development Pipeline | CFF Clinical Trials Tool, no date). 

Despite the great progress made with respect to causative treatments during the last 

decade, there is still no approved modulator for about 10% of people with CF. These 

are mainly people with mutations of class I, especially those with premature 

termination codons (PTC), which terminates translation and therefore no complete 

CFTR peptide is produced. Extensive research is thus being conducted on so-called 

readthrough agents, which suppress the termination of translation and PTCs. Several 

readthrough compounds have been handled as promising, some of which, such as 

Escin (Mutyam et al., 2016) and Ataluren (Konstan et al., 2020), are already clinically 

approved. One of the readthrough compounds, ELX-02 disulfate, is currently 

undergoing a phase II clinical trial (Drug Development Pipeline | CFF Clinical Trials 

Tool, no date). 

In order to treat all mutation classes at once, great strides have been made in terms of 

mRNA and gene therapy. At the moment, one mRNA-based therapy is in a phase I 

clinical trial, and five other mRNA or gene therapies are in the pre-clinical stage. 

However, all of these therapies are being administered via inhalation, which brings 

them only into the lungs, but does not alleviate the morbidities in the other organs 

affected by CF (Drug Development Pipeline | CFF Clinical Trials Tool, no date). 

Another genotype independent approach to CF treatment is targeting alternative 

chloride channels to circumvent CFTR entirely. Here, the Ca2+ activated chloride 

channel TMEM16A and the anion exchanger SLC26A9 have been of particular 

interest (Mall and Galietta, 2015; Amaral and Beekman, 2020). 

Despite the immense progress made, the need for modulators and other causative 

treatments is still a great and research is continuously ongoing. 

1.2 Systems biology disease maps 

1.2.1 Systems Biology 

Systems biology is a rather young, interdisciplinary field of study that was established 

in the late 1990s and early 2000s. By definition, it is the holistic study of a biological 

system, be it at the level of a single cell, tissue or entire organism, with all its entities 

and the interactions between them. This involves computational and mathematical 
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analysis and modelling to not only understand, but also predict and control the 

behaviour of complex biological systems, networks and processes (Ideker, Galitski 

and Hood, 2001; Kitano, 2002). Creating in silico models of these systems makes it 

possible to efficiently test different perturbations and manipulations and predict the 

most likely outcomes, which can then be translated into the real system. These models 

find application in a number of different disciplines and therefore vary widely in their 

nature and the methods used. To name just a few, there are ecological models, which 

study entire ecosystems, epidemic models of infectious diseases, and organ models, 

which aim to simulate a complete organ, such as the liver (Holzhütter et al., 2012) or 

the brain (Markram, 2006). One of the largest applications of systems biology 

modelling, however, are cellular models, where the model components are on the 

molecular level. Systems biological cellular models in their most basic form can be 

displayed as mathematical graphs, which are structure that describe relations between 

objects. Graphs are made up of nodes (also known as vertices) and edges that connect 

them. In systems biology, one node stands for a biological entity, often molecules 

such as proteins or genes, and the edges represent the interactions between them. 

While a lot of information can already be derived from these graphs in their 

rudimentary form, they are mainly descriptive (Emmert-Streib and Dehmer, 2011; 

Najafi et al., 2014). Different modelling techniques have been developed to make 

them predictive, the two major classes being qualitative and quantitative models. 

Qualitative, mainly logical models allow for representing and predicting qualitative 

relations and non-numerical information at discrete time points (Le Novère, 2015). 

The most common qualitative modelling techniques are Boolean network modelling, 

derived from Boolean algebra in mathematical logic, and Petri nets, which originate 

from the computer science field of distributed computing (Machado et al., 2011; 

Najafi et al., 2014; Koch, 2015). The main advantage of qualitative models is that 

they do not require the experimental determination of kinetic parameters, which is 

oftentimes not feasible (Machado et al., 2011). For quantitative models, however, the 

nature and numerical properties of every interaction have to be known, which makes 

it possible to predict the transient behaviour of the system. Quantitative models are 

mostly based on systems of ordinary differential equations (ODEs), which contain the 

relevant rate equations of biochemical interactions. They therefore require a lot of 

prior experimental data to estimate all the different kinetic parameters (Chassagnole et 
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al., 2002; Machado et al., 2011; Najafi et al., 2014). Over the years, different hybrid 

methods, such as semi-quantitative models, have been developed to reap the benefits 

of both, qualitative and quantitative models. 

In general, a distinction can be made between three major types of cellular models: 1. 

Metabolic pathways 2. signal transduction pathways, and 3. gene regulatory networks 

(Najafi et al., 2014). A gene regulatory network simulates how gene expression is 

controlled by different factors and entities, often a complex network of transcription 

factors. Since they require little detail to make accurate predictions, and usually little 

kinetic information is available, they are most often simulated by Boolean models. 

Signal transduction pathways simulate signalling cascades and the response of the cell 

to them. As the amplification of signals starting from a low number of molecules 

relies heavily on diffusion, they are often modelled by stochastic simulations and 

probability functions. Metabolic pathways are often considered the most complex 

models as they contain many different metabolites and enzymes, with highly specific 

kinetics and rate laws, and can be modelled by quantitative ODE models (Machado et 

al., 2011). 

In order to standardize systems biology models and make them exchangeable and 

reusable, over the years, different data formats have been developed by the 

community. The most well established and widely used format is the Systems Biology 

Markup Language (SBML) (Hucka et al., 2003). SBML is a machine-readable, XML-

based format that was first introduced in 2000 and is continuously being developed by 

experts until today. To make systems biology models not only machine- but also 

human-readable, a standardized graphical representation, the Systems Biology 

Graphical Notation (SBGN), was developed (Novère et al., 2009). SBGN visualizes 

models in the intuitive way pathways have traditionally been represented in, but in a 

comprehensive and standardized manner, that can also be reused and exchanged. An 

example of a molecular pathway represented in SBGN can be seen in Figure 2.  



Introduction 12 

Cl-

Cl-

CFTR

PRKACA

CFTR
P

P

PRKACA

Cl-

Extracellular

Cl-

Cl-

PRKACA

CFTR CFTR
P

ATP ADP

Activity Flow Entity Relation Process Description

 Directed

 Sequential

x Mechanistic

 Directed

 Sequential

 Mechanistic

 Directed

x Sequential

 Mechanistic
 

Figure 2. Exemplary SBGN model and different SBGN languages. The upper panel shows an 

example overview of an SBGN model. The lower panel shows one molecular process, the 

activation of CFTR by the protein kinase PRKACA and the subsequent transport of Cl--ions 

across the plasma membrane, in the three different SBGN languages “Activity Flow”, “Entity 

Relation” and “Process Description” (adapted from Le Novère, 2015). 

Depending on the exact requirements and level of detail of the model, three different 

languages exist within SBGN (Figure 2). The first language is the Activity Flow (AF), 

which is directed and sequential, but not mechanistic, meaning that it does not show 

the mechanism by which two entities interact. The second language is the Entity 

Relation (ER), which in turn is directed and mechanistic, but not sequential, so it is 

not possible to draw a successive path through the model. Process Description (PD) is 

the third and most detailed language. It is directed, sequential and mechanistic and 

therefore describes all interactions and pathways in great detail but also requires the 

most information. In general, activity flows are most suitable for gene regulation 

networks, entity relationships are mostly used for signal transduction pathways and 

process description are the language of choice for metabolic networks (Mi et al., 
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2015; Sorokin et al., 2015; Rougny et al., 2019). In SBGN, every kind of molecular 

entity is represented by an individual shape. For example, regular proteins are 

depicted as rounded rectangles, ions are shown as circles, and membranes are 

represented as thick double lines. The molecular entities are connected by different 

arrows, which stand for the various interactions and transitions. For example, a state 

transition is shown as a regular arrow with a square in the middle, inhibitions have a 

perpendicular line as an arrow head, and stimulations have a circle as an arrow head. 

This way, the graphical notation is intuitive for researchers, as it closely resembles the 

ways biochemical reactions have been traditionally depicted, but is overall much more 

comprehensive (Novère et al., 2009). 

One of the most important aspects in the reproducibility and reusability of systems 

biology models is consistency in their annotation and curation. This already starts 

with the naming of molecular entities, such as genes and proteins. For every protein, a 

range of identifiers exists, extended by a multitude of different abbreviations used by 

each individual researcher. It is therefore of utmost importance to correctly annotate 

biological models in a standardized manner. To help with this, a set of guidelines 

called the “Minimal Information Required In the Annotation of Models” (MIRIAM) 

has been established, which all systems biology models should adhere to (Le Novère 

et al., 2005). The MIRIAM guidelines can be subdivided into three different parts: 

Reference correspondence, attribution annotation and external resource annotation. 

The reference correspondence includes guidelines on how a model should relate to a 

specific reference and comply to a certain format and standard. The attribute 

annotation refers to the model itself, for which a name, a reference, the model creators 

and the dates of creation and modification have to be provided. The external resource 

annotations describe the way all parts and elements of the model have to be annotated. 

Here, each piece of information has to be annotated with the collection (e.g. the 

database), the identifier (e.g. the UniProtID), and the qualifier, which links the 

element and the information (e.g. “is”, “is described by” or “is homolog to”). 

1.2.2 Disease Maps 

During the last decade, systems biology approaches have more and more found 

application in biomedical research, and the field of systems medicine evolved. 

Especially with the rise of personalized medicine, systems medicine is becoming 
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increasingly important, as it integrates the different omics data, which by now can be 

derived for individual patients. Hereby, systems medicine is on the one hand 

extremely customizable and on the other hand provides the bigger picture by 

considering the interplay between different physiological processes. One of the 

approaches to support biomedical research through systems medicine are disease 

maps, based on the systems biology models. Disease maps have been proposed as a 

community project in 2018 to link big data from health-care research and biomedical 

knowledge networks and are defined as “[…] comprehensive, knowledge-based 

representations of disease mechanisms.” (Mazein et al., 2018). They are mostly 

written in SBGN and adhere to one of the three languages within them. As opposed to 

traditional systems biology models, disease maps do not differentiate between 

metabolic, signal transduction and gene regulatory networks, but integrate all of them 

to provide a comprehensive picture of their relations. Other important additions to 

disease maps are physiological mechanisms and phenotypes, which are mostly 

excluded in biochemical systems biology models. Disease maps are often 

interdisciplinary community efforts, involving domain experts and computational 

biologists. At the moment, there are disease maps either already published or being 

created for 16 different diseases, ranging from Asthma (Mazein et al., 2021) and 

Parkinson’s disease (Fujita et al., 2014), to Cancer (Kuperstein et al., 2015) and 

Atherosclerosis (Parton et al., 2019), to only name a few. During the COVID-19 

pandemic, a huge community effort, involving 230 researchers from 120 institutions 

across 30 different countries, was launched to develop the COVID-19 disease map. 

This is the largest disease map created so far, consisting of 5499 elements connected 

by 1836 interactions from 617 publications (Ostaszewski et al., 2021a). 

In general, disease maps serve a range of different purposes. They can provide a 

backbone to structure large amounts of experimental data such as omics data, they can 

be used for modelling and simulation purposes, or to predict side effects of 

medications. Another important application of disease maps is drug repurposing, 

which has become increasingly significant during the past few years, to circumvent 

some of the time- and cost intensive processes of early clinical development. Most 

importantly, disease maps can be used to identify novel drug targets, for example by 

detecting specific key players in molecular pathways. 
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1.3 Virtual screening & target identification 

On average, only one in 5000-10000 compounds tested in the early stage of drug 

discovery is approved as drug in the end. Therefore, these early stages, were 

thousands of assays have to be performed are extremely time and cost intensive 

(McInnes, 2007; Matthews, Hanison and Nirmalan, 2016). One way to reduce cost 

and speed up the process is virtual screening. During virtual screening, large 

compound libraries are tested in silico to identify potential lead substances to narrow 

down the lists and thereby identify candidates for further testing. In contrast to 

experimental high throughput screening (HTS), this requires no materials and no 

special equipment, except computational resources, and little hands-on time, making 

it much more economic (McInnes, 2007; Rester, 2008; Shaker et al., 2021). As can be 

seen in Figure 3, virtual screening techniques can be subdivided into two main 

approaches: Target- and ligand-based methods (McInnes, 2007; Matthews, Hanison 

and Nirmalan, 2016). Traditional virtual screening aims at finding compounds that 

bind to one specific target, most often a protein. In recent years however, the inverse 

method has started to gain importance (Chen and Zhi, 2001; Paul et al., 2004; Byrne 

and Schneider, 2019). During inverse virtual screening, multiple proteins are screened 

against one or more specific compound of interest to identify its target and elucidate 

the mechanism of action. Just like in classical virtual screening, target- and ligand-

based methods exist (Huang et al., 2018). The main application of reverse screening 

approaches has been to elucidate targets of natural compounds (Huang et al., 2018; 

Xu, Huang and Zou, 2018). Lim et al. used a ligand-based approach to explain the 

cancer-preventive properties of the phytochemical curcumin and identified the cyclin 

dependent kinase (CDK2) as one of its targets (Lim et al., 2014). By using inverse 

docking, i.e. a target based approach, Buendia-Atencio et al. studied different 

helicases in Zika viruses as targets of ligands from a flowering plant (Buendia-

Atencio et al., 2021). Furthermore, Ban et al. investigated the effect of thymol, which 

is derived from the thyme plant, on fat deposition (Ban et al., 2021) and Lauro et al. 

shed light on the antitumor targets of a library of natural bioactive compounds (Lauro 

et al., 2011). 
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In general, ligand-based approaches are much faster and require less computational 

power than target-based approaches. Both methods rely on prior knowledge, either 

known ligands or the protein structure are required for successful application. Hence, 

depending on the available data, it is case dependent which method will yield more 

comprehensive results and it can be beneficial to use both in a complementary 

manner, if applicable. 
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Figure 3. Overview of (reverse) virtual screening techniques. Virtual screening can be 

subdivided into target-based approaches, mainly docking approaches, and ligand-based 

approaches. Ligand-based approaches can either rely on pharmacophore models, which are 

based on steric and electronic features of known ligands, or ligand similarity, where binary 

fingerprints of the known ligands and query ligands are calculated and compared. 

1.3.1 Target-based approach 

As the name says, target-based methods, also called structure-based methods, centre 

around the structure of the target. The most common target-based method is 

molecular docking, which predicts the binding affinity of small molecules to the 
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target protein (Brooijmans and Kuntz, 2003; Batool, Ahmad and Choi, 2019). To do 

so, the ligand is placed in different positions and conformations on the protein and the 

binding affinity between them is calculated. Usually, a specific site of the protein 

where the ligand should bind, such as the active site or a known binding pocket, is 

defined beforehand. If unknown, however, it is also possible to conduct blind 

docking, where the entire target structure is sampled (Hetényi and Van Der Spoel, 

2006; Hetényi and van der Spoel, 2009; Hassan et al., 2017). Molecular docking 

consists of two main parts, the search algorithm and the scoring function (Maia et al., 

2020). The search algorithm predicts possible conformations of the ligand and the 

binding site. In order to do so, different approaches can be used, e.g. local shape 

feature matching, genetic algorithms, molecular dynamics or systematic searching 

(Halperin et al., 2002; Yadava, 2018; Maia et al., 2020). The scoring function is 

responsible for calculating the binding affinity of each predicted binding pose. Again, 

there are different approaches to calculate the binding affinity between the ligand and 

the protein (Guedes, Pereira and Dardenne, 2018; Li, Fu and Zhang, 2019). The first 

approach is physics based, which uses a force field that takes into account different 

energy contributions by e.g. electro static and van der Waals interactions, as well as 

solvation. The second approach is empirical, which uses known binding affinities to 

predict energetic factors, such as hydrogen bonds and steric clashes. Another class of 

scoring functions, knowledge-based approaches, uses the statistical analysis of atom 

pairs from existing protein-ligand pairs to calculate the binding potentials. The fourth 

kind of scoring functions are machine-learning-based. A range of different machine 

learning approaches have been applied for scoring functions. Although some of them 

have been shown to outperform classical scoring functions, they are not yet employed 

in docking programs as they rely heavily on the training dataset, which causes the 

results to be un-reproducible and inconsistent. (Guedes, Pereira and Dardenne, 2018; 

Li, Fu and Zhang, 2019). 

One of the main limitations of (inverse) docking is the availability of suitable protein 

structures. Molecular docking requires complete structures with a resolution of ideally 

at least 2.5 Å (Li et al., 2010). For a lot of targets, especially larger or membrane 

proteins, the structure has yet to be elucidated experimentally. This particularly limits 

inverse docking for target identification approaches, since not all targets in question 

can be screened. One way to circumvent this limit is by using structures predicated by 
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artificial intelligence-based programmes, such as AlphaFold (Jumper et al., 2021). 

Artificial intelligence based protein structure predictions have greatly improved and 

gained importance in the last years. In some cases, they generate very accurate results 

that can be readily used for docking purposes. Nonetheless, this is not a universal 

solution currently, since often parts of the structures predicted, especially in flexible 

regions of the protein, remain unfolded, which excludes them from being used for 

docking. As they rely heavily on the training dataset, AI-based structure 

determination methods additionally perform less well on protein classes where 

experimental data is scarcer, such as large membrane proteins. 

1.3.2 Ligand-based approach 

Ligand-based approaches rely on the prior knowledge on molecules that are known to 

bind to a specific target. Here, different properties are used to compare the query 

ligand to already known ligands to evaluate if it is likely to bind to the target or not. 

The two main methods used in ligand-based drug design are pharmacophore 

modelling and similarity-based virtual screening (Huang et al., 2018; Shaker et al., 

2021), as shown in Figure 3. Pharmacophores are the functional and electronic 

features of a molecule and their spatial arrangement at the surface of a molecule, 

which play a role in its binding affinity to potential targets, and are therefore 

complementary to their respective binding pocket. For pharmacophore modelling, 

these molecular features, such as hydrogen bond donors and acceptors, are extracted 

from known active ligands. Properties that are shared amongst ligands that bind to the 

same protein pocket are then used to create pharmacophore models, which represent 

the features of likely ligands. By matching the query ligands to the pharmacophore 

models, ligands can be proposed for certain protein pockets and vice versa (Huang et 

al., 2018; Shaker et al., 2021). Pharmacophore modelling requires several known 

ligands that have been shown to interact with the same complementary binding site of 

a protein. Hence, an exhaustive data basis is essential in order to use it for target 

identification purposes, since it would involve a range of proteins with potentially 

multiple binding sites. It is therefore more suitable for classical virtual screening, 

where the focus is on one specific target and the aim is to effectively narrow down a 

large compound library. 
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Similarity-based screening uses the general shape of a molecule to match it to a 

protein. Like pharmacophore modelling, it does so by comparing it to known ligands. 

Instead of creating a model of features from multiple ligands, however, it simply 

compares how similar the structure of the query ligand is to that of a reference one 

(Huang et al., 2018; Mathai and Kirchmair, 2020). Therefore, in theory, one reference 

molecule is enough to match a query ligand to a protein, and the exact binding 

positions of the reference ligands do not necessarily have to be elucidated. Similarity-

based screening can be performed with either two- (2D) or three-dimensional (3D) 

structures. In the case of 3D structures, the similarity search is based on the 

geometries and volumes of the two molecules. For 2D methods, the common 

approach is to calculate a molecular fingerprint, which encodes the molecular 

characteristics as a simple bit vector, i.e. a sequence of 0’s and 1’s (Huang et al., 

2018; Kumar and Zhang, 2018). The vector representation allows easy and rapid 

comparison of molecules and requires very little computational power. A number of 

different 2D fingerprints have been developed over the years, which take different 

approaches to encode the molecular structures. In general, they can be categorized 

into either substructure key-based fingerprints or topological fingerprints (Cereto-

Massagué et al., 2015; Seo et al., 2020). Substructure based fingerprints show 

whether certain predefined substructures are present or not (Cereto-Massagué et al., 

2015). The most basic example for substructures are chemical elements. In this case, a 

sequence of elements would be defined (e.g. hydrogen-carbon-oxygen-nitrogen-

chlorine-phosphorus) and a “1” is assigned to elements present in the molecule, 

whereas a “0” is assigned to elements not present. In this example, the fingerprint of 

water (H2O) would be “101000”, since only hydrogen and oxygen are present. By 

using more complex substructures, such as functional groups, the fingerprint is made 

more specific and meaningful. These fingerprints are binary, as they only take into 

consideration whether or not a certain substructure is present, but ignores how many 

there are of each. Topological fingerprints take one starting atom in the molecule and 

analyse all molecular fragments that can be produced by going through (linearly or 

circularly) all possible paths from this atom up to a certain path length, i.e. number of 

bonds (usually seven steps). The resulting paths are then hashed to produce a binary 

vector (Cereto-Massagué et al., 2015). In all cases, the fingerprints can then be 
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compared by different similarity measures, the most common one being the Tanimoto 

similarity (Bajusz, Rácz and Héberger, 2015). 

Overall, while similarity-based screening can generally be less accurate than 

pharmacophore modelling, it is much more feasible for target identification purposes, 

since it makes do with less prior knowledge and the exact binding sites of the 

reference ligands do not have to be known. For pharmacophore modelling, multiple 

ligands and their binding poses in a specific binding site have to be known to overlay 

them and extract the relevant features. In contrast, for ligand similarity-based 

approaches, one reference compound of an unknown binding site is enough to identify 

potential query ligands. However, both methods rely on there being known ligands of 

the relevant targets for the query ligands to be compared to in the first place.  

1.4 Thesis objectives and structure 

1.4.1 Objectives 

During the last two decades, systems medicine and computational biology have 

opened up a range of novel possibilities for biomedical research. Not only is it getting 

cheaper, faster and easier to produce large amounts of biomedical and biochemical 

data, but the variety of tools and methods available to utilize this data is ever 

increasing. Still, oftentimes the different kinds of data from diverse sources are 

analysed separately and with highly specific tools, so that a comprehensive view is 

missing and the data is not used to its full potential. This thesis aims at utilizing a set 

of generic methods and approaches to integrate different kinds of biological and 

chemical data from various sources. Its main objective is thereby creating an inclusive 

model of molecular disease mechanisms to use as basis for gaining new insights and 

developing treatment approaches. As a use case, this thesis looks at the genetic 

disorder CF. While some causative treatments for CF have been developed and 

clinically approved in the last decade, these therapeutics are not suitable for all people 

with CF and the search for active compounds, and especially compound 

combinations, is ongoing. Ultimately, the aim of this thesis is therefore to suggest 

novel, synergistically acting compound combinations as causative treatment for 

Cystic Fibrosis. Figure 4 gives an overview of the project’s general structure. Overall, 

three main objectives can be defined: 
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Creating a chemistry centric data basis – Assemble knowledge on compounds 

that have been tested for activity in the CF context. This includes not only positive 

results, but also negative ones to exclude specific properties and areas of the 

chemical space. 

Creating a systems medicine model as biology centric data basis – Integrate 

different data sources into a comprehensive systems biology model of the 

molecular mechanisms and pathways underlying CF. The model is human- as well 

as machine readable and adheres to the community standards. Apply text mining 

techniques to support the curation process where relevant. 

Integration of chemistry- and biology centric data – Bring together both data 

sources to generate new knowledge on both sides. Using different in silico drug 

discovery methods, annotate the systems biology model with possible active 

compounds and suggest biological targets for active compounds. Ultimately, 

suggest compounds that modulate different parts of the molecular disease 

pathways to test for synergistic activity. 

C
a
n
d

A
c
tC

F
T

R
 d

a
ta

b
a
se

Mechanism

of Action

Potential 

Therapeutics

C
F

T
R

 L
ife

c
y
c
le

M
a
p

Chemistry (Systems) Biology

Text mining tool

Ligand- and Protein based target

identification

Suggest compounds 

for testing

Protein
Interaction

Gene

 

Figure 4. Project overview and structure. The project is based on two main resources, the 

chemistry-centric CandActCFTR compound database, and the (systems-)biological CFTR 

Lifecycle Map. Bringing the two resources together through target identification approaches 

allows the elucidation of the mechanism of action of active compounds in the database and 

the identification of potential therapeutics for important targets in the CFTR biogenesis. A 

software tool was developed to connect the two resources computationally and a second tool 

was developed to support the creation of disease maps through text mining. 
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1.4.2 Thesis structure 

Chapter 2 of this thesis focusses on the first objective. It consists of a publication that 

describes the development of CandActCFTR, a publicly available database of 

compounds that have been tested as direct causative modulators in Cystic Fibrosis. 

The aim here was to collect the small molecules that have been shown to either 

modulate CFTR function, or to not exhibit any activity. The compounds are annotated 

and categorized according to their activity and their order of interaction with CFTR. 

The second objective is covered in Chapter 3 and Chapter 4. The publication in 

Chapter 3 introduces the CFTR Lifecycle map, the disease map used as biological 

basis for the project. It describes the pathways involved in CFTR biogenesis and is 

written in SBGN, the community standard for systems biological pathway maps. It 

consists of two different data layers with different levels of detail and is subdivided 

into sub-maps according to the different parts and stages of the CFTR biogenesis. 

Chapter 4 describes a tool to support the time-consuming manual creation of systems 

biology models and disease maps through text mining. It provides the means to 

integrate text-mined molecular interaction data from any text mining algorithm or 

software into the curation process by displaying the results and letting the user iterate 

through and validate or reject the interactions identified. 

Chapter 5 and Chapter 6 focus on the third objective. The publication in Chapter 5 

describes a tool that forms the interface between CandActCFTR and the CFTR 

Lifecycle Map software-wise. The tool is integrated into the platform hosting the 

systems biology model and maps the compounds to their potential targets based on 

publicly available data. It provides the user with the possibility to either find known 

targets of specific compounds, or search for compounds associated to a specific target. 

As the interaction data in publicly available databases is scarce and does not cover the 

entire list of active compounds in CandActCFTR, the aim of the publication in 

Chapter 6 is to elucidate the mechanism of action of these compounds through target 

identification approaches. A dual approach, using target- and ligand- based in silico 

methods, is employed to suggest possible targets in the disease map for all active 

compounds in the database and rank the interactions according to the level of 

confidence. The results of the preceding chapters are discussed in Chapter 7 and 

conclusions are drawn in Chapter 8. 
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Chapter 7 Discussion 
 

With the advance of high-throughput technologies to generate large amounts of 

biological and biomedical data in a time- and cost-efficient manner, systems medicine 

has become of tremendous importance over the last decades. A great variety of 

sophisticated and highly specialized techniques and tools have been developed to 

analyse, interpret and utilize this great wealth of data. Yet, oftentimes the tools used 

are only applicable to a certain type of data and a specific use case, making it difficult 

to integrate different data sources and thereby realizing their full potential. The aim of 

this thesis was therefore to use a set of generic and interchangeable tools to 

demonstrate the added value of integrating and combining different types of data from 

open access sources. This was carried out on the use case of Cystic Fibrosis, a genetic 

disorder still lacking causative treatment for all patients due to its plethora of different 

geno- and phenotypes. The main emphasis of this project was on using generic 

methods that can later be easily adapted to other use cases. These were applied to 

already published open-access data to use what is already accessible and generate new 

value from it. However, due to the versatile nature of the tools and methods used, 

there are no specific data requirements, hence other data sources can also be easily 

integrated if available.  

The project is carried by two main pillars making up the data basis: The chemistry 

centric compound database CandActCFTR and the systems biology model CFTR 

Lifecycle Map, which contains information on the biological pathways and 

biomolecules involved in the disease. The two sides of the projects are then brought 

together by in silico experiments to, on the one hand, identify the targets of the 

chemical compounds and, on the other hand, suggest potential therapeutics for 

specific targets in the CFTR biogenesis. 

7.1 CandActCFTR database  

The CandActCFTR database is based on the software framework CandActBase 

developed in our work group. In general, CandActBase consists of different software 

tools to collect, store and link literature data on a specific topic, and make it publicly 
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available in a structured and consistent manner. Overall, many different compound 

databases have been developed for a range of purposes. With more than 112 Million 

compounds, PubChem is by far the largest collection of chemical compounds (Kim et 

al., 2016, 2021). It contains chemical and physical properties of all compounds, as 

well as information on their (bio)activity, along with listing all synonyms the 

compounds are known under. PubChem is a general database not focussed on one 

specific topic, but also includes results from bioassays and information on all kinds of 

biological targets with tested compounds and the bioassays used. Apart from the 

compound pages, which provide details on the compounds’ properties, there are also 

target pages, which summarize information on and list interacting compounds of 

genes and proteins. Another similar and somewhat related database is ChEMBL 

(Davies et al., 2015; Mendez et al., 2019). Like PubChem, ChEMBL is a generic 

database, but it is manually curated and puts a larger focus on information on 

bioactivity. There is a range of other universal compound databases, such as 

ChemSpider (Pence and Williams, 2010) and ChEBI (Hastings et al., 2016), but also 

databases focussed on either specific compound classes or use cases. Databases on 

defined compound classes could for example collect only natural product compounds 

(Banerjee et al., 2015), human metabolites (Wishart et al., 2007, 2022), lipids (Sud et 

al., 2007), or compounds of a specific size (Koleti et al., 2018; Stathias et al., 2020). 

Other databases collect compounds for specific applications, such as pesticides 

(Liesner, 2003), cancer (Databases & Tools | Developmental Therapeutics Program 

(DTP), no date) and COVID-19 (Martin et al., 2020). Most databases include data 

from the others, so while some information is redundant, others are exclusive to only 

one database. On top of that, of course, all databases are structured and constructed 

differently. CandActBase, the underlying construct of CandActCFTR, therefore aims 

at providing a general software basis that can be adapted to individual use cases e.g. 

collecting information for a specific disease. The required information and their 

primary sources can be changed according to their relevance, but the overall structure 

stays the same and can be expanded with new tools. In our use case of CF, the aim of 

the CandActCFTR database was to provide a collection of all already tested 

substances with context annotations. This was done to give researchers the possibility 

to get an easier overview of the current research status, to find compounds and 

compound classes that are of interest to them, and additionally provide insights into 
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who is working on which compounds and in which experimental environment. 

Research communities for different applications are often large and diverse, which is 

why it can be challenging to stay up to date with all recent developments. Therefore, 

CandActCFTR links the compounds tested directly to the researchers, which can 

foster research exchange, as well as facilitate the entry to the field for newcomers. 

Currently, CandActCFTR contains 3114 small molecules collected from 111 

scientific publications. Of them, 309 compounds have been shown to modulate CFTR 

activity, while the remaining ones are inactive in this context. While seemingly less 

important than the active compounds, knowledge of inactive compounds is just as 

crucial. The chemical space, defined as the entirety of potential pharmacologically 

active compounds, is thought to be in the order of 1060 molecules (Bohacek, 

McMartin and Guida, 1996; Kirkpatrick and Ellis, 2004). Hence, it is impossible to 

test all of this inconceivable number of molecules. It is therefore important to exclude 

areas of the chemical space and thereby narrow down the list of molecules. This can 

be done by considering inactive compounds, as they indicate which compound classes 

or areas of the chemical space might be overall inactive in the disease context. 

However, as often the case in science, it is still rather uncommon to publish negative 

results, which was also evident when collecting the compounds for the CandActCFTR 

database. Only 23 of the 111 publications reported their negative result, and for only 

three of the 19 high-throughput screens lists of the tested compounds were published. 

As a result, almost 89% of all compounds and 98% of the inactive ones come from 

only two publications. According to conversations with our peer researchers, the main 

reason to keep inactive chemical structures unpublished is if they are from newly 

synthesized compounds, which they will also test for other use cases. In this case, 

researchers keep the compound structure undisclosed so they do not lose the 

possibility to file a patent for the compounds for a different application, or disclose 

the structure to potential competitors. However, this is not the case for high-

throughput screens, were thousands of known compounds are used, oftentimes from 

commercially available compound libraries. The compounds in CandActCFTR were 

categorized by different properties, which were suggested by our wet-lab 

collaboration partners. The coarsest categorization is their influence on CFTR, which 

separates the compounds into inactive, inhibiting, enhancing, likely enhancing and 
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unknown. The other properties categorized are their order of interaction with CFTR, 

the subcellular compartment they are active in and the CFTR relevance, which give 

more information on the mechanism of action. The CFTR relevance specifies the 

exact effect the compound has on CFTR or its interactome, e.g. whether it corrects 

folding or affects the channel activity. The subcellular localisation subdivides their 

site of action into the different compartments, which can also give indications as to 

which pathway they affect. The order of interaction describes whether the compound 

interacts with CFTR directly or via an intermediary. For almost 70% of the 309 active 

compounds in the database, the subcellular compartment they are active in, as well as 

their order of interaction with CFTR are not reported and therefore viewed as 

unknown. Hence, their mechanism of action is completely unclear. Knowing the 

mechanism of action of (potential) drugs is essential for a number of purposes. By 

knowing which pathways and targets are affected by the compound, off-target effects 

can be predicted and assessed. Furthermore, it facilitates the development of 

combination therapies, which is of particular interest in CF. Due to the many possible 

defects mutated CFTR can exhibit at once, several compounds that target different 

parts of the CFTR biogenesis are required to effectively treat CF by increasing the 

amount of functional CFTR at the PM. To do so, the mechanism of action of each 

compound has to be elucidated to efficiently combine them and achieve synergistic 

effects. 

Lastly, it makes finding other compounds that achieve similar effects easier, 

especially with respect to drug repurposing. If a compound is known to affect a 

specific pathway or target which are also involved in other disorders, drugs that are 

already approved can potentially be effective for the disorder in question. This 

method significantly reduces time and cost in drug discovery processes and has 

therefore been shifted into focus especially for rare diseases, which are often 

neglected as they are less economically profitable due to smaller markets. In CF, drug 

repurposing has so far been considered for delivering antibiotics to the lung as 

symptomatic treatment (Newman, 2018) and only one study has been conducted on 

drug repurposing to rescue one variant of CFTR (Orro et al., 2021). Here, 846 

clinically approved small-molecule drugs where tested for binding to the F508del 

CFTR, the most common disease-causing variant of CFTR. This, however, excludes 

compounds that might modulate CFTR indirectly via a mediator. 
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7.2 CFTR Lifecycle Map 

Most experimental assays to assess the effect of potential CFTR modulators rely on 

readouts that focus purely on CFTRs Cl- conductance, such as electrophysiological 

tools like patch-clamp, or halide-sensitive fluorescence assays. None of these give an 

indication on whether the modulators achieved their effect by directly influencing 

channel activity, or by influencing CFTR more early on in its biogenesis. As a result, 

there are no experimental methods and readouts for the steps prior to channel opening 

at the membrane. 

In order to be able to also predict compounds that achieve their effect indirectly, and 

thereby target other steps in the biogenesis, as well as to elucidate the mechanism of 

action for the active compounds in CandActCFTR, we developed a systems biological 

disease map, which can be seen as a virtual, human- and machine-readable cell model. 

The CFTR Lifecycle Map makes up the second pillar of the project by covering the 

biological information important for drug target identification. It contains the 

pathways CFTR undergoes in its biogenesis as well as the interactions it takes part in. 

Since there are various kinds of data describing molecular interactions, the CFTR 

Lifecycle Map is split into different data layers, to neither compromise quality nor 

quantity. The first layer contains only interactors from small-scale experiments, which 

offer great detail on the interaction mechanism. This layer is at the core of the model 

and maps the pathways of the CFTR biogenesis, from its transcription, through its 

maturation and activity, to its recycling. It is written in the SBGN language Process 

Description, which is directed, sequential and mechanistic (Novère et al., 2009). The 

second data layer includes interactors of CFTR that have been identified via high-

throughput (HT) methods such as immuno-precipitation based proteomic profiling. 

These methods provide considerably less information on the manner in which the 

proteins interact, but a lot more interactors can be detected. This second data layer is 

written in the SBGN Activity Flow language, which is non-mechanistic (Novère et al., 

2009), since the HT-studies only show that a protein interacts with CFTR, but give no 

mechanistic insights.  

Both model layers are currently static, i.e. no dynamic behaviour can be simulated 

with them. As described above (1.2.1), in general it is possible to create quantitative 

ODE-based models if the interaction rate laws are known or can be determined and if 
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there is a lot of data to support the kinetic parameters. This was not the case for the 

CFTR Lifecycle Map. At the moment, there are 225 different molecular entities, 170 

of which are proteins, involved in 156 reactions in the first data layer. Kinetic data 

could be found for only very few of them, and if so, it was recorded in very different 

settings. It was therefore not possible to collect parameter data for a quantitative 

model, and at the moment it does not appear feasible to study the different stages of 

the CFTR biogenesis in such high detail and resolution to perform parameter 

estimation methods due to technical and experimental limitations. In its current state, 

the interactive CFTR Lifecycle Map, can be used to plan such experiments to generate 

kinetic data, since it provides a detailed human- and machine-readable overview of 

the reactions and pathways, as well as the reactants involved.  

Qualitative modelling, such as logical models, would be slightly more realistic. 

However, these also require data for model validation, which again is not available for 

the CFTR biogenesis at this point. Even so, when in the future such data will be 

produced, it will be easy to adapt and expand the CFTR Lifecycle Map. This is 

supported on the one hand by the standardized format and annotation of the model, 

and on the other hand by the division into individual sub maps, which each focus on a 

specific part and pathways of the lifecycle.  

In general, it can be challenging to create dynamic models from disease maps due to 

their high number and variety of entities and interactions. Currently, only one 

dynamic model exists. The Atherosclerosis disease map (Parton et al., 2019) was 

published in 2019 and is composed of 89 different biological entities, including not 

only proteins and small molecules, but also different cell types, lipids and platelets. In 

order to predicts plaque formation in atherosclerosis, the authors developed a 

quantitative, ODE based model using mass action laws, Michaelis-Menten equations 

and rate parameters from the literature and the BRENDA enzyme database (Chang et 

al., 2021b). The authors then estimated the remaining parameters and validated the 

model using clinical and laboratory data. The atherosclerosis disease map was used to 

identify five different drugs that might work synergistically to reverse plaque 

formation. This shows that disease maps can readily be translated to dynamic models 

and can be used to predict potential drugs. The biggest limitation is the availability of 

appropriate data to verify the model. Accordingly, a dynamic model will be made out 

of the CFTR Lifecycle Map, when the required data can be collected. 
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In November 2021, a second CF centric disease map, called the CyFi-Map, was 

published by Pereira et al.  (Pereira et al., 2021). Despite being rather similar to the 

CFTR Lifecycle Map overall, there are some unique features to both disease maps. 

While our CFTR Lifecycle Map is composed of two data layers, the detailed core map 

and the second layer with HT-data, the CyFi-Map does not include data from HT-

experiments. However, in contrast to the detailed core map written in the SBGN PD 

language, the CyFi-Map is written in the non-mechanistic Activity Flow (AF) 

language. This makes the interactions in the CFTR Lifecycle Map more detailed, 

while the influence of the interactors on CFTR is more immediately visible in the 

CyFi-Map. Structure wise, while the CFTR Lifecycle Map can be split into different 

sub-maps based on the biogenesis stage and the subcellular compartment, the CyFi-

Map is available as a whole map. However, the CyFi-Map is composed of two sub-

maps based on different CFTR variants. While the main map describes the biogenesis 

of wt-CFTR, the other one focusses on F508del-CFTR. The CFTR Lifecycle Map, on 

the other hand, is more generic and shows interactions that have been studied for any 

variant. Both approaches have advantages and disadvantages. In our generic 

approach, users have to be more careful to also look at the original publication since 

not all interactors interact with all variants. However, it is possible to colour code the 

entities in the disease maps by individual properties. Hence, the mutation specific 

entities could be displayed in different colours to make it more obvious which interact 

exclusively with one or the other CFTR variant. Furthermore, the variant specific 

approach used by Pereira et al. excludes other mutations aside from F508del, and is 

therefore currently not applicable for other CFTR variants. Another difference 

between the two disease maps is the data basis. For the CFTR Lifecycle Map, we used 

only interactions that were shown in human cell lines and differentiated between 

polarizable and non-polarized cells by a colour code in the map. The CyFi-Map also 

uses studies conducted in non-human cell lines and does not differentiate between 

polarized and non-polarized cells, which allows them to represent more interactions 

overall. While the core map of the CFTR Lifecycle Map is based on 221 scientific 

publications, the CyFi-Map includes data from 297 studies, resulting in 200 

interactors in the wt-CFTR submap and approximately 30 additional F508del-CFTR 

specific ones. Overall, of all genes and proteins in the two maps, 87 occur in both, 83 

occur only in the CFTR Lifecycle Map and 104 occur only in the CyFi-Map. Thus, 



107 Discussion 

while the overall structure and pathways are generally the same for both maps, they 

differ in several points, can be used for different applications and can therefore be 

viewed as complementary. 

7.3 Text mining 

The creation of disease maps is very time- and labour intensive. First, one has to get a 

broad overview of the topic and the pathways involved. Then more detailed studies 

have to be collected and read to extract the molecular entities and the interactions 

between them, which can then be written into the model and annotated with further 

information. This can be made especially challenging by inconsistent naming, the 

large variety of identifiers and contradictory results. As described in 1.2.2, the largest 

disease map is currently the COVID-19 disease map, which includes data from 617 

publications and to which 230 researchers contributed (Ostaszewski et al., 2021a). 

This highlights the huge effort involved in creating disease maps. One way this is 

being addressed in the community is text mining. During text mining the biological 

entities and their interactions can be computationally extracted from natural language 

texts written by humans. There is a number of different approaches to text mining and 

a multitude of algorithms is being developed. In order to support the generic usage of 

text mining to create disease maps, we developed a tool to integrate any text mining 

algorithm into the curation process for disease maps. The tool displays the text mining 

results in a cellular layout similar to a disease map. Each biological entity identified is 

displayed as a node in their respective subcellular compartment and connected to 

other nodes by arrows representing the interactions identified from the texts. The user 

can then iterate through all entities and interactions and display the text passage from 

which they were extracted. Based on this, they can make the decision to accept and 

thereby verify the interaction or reject it as falsely identified. Ultimately, the 

interactions can be exported, shared with project partners and used for creating the 

final disease map. Since many different text mining algorithms exist, and different 

researchers have different preferences or develop their own algorithms, we decided to 

create a generic tool that can theoretically use data from all of them to support the 

creation of disease maps, when the results can be parsed to the common underlying 

format. 



Discussion 108 

7.4 In silico target identification 

The third main objective of this thesis was to bring the two pillars, the chemical 

database with the active compounds and the systems biological disease map with the 

potential drug targets, together to gain new insights on both sides and support 

hypothesis generation. 

In order to connect the two sides of the project, we developed another tool to map the 

compounds from the compound database onto the disease map. The disease map is 

hosted on a publicly available server using the MINERVA platform. The MINERVA 

platform was developed by Gawron et al. in 2016 specifically for displaying and 

hosting disease maps (Gawron et al., 2016). It comes with a built-in drug and 

chemical search, which allows users to search for a drug or chemical by the name of a 

compound. The compound name is then used to query the databases DrugBank, 

ChEMBL and the Comparative Toxicogenomic Database (CTD) (Davis et al., 2021) 

and when interactions with a target in the disease maps are found, the respective 

targets will be highlighted in the map. In order to integrate custom databases like 

CandActCFTR, we wrote a new plugin to extend MINERVAs functionality and thus 

make it more customizable and expandable to new resources. To connect the disease 

map in MINERVA to the data in the compound database, we queried publicly 

available databases for known interactions between the molecular entities in the 

disease map and the chemical compounds. The interaction data is stored in the plugin 

and the user can either search for compounds that interact with a query target or vice 

versa. This plugin extends the functionality of the MINERVA built-in compound 

search in two main ways. First, it offers the reverse search, were compounds that bind 

to specific targets can be searched. Second, it can be extended with customized 

databases and further interaction data, be it from other databases or own experimental 

data.  

Integrating interaction data between compounds and targets can give indications on 

the mechanism of action of the active compounds. By using the publicly available 

interaction data, possible targets in disease map could be identified for 38 of the 

compounds with an unknown order of interaction. This corresponds to 18% of the 

213 compounds without known order of interaction, leaving 82% and therefore 175 

compounds for which potential targets remain unknown. 
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In order to shed some light on the mechanism of action of all active compounds, in 

silico target identification approaches were used to identify potential interaction 

partners of all active compounds. As described in chapter 1.3, there are two 

approaches to in silico drug design and target identification, the target- and ligand-

based approach. Both of them have certain advantages and disadvantages, and both of 

them rely on a solid data foundation. Therefore, a complementary dual approach was 

employed here, to take advantage of both methods and compensate for gaps in the 

available data. For this purpose, a computational pipeline was set up to extract the 

targets from the disease maps and the ligands from the database and prepare them for 

two in silico experiments. For the target-based docking approach, appropriate protein 

structures with a high enough resolution were found for 35 of the proteins in the core 

map of the CFTR Lifecycle Map. For the ligand-based approach, ligands were 

collected from publicly available databases. Ligands could be found for 90 proteins, 

22 of which overlapping with the list of proteins for the target-based approach. An 

automated pipeline was set up to first analyse the resulting data from both approaches 

separately and subsequently compare them. By doing so, potential targets for all 309 

active compounds could be suggested by at least one of the approaches, and overall 

1038 unique protein-compound pairings could be suggested. The compounds were 

assigned confidence scores from one to five according to how consistent the results 

were amongst the different approaches. 

The inverse screening approaches used here are adaptations and combinatorial 

extensions of the classical in silico screening approaches, which are much more 

common in drug discovery. Usually, a specific target of interest is already known and 

large compound libraries are tested against it to see which compounds might exhibit 

the desired activity. In this approach, there was a number of potential targets and a 

small library of compounds that were already known to be active. This brings about 

new challenges and possible sources for errors and inaccuracies. In the case of the 

target-based approach, the high number of targets and not knowing the binding 

pockets in advance make it more difficult to find the correct binding site. To address 

this, blind docking was used, where the entire protein structure is sampled for likely 

binding sites and poses. To yield meaningful results, it was therefore necessary to use 

a higher exhaustiveness than in traditional focussed docking, i.e. a higher number of 

poses is tested for each target-ligand pairing. This results in much higher 
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computational costs, hence it becomes unfeasible if the amount of ligands and target 

exceeds a certain number. The number of approximately 300 ligands and 35 targets 

used here was well within the limits, however if there are hundreds of potential targets 

and thousands of ligands, this approach cannot be applied without huge computation 

resources. Another source of inaccuracies of the target-based approach are 

promiscuous interactors. One challenge of traditional drug discovery are the so-called 

Pan-assay interference compounds (PAINS), which are compounds that bind to many 

targets non-specifically. In reverse docking, this can also apply to the targets. Certain 

proteins, or rather protein binding sites, can also exhibit high promiscuity and bind 

non-specifically to a range of compounds (Cerisier et al., 2019; Ehrt, Brinkjost and 

Koch, 2019; Hanson et al., 2019). This can lead to compounds being assigned to 

promiscuous protein structures rather than their actual target. However, there are 

different statistical methods to filter unspecific pairings caused by both, PAINS and 

promiscuous binding sites, from the docking data, which were employed here. 

Nonetheless, it is important to note that even specific protein-ligand interactions do 

not automatically mean that a compound is active, as it can also bind to a protein 

without affecting its activity in a measurable way. 

The main limitation in target-based inverse screening is the availability of protein 

structures. Since not all possible targets from the disease maps have a high-quality 

resolved structure, this restricts the number of targets that can be used for the docking. 

This restriction can be theoretically addressed by the recent advances in machine 

learning based structure prediction such as DeepMinds AlphaFold (Jumper et al., 

2021; Varadi et al., 2022). However, when testing the structures predicted by 

AlphaFold against their respective experimental structures with our docking approach, 

the results for the experimental structures were significantly better and more accurate. 

This is possible due to using blind docking rather that focussed docking. Especially 

the more flexible (terminal) regions of the proteins are often not resolved correctly by 

AlphaFold (Jumper et al., 2021). This may be irrelevant for focussed docking, where 

the binding site is well defined, but can pose a problem for blind docking, as the 

flexible regions can interfere with searching the entire protein structure. Furthermore, 

AlphaFold does not predict all protein structures equally well, since it relies on a data 

basis of experimentally resolved structures, where certain protein classes, such as the 

difficult to handle membrane proteins, are underrepresented due them being 
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challenging to resolve structurally. Predicted structures were therefore not included in 

the protein library for the target-based approach. Hence, it is possible that the target of 

some compounds is not amongst those tested here, or that compounds are assigned to 

the wrong target. 

The same limitation applies also to the ligand-based approach, where not for all 

targets a list of known ligands is available. This excludes proteins, especially those 

which have not been extensively studied in the past, from being considered as 

potential targets. Additionally, some proteins may only have very few known ligands, 

which makes it unlikely for them to be identified as a target for a specific compound, 

since there are too few reference ligands to compare the query ligands to. On the other 

hand, this results in a large bias towards very well studied proteins, for example those 

that have been considered as targets for other disorders. As these often have a high 

number of ligands already associated to them, it is more likely to also find ligands that 

share a higher similarity with the query compounds. Additionally, again, promiscuous 

proteins and ligands can lead to non-specific pairings being identified. Hence, both 

the target- and the ligand-based approach can lead to unspecific pairings and the 

results should be viewed as potential interactions to narrow down the possible targets 

of a compound. Interactions of interest should be studied in depth and ideally 

confirmed experimentally. Furthermore, binding does not automatically translate to 

activity, so activity assays have to be performed to confirm proposed mechanisms of 

action. Nonetheless, these in silico methods can greatly reduce time and cost of target 

identification and support hypothesis development. Especially when combining the 

target- and ligand-based approach, which, to the best of our knowledge, this study is 

the first to do, shortcomings of both methods can be circumvented and limitations 

reduced. 

Again, this target identification approach was applied to the example of CF, bringing 

together the chemical data from the chemical CandActCFTR database and the 

biological CFTR Lifecycle Map. However, this approach can be applied in the same 

manner for other use cases and diseases as well. Depending on the research question 

and the data available, the methods can be adapted to fit the conditions. For example, 

if the structures of most of the potential targets are resolved, the emphasis could be 

placed on the target-based identification approach. On the other hand, if the number 

of ligands and proteins were to large, one might focus on the ligand-based approach 
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and only use the target-based approach where no ligand data is available to reduce 

computational costs. Interactions identified that appear promising in the disease 

context could also be studied further by more detailed and extensive docking or 

molecular dynamics to refine the results. Additionally, if available, the a priori data 

and knowledge generated in silico could always be extended by experimental data, 

which would greatly improve the data basis. 



 

Chapter 8 Summary & Conclusion 
 

The ever-increasing amounts of biological data and knowledge being produced, and 

the sophisticated bioinformatics tools to analyse them offer a wide range of 

possibilities in the field of systems medicine. Nonetheless, oftentimes, the data is not 

used to its full potential, as it is being analysed separately and with highly specific 

methods. However, integrating different kinds of data in a reproducible way is 

imperative to make full use of the potential of systems medicine.  

For this purpose, it is necessary to generate an overview over the different aspects of a 

topic to then derive novel insights. 

Therefore, in this thesis, the main objective was to bring together various data sources 

in a modular way to gain a holistic view on the molecular biology underlying a 

disease and thereby support treatment development. This was developed and 

demonstrated at the use case of Cystic Fibrosis. Cystic Fibrosis is a hereditary disease 

with a wide range of geno- and phenotypes, which make it difficult to treat 

causatively. To predict compounds and synergistic compound combinations as 

candidate therapeutics, a set of generic tools and methodologies was developed and 

applied. The project is built on two main data sources, chemical data from compounds 

that have been tested as modulators in the CF context, and biological interaction and 

pathway data from detailed small-scale experiments and high-throughput efforts. 

These two data collections were prepared and made available as independent 

resources and then linked and brought together to gain new insights on drug targets in 

CF and the mechanism of action of active compounds. Specifically, the tested 

substances were collected in a compound database and the molecular pathways and 

interactions underlying the disease were modelled in a computational disease map. To 

support the otherwise time-consuming manual creation and upkeep of disease maps, a 

tool was developed that provides a computational link between text mining methods 

and disease maps. In order to then link the compound database and the disease map, 

an interactive plugin was created to map the compounds to their potential targets 

based on available data. Since the available data on their bioactivity did not cover all 

active molecules, target- and ligand-based inverse screening were used 

complementary to identify potential targets of the active compounds. This data will 
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serve as basis to suggest novel compounds and compound combinations for testing in 

the wet-lab. 

Overall, each module of the project can be viewed independently as their own 

resource or, as demonstrated here, brought together to provide new insights. Thereby, 

each part can be customized according to the specific application and different data 

sources can be integrated, depending on what is available. Generally speaking, the 

better the data foundation, the greater the added value. However, this project relies 

solely on already published open-source data. This shows that it is possible to also 

gain knowledge if the data foundation is scarce in certain areas and different kinds of 

data can be substituted by others. For example, missing experimental protein-ligand 

interaction data can be substituted by virtual screening data, and interactive, 

expandable systems biology models can be used to understand biological 

mechanisms, generate hypotheses and plan experiments accordingly. This is possible 

through the use of generic methodologies, which are flexible and adaptable to the data 

at hand. While complex and sophisticated bioinformatics methods certainly provide 

great possibilities for systems medicine, they are also often highly specific and require 

certain data types and formats to produce meaningful results, which excludes them 

from many applications. To integrate different data sources and benefit from the 

added value, it is therefore essential to employ replicable and adaptable tools and 

methods and adhere to community data standard. These approaches can also be used 

and adjusted to other diseases. 

In conclusion, the generic and adaptable systems medicine tools developed and used 

within this thesis allow researchers a thorough and holistic view on the molecular 

basis of diseases via integration and recycling of different sources of data and 

knowledge. The applicability of the tools was shown on CF as an exemplary disease, 

demonstrating how this approach can be used for other diseases and use cases. 
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