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ABSTRACT 
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Demir, Veysel Buğra 
Master of Science, Biotechnology 

Supervisor : Asst. Prof. Dr. Aybar Can Acar 
 Co-Supervisor: Prof. Dr. Tolga Can  

 
 

December 2021, 129 pages 

 

 

Healthcare is improving day by day and these developments make healthcare more 

accessible and this leads to production of large amount of data. The interpretation of 

these data, making assumptions and revealing significant results by using data 

analysis methods are important here as in every field that produces big data. 

Analysed data that are collected during clinical trials have great effect in ensuring 

developments in healthcare. Adverse event reports are one of the important parts of 

the clinically studied drugs or treatments. Evaluating the safety of an anticancer 

treatment through serious adverse events in clinical practice can provide important 

information for future cancer treatments. In this study, we propose a method to 

discover the links between serious adverse events and drugs, and between serious 

adverse events themselves. Our hypothesis is that, it can be possible to estimate the 

drug specific serious adverse events that occur together by using the clinical trial 

data that are transformed into a table structure for turning data into information to 

provide significant insights. We used ClinicalTrials.gov to download the clinical trial 

results that reported serious adverse events and in particular studied the anticancer 

drugs Cytarabine, Sorafenib and Doxorubicin. We used the MeSH and the CTCAE 
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thesaurus to assign unique IDs to the serious adverse events to handle the 

inconsistency in the reports of serious adverse events. t-SNE and DBSCAN 

combination  was used to find similar serious adverse events. To cluster the serious 

adverse events based on the drugs, we used spectral co-clustering. With the help of 

the hierarchical structure of the thesaurus, the p-values of the root and parent events 

were calculated to find significant ones that are encountered more or less, relatively, 

in a specific drug.  Most of the results of this study are compatible with the available 

sources in the literature and the approach provided could predict the serious adverse 

events that are specific to new treatment options. 

Keywords: Serious Adverse Events, Clinical Trials, Anticancer Drugs, Data 

Analysis, Clustering Algorithms. 
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ÖZ 

 

KLİNİK DENEY VERİLERİ VE MAKİNE ÖĞRENMESİ ARAÇLARI 
KULLANILARAK İLAÇLARIN POTANSİYEL CİDDİ ADVERS 

ETKİLERİNİN BULUNMASI 
 
 
 

Demir, Veysel Buğra 
Yüksek Lisans, Biyoteknoloji 

Tez Yöneticisi: Dr. Öğr. Üyesi Aybar Can Acar 
Ortak Tez Yöneticisi: Prof. Dr. Tolga Can 

 

 

Aralık 2021, 129 sayfa 

 

 

Sağlık hizmetleri her geçen gün gelişmektedir ve bu gelişmeler sağlık hizmetlerini 

daha erişilebilir kılmakta ve bu da büyük miktarda veri üretilmesine yol açmaktadır. 

Büyük veri üreten her alanda olduğu gibi burada da bu verilerin yorumlanması, 

varsayımlarda bulunulması ve veri analiz yöntemleri kullanılarak anlamlı sonuçların 

ortaya çıkarılması önemlidir. Klinik araştırmalar sırasında toplanan verilerin analizi, 

sağlık hizmetlerinde gelişmelerin sağlanmasında büyük etkiye sahiptir. Advers etki 

raporları, klinik olarak çalışılan ilaç veya tedavilerin önemli kısımlarından biridir. 

Klinik uygulamada, ciddi advers etkileri aracılığıyla bir antikanser tedavisinin 

güvenliğinin değerlendirilmesi, gelecekteki kanser tedavileri için önemli bilgiler 

sağlayabilir. Bu çalışmada, ciddi advers etkiler ile ilaçlar arasındaki bağlantıları ve 

ciddi advers etkilerin kendileri arasındaki bağlantıları keşfetmek için bir yöntem 

öneriyoruz. Hipotezimiz, önemli içgörüler sağlamak amacıyla verileri bilgiye 

çevirmek için bir tablo yapısına dönüştürülen klinik araştırma verilerinin 

kullanılmasıyla, birlikte ortaya çıkan ilaca özgü ciddi advers etkileri tahmin etmenin 
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mümkün olabileceğidir. Ciddi advers etkileri bildiren ve özellikle Cytarabine, 

Sorafenib ve Doxorubicin antikanser ilaçlarını çalışan klinik araştırmaların 

sonuçlarını indirmek için ClinicalTrials.gov'u kullandık. Ciddi advers etki 

raporlarındaki tutarsızlığın üstesinden gelmek amacıyla ciddi advers etkilere 

benzersiz kimlikler atamak için MeSH ve CTCAE sözlükleri kullanıldı. Benzer ciddi 

advers etkileri bulmak için t-SNE ve DBSCAN kombinasyonu ve ilaçlara dayalı 

ciddi advers etkileri kümelemek için spektral birlikte kümeleme algoritması 

kullanıldı. Sözlüklerin hiyerarşik yapısı yardımıyla, belirli bir ilaçta nispeten az ya 

da çok karşılaşılan anlamlı olayları bulmak için kök ve ana olayların p-değerleri 

hesaplandı. Bu çalışmanın sonuçlarının çoğu, literatürdeki mevcut kaynaklarla 

uyumludur ve sağlanan yaklaşım, yeni tedavi seçeneklerine özgü ciddi advers 

etkileri öngörebilir. 

Anahtar Kelimeler: Ciddi Advers Etkiler, Klinik Denemeler, Antikanser İlaçlar, Veri 

Analizi, Kümeleme Algoritmaları. 
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CHAPTER 1  

1 INTRODUCTION  

1.1 Motivation 

Healthcare is improving day by day due to developments in science and technology. 

These developments make healthcare more accessible and this leads  to the use of 

healthcare services by more people, and more people mean large amounts of data. 

On average, a patient generates 80 MB of data per year [1] and it is easily predictable 

that this will increase in the future. The interpretation of these data, making 

assumptions and revealing significant results by using data analysis methods are 

important here as in every field that produces big data.  

Analysing the data that is provided from healthcare systems has the potential to 

highly influence medical research, service planning and health policy [2]. These 

analyses produce better estimates, improve patient care and treatment decisions [3]. 

As a result of analyzing the raw form of data, certain patterns can be found and high 

amounts of data turn into actionable knowledge and provide insights to decision 

makers [4]. These insights either make decisions more precise or provide unique 

approaches. Converting analyzed data into a graph structure provides even more 

insight about the data. Due to the improvements it offers and the hidden patterns, 

correlations and trends it uncovers, data analysis and data visualization are important 

in the field of healthcare.  

One of the major data sources for healthcare is clinical data. Clinical data make great 

contributions to measuring and monitoring outcomes, improving and developing 

pre-existing methods and accelerating innovation and exploration. Thus it has great 

potential in the fields of healthcare, health research and medical research [5]. Clinical 
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data have many types and one of them is clinical trial data [6] which is also the main 

data source of this study. 

Clinical trials are important for the development of treatments and thanks to these 

we have the high standards of medical care [7]. Analysed data that are collected 

during clinical trials have great effect in ensuring developments in healthcare [8]. 

Clinical trials informs clinicians and decision makers about the efficacy and safety 

of treatments [9]. Furthermore, clinical trials can provide information about the 

adverse effects of medical interventions or treatments by controlling the variable that 

may effect the results of the study [10]. 

Adverse event reports are one of the important parts of the clinically studied drugs 

or treatments. Measuring and monitoring safety of the study is standardized using 

adverse event and serious adverse event reporting protocols [11]. An adverse effect 

is an unexpected outcome, which is an unfavorable and dentrimental change in the 

health of a participant, that happens during or within a certain amount of time after 

a drug treatment or any medical intervention with at least a reasonable possibility of 

causal relationship. On the other hand, an adverse event is more or less the same 

thing but it is not necessarily caused by the intervention or treatment being studied 

meaning that causality is unknown [12], [13]. Serious adverse events are any adverse 

events that has serious medical consequences [12] and they are also the main data 

source from collected clinical trial reports for this study. A serious adverse event can 

result in; death, life threathening condition, inpatient hopitalization, prolongation of 

hospitalization, permanent or significant disability or incapacity, congenital anomaly 

and birth defect [14]. 

Any medical events can be considered as serious adverse events if they put 

participant in danger, require medical or surgical interventions to protect them from 

above-listed consequences even though they do not result in death, they do not 

require hospitalization or they are not life-threatening [13].  

If the casuality is unknown, adverse event can be a general term for adverse effect, 

adverse reaction or adverse drug reaction [12]. Due to the use of cancer drugs, 
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adverse drug reactions are an important cause of morbidity and mortality. Serious 

adverse drug reactions are frequent outcomes in oncology practices where cancer 

drugs are widely used [15] since they are essentially designed to be toxic [16]. It is 

particularly important to consider adverse drug reactions associated with cancer 

drugs because these drugs are notably likely to cause these kind of reactions since 

they are cytotoxic and therefore often damage normal cells in addition to malignant 

cells [16]. So, overall occurrence of serious adverse events is high and some of them 

are specific to chemotherapy. For example the global incidence rate of serious 

adverse events is 44.5% in a study that consists of 1000 patients [17]. While some 

of adverse events are specific to molecules that make the drug toxic to certain organs, 

some of them are common to all types of chemotherapy drugs because of their action 

mechanisms [17].  

Evaluating the safety of an anticancer treatment through adverse drug events in 

clinical practice can provide important information for future cancer treatments [18]. 

The World Health Organization (WHO) recognized the importance of having an 

efficient way to monitor adverse drug events. This is the basis of the International 

Drug Monitoring Program [19]. Also, since even the preventable adverse events are 

estimated to cost aroud $3.5 billion annually just in the United Sates alone, adverse 

drug events constitute one of the most substantial types of healthcare adverse events 

[20]. For these reasons monitoring, analyzing and investigating the nature and 

frequence of serious adverse drug events are worth to be considered. 

Based on the importance of clinical trial studies and serious adverse events arising 

from anticancer drugs, this study tries to establish a connection between drugs, 

treatments and adverse events and develop certain insights based on this connection 

by using the adverse event data that are collected from various clinical trial studies. 

Methods of data analysis and data visualization is used for their importance and 

effectiveness in the delivering insights from raw data. 
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1.2 Aim of the Thesis 

The aim of this thesis is to discover links between drugs and serious adverse events 

and finding serious adverse events that trigger each other or occur together by 

measuring the similarities of serious adverse events.  

Our hypothesis is that, with the proposed methods in this study it can be possible to 

estimate the drug specific serious adverse events that occur together by using the 

clinical trial data that are transformed into a table which is then data mined to provide 

significant insights. We expect that the results of this study will be compatible with 

the available sources in the literature and the approach provided could predict the 

serious adverse events that are specific to new treatment options. 

1.3 Outline of the thesis 

The clinical trial results were downloaded from ClinicalTrials.gov and they were  

transformed into a table. They were analyzed to turn data into knowledge, to find 

certain patterns and to provide significant insights. 

In Chapter 2, background and related work is presented. The methods and tools used 

in this study are explained and previous studies are reviewed. 

In Chapter 3, the methodology is explained in detail. The retrieval and transformation 

processes of the data and how the algorithms were applied to the data are explained. 

The pipeline chart is also provided to make the following steps easier to understand. 

In Chapter 4, the results of the applied algorithms are provided. It contains 

visualization of the data along with the p-value calculations. The results of these 

analyses are also available as a Jupyter Notebook at: 

github.com/VBugraDemir/ClinicalTrials/blob/main/Thesis-Results.ipynb 

In Chapter 5, the discussion and conclusion are given along with the potential future 

works. 
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CHAPTER 2  

2 BACKGROUND AND RELATED WORK 

2.1 Tools and Methods Used 

2.1.1 Source/Database 

Clinicaltrials.gov is a resource which is web-based and publicly accessible registry 

of clinical trials and it was established by National Library of Medicine (NLM) at 

the National Institutes of Health (NIH) in 2000 for the purpose of having an online 

information source that makes researching easy by using clinical data among all 

registered clinical trials [21]. It was created due to the need for a publicly accessible 

online information source that arose as a result of the Food and Drug Administration 

Modernization Act (FDAMA) of 1997. FDAMA made necessary to establish a 

registry of clinical trials for federally, privately and publicly funded trials to test 

efficacy of new or experimental drugs for deadly or life-threatening conditions [22]. 

Clinicaltrials.gov provides information which includes all recruiting, active, 

suspended, terminated, withdrawn and completed clinical studies and their results if 

it is available [23]. Currently it contains more than 370.000 research studies from 

220 countries and it is the most robust one among the other clinical trial registries 

[24]. The database has two main components; clinical study registry and results 

database [25]. The results database of the clinicaltrials.gov was launched in 2008 

which made the submission of the basic results mandatory, at least 1 year after the 

completion date of the study. Early on when the result database was first released, 

the submission of adverse event information was optional but it has been required 

since 2009 [26]. Result databases provide systematic reporting of registered clinical 
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trials in a complete, structured and timely manner [27]. While registry data elements 

are downloadable and available in list or spreadsheet format such as rows are records 

and data elements are columns, results data elements are only available in XML since 

data structure of result data tables has high degree of variability [25]. 

Clinicaltrials.gov provides valuable, easy to access information to patients, 

clinicians, researchers, healthcare professionals and the public on a wide variety of 

diseases and conditions [22].  It creates a considerable opportunity to understand 

clinical research better, increases public awareness of clinical trials and also 

improves monitoring of research [24]. ClinicalTrials.gov encourages reporting of 

results and recording of biomedical and health-related studies on humans [28]. With 

the clinical trials registered regardless of the country in which the clinical study was 

conducted, Clinicaltrials.gov looks for cooperation with other countries and tries to 

establish a universal trial registration system [29]. 

The increased use of Clinicaltrials.gov may lead to facilitation of the systematic 

evaluation of clinical studies in order to establish a knowledge base that provides 

information about medical practice and prevention [30]. It becomes clear that the 

database is a unique resource for those researching clinical studies. Between 2010 

and 2015, 404 research articles containing; adverse events, ethics and analyses of 

studies on specific conditions were published using the data provided from 

Clinicaltrials.gov [25]. For proper analyses, it is important to understand the structure 

of the database, its evolution over time, the organization of records and the factors 

that shape the content of the database [25]. 

2.1.2 Ontologies (Dictionaries) Used in This Study 

2.1.2.1 Medical Subject Headings (MeSH) 

Medical Subject Headings (MeSH) thesaurus is a controlled vocabulary [31], since 

it is a set of consistent terms used in a particular field of knowledge [32]. MeSH 
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contains more than 200.000 terms [33] that are organized into hierarchies [34] which 

is called MeSH Tree Structures [33]. It was developed [35] and has been maintained 

by the National Library of Medicine (NLM) since 1960 [36]. As literature evolves 

and changes, NLM adds new terms or modifies existing ones [37]. Mesh was needed 

due to the necessity of indexing and cataloging of books, journal articles, research 

publications or any information related to the life sciences such as biomedical and 

health [38]. It is translated into many different languages and widely used around the 

world [35]. 

MeSH contains all the concepts that appear in the medical literature, hence searches 

are more focused and unambiguous when main headings and subheadings of MeSH 

are used [39]. Also, for each of the headings there are appropriate substitutes called 

entry terms that are used as pointers to the main headings which leads to association 

of different terms that indicates the same heading [35]. Concepts in the medical 

literature are represented by descriptors in MeSH and each descriptor has a MeSH 

heading name and unique ID along with other identifying details. For instance, 

stomach neoplasms has a unique ID of D013274 as a descriptor [40] and its 

hierarchical structure can be seen in Figure 2.1. So the concepts in MeSH can be 

used as keywords and are helpful in the information retrieval process [41]. That 

makes MeSH a powerful tool for performing a targeted search which gives narrower 

results [39] and it provides organized medical knowledge and information [42]. 

 

Figure 2.1 Tree structure of stomach neoplasms [43]. 
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The words used in the literature search involving medical topics vary from searcher 

to searcher, if they are not made uniform [44]. As a result of this, the desired results 

may not be obtained so the research may slow down and the accumulation of 

knowledge may be interrupted. MeSH ensures the language used by authors is 

compatible with a standard and that a searcher can find relevant studies using the 

MeSH terms since the author and searcher do not differ in how they describe a 

concept [37]. MeSH provides official words to represent any health-related concepts. 

The terms used for labeling an article should be selected from the official MeSH list 

by the indexer. For example if an article is about heart attack, the official MeSH 

term myocardial infarction should be used as label instead [45]. This regulation 

results in more efficient searching, saves time and effort and improves precision 

because after discovering the correct MeSH, the potential variants in spelling and the 

trends in terminology are not needed to be considered anymore [45].  

As we want to discover links between adverse events, drugs and clinical trial studies 

in this study, we need to standardize adverse event terms since some of these terms 

change report to report and are not compatible with each other even when they 

represent the same condition. This stems from the lack of conformity to a standard 

in the clinical trial reports. To overcome this issue, MeSH was chosen to be the 

backbone used in assigning the same unique ID to different terms that represent the 

same condition while different unique ID’s are assigned to different conditions. For 

example, in order to make the analyses reliable, avoid confusion and loss of 

information; “Head pain”, “Pain: Head” and “Headache” all should have the same 

unique ID which is D006261 that represents the MeSH heading of “Headache” in 

this case. So, MeSH has served as a good starting point to catch the synonyms with 

its entry terms, and to create the adverse event knowledge base.  
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2.1.2.2 Common Terminology Criteria for Adverse Events (CTCAE) 

Due to the toxicity of anticancer drugs, adverse events can occur in patients who 

receive the treatment [46]. Adverse events are increasing in the treatments of patients 

[47] with the introduction of new anticancer agents and this makes them a growing 

concern. Therefore, adverse events are an essential part of the patient care and 

require close collaboration and partnership that lead to uniform cataloging and 

grading of adverse events for efficient communication and better interventions [48].  

In order to standardize the reporting and documentation of adverse events, the US 

National Cancer Institute (NCI) published the Common Terminology Criteria for 

Adverse Events (CTCAE v3.0) in 2003 [49]. It was the first standardized and 

complete descriptive terminology [50] that provides standardized definition criteria 

for identifying and grading adverse events [51]. The risks caused by the treatments 

has been understood more clearly and the comparison of different anticancer drugs 

and treatment methods has been made more easily with the widespread use of the 

CTCAE [50]. The CTCAE also used in clinical studies to evaluate adverse events 

with a grading system that makes possible to classify them [52] based on their 

severity [53]. Also, adverse events are collected and reported based on the CTCAE 

in cancer clinical trials [54]. Thus, it assists in the evaluation of new anticancer drugs 

or treatment methods for patient safety [55]. 

All the adverse event terms in the CTCAE have been mapped to the Medical 

Dictionary for Regulatory Activities (MedDRA) codes [56] and grouped by System 

Organ Class (SOC) which one of the hierarchy levels in MeDRA [51]. MedDRA is 

a medical terminology that is used to support health monitoring internationally [51]. 

The version used in this study (CTCAE v5.0) contains 837 [57] adverse event terms 

with their grading and unique MedDRA codes. For most of the adverse events, 

grades consist of Grade 1 through Grade 5 as mild and extremely severe respectively 

with their clinical definitions [57]. All the available information of hypotension in 

the CTCAE can be seen in Table 2.1. 
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Table 2.1 CTCAE grading for hypotension [58]. 

MedDRA Code 10021097 

MedDRA SOC Vascular disorders 

CTCAE term Hypotension 

Grade 1 Asymptomatic, intervention not indicated 

Grade 2 Non-urgent medical intervention indicated 

Grade 3 Medical intervention indicated; hospitalization indicated 

Grade 4 
Life-threatening consequences and urgent intervention 
indicated 

Grade 5 Death 

Definition 
A disorder characterized by a blood pressure that is below 
the normal expected for an individual in a given 
environment. 

 

As a result of not conforming to a certain standard in the clinical trial reports, some 

of the clinicians stick to the MeSH terms, some to the terms in CTCAE, and some of 

them report adverse events in their own way. Therefore, in addition to MeSH, 

another terminology library was needed in the association of adverse event terms 

with their unique ID’s when MeSH is insufficient. CTCAE is a good secondary 

source for this study, because it includes unique ID’s for each term, is an adverse 

event focused terminology and contains some of the frequently used terms in the 

adverse event reporting that are not available in MeSH. 

2.1.3 Anticancer Drugs Investigated in This Study 

2.1.3.1 Sorafenib 

Sorafenib is a small molecule that was designed as an oral inhibitor of a few kinases 

involved in tumor growth and tumor angiogenesis [59]. Sorafenib is approved for 

the treatment of thyroid [60], advanced renal cell carcinoma (kidney cancer) [61] and 

hepatocellular carcinoma [62] which is the most common type of primary liver 



 
 

11 

cancers [63]. It delays the progression of tumor and prolongs survival in patients 

with carcinoma [62].  

Although, initial intention was to develop a rapidly accelerated fibrosarcoma (RAF) 

inhibitor, subsequent studies of Sorafenib showed that it is actually a multikinase 

inhibitor for variety of tyrosine kinase receptors [61] such as vascular endothelial 

growth factor receptor (VEGFR) and platelet derived growth factor receptor 

(PDGFR) [62].  

In the development of carcinoma, tumor angiogenesis plays an important role 

because it is the essential mechanism for tumor growth and metastasis  [61]. Thus, 

inhibition of angiogenesis is a convenient target [61], [62]. VEGFR is involved in 

formation of blood vessels, endothelial cell proliferation and survival [64]. As a 

result of tumor angiogenesis; tumor cell proliferation, differentiation and survival is 

upregulated through the mitogen activated protein kinase (MAPK)/extracellular 

signal-regulated kinases (ERK) signal transduction pathway [62]. MAPK/ERK 

pathway (Figure 2.2) includes the kinase, MAPK (MEK) [65] and is usually 

activated in numerous cancers [66]. Sorafenib inhibits the MAPK/ERK pathway by 

biding to RAF, VEGFR and PDFGR [67]. Thus, growth and cell population of tumor 

are decreased by preventing the activation of the pathway [68]. 

 

Figure 2.2. MAPK/ERK pathway and its inhinition by Sorafenib [61]. 
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Discovery of pathways such as MAPK/ERK cascade has led to development of 

molecularly targeted therapies [62]. Targeted therapies aim at abnormal molecular 

pathways involve in growth or proliferation of tumor, unlike cytotoxic chemotherapy 

[69]. Molecular targeted therapies increase the efficiency of cancer therapy and 

increase the survival rate with less side effects than traditional cytotoxic 

chemotherapies [69], [70]. Thus, therapy with Sorafenib is generally well tolerated 

in patients with manageable adverse events. Diarrhea and hand-foot skin reaction are 

the most common adverse events caused by Sorafenib [62]. 

2.1.3.2 Cytarabine 

Cytarabine, also known as arabinosylcytosine (ARA-C) [71], is an antineoplastic and 

antimetabolite agent [72]. It has also antiviral and powerful immunosuppressant 

properties [72], [73]. Since Cytarabine is a cell cycle-specific agent, it kills cells that 

synthesize deoxyribonucleic acid (DNA) and inhibits the synthesis of DNA [74]. It 

is mostly used in the treatment and management of lymphoma and leukemia [72]. It 

is especially an important agent to consider in the treatment of acute myeloid 

leukemia [71]. Cytotoxic concentrations around the cancer cell should be maintained 

for many days for Cytarabine to be most effective [75]. Thus, continuous infusion of 

Cytarabine is more toxic than discontinuous dosage, still low dose Cytarabine is well 

tolerated [76].   

Cytarabine is converted to the active metabolite 5’ triphosphate ester in cell [77], 

then it incorporates into DNA strands to stop the synthesis by blocking the rotation 

of the DNA molecules with the sugar part within it [71], induces miscoding, interrupt 

the chain elongation and inhibits DNA polymerase [78]. The DNA replication is 

terminated during the cell cycle and this makes Cytarabine  a drug specifically suited 

for cells which rapidly divide like in the case of cancer [71]. Some toxic effect can 

be expected on rapidly dividing normal cells like corneal epithelium because of the 

ceased replication and repair of DNA due to the inhibition of DNA polymerase by 

Cytarabine [71], [79].  
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Gastrointestinal toxicity is the major problem in both standard and high dose 

Cytarabine therapy. Since the gastrointestinal lining is composed of rapidly dividing 

tissues, it is highly sensitive to Cytarabine [76]. Vomiting and nausea are really 

common in the therapy with Cytarabine [73] and almost all patients treated with 

Cytarabine experience them [76]. Stomatitis (or oral mucositis) can be seen 

especially with the high dose regimens within a few days because of the 

susceptibility to infection due to the destruction of the oral mucosal barrier [76], [73]. 

Diarrhea also occurs with the high dose Cytarabine therapy with intestinal injury, 

since Cytarabine is toxic to the intestinal stem cells and inhibits epithelial 

regeneration [76]. Headache, fever and skin rash are other common reactions that 

may occur with the use of Cytarabine [76], [80]. 

2.1.3.3 Doxorubicin 

Doxorubicin is a wide-spectrum antitumor antibiotic which is from the anthracycline 

group of chemotherapeutic agents [81]. Anthracyclines are used in the treatment of 

various cancer types and they are extracted from the Streptomyces peucetius 

bacterium [82], [83].  Because Doxorubicin is an anthracycline, it is widely used 

against solid tumors [81]. Unlike other anthracyclines, Doxorubicin has a broader 

spectrum of activity [84], so it is also used in the treatment of soft tissue and bone 

sarcomas as well. Lymphoblastic leukemia, acute myeloblastic leukemia (AML), 

small cell lung cancer and cancer of breast, ovary, bladder and thyroid are other types 

of cancers that Doxorubicin is used to treat [82].  

Due to the Doxorubicin’s ability to inhibit DNA and cause cell apoptosis, it has 

antineoplastic activity [81]. Doxorubicin intercalates into DNA and inhibits the 

repair activity of topoisomerase II that results in breakage of DNA and inhibition of 

both DNA and ribonucleic acid (RNA) synthesis. Doxorubicin also generates free 

radicals such as reactive oxygen species that cause oxidative damage to membranes, 

proteins and DNA which especially further limits DNA synthesis [82], [85]. DNA 
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damage, membrane damage and oxidative stress due to the reactive oxygen species 

trigger apoptotic pathways and lead cells to death [85]. 

Although Doxorubicin and all anthracyclines in general are very effective, their use 

is limited by their cardiotoxicity [81]  which occurs with cumulative doses and can 

lead to congestive heart failure [84]. This limits the long term use of Doxorubicin 

[82]. Bone marrow suppression, nausea, vomiting, diarrhea and fatigue are other 

adverse events that occur due to use of Doxorubicin [84]. Doxorubicin also induces 

immunogenic cell death and that leads to systemic immunosuppression [86].  

2.1.4 Clustering Methods Used 

2.1.4.1 T-Distributed Stochastic Neighbor Embedding (t-SNE) 

T-Distributed Stochastic Neighbor Embedding or t-SNE is a machine learning 

algorithm that is widely used to explore high-dimensional data [87]. It is suitable for 

use in the visualization of high-dimensional data. It is a dimensionality reduction 

technique that embeds high-dimensional data in a low dimensional space such as two 

or three dimensions [88]. The reason it has become popular is that t-SNE can create 

two dimensional maps from data with thousands of dimensions [87]. To create that 

map, t-SNE assigns each data point to a location in two or three-dimensional space 

[88]. Patterns on the map represent the natural clustering of the data based on the 

similarity of data points [89].  

In order to reduce the dimensionality properly, methods preserve the significant 

structures of the high-dimensional data in the low-dimensional map as much as 

possible. Several methods are proposed for this and classical ones are linear 

techniques that keep the dissimilar data points far apart and preserve the global 

structure of the data thus fail to preserve the similarities within the clusters. Keeping 

very similar data points together is not possible with linear methods but t-SNE is a 

nonlinear dimensionality reduction method which aims to preserve the local 
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structure of data by aggregating similar data points (Figure 2.3). It visualizes the 

resulting similarity information by preserving most of the local structure of the high-

dimensional data with well separated clusters. It also reveals global structure to some 

extent with the clusters at several scales [90]. t-SNE performs well as an embedding 

method [91] since local structures are preserved in small neighborhoods [92].  

 

Figure 2.3. Visualization of dimension reduction results of a linear method (a) and 

t-SNE (b) on the same data [93]. 

t-SNE uses feature extraction to reduce dimensionality [94]. Feature extraction is a 

method that removes redundant data while keeping the necessary data. Thus it 

creates more manageable data from the initial raw data [95]. t-SNE defines similarity 

between the high and low-dimensional spaces by describing symmetric joint-

probability distributions for both. The distributions measure the pairwise similarities 

between data points which are modeled based on the conditional probabilities for 

each data point, in order to pick another data point as its neighbor [96]. So, pairwise 
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similarity creates affinity between data points (Figure 2.4). Data points with high 

affinity create close neighbors while distant data points have near zero attraction 

[97]. Thus, similar data points have a higher probability of being selected than 

dissimilar data points [98]. These pairwise similarities are based on the probability 

density under the Gaussian distribution in high-dimensional space and Student’s t-

distribution in the low-dimensional space [99]. To place the points in two dimension 

after defining the distributions [97], t-SNE minimizes a cost function which is the 

divergence between the two distributions [96] thus local structure of data points is 

preserved in both high and low-dimensional spaces [99]. 

 

Figure 2.4. Clusters created based on the affinities between data points. The 

pairwise affinity is larger between A and B than between A and C, therefore A is in 

the same cluster with B rather than C [90]. 

t-SNE is one of the widely used dimensionality reduction techniques and has many 

applications. Overall, it can be considered as a visualization, pattern recognition, 

classification or compression method for big data sets with high dimensonality [89]. 
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2.1.4.2 Density-Based Spatial Clustering of Applications with Noise 

(DBSCAN) 

Density-based spatial clustering of applications with noise (DBSCAN) is an 

unsupervised density-based clustering algorithm [100]. DBSCAN defines clusters as 

regions of dense data points that are surrounded and separated from each other by 

lower density regions [101]. It automatically discovers arbitrarily shaped clusters 

with varying densities and it can be efficiently used with large data sets [102]. 

Since widely used model-based clustering algorithms optimize the fit between data 

and a mathematical model [103], they assume that data are identically distributed 

and this makes it hard to identify arbitrary shaped clusters [104]. Unlike model-based 

clustering algorithms, DBSCAN and all density-based clustering algorithms can 

discover clusters with any arbitrary shape and size (Figure 2.5), even if there are 

noise and outliers [102], [103].  

 

Figure 2.5. Some arbitrary shapes that can not be clustered by model-based clusters 

unlike DBSCAN [105], [106]. 

DBSCAN creates clusters automatically based on a dataset and two given 

parameters, so it does not need the number of clusters to be stated initially [102]. 

These two given inputs are radius (Eps or ε) and minimum number of objects 

(MinPts) [103]. Eps is the  maximum accepted distance between two potential 

neighbors [107]. The objects within a radius ε of a given object constitute a 

neighborhood which is called the ε-neighborhood [108], [109].  And an ε-

neighborhood has to contain at least MinPts objects to become a core object  [108]. 

Points that are not a core point but belong to the ε-neighborhood of any core point, 
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are defined as border points (Figure 2.6). Hence a border point is density connected 

[110]. On the other hand, points are considered as noise if they are neither a core 

point nor connected to any core point [108].  

 

Figure 2.6. ε-neighborhood of p and q. MinPts is 4 and p is the core point. Because 

q is in the ε-neighborhood of p, q is directly density reachable from p [108]. 

 

Figure 2.7. DBSCAN cluster illustration [111]. 

Figure 2.7 shows an example of a single cluster that is created with DBSCAN and 

formed by neighbor points. The MinPts is 4 and the circles indicate the radius. A 

and all the other red points are core points since there are at least 4 points (the 

points themselves are included) around them within a radius of Eps. Arrows 

indicate that they are all reachable from one another (direct density reachability). 

Although B and C are not core points they are in the cluster since they are density 

connected to point A and other core points. N is a noise point because it is not 

density reachable [111]. 
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DBSCAN iteratively checks for ε-neighborhoods of each point in the data set and 

creates clusters. Finally, the process is terminated when there are no new points to 

add to any cluster [109].  

2.1.4.3 Spectral Co-Clustering 

Clustering is a substantial data exploration technique and it is fundamental in data 

mining [112], [113]. It is an unsupervised approach for data that has no predefined 

labels [114]. Clustering is used to group together similar objects by collecting closely 

related entities in the data set and assigning them to the same group [113], [115], 

whereas objects from different groups are dissimilar [116]. This reveals a new set of 

categories that leads to discover of hidden structure in sample data [117], [118]. 

Thus, with the use of clustering techniques, significant patterns can be found from 

data sets and hidden information can be obtained from raw data [116].  

Unlike clustering which independently groups similar rows or columns in a data set 

[119], co-clustering looks for row and column blocks or submatrices that are 

intercorrelated [120]. To achieve intercorrelation, row cluster prototypes, that are 

created with co-clustering, incorporate column clustering information, and vice versa 

[115], [120]. So briefly, co-clustering is simultenous clustering of both rows and 

columns [121]. Utilizing the duality between rows and columns improves clustering 

of both objects and features [122], and this makes co-clustering a powerful data 

analysis technique [121]. Co-clustering has been received lots of attention and 

studied in several fields such as; text mining, bioinformatics, natural language 

processing and recommendation systems [119], [120]. 

There are many co-clustering formulations and the spectral co-clustering model is 

one of them [121]. Spectral co-clustering converts the co-clustering problem into a 

partitioning problem on a bipartite graph [123] such that the nodes  correspond to 

rows and columns (Figure 2.8) in the input data martix [121]. Also, each cell of the 

input data matrix corresponds to an edge (and weight) in this bipartite graph [123].  
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Figure 2.8. Example of bipartite graph with two kind of vertices (square and 

circular nodes). With partition of the graph, co-clustering of the data is achieved 

[124]. 

Spectral co-clustering is thus based on spectral graph theory. The weighted graph is 

constructed from the input data matrix as explained above. Therefore, each node of 

this graph represents a pattern and each weighted edge represents the similarity 

between two patterns. After that, the clustering problem turns into a graph cut 

problem (Figure 2.9) which can be solved with spectral graph theory [125]. The 

partitioning is an optimization procedure [126] where a minimum number of cuts are 

performed such that the weights across the cuts (i.e. edge weights of the nodes in 

different sub-graphs [120]) are also minimized [123]. 

 

Figure 2.9. Example of an optimized cuts to partition the graph [124] 

Spectral co-clustering is suitable for providing robust estimations from correlated 

data points and revealing structure that are difficult to observe due to noise or sparsity 

[126]. 
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2.2 Literature Review 

C. Federer et al. developed a database that links clinical trials, drugs, and adverse 

events. They retrieved clinical trials with adverse events results from the 

ClinicalTrials.gov and performed big data mining along with pattern analysis and 

data visualization on the published results. Their motivation is very similar to ours, 

since they thought that studying clinical trial data, and more spesifically adverse 

events, would provide new insights and reveal relationships between drugs and 

adverse events. They used propotional reporting ratio (PRR) to evaluate the adverse 

events. With PRR they basically compared the frequency of adverse events that are 

reported for the patients who take a certain drug and the frequency of the same 

adverse event that is reported in other drugs. They concluded that a PRR greater than 

one means that the drug of interest has a higher frequency of the AE than others. 

They used 10,786 trials with results (at least one reported adverse event). They 

limited their study by the FDA drugs by using an FDA-approved drug list to extract 

drug-AE relationships. After that, they grouped the adverse events into 26 unique 

adverse events categories that comply with the Common Terminology Criteria for 

Adverse Events (CTCAE v4.0). But they did not explain how did they do that since 

they also complained about the lack of standards in clinical trial data elements, 

different ontologies that were used in reporting adverse events and typos in data 

entry. These are the same problems we faced too while doing this study. The 10 most 

common adverse events they found in the clinical trials were headache, nausea, 

dizziness, vomiting, fatigue, constipation, diarrhea, back pain, nasopharyngitis 

(common cold), and cough. Also they found that the kinase inhibitors have higher 

numbers of adverse events, compared with other drugs and suggested that kinase 

inhibitors have more “off-targets” [127].   

Jake Luo and Ron A. Cisler, integrated multiple adverse event reports from clinical 

trials to compare adverse events across different cancer drugs for better 

understanding of adverse events of cancer drugs. They looked for significant adverse 

events of drugs which is a similar thing we did in this study even though the 
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approaches are different. They extracted 12,922 distinct adverse events from 1,602 

cancer trials that were collected from ClinicalTrials.gov and selected 30 common 

cancer drugs. Like we did in this study, they standardized the adverse even terms but 

by using a different thesaurus. They mapped the extracted data elements to the 

Unified Medical Language System (UMLS) to standardize terminologies in the 

reports. They ranked all the adverse events based on their prevalence in the trials. 

Nausea was the top adverse event with a very high prevalence at 82.77%, followed 

by fatigue at 77.34%, vomiting at 75.97%, constipation at 72%, and cough at 63%. 

These are very similar to what C. Federer et al. found. The  incidence rate of the 

adverse events was also calculated and alopecia (hair loss) was found to have the 

highest incidence rate at 26.43%. They suggested that the incidence rates accross 

different drugs can be significant and they looked for statistically associated drugs 

and adverse events. They grouped together trials that tested the same drug and 

compared them. For significant adverse events across different drugs they used 

Grubbs’ test to evaluate the significance. They found several drug-adverse event 

associations such as; axitinib with hypertension, imatinib with muscle spasm, 

vorinostat with deep vein thrombosis and afatinib with paronychia [128].  

Zitnik et al. developed Decagon, a model to predict side effects of drug 

combinations. Use of drug combinations or polypharmacy is a common application 

for patients with complex diseases or co-occurring conditions. However, this 

increases the risk of adverse side effects for the patient because of drug-drug 

interactions. Since these interactions are not that common, the knowledge about them 

is limited and it remains a challenge. Thus, they developed Decagon to model and 

discover polypharmacy side effects. The method creates a multimodal graph of 

protein–protein interactions, drug–protein target interactions and the polypharmacy 

side effects, which are represented as edges between drug–drug interactions. To 

predict the side effects; they used co-prescribed drugs that have common target 

proteins for drug-target protein information and they also used protein-protein 

interactions to model characteristics of drugs that have common side effects. By that, 

drug combination interaction and the exact type of side effect can be predicted [129].  
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CHAPTER 3  

3 MATERIALS AND METHODS 

3.1 Overview of the Methods 

 

Figure 3.1. The pipeline of the methodology. 
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3.2 Dataset 

3.2.1 Downloading Data From Clinicaltrials.gov 

Clinical trials involving the use of Sorafenib, Cytarabine and Doxorubicin anticancer 

drugs were retrieved using the advanced search feature of Clinicaltrials.gov (Figure 

3.2). The names of the cancer drugs were entered in the “Intervention/treatment” 

field under the “Targeted Search” section respectively for each drug. “Adverse 

events” was also entered in the “Outcome Measure” field under the same section 

since assessing serious adverse events based on clinical studies is the aim of this 

study. The searches were narrowed down by selecting the “Studies with Results” 

option in the “Study Results” field because studies without results could not provide 

any information for further data analyses. As a result of the search, 71 studies were 

found for Sorafenib, 177 for Doxorubucin and 99 for Cytarabine (Figure 3.3).  

 

Figure 3.2. The advanced search form of the ClinicalTrials.gov [130]. 
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Figure 3.3. Result of the search for studies including Cytarabine as a treatment. 

Each study is encoded as an individual XML file and all the study records were 

downloaded as a single zip file containing these XML files (347 files in total). 

Sorafenib, Doxorubicin and Cytarabine were chosen because they have different 

characteristics and methods of actions. They are widely used in clinical trials which 

increases the diversity and the amount of the retrieved data respectively. 

3.2.2 Data Extraction From XML Files 

The desired information to be used in data analysis was extracted from downloaded 

XML files. The XML files in zip were extracted to a local folder and a Python script 

was written for the data extraction process. Study title, link of the study that also 

contains the Clinicaltrials.gov identifier, arm/group titles and arm/group descriptions 

of the study and for each serious adverse event from each study arm; serious adverse 

event term, number of affected participants, number of participants at risk and ratio 

of these two were extracted from the XML files.  

ElementTree, which is part of the Python standard library was used in the script to 

read and parse the XML data. Since XML documents are in a tree-like structure, 
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their elements were accessed by ElementTree. Using the methods of this library, a 

file was parsed into an element tree (ElementTree.parse()) and the root element of 

this tree was returned (tree.getroot()). That root was used to access the child and sub-

child elements within a for loop.  

The root element and all elements below it were iterated over until a specific element 

tag was found (using root.iter()). After finding the element tag, the element that had 

the tag was returned and the desired information was acquired either from its child 

or its sub-child with another root iteration (which would be an iteration over child 

elements this time). 

Study URL was gathered from the “url” child of the “required_header” element and 

study name was gathered from the “brief_title” element. Title and description of 

groups were gathered from the “title” sub-child and “description” sub-child of the 

“group_list” child of the “reported_events” element respectively. Serious adverse 

event terms were gathered from the “sub_title” sub-child of the “event” child of the 

“serious_events” element. Likewise, numbers of affected participants and numbers 

of participants at risk were gathered from the “counts” sub-child of the same child 

and element; their ratios were also calculated. All the acquired information was 

separated by commas to form a table structure and written to a comma-separated 

values (CSV) file (Figure 3.4). Before that, the commas in the study title, group titles 

and descriptions, and serious adverse event terms were removed to avoid spurious 

columns in the final data. This process was repeated recursively for each XML file 

that was extracted from the three zip files containing clinical trial results of three 

different anticancer drugs. For this, the glob module was used to retrieve pathnames 

(the XML files in this case) recursively from the local folder where the XML files 

were extracted. 
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Figure 3.4. Respectively; the website, the XML file and the created CSV file views 

of the serious adverse events data. 
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3.3 Creation of Term Dictionaries in Python 

3.3.1 MeSH 

The MeSH data (2020) [131] was downloaded from nlm.nih.gov in XML format. As 

in the extraction of clinical data, the necessary information in the MeSH XML file 

was extracted using ElementTree. Main heading terms (descriptor) and their entry 

terms (different terms that represent the same condition as main heading) and unique 

ID’s of terms (Figure 3.5) were extracted from the XML file and stored in a Python 

dictionary with terms as keys and IDs as values (Figure 3.6). The intention in 

including entry terms in addition to main headings was to make it easier to match 

MeSH terms with terms used in clinical trials by increasing the variety of terms. 

 

Figure 3.5. Unique ID and entry terms of back pain MeSH heading [132]. 

The XML file was parsed into an element tree and the root element of this tree was 

returned. The root was iterated over and term ID was gathered from the 

“DescriptorUI” element, the term name was gathered from the “DescriptorName” 

element and entry terms of each term were gathered from the “TermList” child of 

the “ConceptList” element. Main heading and its entry terms are stored in a Python 

dictionary along with the unique ID. This process was repeated for each main 

heading in the XML file. After that, the created dictionary was saved to a file for 

later access by using the Python pickle module. 



 
 

29 

 

Figure 3.6. A partial view of the dictionary. The unique ID and the entry terms of 

back pain main heading can be seen. 

3.3.2 CTCAE 

The CTCAE (v5.0) [133] terms and their unique MedDRA codes were downloaded 

from ctep.cancer.gov in XLSX format which is a XML-based format. The file was 

converted to a dataframe by using the read_excel method of pandas [134] which is 

a Python package. After that, the “CTCAE Term” and “MedDRA Code” columns of 

the dataframe were selected. The terms and codes in the selected columns were 

stored in a dictionary as keys and values respectively (Figure 3.7). The created 

dictionary was saved to a file by using pickle for later use.  
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Figure 3.7. Conversion of CTCAE data from XSLX file to a dictionary. 

3.4 Assignment of IDs to Serious Adverse Event Terms 

An algorithm (Figure 3.8) was designed to assign the stored unique IDs in the 

dictionaries to the clinical serious adverse event terms in the CSV file. First the non-

alphabetic characters were removed from the clinical trial terms. The clinical trial 

terms were searched for in the dictionaries. The unique ID, which is the value of the 

key term in the dictionary, were assigned to clinical trial terms right away if they 

were exactly the same as in the dictionaries. If the algorithm could not find exactly 

the same term in the dictionaries then it would search for the most similar one in the 

dictionaries to match with the clinical trial term.  The similarity calculation was 

based on scoring matched words and length of the two terms. For that, stop words1 

                                                 
 

1 Stop words are words that occur very frequently in language, and that do not provide useful 
information (e.g. “the”, “and”, “of”, etc.). 
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were removed from the clinical trial terms in order to reduce bias and chance of 

matching different conditions other than clinical trial terms indicated. Since the 

similarity calculation was based on the word matching it would fail if there were 

typos in the clinical trial term. So, for the terms that have typos in them, a similarity 

function that calculates the similarity based on letters was used. After that, all the 

found terms and their unique IDs were written to another CSV file to be used in data 

analysis tools.  

 

Figure 3.8. The flowchart of the algorithm that finds terms in the dictionaries and 

assigns unique IDs to the reported serious adverse events. 
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The assignment process was carried out with a defined function that takes one input 

which is a clinical trial term. The function was used in a while loop to take every 

clinical term of each clinical study from the CSV file. The CSV file was read line by 

line and the information of clinical trial study name, Clinicaltrail.gov identifier, 

group no (Clinicaltrail.gov identifier-1, 2, ..., number of groups) and group titles 

were acquired. When the clinical trial terms were being read each of them was fed 

into the defined function as inputs. The function utilizes the re (regular expression) 

module that was used to remove (re.sub()) non-alphabetic characters like brackets, 

numbers and dashes. As an exception, if the “GI” abbreviation existed in the clinical 

trial term it was replaced with “gastrointestinal”. The exact same term was searched 

for by checking the clinical trial terms whether they were in the dictionaries or not. 

MeSH dictionary was used first for this process, since it is the backbone of this 

assignment process. If the exact match was found, the term and unique ID were 

written to a CSV file along with its weight (ratio of number of affected participants 

to number of participants at risk) and the other acquired information (study title, 

Clinicaltrial.gov identifier, group title etc.) in a single line. If it was not found in the 

MeSH dictionary then the CTCAE dictionary would be tried. If the exact same 

clinical trial term was not found in either, then the algorithm would search for the 

most similar one in the dictionaries. To find the most similar one, clinical trial terms 

were needed to be cleared from stop words. For that, a function that includes the 

stopwords corpus was defined inside the parent function. The stopwords in NLTK 

[135] (Natural Language Toolkit) were used to remove English stop words. For that, 

each word of each term was checked for stop words and removed if necessary. In 

addition to stop words, abbreviations such as NOS (not otherwise specified) and 

ANC (absolute neutrophil count) were also removed. After removing unnecessary 

words, the clinical trial term was compared with every term in the MeSH dictionary. 

The score that had been initiated as zero was increased by one for each identical 

word in two compared terms. For every clinical trial term and MeSH term pair, 

similarities were calculated as follows: 
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𝑆𝑐𝑜𝑟𝑒 (𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑚𝑚𝑜𝑛 𝑡𝑒𝑟𝑚𝑠)

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑤𝑜𝑟𝑑𝑠 𝑖𝑛 𝑡𝑒𝑟𝑚 
𝑖𝑛 𝑡ℎ𝑒 𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑎𝑟𝑦

𝑥
𝑆𝑐𝑜𝑟𝑒 (𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑚𝑚𝑜𝑛 𝑡𝑒𝑟𝑚𝑠)

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑤𝑜𝑟𝑑𝑠 𝑖𝑛
𝑐𝑙𝑖𝑛𝑖𝑐𝑎𝑙 𝑡𝑟𝑖𝑎𝑙 𝑡𝑒𝑟𝑚

 

After finding the MeSH term that had the maximum value of similarity, its title, 

unique ID and similarity value were stored. The same process was repeated for the 

CTCAE  dictionary. After comparing clinical trial term with every term in the 

CTCAE dictionary, this time similarities were calculated for each clinical trial term 

and CTCAE term pair. To find the most similar term, the maximum similarity value 

of the MeSH term and the maximum similarity value of the CTCAE term were 

compared with each other. The term with the highest value was chosen and its term 

title, unique ID/code in the dictionary (Table 3.2) and weight (i.e the ratio of number 

of affected participants to number of participants at risk) were written to the CSV 

file. The algorithm could not find the exact same terms or a similarity value greater 

than zero for misspelled clinical trial terms. For that, the jaro_distance() function 

from the Jellyfish library was used. The function utilizes the Jaro Similarity which 

gives a value between zero and one for two strings, where zero represents complete 

dissimilarity and one represents identical strings. The misspelled clinical trial term 

and every term in the MeSH dictionary were compared based on the similarity (Table 

3.1). The term with the value that was closest to one was selected and its term title, 

unique ID in the dictionary and weight were written to the CSV file (Figure 3.9). 

This assignment process was repeated for every clinical trial term of each study and 

terms with no affected participants were excluded from this process.  

Table 3.1 Some of the misspelled clinical term corrections. 

Misspelled Clinical Term The Term Found in the MeSH Dictionary by 
using Jaro Similarity 

Diarrhoea Diarrhea 

Hyperglycaemia Hyperglycemia 

Hypotnesion Hypotension 

Intussception Intussusception 
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Figure 3.9. Creation of the CSV file with the found terms in the dictionaries. 

Table 3.2 Examples of unique ID assignments. 

Clinical Trial Term (Input) 

Term after 
Removing stop 
words and non-

characters 

Output 

Term ID 

Infection with normal ANC 
or grade 1 or 2 

neutrophils::bladder (urinary) 

infection normal 
grade neutrophils 
bladder urinary 

bladder 
infection 

10005047 
(CTCAE) 

Pain::Head/headache pain head 
headache headache D006261 

(MeSH) 

Headache (Found directly) headache D006261 
(MeSH) 

Non-cardiac chest pain (Found directly) non-cardiac 
chest pain 

10062501 
(CTCAE) 

 

3.5 Transforming Data into a Sparse Matrix 

After the assignment process, the obtained dataset was transformed into a format that 

was appropriate for both the intended purpose and the methods to be used. For this, 

“pivot_table()” method of pandas was used in the data reshaping to transform the 
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data structure into a suitable format for further analysis. Three parameters were given 

to derive a table out of the existing dataset. Since the aim of this study is to discover 

links between drugs, serious adverse events and clinical studies, the dataset was 

reshaped to suit this intention. The weight of the serious adverse events were 

specified as values, the serious adverse event ID’s as indices and group numbers as 

columns. So, groups of the clinical trials were used as attributes to describe the 

serious adverse events. Because not all the serious adverse events in the dataset take 

place in every clinical trial, there are lots of cells without weights. Since they were 

filled with zeros, a sparse matrix with 1725 rows and 700 columns was created out 

of the existing dataset (Figure 3.10). The pivot operation is explained in Table 3.3 

and Table 3.4. 

Table 3.3 The structure of the data after the assignment process (the colors 

demonstrate the pivot operation in Table 3.4). 

Disease Code Weight Group No 

D009026 4.17 NCT00090545-2 

D064420 9.09 NCT00090545-1 

D064420 25.00 NCT00090545-2 

D003248 4.17 NCT00090545-2 

D003681 4.17 NCT00090545-2 

 

Table 3.4 The structure of the data after the pivot operation. 

 NCT00090545-1 NCT00090545-2 

D009026 0.0 4.17 

D064420 9.09 25.00 

D003248 0.0 4.17 

D003681 0.0 4.17 
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Figure 3.10. The structure of the sparse matrix. 

3.6 Data Visualization Using t-SNE and DBSCAN 

The created sparse matrix data was visualised by using the t-SNE  and DBSCAN 

algorithms from scikit-learn library [136]. Since t-SNE proved to be very effective 

in visualizing and clustering the data after many trials and DBSCAN was good at 

distinguishing these clusters and labeling them, the t-SNE/DBSCAN combination 

was used for this process. Before running t-SNE on the data, it was standardized by 

using the StandardScaler method from  the sklearn.preprocessing module. With the 

standardization, formation of distant data points by t-SNE was prevented, so 

DBSCAN could label every data point on the two dimensional map. t-SNE was run 

on the standardized data and the two dimensional map was plotted. For that, the 

output of the t-SNE that contains the coordinates of the data points in the two 

dimensional map was plotted as a scatter plot by using the Seaborn’s scatterplot 

function. Seaborn is a python based visualization library. Since the rows of the input 

sparse matrix are the serious adverse events, they were clustered based on the 

similarity between them according to the column attributes which are the groups in 

this case.  

The output of t-SNE that contains the data point coordinates was used as the input 

of DBSCAN to label the data points based on the data point densities. A dataframe 
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that consists of the names of serious adverse events, their unique IDs and DBSCAN 

labels was created to use after the data co-clustering and p-value calculations. 

3.7 Filtering For Groups That Contain Any of the Three Drugs 

Although the drugs Sorafenib, Cytarabine and Doxorubicin were indicated while 

doing the search for the clinical trials that involve the use of these drugs, not all the 

groups of clinical trials involve them necessarily.  Since some clinical trials compare 

the effects of different drugs, the combination may vary with different drugs in 

groups. So, some of the groups of the clinical trials that were collected did not 

involve the indicated drugs and they were filtered out. 

For filtering the groups that contain these 3 drugs, titles of  studies and descriptions 

of groups were used. Because the group descriptions were not in the existing 

dataframe, another CSV file was created that contains the group numbers and group 

descriptions. After converting it into a dataframe, it was merged with the existing 

dataframe by using the pandas’ merge method. After that, the names of the three 

drugs were searched both in the group descriptions and titles with the 

“str.contains()” method of pandas, and the ones that did not have any of them were 

discarded. The group numbers of the resulting data frame were used to select 

columns of the sparse matrix. By that, the groups that do not involve the indicated 

drugs were filtered out so that they would not affect subsequent results. Besides that, 

the groups that involve any two of the three drugs simultaneously were also 

discarded because it would not be clear which drugs affected the resulting serious 

adverse event weights. After the filtering process there were 401 groups left out of 

700. 
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3.8 Column Aggregation of Weights by Three Drugs 

After the sparse matrix transformation and filtering, the mean aggregation of weights 

was calculated based on the three drugs. For that, the group numbers from the 

dataframe created in the filtering process were used since they were already arranged 

in an order according to the drugs. These arranged group numbers were used in order 

to arrange the sparse matrix columns. For that, the loc method, which is a label based 

indexing method of pandas was used to select groups by their positions with the 

group names. After arranging the columns of the sparse matrix according to which 

drugs they belong to, their means were calculated separately for the three drugs. For 

that, the first and the last group numbers of three drugs were used to slice the sparse 

matrix with the loc method. Finally, the column-wise mean was calculated for each 

of the three drugs (Figure 3.11). 

 

Figure 3.11. The transformation of the sparse matrix into the aggregated data. 
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3.9 Data Co-Clustering 

The rows and columns of the aggregated data were clustered simultaneously. For 

this, the spectral co-clustering algorithm from the sklearn machine learning library 

was used. Before running the algorithm on the data, it was standardized by using the 

StandardScaler method to handle the numerical errors resulting from the data still 

having many zeros as mean weights. After that, the standardized data was clustered. 

The co-clustering algorithm creates cluster labels for columns and rows. Because 

there were three columns in the data, three different cluster labels were created for 

rows, which denote serious adverse events. The cluster memberships (labels) of the 

rows were found by using the row_labels_ attribute of the model. Since we needed 

to arranged the rows based on their cluster labels, the memberships that were 

returned by the row_labels_ attribute were rearranged by using the argsort() method 

of numpy. With argsort(), the arranged indices of rows are returned according to their 

labels. By indexing the data by using these rearranged indices the rows were put in 

order based on their labels (Figure 3.12).  

 

Figure 3.12. Labeling and rearranging of the data matrix. 
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After arranging the data in an order which was indicated by the co-cluster labels, the 

matrix created was displayed. For this, the matshow function of matplotlib which is 

a data visualization library was used. Since the values were between zero and one, 

they were raised to the power of 0.1 to make them visible on the plot. By that, serious 

adverse events that were clustered in three different anticancer drugs were displayed. 

These serious adverse events were stored based on their drug clusters. 

3.10 Applying Hierarchical Structure of Dictionaries to Serious Adverse 

Events 

After adverse serious events were separated according to the drugs, and they were 

clustered by co-clustering, two dictionaries (one for the MeSH, one for the CTCAE 

terms) were created to make use of the hierarchical structure of the MeSH (Figure 

3.13). For that, the downloaded MeSH data in XML format was used again. This 

time the unique ID’s of terms, main heading terms and their tree numbers in the 

hierarchical structure were extracted from the XML file and stored in a Python 

dictionary with IDs as keys and lists that consist terms and tree numbers as values. 

 

Figure 3.13. A partial view of the dictionary (a), and the hierarchical structure of  

the “Fractures, Multiple” serious adverse event (b). 
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As Figure 3.13 shows, the tree numbers are separated by dots and there can be more 

than one hierarchical groups for one serious adverse event. Figure 3.14 shows the 

created root and parent events of the “Fractures, Multiple” serious adverse event. 

By including the tree numbers of the serious adverse events in the dictionary as 

values, their parents and roots in the hierarchical structure were made accessible. 

After the co-clustering, serious adverse event terms were used to get their roots 

(highest level in the hierarchy) and parents (one level lower from the root). The IDs 

of the serious adverse events were searched for in the dictionary and their element 

tree numbers were found, after that, the first three numbers were used to find the root 

event term of the serious adverse events and the first six numbers were used to find 

the parent terms. If the serious adverse event terms belong to more than one 

hierarchical tree, all its roots and parents were found regardless. 

 

Figure 3.14. Different hierarchical levels of the “Fractures, Multiple” serious 

adverse event in the created Python dictionary. 

The other dictionary created was for the CTCAE to find the parents and roots of 

serious adverse events that were found in the CTCAE. For that, the downloaded 

CTCAE data in XLSX format was used. Since the CTCAE does not have a 

hierarchical structure like MeSH has, just the MedDRA SOC (system organ classes) 

level was used to drive parents and roots (Figure 3.15). SOCs are the groupings that 

could be based on the purpose, site of the condition or causality. The unique ID’s of 

terms, CTCAE terms and MedDRA SOC were extracted from the XLSX file and 

stored in a Python dictionary with IDs as keys and lists that consist of terms and 

MedDRA SOCs as values.  
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Figure 3.15. Partial view of the dictionary. IDs, adverse evet terms and MedDRA 

SOCs can be seen respectively. 

The created dictionaries were used in the finding parent and root event terms of the 

clustered serious adverse events (Figure 3.16) in the three distinct dataframes.  

 

Figure 3.16. Partial view of dataframe that contains serious adverse events with 

their root and parent events. 

3.11 Calculating P-Values 

The p-values of each root and parent event were calculated to find the drug specific 

events. The number of root event in the dataframes that were created after applying 

the hierarchical structure of the serious adverse events were found for each dataframe 

of the three drugs. For this, the dataframes were grouped by the root event terms and 

they were counted by using the groupby() and the size() methods of pandas. After 

that, the three dataframes were merged together and one dataframe that contains the 

numbers of root events for each drug was created (Figure 3.17-a). The same things 
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were done for the parent events and another dataframe that contains the numbers of 

parent events for each drug was created (Figure 3.17-b). 

 

Figure 3.17. Partial view of the merged dataframes that contain the number of   root 

(a) and parent (b) events in the drug clusters. 

Since we found the root and parent events from two different source (the CTCAE 

and the MeSH) there are different event terms that actually represent the same root 

or parent event. This inconsistency would affect the p-value calculations and 

potentially lead to inaccurate results. For this reason, the CTCAE root events 

(MedDRA SOC) were merged with the appropriate MeSH root and parent terms 

(Table 3.5) and the numbers of serious adverse events they contain were summed 

up. 

Table 3.5 Merged CTCAE and MeSH event terms. 

CTCAE Root Events MeSH Root Events MeSH Parent 
Events 

Blood and lymphatic system 
disorders 

Hemic and lymphatic 
diseases 

Lymphatic diseases 

Cardiac disorders Cardiovascular diseases Heart diseases 

Ear and labyrinth disorders 
Otorhinolaryngologic 

Diseases Ear Diseases 
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Table 3.5 Merged CTCAE and MeSH event terms (continued). 

CTCAE Root Events MeSH Root Events MeSH Parent 
Events 

Endocrine disorders Endocrine System Diseases 
Endocrine Gland 

Neoplasms 

Eye disorders Eye Diseases Eye Abnormalities 

Gastrointestinal disorders Digestive System Diseases Gastrointestinal 
Diseases 

General disorders and 
administration site conditions 

Pathological Conditions, 
Signs and Symptoms 

Signs and 
Symptoms 

Hepatobiliary disorders Digestive System Diseases 
Biliary Tract 

Diseases 
Immune system disorders Immune System Diseases Immune System 
Infections and infestations Infections - 

Injury, poisoning and 
procedural complications 

Wounds and Injuries - 

Investigations Investigative Techniques 
Clinical Laboratory 

Techniques 
Metabolism and nutrition 

disorders 
Nutritional and Metabolic 

Diseases 
Metabolic Diseases 

Musculoskeletal and 
connective tissue disorders Musculoskeletal Diseases - 

Neoplasms benign, 
malignant and unspecified 

(incl cysts and polyps) 
Neoplasms 

Neoplasms by 
Histologic Type 

Nervous system disorders Nervous System Diseases Neurologic 
Manifestations 

Psychiatric disorders 
Behavior and Behavior 

Mechanisms Behavior 

Renal and urinary disorders 

Female Urogenital Diseases 
and Pregnancy 
Complications 

- 
Male Urogenital Diseases 

Female Urogenital 
Diseases 

- 
Urologic Diseases 

Respiratory, thoracic and 
mediastinal disorders Respiratory Tract Diseases 

Respiration 
Disorders 

Skin and subcutaneous tissue 
disorders 

Skin and Connective Tissue 
Diseases 

Skin Diseases 

Vascular disorders Cardiovascular Diseases Vascular Diseases 
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While doing the CTCAE root and MeSH parent merging, the found serious adverse 

events under the CTCAE roots were considered. For example, since the most of the 

serious adverse events under the “Blood and lymphatic system disorders” CTCAE 

root event were related to lymphatic diseases so the “Lymphatic diseases” MeSH 

parent event was chosen instead of “Hematologic diseases” which is another sub-

element of “Hemic and lymphatic diseases” root events. Another thing that was 

considered was that some of the CTCAE root events could not be merged with the 

MeSH parent events since they are too specific for a generalized root term. For 

example, the “Infections and infestations” CTCAE root event was not merged with 

any of the “Infections” MeSH root sub-elements (catheter-related infections, pelvic 

infections, soft tissue infections). 

After root events are merged the p-values of each root event were calculated. For 

this, the χ2 test (chi-square) from the scipy.stats module was used. To calculate the 

p-value, the incidence rates of the root events were found first. For each root event, 

the total number of a specific root event were found by the summation of the numbers 

for each drug and divided by the total serious adverse events which was 1725. 

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑎 𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐 𝑟𝑜𝑜𝑡 𝑡𝑒𝑟𝑚
 

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑒𝑟𝑖𝑜𝑢𝑠 𝑎𝑑𝑣𝑒𝑟𝑠𝑒 𝑒𝑣𝑒𝑛𝑡𝑠
=  𝛼 (𝑡ℎ𝑒 𝑖𝑛𝑐𝑖𝑑𝑒𝑛𝑐𝑒 𝑟𝑎𝑡𝑒) 

After finding the incidence rate of that root term, its expected numbers for each drug 

were calculated. For this the numbers of the serious adverse events in the drug 

clusters that were created by the co-clustering method were used. The calculation is 

as follows: 

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑒𝑟𝑖𝑜𝑢𝑠 𝑎𝑑𝑣𝑒𝑟𝑠𝑒 
𝑒𝑣𝑒𝑛𝑡 𝑡𝑒𝑟𝑚𝑠 𝑖𝑛 

𝑡ℎ𝑒 𝐶𝑦𝑡𝑎𝑟𝑎𝑏𝑖𝑛𝑒 𝑐𝑙𝑢𝑠𝑡𝑒𝑟
𝑥 𝛼 =  

𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑟𝑜𝑜𝑡
𝑡𝑒𝑟𝑚 𝑖𝑛 𝑡ℎ𝑒 𝐶𝑦𝑡𝑎𝑟𝑎𝑏𝑖𝑛𝑒 𝑐𝑙𝑢𝑠𝑡𝑒𝑟

 

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑒𝑟𝑖𝑜𝑢𝑠 𝑎𝑑𝑣𝑒𝑟𝑠𝑒 
𝑒𝑣𝑒𝑛𝑡 𝑡𝑒𝑟𝑚𝑠 𝑖𝑛 

𝑡ℎ𝑒 𝐷𝑜𝑥𝑜𝑟𝑢𝑏𝑖𝑐𝑖𝑛 𝑐𝑙𝑢𝑠𝑡𝑒𝑟
𝑥 𝛼 =  

𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑟𝑜𝑜𝑡 
𝑡𝑒𝑟𝑚 𝑖𝑛 𝑡ℎ𝑒 𝐷𝑜𝑥𝑜𝑟𝑢𝑏𝑖𝑐𝑖𝑛 𝑐𝑙𝑢𝑠𝑡𝑒𝑟
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𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑒𝑟𝑖𝑜𝑢𝑠 𝑎𝑑𝑣𝑒𝑟𝑠𝑒
𝑒𝑣𝑒𝑛 𝑡𝑒𝑟𝑚𝑠 𝑖𝑛 

𝑡ℎ𝑒 𝑆𝑜𝑟𝑎𝑓𝑒𝑛𝑖𝑏 𝑐𝑙𝑢𝑠𝑡𝑒𝑟
𝑥 𝛼 =  

𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑟𝑜𝑜𝑡 
𝑡𝑒𝑟𝑚 𝑖𝑛 𝑡ℎ𝑒 𝑆𝑜𝑟𝑎𝑓𝑒𝑛𝑖𝑏 𝑐𝑙𝑢𝑠𝑡𝑒𝑟

 

The observed and expected numbers of each root term were used in the χ2 function 

to calculate the p-values. The process explained above was also repeated for  p-

values of parent events which are lower by one level from the root events in the 

hierarchical structure.  

3.12 Finding DBSCAN Labels of Co-Clustered Serious Adverse Events that 

Belong to the Significant Root or Parent Events 

Since we found the DBSCAN labels of each serious adverse events, which drugs 

they clustered in and the significant root and parent events of serious adverse events; 

these findings could be used simultaneously. The serious adverse events of the 

significant root and parent events were searched for in the three different dataframes 

that were created as a result of the co-clustering method. Since the created dataframes 

contains the root and parent event terms of each serious adverse event, the serious 

adverse events of the desired root or parent events can be searched for. So, the serious 

adverse events that belong to the significant root and parent events were found in 

each dataframe. After that, the dataframes that contains the serious adverse events of 

significant root and parent events were merged with the found DBSCAN cluster 

labels. To see the serious adverse events that has the same DBSCAN labels, labels 

that belonged to just one serious adverse events were filtered out. For this, the labels 

were counted in the dataframes and those that appeared only once were discarded 

from the dataframes. By that, all the results that were acquired by using t-

SNE/DBSCAN, spectral co-clustering and p-value calculations were used all  

together. 
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CHAPTER 4  

4 RESULTS 

4.1 Summary of the Initial Data 

The collected data are summarized in Table 4.1 As a result of the search on the 

ClinicalTrials.gov we found 71 studies for Sorafenib, 177 for Doxorubicin and 99 

for Cytarabine (347 in total). Since some of them were the same trials or did not 

report any serious adverse events which is the main focus of this study, they were 

discarded from the data (31 in total). This data contains study titles, ClinicalTrial.gov 

identifiers of studies, group numbers of studies and their descriptions, event terms, 

their assigned IDs and weights of the serious adverse events.  

Table 4.1 The data summary. 

Data Elements Example Data Summary 

Trial studies NCT00003896, NCT00005908 316 

Trial groups 
NCT00003896-1, 

NCT00005908-1 
700 

Distinct serious adverse 

events 
Nausea, vomiting, fever 1725 

 

The most seen 15 serious adverse events in the data can be seen in Figure 4.1. 
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Figure 4.1. Total numbers of serious adverse events in the data. 

The prevalence and the incidence of the serious adverse events were calculated 

(Table 4.2 and Table 4.3). In addition to the serious adverse events listed below, 

mortality has a prevalence at 38.92% and incidence at 20.59%.  

Prevalence is the pecentage of the clinical trials that reported the serious adverse 

event. Incidence is the probability of occurrence of the serious adverse events. To 

calculate the incidence, the number of affected participants and number of 

participants at risk were added to the data. In the incidance calculation, the events 

that were reported in lower than five trial groups were excluded to discard 

uncommon events with high weights, since they would provide misleading statistics. 

For example, “lumbar puncture” found in one of the groups has a weight of 0.20, 

because the group had five participants. Since, the incidence is based on the average 

weight, it would be affected by these events greatly.  
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Table 4.2 Top twelve serious adverse events based on the prevalence. 

Serious Adverse Events Prevalence (%) 

Drug-related side effects and adverse reactions 99.05 

Febrile neutropenia 50.95 

Fever 42.41 

Pneumonia 39.87 

Dyspnea 39.56 

Nausea 38.92 

Abdominal pain 38.29 

Diarrhea 38.29 

Dehydration 37.66 

Vomiting 37.03 

Sepsis 36.08 

Hypotension 32.27 

 

Table 4.3 Top nine serious adverse events based on the incidence. 

Serious Adverse Events Incidence (%) 

Drug-related side effects and adverse reactions 25.57 

Mucositis 8.05 

Hand-foot syndrome 7.84 

Febrile neutropenia 6.79 

Disease progression  6.56 

Catheter-related infections 6.38 

Hemoglobin 5.63 

Vomiting and Nausea 5.43 

Hyponatremia (low blood sodium) 5.09 
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Table 4.4 Top ten serious adverse events based on the ranking of weight percentages. 

Serious Adverse Events Weight (%) 

Drug-related side effects and adverse reactions 25.23 

Febrile neutropenia 4.76 

Pneumonia 1.64 

Fever 1.56 

Infectious Encephalitis 1.33 

Neutropenia 1.13 

Diarrhea 1.09 

Nausea 1.00 

Abdominal Pain 0.98 

Vomiting 0.97 

  

In addition to the events listed above, mortality constitutes 11% of the total weight. 

4.2 Application of t-SNE and DBSCAN 

4.2.1 Visualization of the Data 

We used t-SNE to cluster the similar serious adverse events together. The unfiltered 

raw data was used to visualize the serious adverse events as data points, since the 

more attributes there are in the data, the better the prediction gets. The created 

clusters of the serious adverse events on the two dimensional map can be seen in 

Figure 4.2-a. This two dimensional map was plotted by using the output of the t-SNE 

that contains the coordinates of the data points which are the serious adverse events 

in this case. As mentioned in Section 3.6, the same output was also used in the 

DBSCAN application to label the data points based on the density that was created 

by the data points. With t-SNE and DBSCAN 344 clusters were found. Figure 4.2-b 

shows the two dimensional map which is colored by the DBSCAN labels. 
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Figure 4.2. The two dimensional map created with t-SNE (a) and the colored points based on the DBSCAN labels (b).
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4.2.2 Clusters of Similarity 

The found  DBSCAN labels and serious adverse event terms were merged together. 

Terms, IDs and corresponding DBSCAN labels of 1725 serious adverse events were 

stored in a dataframe to use later. Some of the serious adverse events and their 

DBSCAN labels can be seen in Table 4.5. 

Table 4.5 Some of the serious adverse events and their DBSCAN labels. 

DBSCAN Labels Serious Adverse Events 

1 

Blood glucose, deoxyglucose, INR increased, serum 

albumin, activated partial thromboplastin time prolonged, 

fibrinogen decreased, calcium, magnesium, potassium 

3 

Alanine aminotransferase increased, aspartate 

aminotransferase increased, blood bilirubin increased, death 

NOS.  

17 Influenza, dizziness, bone pain, joint pain, gingipains 

92 
Hyperglycemia, hyponatremia, hypoalbuminemia, fatigue, 

anorexia, postnasal drip 

116 Tooth infection, gingivitis 

195 
Nausea, vomiting, constipation, diarrhea, abdominal pain, 

dehydration, headache, pleural effusion, cancer pain 

275 

Fever, febrile neutropenia, dyspnea, sepsis, pneumonia, 

infections upper respiratory, extrasystoles, renal cell 

carcinoma, adverse drug events, mortality 

332 Sinus infections, respiratory failure, neuralgia 
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4.3 Application of Co-Clustering and p-Value Calculations 

4.3.1 Assignment of Serious Adverse Events to the Drugs 

As mentioned in Section 3.7, the groups that did not involve the indicated drugs 

(Sorafenib, Cytarabine and Doxorubicin) and the groups that involve the indicated 

drugs simultaneously were discarded from the dataset so they would not affect 

subsequent results. The number of studies was dropped to 229 and for groups to 401 

after the filtering process.  

The sparse matrix that has 1725 rows (serious adverse events) and 700 columns 

(groups) was created by the application of pivot operation on the filtered data. The 

weight of the serious adverse events were specified as values, the adverse event IDs 

as indices and group numbers as columns. Since we know which group involves 

which drug, the weights of the serious adverse events were aggregated and their 

means were taken based on drugs involved. Table 4.6 shows the mean weights of 

some serious adverse events for each drug type. 

Table 4.6 Some of the serious adverse events and their means in the drug clusters. 

Serious Adverse Events Cytarabine Doxorubicin Sorafenib 

Drug-related side effects and 

adverse reactions 
45.24 39.28 36.53 

Febrile neutropenia 12.33 6.76 1.55 

Pneumonia 4.64 1.37 0.40 

Fever 3.15 2.54 1.39 

Platelet count decreased 0.73 0.91 1.96 

Respiratory tract infections 0.11 0.23 0.09 

  

We used spectral co-clustering to simultaneously cluster the rows and columns of 

the aggregated data which contains the mean weight of each serious adverse event 
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for each drug type. The rows of the data which are the serious adverse events in this 

case, were labeled. Before the visualization of the clustered data the rows were put 

in order based on their labels by using their rearranged indices. After displaying the 

labeled rows based on which drug they were clustered in, the dense regions were 

selected for each column as indicated in Figure 4.3. Since the column index 1 belongs 

to Cytarabine, index 2 to Doxorubicin and index 3 to Sorafenib, the dense regions of 

the rows were assigned to three different dataframes along with their serious adverse 

event terms and corresponding IDs. For that, the indices of the sorted rows are 

selected from 0 to 330 for Cytarabine, from 330 to 640 for Doxorubicin and from 

630 to 1725 for Sorafenib (Figure 4.4). Selected indices were used to index serious 

adverse events and store them in dataframes for each drug type along with their 

unique IDs. Overall, 330 serious adverse events were clustered in Cytarabine, 310 in 

Doxorubicin and 1085 in Sorafenib (Figure 4.5).  

 

Figure 4.3. The output of spectral co-cluster and the drug selection. 
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Figure 4.4. The partial view of the dataframes that contains the serious adverse 

events that were clustered in Cytarabine (a), Doxorubicin (b) and Sorafenib (c). 

 

Figure 4.5. The number of serious adverse events in drug clusters. 
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4.3.2 P-Value Calculations 

The p-values were calculated at a significance level of 0.05 based on the distributions 

of the root and the parent events of the serious adverse events among the three drugs. 

We found the root and parent events of the serious adverse events in the dictionaries. 

The found root and parent terms were added to the dataframes. Hence, the 

hierarchical structures of the dictionaries were applied to the dataframes. 

Table 4.7 Some of the elements of the Cytarabine dataframe. 

Index 
Serious Adverse 

Event 
Disease 
Code Parent Event Root Event 

0 
Activated partial 

thromboplastin time 
prolonged 

10000636 Investigations Investigations 

1 Agitation 10001497 Psychiatric 
disorders 

Psychiatric 
disorders 

2 
Alanine 

aminotransferase 
increased 

10001551 Investigations Investigations 

3 Anal pain 10002167 
Gastrointestinal 

disorders 
Gastrointestinal 

disorders 

4 Appendicitis perforated 10003012 Infections and 
infestations 

Infections and 
infestations 

5 
Aspartate 

aminotransferase 
increased 

10003481 Investigations Investigations 

6 Aspiration 10003504 

Respiratory, 
thoracic and 
mediastinal 
disorders 

Respiratory, 
thoracic and 
mediastinal 
disorders 

7 Bladder infection 10005047 
Infections and 

infestations 
Infections and 

infestations 
... ... ... ... ... 

596 Transfusion reaction D065227 Hematologic 
Diseases 

Hemic and 
Lymphatic 
Diseases 

597 Transfusion reaction D065227 
Transfusion 

Reaction 
Immune System 

Diseases 
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The parent and root terms of some of the serious adverse events in the Cytarabine 

cluster  can be seen in Table 4.7. The rows are increased considerably since some of 

the serious adverse events can belong to more than one tree in the hierarchical 

structure.

 

Figure 4.6. Total numbers of root events 

The number of the root events (Figure 4.6) were counted for each dataframe and the 

results merged in a single dataframe (Table 4.8). Their p-values were calculated 

based on the distribution of root events among the three drugs by using the observed 

and expected numbers of root terms (Table 4.9).  

We also repeated the same process for the parent events. The number of the parent 

events (Figure 4.8) were counted for each dataframe and the results merged in a 

single dataframe (Table 4.10). With the p-value calculations the significant drug 

specific events were found (Table 4.11).  
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Table 4.8 Numbers of root events in the drug clusters. The full version of the table 

is available in Appendix A. 

           Roots 

 

 

Drugs 

Amino 

Acids, 

Peptides, 

and 

Proteins 

Animal 

Diseases 

Animal 

Structures 
... 

Urogenital 

System 

Integumentary 

System 

Physiological 

Phenomena 

Lipids 

Cytarabine 5.0 1.0 1.0 ... 0.0 0.0 0.0 
Sorafenib 15.0 6.0 1.0 ... 4.0 0.0 0.0 

Doxorubicin 2.0 0.0 0.0 ... 2.0 1.0 1.0 
 

Table 4.9 Significant root events. 

Root Events p-Values 

Bacteria 0.012698 

Health Care Facilities, Manpower, and Services 0.013382 

Heterocyclic Compounds 0.013573 

Eye Diseases 0.015775 

Hemic and Lymphatic Diseases 0.021762 

Nutritional and Metabolic Diseases 0.025969 

Infections 0.036822 

Nervous System Diseases 0.053600 

 

The number of expected and observed serious adverse events of the “Bacteria” root 

event in the drug clusters can be seen in Figure 4.7. The rates of all the root events 

are available in Appendix B. 
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Figure 4.7. The expected and observed rates of the “Bacteria” root event. 

 

Figure 4.8. Total numbers of parent events 

 



 

 
 

60 

Table 4.10 Numbers of parent events in the drug clusters. The full version of the 

table is available in Appendix C. 

         Parents 

 

Drugs 

Adrenal 

Gland 

Diseases 

Amines 
Amino 

Acids 
... 

Skin 

Physiological 

Phenomena 

Urinary 

Tract 

Infections 

Urogenital 

Abnormalities 

Cytarabine 5.0 1.0 1.0 ... 0.0 0.0 0.0 

Sorafenib 15.0 6.0 1.0 ... 4.0 0.0 0.0 

Doxorubicin 2.0 0.0 0.0 ... 2.0 1.0 1.0 

 

Table 4.11 Significant parent events. 

Parent Events p-Values 

Sulfur Compounds 0.000120 

Fractures, Bone 0.000942 

Hematologic Diseases 0.001168 

Metabolic Diseases 0.006675 

Gram-Negative Bacteria 0.007227 

Health Facilities 0.010415 

Proteobacteria 0.011919 

Gingivitis 0.014592 

Neurotoxicity Syndromes 0.014592 

Neoplasms by Site 0.014787 

Pathological Conditions, Anatomical 0.025986 

Heterocyclic Compounds, 1-Ring 0.027130 

Pathologic Processes 0.036845 

Central Nervous System Infections 0.046825 

Sepsis 0.053935 
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The number of expected and observed serious adverse events of the “Fractures, 

Bone” parent event in the drug clusters can be seen in Figure 4.9. The rates of all the 

parent events are available in Appendix D. 

 

Figure 4.9. The expected and observed rates of the “Fractures, Bone” parent event. 

4.4 Finding Similar or Simultaneous Co-Clustered Serious Adverse Events 

of Significant Root or Parent Events 

The serious adverse events that belong to the significant root and parent events were 

selected from the dataframes that were created based on the drug clusters from the 

co-clustering method. After selection, they were merged with the dataframe that 

contains the DBSCAN labels of the serious adverse events. Since t-SNE uses 

attributes of data points to place them on a two dimensional map, the serious adverse 

events with the same labels should have similar attributes. So serious adverse events 

with the same label are either similar events or they occur together. By finding the 

DBSCAN labels of serious adverse events that belong to the significant root and 

parent events, results of all the methods that were used in this study were combined. 
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The tables that contains the serious adverse events of significant roots and parents 

that occur together can be seen below (Table 4.12 – Table 4.21) based on which drug 

they were clustered under and each with their similarity labels. Each background 

shade in tables denotes serious adverse events that belong to the same DBSCAN 

cluster. It should be noted some significant events and drug clusters have no serious 

adverse events associated with their DBSCAN labels.  

Table 4.12 Serious adverse events of the significant “Eye Diseases” root events. 

Drugs Serious Adverse Events 

Cytarabine 
Eyestrain 
Blindness transient 

Sorafenib 

Retinopathy 
Watering eyes 
Papilledema 
Optic nerve disorder 
Endophthalmitis 
Strabismus 
Myopia 
Angle closure glaucoma 
Choroidal effusions 
Cataract 

 

Table 4.13 Serious adverse events of the “Significant Hemic and Lymphatic 

Diseases” root event.  

Drugs Serious Adverse Events 

Cytarabine 

Mantle cell lymphoma 
Autoimmune haemolytic anaemia 
Lymph node pain 
Leukemia chronic myeloid 
Blast crisis 
Neutrophils 
Lymphocytes 

Sorafenib 
Anemia iron-deficiency 
Lymphocytic leukemia chronic 
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Table 4.13 Serious adverse events of the “Significant Hemic and Lymphatic 

Diseases” root event (continued).  

Sorafenib 

Von willebrand diseases 
Monoclonal gammopathies benign 
Granuloma 
Lymphoma b-cell marginal zone 
B cell lymphoma 

Doxorubicin 

Anemia 
Thrombocytopenia 
Leukopenia 
Neutropenia 
Platelets 
Granulocytes 
Leukocytes 

 

Table 4.14 Serious adverse events of the significant “Nutritional and Metabolic 

Diseases” root event. 

Drugs Serious Adverse Events 

Cytarabine 

Hypermagnesemia 
Hypokalemia 
Hyperglycemia 
Hyponatremia 

Sorafenib 

Nutrition disorders 
Hyperlactatemia 
Obesity 
Latent autoimmune diabetes in adults 
Anemia iron-deficiency 
Water-electrolyte imbalance 
Pickwickian syndrome 

Doxorubicin 
Hypomagnesemia 
Hypocalcemia 
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Table 4.15 Serious adverse events of the significant “Infections” root event. Since 

there are 64 distinct serious adverse events in the Sorafenib cluster, some of them 

are listed. 

Drugs Serious Adverse Events 

Cytarabine 

Infection 
Typhlitis 
Abscess 
Staphylococcal infection 
Clostridium enterocolitis 
Arthritis septic 
Fungal infections 
Bronchopneumonia 
Pneumonia 
Sepsis 
Paratuberculosis 
Herpes simplex oral 

Sorafenib 

Amoebiasis 
Mycoplasma infection 
Cranial nerve infection 
Vaginal infection 
Malaria 
Herpetic meningoencephalitis 
Prostate infection 
Opisthorchis felineus infection 
Hidradenitis suppurativa 
... 
Flavivirus infection 
Retropharyngeal abscess 
Pseudomonas infections 
Meningitis pneumococcal 
Herpetic keratitis 
Staphylococcal scalded skin syndrome 

Doxorubicin 

Stoma site infection 
Paronychia 
Catheter-related infections 
Dipetalonema infections 
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Table 4.16 Serious adverse events of the significant “Nervous System Diseases” 

root event. Since there are 76 distinct events in the Sorafenib cluster, some of them 

are listed below. 

Drugs Serious Adverse Events 

Cytarabine 

Anoxic encephalopathy 
Multiple sclerosis 
Hemiparesis 
Aseptic meningitis 
Polyneuropathy 
Neurotoxicity syndrome manganese 
Peripheral sensory neuropathy 
Peripheral motor neuropathy 
Toxic encephalopathy 
Tinnitus 
Dyskinesia 

Sorafenib 

Facial muscle weakness 
Accessory nerve disorder 
Muscle weakness left-sided 
Optic nerve 
Trigeminal nerve disorder 
Hemianopia 
Deafness bilateral 
Temporal lobe epilepsy 
Alzheimer type senile dementia 
Complicated migraine 
Carpal tunnel syndrome 
... 
Listeria cerebritis 
Neurologic symptoms 
Paraplegia 
Paraparesis 

Doxorubicin 

Ataxia 
Dysarthria 
Agnosia for pain 
Muscle pain 
Insomnia 
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Table 4.16 Serious adverse events of the significant “Nervous System Diseases” 

root event. Since there are 76 distinct events in the Sorafenib cluster, some of them 

are listed below (continued). 

Doxorubicin 

Progeria-like syndrome 
Voice hoarseness 
Visual impairment 
Acute inflammatory demyelinating polyneuropathy 
Orthostatic hypotension 
Diabetic autonomic neuropathy 
Cerebrovascular accident 
Primary exertional headache 
Lacunar infarction 
Meninges 

 

Table 4.17 Serious adverse events of the significant “Hematologic Diseases” parent 

event.  

Drugs Serious Adverse Events 

Cytarabine 

Blast crisis 
Leukemia chronic myeloid 
Lymphocytes 
Neutrophils 

Sorafenib 
Monoclonal gammopathies benign 
Anemia iron-deficiency 
Von willebrand diseases 

Doxorubicin 

Anemia 
Thrombocytopenia 
Leukopenia 
Neutropenia 
Platelets 
Granulocytes 
Leukocytes 
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Table 4.18 Serious adverse events of the significant “Metabolic Diseases” parent 

event in the Cytarabine cluster.  

Drugs Serious Adverse Events 

Cytarabine 

Hypermagnesemia 
Hypokalemia 
Hyperglycemia 
Hyponatremia 

Sorafenib 
Water-electrolyte imbalance 
Anemia iron-deficiency 

Doxorubicin 
Hypomagnesemia 
Hypocalcemia 

 

Table 4.19 Serious adverse events of the significant “Neoplasm by Site” parent 

event.  

Drugs Serious Adverse Events 

Sorafenib 

Bone neoplasm 
Breast carcinoma in situ 
Laryngeal cancer 
Brain neoplasm 
Rectal cancer 
Bronchioloalveolar carcinoma 
Pancreatic neoplasm 
Acoustic neuroma 
Nasopharyngeal carcinoma 
Neoplasms cardiac 
Adrenal cancer 
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Table 4.20 Serious adverse events of the “Significant Pathological Conditions, 

Anatomical” parent event.  

Drugs Serious Adverse Events 

Sorafenib 
Cardiomegaly 
Hepatomegaly 
Muscle atrophy 

 

Table 4.21 Serious adverse events of the significant “Central Nervous System 

Infections” parent event.  

Drugs Serious Adverse Events 

Sorafenib 
Cryptococcal meningitis 
Tuberculosis central nervous system 
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CHAPTER 5  

5 DISCUSSION AND CONCLUSION 

5.1 Incidence Rate of Serious Adverse Events 

For the interpretation of the serious adverse event incidence rates found in the data 

summary section, the difference between serious adverse events and adverse events 

should be well understood. It should be noted that serious adverse events are adverse 

events that are life threatening, and that require hospitalization [137]. So, vomiting 

that could lead to death is reported as a serious adverse event instead of an adverse 

event. Naturally, the incidence rate of serious adverse events are lower than their 

adverse event counterparts. 

5.2 Similarity of Labels 

To be sure about the result of the t-SNE/DBSCAN combination, they were run 

several times with different random states to check if the created clusters were 

random or not. Although the locations of the clusters and, accordingly, the two 

dimensional map changed in each run, the content of the clusters did not change and 

this indicates a strong relationship between clustered serious adverse events. 

Some of the clusters were examined to check if they make sense or not. For instance, 

a cluster that contains nausea in it also contains; vomiting, diarrhea, constipation, 

abdominal pain, dehydration, headache, pleural effusion and cancer pain. Nausea 

and vomiting are very common symptoms for a cancer patient [138] and they often 

occur together [139]. Dehydration is one of the consequences of vomiting [140] and 

diarrhea [141].  It is also indicated that nausea, abdominal pain and vomiting are 
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some of the constipation-related symptoms [142]. Headache could be related to any 

of these serious adverse events.  While cancer pain is a very general term for any 

cluster, pleural effusion seems a bit unrelated. 

As it can be seen in Table 4.5, serious adverse events in cluster number 1 are all 

about blood coagulation, since glucose metabolism affects coagulation [143], INR 

(International Normalized Ratio) and thromboplastin time are used in monitoring 

coagulation status [144], albumin is an anticoagulant which is often low in cancer 

patients [145], fibrinogen is involved in clotting [146] and calcium, magnesium and 

potassium are involved in blood coagulation [147], [148]. Cluster number 3 is related 

to the liver, since alanine aminotransferase, aspartate aminotransferase and serum 

bilirubin are used in liver function tests [149]. Hyperglycemia, hyponatremia, 

hypoalbuminemia, fatigue, anorexia and postnasal drip are clustered together in 

cluster number 92. Hyperglycemia is associated with a low level of sodium in the 

blood [150] which is called hyponatremia. Hyponatremia can be seen in patients with 

anorexia [151]. And fatigue is one of the symptoms of hyponatremia [152]. Cluster 

number 116 involves both tooth infection and gingivitis, which are related to each 

other [153]. Cluster number 275 is highly interesting since febrile neutropenia is the 

fever that occurs in patients with neutropenia [154]. Sepsis and pneumonia are the 

leading cause of death in cancer patients that have neutropenia [155]. Also, 

pneumonia is one of the causes of  dyspnea [156]. Sinus infection and neuralgia are 

clustered together in the cluster 321 and their association was found in a study [157].  

It should be noted, we can not expect t-SNE to be totally accurate since it is an  

unsupervised learning with no prior knowledge. Also, we used real-world data which 

is another challenge for t-SNE since real-word data can be complex and it is hard to 

predict a model which works best with such data [158]. Moreover, the data was a 

type of electronic health record (EHR). EHR’s are known to be difficult to represent 

and model due to sparness, heterogeneity, noise and clinical phenotypes being often 

expressed using different terminologies [159]. Considering all these, it can be said 

that the clusters created as a result of the t-SNE/DBSCAN combination are 
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promising despite there being some dissimilar serious adverse events clustered 

together. Some of these, however, could indeed indicate potential hidden links. 

5.3 Co-Clustered Data 

The spectral co-clustering method was run several times with different random states 

on the aggregated data that contains the mean weights of the serious adverse events 

to check if the created clusters were random or not just like we did with the t-

SNE/DBSCAN combination. The serious adverse event content in the dense regions 

does not change even though the whole body of the dense regions move up and down 

along the columns in each run. This indicates a strong relationship between clustered 

serious adverse events and drug types. 

330 serious adverse events were clustered in Cytarabine, 310 in Doxorubicin and 

1085 in Sorafenib and they were selected according to the dense regions on the 

heatmap that was created by the co-clustering method. It is clear that more serious 

adverse events were clustered in Sorafenib than others. This makes sense because 

the multi-tyrosine kinase inhibitors, like Sorafenib [160], tend to cause more serious 

adverse events [161], just like  C. Federer et al. proposed [127] as mentioned in 

Section 2.2. 

5.4 p-Values of Root and Parent Events 

The drug and significant root or parent event relationships are evaluated below 

within the scope of available sources in the literature. 

 The “Bacteria” root event is significant (p=0.0127), because the observed 

rate in the Doxorubicin cluster is much lower than the expected. Doxorubicin 

has antibacterial activity [162] since it is an antibiotic [81] and can inhibit the 

division of escherichia coli [163] which is one of the bacteria types in the 

“Bacteria” root event.  
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 Eye diseases are significant (p=0.0158) due to the observed rate in Sorafenib 

cluster. Sorafenib is associated with retinal tears, ocular irritation or blurred 

vision like some other anti-VEGF drugs [164].  

 Hemic and lymphatic diseases are significant (p=0.0218) as a root event due 

to the observed rate in Cytarabine. But the reason for this significance could 

be the same reason why Cytarabine is used. Since Cytarabine is mostly used 

in the treatment and management of lymphoma and leukemia [72], the hemic 

and lymphatic diseases could already be observed in the patients such as 

leukocytosis [165] and lymphopenia [166] that were also  found in the 

Cytarabine cluster that created with co-clustering. Also according to the 

Cytarabine prescription; hematologic diseases such as anemia, leukopenia 

and thrombocytopenia can be expected as a result of Cytarabine 

administration [167]. Thus, hematologic diseases as parent events should be 

significant as we found due to the observed rate of Cytarabine and this could 

be another reason why the hemic and lymphatic diseases are significant.  

 Due to the increase in the observed number of “Infections” root event in the 

Cytarabine drugs, infections are significant (p=0.0368). High dose 

Cytarabine is found to increase the risk of infection and it is mainly used for 

adult patients with AML [168]. This could be the reason why the “Infections” 

root event is significant.  

 The “Nervous System Diseases” root event is found to be almost significant 

(p=0.0536) because of the increase in the observed rate in Sorafenib cluster. 

But only one study was found to include this relationship by inducing 

neuropathy due administration of Sorafenib in the rat [169].  

 Although nutritional and metabolic diseases are significant because of the 

observed rate in Cytarabine, no findings were found about the relationships 

of these diseases and related drugs.  

 The other root events such as “Health Care Facilities, Manpower, and 

Services” and “Heterocyclic Compounds” were found to be significant but 

they do not mean anything. Most of the terms of these root terms were found 
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from clinical trials inaccurately due to reporting formats that are not 

compatible with a certain rule, superficial clinical report terms that have no 

the exact match in the two dictionaries or defects in the algorithm could lead 

to finding inappropriate terms other than indicated. For example, creatinine 

which is a chemical compound that is used to assess kidney function [170] 

was reported under the section of “Renal and urinary disorders”. Although 

creatinine is an element in the “Heterocyclic Compounds” MeSH tree. 

Fortunately, these mistakes are not that major to affect the significance of 

other events. Also, because we applied the hierarchical structure of the 

dictionaries, the found terms that are different from the indicated terms in 

clinical reports do not matter when their root or parent are considered only. 

For example, “infection without neutropenia” which is a superficial term to 

be used and it is not  compatible with the reporting format of the two 

dictionaries was reported in a study. The found term was encephalitis 

infection for this clinical term and they are both in the “Infection” root event 

in the hierarchical structure. 

 For the significant parent events, the “Fractures, Bone” parent event is 

significant (p=0.0009) due to the observed rate in the Doxorubicin cluster. It 

is known that Doxorubicin increases bone loss [171] and fractures due to its 

destructive effects on bones [172].  

 Hematologic diseases are significant (p=0. 0012) due to the observed rate of 

Cytarabine and Doxorubicin. Like in the case of hemic and lymphatic 

diseases root events, hematologic diseases such as leukopenia and 

neutropenia are common in patients with leukemia [173]. Besides that, 

Cytarabine can lead to anemia, leukopenia and thrombocytopenia as 

mentioned before. Also, hematologic diseases such as febrile neutropenia, 

that was clustered in Cytarabine drug, can be expected with high dose 

Cytarabine administration [174]. Also, risk of platelet aggregation is 

increased after Doxorubicin treatment [175]. Due to the platelet cytotoxicity 

of Doxorubicin; thrombocytopenia, which is one of the serious adverse 
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events in the Doxorubicin cluster, can occur [176] and this could lead to 

platelet aggregation [177].  

 Metabolic diseases are significant (p=0.007) due to the observed rate of 

Cytarabine, the “Neoplasm by site” parent event is significant (p=0.015) due 

to the observed rate in Sorafenib and central nervous system infections 

(p=0.047) due to Sorafenib. Although, no findings were found about the 

relationships of these parent events and related drugs.  

 Both of the “Gram-Negative Bacteria” (p=0.007) and “Proteobacteria” 

(p=0.012) parent events are significant for the same reason the “Bacteria” 

parent event is. Their observed rates in the Doxorubicin cluster  are very low 

due to the antibacterial activity, as explained above.  

 The “Gingivitis” parent event is significant (0.015) due to the observed rate 

of Cytarabine, although nothing was found that can show the relation of 

gingivitis either with Cytarabine or leukemia.  

 Neurotoxicity syndromes are significant (p=0.015) due to the observed rate 

of Cytarabine, and it is a well known effect of Cytarabine [178].  

 The “Pathological conditions, Anatomical” parent event is significant 

(p=0.026) due to the observed rate of Sorafenib. This parent event mostly 

contains different kinds of hernias and fistulas in the Sorafenib cluster. 

Sorafenib can promote hernias due to its VEGFR and PDGFR inhibitor 

properties that have angiogenesis properties [179], and different kinds of 

fistulas can form during sorafenib treatment [180]–[182]. 

 The “Sepsis” parent event is almost significant (p=0.0539)  due to the 

observed rate of Cytarabine. Sepsis is one of the consequences of treatments 

with high-dose Cytarabine [183], although it can be seen even with low-dose 

Cytarabine [184].  

 The “Pathologic Processes” parent event is also significant (p=0.037) but 

serious adverse events can not be interpreted since they are very general.  

 The “Heart Diseases” parent event (p=0.082) is not significant but it was 

expected to be since Doxorubicin is known for its cardiotoxicity [185]. 
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Although Doxorubicin is cardiotoxic, all the serious adverse events whose 

parent events are heart diseases were clustered in Cytarabine.  

 The other root events such as “Sulfur Compounds”, “Health Facilities”, 

“Heterocyclic Compounds, 1-Ring” are all significant but they do not mean 

anything. Again, their serious adverse events were found inaccurately. 

5.5 Conclusion 

We propose a method to discover the links between serious adverse events and drugs. 

We used ClinicalTrials.gov to download the clinical trial results that reported serious 

adverse events and in particular studied the anticancer drugs Cytarabine, Sorafenib 

and Doxorubicin. We retrieved 1725 distinct serious adverse events from 417 clinical 

trials and 700 trial groups. We used the MeSH and the CTCAE thesaurus to assign 

unique IDs to the serious adverse events to handle the inconsistency in the reports of 

serious adverse events. The serious adverse events were clustered on a two 

dimensional map based on their similarity by using t-SNE. For the labeling of these 

clusters, DBSCAN was used. To cluster the serious adverse events based on the 

drugs, we used spectral co-clustering. The hierarchical structure of the dictionaries 

were also applied to the problem of finding high level events of the serious adverse 

events. We calculated the p-values of the root and parent events to find significant 

ones that are encountered more or less, relatively, in a specific drug. Overall, we 

used data analysis methods to analyze drug-serious adverse events relationships. 

Discovering links between drugs and serious adverse events and finding significant 

serious adverse events by using these drug-serious adverse event relationships are 

the motivations of this study. To achieve them we transformed various clinical trial 

data into a table structure and important insights were derived from the data based 

on the obtained clusters. We showed that, by analyzing the clustered serious adverse 

events, events that are significantly associated with drugs can be detected. We 

believe that the methods we proposed for this study would provide opportunities to 

detect serious adverse events that are seen more or less in the treatment with a 
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specific drug. Since most of the serious adverse events that occur in anticancer drug 

therapy occur in all drugs, it is important to detect drug-specific serious adverse 

events. By comparing observed rates of serious adverse events of a new drug with 

other drugs, serious adverse events that are specific to a new treatment option can be 

discovered.  Also, with the similarity labeling, the serious adverse events that trigger 

each other, occur together or that are similar to each other can be found.  

Different reporting formats of the serious adverse events made data extraction and 

analysis difficult. Some of the results were affected by this inconsistency. Clinical 

trial reports that are compatible with a certain standard may provide more accurate 

results for studies like this. With the increasing number of clinical trials, the 

reliability of the results may increase in the future. And also, increased drug diversity 

could derive more insights about the drug-serious adverse event relationships. The 

in focus disease could vary with the chosen drug types. For instance; blood pressure, 

antibiotic, diabetic and allergy drugs could be selected and analyzed with the 

proposed methods. Clinical studies that include drug combinations could be used to 

analyze the effect of multi-drug applications on serious adverse events. Also, the 

gene targets of the chosen drugs can be included in the study to find the pathways 

triggered and this would lead to pathway enrichment analysis and projection of 

symptoms from pathways. Choosing different clustering algorithms that are 

compatible with the data, roll up or drill down operations that involve different detail 

levels of the data, and refinement of the ID assignment algorithm that would find 

terms even more accurately could have an important influence on the results. 

Although some similarity clusters contain unrelated serious adverse events and some 

of the drug-serious adverse event relationships are not available in the literature, 

these could indicate links that would be discovered in the future. This study can find 

certain patterns, turn data into actionable knowledge and provide insights to decision 

makers such as doctors or clinicians about the potential serious adverse events. So it 

has the potential to influence treatment decisions, medical search and health policies.  
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We hope that our study will contribute to the scientific literature with both the 

proposed methodology and the results obtained, in the matter of using data science 

to find the relationships between anticancer drugs and serious adverse events.  
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APPENDICES 

A. Numbers of Root Events in the Drug Clusters 

Table A.1 Numbers of all root events in the drug clusters 

Root Events Cytarabine Sorafenib Doxorubicin 

Amino Acids, Peptides, and Proteins 5.0 15.0 2.0 

Animal Diseases 1.0 6.0 0.0 

Animal Structures 1.0 1.0 0.0 

Bacteria 8.0 11.0 0.0 

Behavior and Behavior Mechanisms 10.0 22.0 6.0 

Biological Factors 1.0 6.0 0.0 

Biological Phenomena 1.0 2.0 1.0 

Body Regions 3.0 9.0 1.0 

Carbohydrates 2.0 2.0 1.0 

Cardiovascular Diseases 29.0 88.0 20.0 

Cardiovascular System 1.0 14.0 2.0 

Cells 2.0 3.0 4.0 

Chemical Actions and Uses 1.0 9.0 1.0 

Chemically-Induced Disorders 5.0 10.0 2.0 

Complex Mixtures 2.0 1.0 0.0 
Congenital, Hereditary, and Neonatal 
Diseases and Abnormalities 

6.0 24.0 6.0 

Dentistry 1.0 2.0 0.0 

Diagnosis 3.0 18.0 7.0 

Digestive System Diseases 27.0 114.0 41.0 

Endocrine System Diseases 4.0 30.0 6.0 

Environment and Public Health 3.0 10.0 5.0 

Enzymes and Coenzymes 4.0 8.0 2.0 
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Equipment and Supplies 1.0 2.0 2.0 

Eukaryota 1.0 13.0 5.0 

Eye Diseases 5.0 42.0 4.0 
Female Urogenital Diseases and 
Pregnancy Complications 

10.0 38.0 12.0 

Fluids and Secretions 1.0 2.0 0.0 

Genetic Phenomena 1.0 2.0 0.0 
Health Care Facilities, Manpower, and 
Services 

1.0 3.0 5.0 

Health Care Quality, Access, and 
Evaluation 

1.0 3.0 3.0 

Health Occupations 1.0 3.0 0.0 

Health Services Administration 1.0 3.0 0.0 

Hemic and Lymphatic Diseases 24.0 39.0 15.0 

Heterocyclic Compounds 2.0 8.0 8.0 

Immune System Diseases 11.0 29.0 9.0 

Immune System Phenomena 1.0 2.0 0.0 

Infections 53.0 114.0 37.0 

Inorganic Chemicals 3.0 3.0 0.0 

Investigative Techniques 14.0 27.0 14.0 

Male Urogenital Diseases 11.0 29.0 12.0 

Mental Disorders 2.0 15.0 2.0 

Metabolism 1.0 0.0 0.0 

Musculoskeletal Diseases 11.0 44.0 6.0 
Musculoskeletal and Neural 
Physiological Phenomena 

1.0 8.0 5.0 

Neoplasms 13.0 66.0 16.0 

Nervous System Diseases 32.0 149.0 29.0 
Nucleic Acids, Nucleotides, and 
Nucleosides 

1.0 1.0 0.0 

Nutritional and Metabolic Diseases 16.0 23.0 7.0 

Organic Chemicals 3.0 9.0 7.0 

Otorhinolaryngologic Diseases 7.0 23.0 7.0 
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Pathological Conditions, Signs and 
Symptoms 

57.0 187.0 51.0 

Physical Phenomena 2.0 3.0 1.0 

Population Characteristics 1.0 2.0 2.0 

Psychological Phenomena 3.0 6.0 4.0 
Reproductive and Urinary 
Physiological Phenomena 

3.0 4.0 0.0 

Reproductive system and breast 
disorders 

1.0 5.0 3.0 

Respiratory System 1.0 2.0 0.0 

Respiratory Tract Diseases 22.0 64.0 21.0 

Skin and Connective Tissue Diseases 9.0 54.0 10.0 

Social Sciences 1.0 6.0 2.0 

Stomatognathic Diseases 6.0 22.0 5.0 

Stomatognathic System 2.0 1.0 1.0 

Surgical Procedures, Operative 3.0 21.0 3.0 

Technology, Industry, and Agriculture 1.0 1.0 1.0 

Therapeutics 6.0 18.0 3.0 

Tissues 1.0 8.0 1.0 

Viruses 1.0 5.0 3.0 

Wounds and Injuries 8.0 43.0 17.0 

Anesthesia and Analgesia 0.0 1.0 1.0 

Archaea 0.0 1.0 0.0 

Biomedical and Dental Materials 0.0 1.0 1.0 

Cell Physiological Phenomena 0.0 2.0 1.0 

Education 0.0 1.0 0.0 

Embryonic Structures 0.0 1.0 0.0 

Endocrine System 0.0 1.0 0.0 

Geographic Locations 0.0 2.0 0.0 
Health Care Economics and 
Organizations 

0.0 3.0 0.0 

Hormones, Hormone Substitutes, and 
Hormone Antagonists 

0.0 3.0 0.0 
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Human Activities 0.0 1.0 1.0 

Humanities 0.0 1.0 0.0 

Information Science 0.0 4.0 0.0 

Integumentary System 0.0 2.0 0.0 

Macromolecular Substances 0.0 1.0 1.0 

Microbiological Phenomena 0.0 2.0 0.0 

Musculoskeletal System 0.0 12.0 4.0 
Non-Medical Public and Private 
Facilities 

0.0 2.0 1.0 

Persons 0.0 2.0 2.0 

Pharmaceutical Preparations 0.0 1.0 0.0 

Polycyclic Compounds 0.0 3.0 2.0 
Pregnancy, puerperium and perinatal 
conditions 

0.0 1.0 0.0 

Sense Organs 0.0 1.0 0.0 

Surgical and medical procedures 0.0 1.0 0.0 

Urogenital System 0.0 4.0 2.0 
Integumentary System Physiological 
Phenomena 

0.0 0.0 1.0 

Lipids 0.0 0.0 1.0 
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B. Rates of all the Root Events 

 

Figure B.1. The expected and observed rates of the “Eye Diseases” root event. 

 

Figure B.2. The expected and observed rates of the “Hemic and Lymphatic 

Diseases” root event. 
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Figure B.3. The expected and observed rates of the “Infections” root event. 

 

 

Figure B.4. The expected and observed rates of the “Nervous System Diseases” 

root event. 



 

 
 

109 

 

 

Figure B.5. The expected and observed rates of the “Nutritional and Metabolic 

Diseases” root event. 

C. Numbers of Root Events in the Drug Clusters 

Table C.1 Numbers of all parent events in the drug clusters 

Parent Events Cytarabine Sorafenib Doxorubicin 

Adrenal Gland Diseases 1.0 5.0 1.0 

Amines 1.0 3.0 0.0 

Amino Acids 1.0 0.0 1.0 

Antigen-Antibody Reactions 1.0 0.0 0.0 

Arthritis, Infectious 1.0 0.0 0.0 

Asthenopia 1.0 0.0 0.0 

Autoimmune Diseases 2.0 8.0 2.0 
Autoimmune Diseases of the Nervous 
System 

1.0 1.0 1.0 
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Bacterial Infections and Mycoses 15.0 32.0 10.0 

Behavior 6.0 8.0 2.0 

Biliary Tract Diseases 1.0 17.0 2.0 

Biological Products 1.0 1.0 0.0 

Biotransformation 1.0 0.0 0.0 

Bipolar and Related Disorders 1.0 0.0 0.0 

Blood Physiological Phenomena 1.0 1.0 2.0 

Blood Vessels 1.0 10.0 2.0 

Body Constitution 1.0 1.0 2.0 

Body Fluids 1.0 2.0 0.0 

Bone Diseases 3.0 15.0 1.0 

Bone Diseases, Infectious 1.0 4.0 0.0 

Bronchial Diseases 2.0 5.0 2.0 

Cardiovascular Abnormalities 1.0 2.0 0.0 
Cardiovascular Physiological 
Phenomena 

2.0 3.0 2.0 

Central Nervous System Diseases 11.0 57.0 8.0 

Central Nervous System Infections 1.0 14.0 0.0 

Congenital Abnormalities 2.0 12.0 4.0 

Connective Tissue Diseases 2.0 7.0 1.0 

Corneal Diseases 1.0 3.0 0.0 

Cranial Nerve Diseases 1.0 10.0 2.0 

Culture Media 1.0 0.0 0.0 

Delivery of Health Care 1.0 0.0 1.0 

Demography 1.0 0.0 1.0 

Demyelinating Diseases 1.0 3.0 2.0 

Deoxy Sugars 1.0 0.0 0.0 

Diagnosis, Oral 1.0 1.0 0.0 
Diagnostic Techniques and 
Procedures 

3.0 18.0 7.0 

Diet, Food, and Nutrition 1.0 1.0 1.0 
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Digestive System Abnormalities 2.0 4.0 2.0 

Digestive System Surgical Procedures 1.0 2.0 0.0 

Drug Therapy 1.0 3.0 2.0 
Drug-Related Side Effects and 
Adverse Reactions 

2.0 7.0 2.0 

Dwarfism 1.0 1.0 0.0 

Ear Diseases 3.0 12.0 2.0 
Ecological and Environmental 
Phenomena 

1.0 1.0 0.0 

Electrolytes 1.0 0.0 0.0 

Elements 2.0 3.0 0.0 

Endocrine Gland Neoplasms 2.0 6.0 0.0 

Environment 1.0 2.0 0.0 

Enzymes 4.0 7.0 2.0 

Epidemiologic Methods 1.0 2.0 2.0 

Exocrine Glands 1.0 0.0 0.0 

Extremities 1.0 4.0 0.0 

Fasciitis 1.0 0.0 0.0 

Female Urogenital Diseases 10.0 35.0 11.0 

Free Radicals 1.0 0.0 0.0 

Fungal Viruses 1.0 0.0 0.0 

Fungi 1.0 2.0 0.0 

Gastrointestinal Diseases 23.0 70.0 32.0 

Genetic Diseases, Inborn 3.0 8.0 3.0 

Genetic Variation 1.0 0.0 0.0 

Genital Diseases, Male 2.0 5.0 2.0 

Genotype 1.0 0.0 0.0 

Geological Phenomena 1.0 0.0 0.0 

Gingivitis 2.0 0.0 0.0 

Graft vs Host Disease 1.0 0.0 0.0 

Gram-Negative Bacteria 7.0 7.0 0.0 
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Gram-Positive Bacteria 1.0 1.0 0.0 

Growth and Development 1.0 2.0 0.0 

Head 1.0 1.0 1.0 

Health Services 1.0 3.0 2.0 

Heart Diseases 21.0 39.0 11.0 

Hematologic Diseases 17.0 19.0 14.0 

Hemic and Lymphatic Diseases 1.0 0.0 0.0 

Heterocyclic Compounds, 1-Ring 1.0 6.0 6.0 

Heterocyclic Compounds, Fused-Ring 1.0 4.0 2.0 

Hydrocarbons 1.0 5.0 3.0 

Hypersensitivity 2.0 9.0 4.0 

Immune System 4.0 4.0 2.0 

Immunologic Deficiency Syndromes 1.0 1.0 0.0 

Immunoproliferative Disorders 3.0 10.0 3.0 

Infant, Newborn, Diseases 1.0 5.0 0.0 

Infections 1.0 0.0 0.0 

Infections and infestations 14.0 28.0 8.0 
Injury, poisoning and procedural 
complications 

5.0 14.0 2.0 

Intraabdominal Infections 2.0 2.0 0.0 

Intubation 1.0 0.0 0.0 

Joint Diseases 4.0 10.0 3.0 

Lacrimal Apparatus Diseases 1.0 0.0 1.0 

Liver Diseases 1.0 15.0 4.0 

Lung 1.0 0.0 0.0 

Lung Diseases 11.0 21.0 9.0 

Lymphatic Diseases 7.0 16.0 4.0 

Medicine 1.0 3.0 0.0 

Mental Processes 1.0 1.0 0.0 

Metabolic Diseases 16.0 19.0 7.0 

Metals 2.0 2.0 0.0 
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Mouth 2.0 1.0 1.0 

Mouth Diseases 4.0 11.0 5.0 
Musculoskeletal and connective tissue 
disorders 

3.0 9.0 0.0 

Myeloid Cells 1.0 0.0 1.0 

Neoplasms 1.0 0.0 0.0 

Neoplasms by Histologic Type 7.0 35.0 12.0 

Neoplasms by Site 5.0 32.0 1.0 

Neoplastic Processes 2.0 2.0 1.0 

Nervous System Neoplasms 1.0 1.0 0.0 
Nervous System Physiological 
Phenomena 

1.0 4.0 4.0 

Neurobehavioral Manifestations 3.0 8.0 1.0 

Neurocognitive Disorders 1.0 5.0 0.0 

Neurologic Manifestations 15.0 53.0 10.0 

Neuromuscular Diseases 2.0 15.0 6.0 

Neurotoxicity Syndromes 2.0 0.0 0.0 

Nose Diseases 2.0 3.0 1.0 

Nucleotides 1.0 0.0 0.0 

Nutrition Therapy 1.0 0.0 0.0 

Opportunistic Infections 1.0 0.0 0.0 

Orbital Diseases 1.0 1.0 0.0 

Oxygen Compounds 1.0 0.0 0.0 

Parasitic Diseases 2.0 6.0 2.0 

Paratuberculosis 1.0 0.0 0.0 

Pathologic Processes 34.0 78.0 15.0 

Patient Care 1.0 4.0 0.0 

Patient Care Management 1.0 1.0 0.0 

Peptides 1.0 2.0 0.0 

Perianal Glands 1.0 0.0 0.0 

Personality 1.0 1.0 0.0 
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Phagocytes 1.0 0.0 0.0 

Pharmacokinetics 1.0 0.0 0.0 
Pharmacological and Toxicological 
Phenomena 

1.0 1.0 0.0 

Pharyngeal Diseases 2.0 4.0 1.0 

Pleural Diseases 1.0 5.0 1.0 

Poisoning 2.0 2.0 0.0 

Proteins 4.0 14.0 1.0 

Proteobacteria 7.0 8.0 0.0 

Psychological Theory 1.0 0.0 0.0 

Psychophysiology 1.0 4.0 4.0 

Public Health 2.0 8.0 5.0 

Radiation 1.0 2.0 1.0 

Radiation Injuries 1.0 2.0 1.0 

Rehabilitation 1.0 2.0 0.0 
Reproductive Physiological 
Phenomena 

2.0 3.0 0.0 

Reproductive system and breast 
disorders 

1.0 5.0 3.0 

Respiration Disorders 7.0 22.0 6.0 

Respiratory Tract Infections 8.0 15.0 8.0 

Rheumatic Diseases 2.0 4.0 0.0 

Sepsis 3.0 1.0 1.0 

Signs and Symptoms 25.0 100.0 35.0 

Skin Diseases 11.0 49.0 10.0 

Skin Diseases, Infectious 1.0 4.0 2.0 

Sociology 1.0 5.0 1.0 

Soft Tissue Infections 1.0 0.0 0.0 

Soil 1.0 0.0 0.0 

Specialty Uses of Chemicals 1.0 2.0 0.0 

Substance-Related Disorders 1.0 2.0 0.0 

Sugars 1.0 1.0 1.0 
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Sulfur Compounds 1.0 0.0 5.0 

Suppuration 2.0 7.0 2.0 

Thyroid Diseases 2.0 6.0 1.0 

Torso 1.0 3.0 0.0 

Toxins, Biological 1.0 0.0 0.0 

Tracheal Diseases 1.0 1.0 0.0 

Transfusion Reaction 1.0 0.0 0.0 

Transportation 1.0 0.0 0.0 

Trauma, Nervous System 2.0 5.0 1.0 
Urinary Tract Physiological 
Phenomena 

1.0 1.0 0.0 

Urogenital Neoplasms 1.0 5.0 0.0 

Urologic Diseases 9.0 23.0 9.0 

Vascular Diseases 11.0 53.0 11.0 

Virus Diseases 5.0 19.0 7.0 

Vision Disorders 1.0 3.0 1.0 

Wounds, Nonpenetrating 1.0 3.0 0.0 

Abdominal Injuries 0.0 1.0 1.0 

Ablation Techniques 0.0 2.0 0.0 

Adaptation, Psychological 0.0 1.0 0.0 

Air Sacs 0.0 1.0 0.0 

Alcohols 0.0 2.0 0.0 

Aldehydes 0.0 1.0 0.0 

Alkaloids 0.0 1.0 1.0 

Americas 0.0 1.0 0.0 

Amidines 0.0 1.0 0.0 

Anesthesia 0.0 1.0 1.0 

Animals 0.0 5.0 2.0 

Ankyloglossia 0.0 1.0 0.0 

Anthropology 0.0 1.0 1.0 

Antigen-Presenting Cells 0.0 1.0 0.0 
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Antigens 0.0 1.0 0.0 

Asphyxia 0.0 1.0 0.0 

Autonomic Nervous System Diseases 0.0 3.0 1.0 

Back Injuries 0.0 1.0 1.0 

Bacterial Physiological Phenomena 0.0 1.0 0.0 

Behavioral Sciences 0.0 1.0 0.0 

Biliary Tract 0.0 1.0 1.0 

Biological Therapy 0.0 3.0 1.0 

Biopsy 0.0 2.0 0.0 

Blood Coagulation Factors 0.0 1.0 0.0 

Body Temperature 0.0 1.0 1.0 

Breast 0.0 1.0 0.0 

Cardiovascular Infections 0.0 2.0 0.0 

Cardiovascular Surgical Procedures 0.0 3.0 1.0 

Cartilage 0.0 2.0 1.0 

Cartilage Diseases 0.0 1.0 0.0 

Cat Diseases 0.0 1.0 0.0 

Catheterization 0.0 2.0 0.0 

Cattle Diseases 0.0 1.0 0.0 

Cautery 0.0 1.0 0.0 

Cell Count 0.0 2.0 1.0 

Cellular Structures 0.0 1.0 1.0 

Central Nervous System 0.0 4.0 1.0 

Clinical Laboratory Techniques 12.0 22.0 9.0 

Clinical Protocols 0.0 1.0 0.0 

Communicable Diseases 0.0 1.0 0.0 

Communication 0.0 1.0 0.0 

Conjunctival Diseases 0.0 2.0 0.0 

Connective Tissue 0.0 3.0 1.0 

Constriction 0.0 1.0 0.0 
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Cross Infection 0.0 2.0 0.0 

Curriculum 0.0 1.0 0.0 

Cysts 0.0 6.0 0.0 

Cytological Techniques 0.0 3.0 1.0 

DNA Viruses 0.0 2.0 2.0 

Dental Health Surveys 0.0 1.0 0.0 

Diabetes Mellitus 0.0 8.0 2.0 

Digestive System Diseases 0.0 1.0 0.0 

Digestive System Fistula 0.0 3.0 0.0 

Digestive System Neoplasms 0.0 9.0 1.0 

Ear 0.0 1.0 0.0 

Economics 0.0 1.0 0.0 

Emotions 0.0 2.0 2.0 

Endocrine Surgical Procedures 0.0 2.0 0.0 

Endospore-Forming Bacteria 0.0 1.0 0.0 

Enzyme Precursors 0.0 1.0 0.0 

Epithelial Cells 0.0 1.0 0.0 

Europe 0.0 1.0 0.0 

Euryarchaeota 0.0 1.0 0.0 

Evaluation Studies as Topic 0.0 1.0 0.0 

Eye Abnormalities 0.0 8.0 2.0 

Eye Diseases 0.0 1.0 0.0 

Eye Infections 0.0 5.0 0.0 

Eye Injuries 0.0 1.0 0.0 

Eye Manifestations 0.0 1.0 0.0 

Firmicutes 0.0 3.0 0.0 

Fish Diseases 0.0 1.0 0.0 

Fractures, Bone 0.0 7.0 8.0 

Fused-Ring Compounds 0.0 1.0 2.0 

Genetic Structures 0.0 2.0 0.0 
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Genitalia 0.0 2.0 1.0 

Glymphatic System 0.0 1.0 0.0 

Gonadal Disorders 0.0 5.0 0.0 

Grandparents 0.0 1.0 0.0 

Gubernaculum 0.0 1.0 0.0 

Health 0.0 1.0 1.0 

Heart 0.0 3.0 0.0 

History 0.0 1.0 0.0 

Hormones 0.0 3.0 0.0 

Housing 0.0 1.0 0.0 

Immune System Diseases 0.0 1.0 0.0 

Immunocompetence 0.0 1.0 0.0 

Immunologic Techniques 0.0 2.0 0.0 

Informatics 0.0 1.0 0.0 

Information Centers 0.0 1.0 0.0 

Jaw Diseases 0.0 2.0 0.0 

Joint Dislocations 0.0 1.0 0.0 

Lacerations 0.0 1.0 0.0 

Laryngeal Diseases 0.0 4.0 3.0 

Larynx 0.0 1.0 0.0 

Leisure Activities 0.0 1.0 1.0 

Lens Diseases 0.0 1.0 0.0 

Ligaments 0.0 1.0 0.0 

Lymph Node Excision 0.0 1.0 0.0 

Lymphoid Tissue 0.0 2.0 0.0 

Macrocyclic Compounds 0.0 2.0 0.0 

Manufactured Materials 0.0 1.0 1.0 

Membranes 0.0 3.0 0.0 

Microbiota 0.0 1.0 0.0 
Minimally Invasive Surgical 
Procedures 

0.0 3.0 0.0 
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Multiple Trauma 0.0 2.0 0.0 

Muscles 0.0 1.0 0.0 

Muscular Diseases 0.0 13.0 2.0 

Musculoskeletal Abnormalities 0.0 1.0 0.0 
Musculoskeletal Physiological 
Phenomena 

0.0 4.0 1.0 

Nails 0.0 1.0 0.0 

Neoplastic Syndromes, Hereditary 0.0 2.0 0.0 

Nervous System Diseases 0.0 1.0 0.0 

Nervous System Malformations 0.0 1.0 0.0 

Neurodegenerative Diseases 0.0 3.0 1.0 

Neurodevelopmental Disorders 0.0 2.0 0.0 

Neurosecretory Systems 0.0 1.0 0.0 

Nucleosides 0.0 1.0 0.0 

Nutrition Disorders 0.0 4.0 0.0 

Obstetric Surgical Procedures 0.0 2.0 0.0 

Ocular Hypertension 0.0 3.0 0.0 

Ocular Motility Disorders 0.0 3.0 0.0 

Oncogenic Viruses 0.0 1.0 0.0 

Ophthalmologic Surgical Procedures 0.0 1.0 0.0 

Optic Nerve Diseases 0.0 2.0 0.0 

Optical Devices 0.0 1.0 0.0 

Optical Phenomena 0.0 1.0 0.0 

Organization and Administration 0.0 2.0 0.0 

Orthopedic Procedures 0.0 1.0 0.0 

Otorhinolaryngologic Neoplasms 0.0 4.0 0.0 

Pain Management 0.0 1.0 0.0 

Pancreas 0.0 1.0 0.0 

Pancreatic Diseases 0.0 5.0 0.0 

Paraneoplastic Syndromes 0.0 1.0 0.0 

Parasitic Diseases, Animal 0.0 1.0 0.0 
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Parathyroid Diseases 0.0 1.0 0.0 

Pathological Conditions, Anatomical 0.0 21.0 3.0 

Pelvic Infection 0.0 1.0 0.0 

Periodontics 0.0 1.0 0.0 

Peripheral Nervous System 0.0 3.0 1.0 

Peritoneal Diseases 0.0 4.0 0.0 

Pharmaceutical Preparations 0.0 1.0 0.0 

Pharmacologic Actions 0.0 8.0 1.0 

Pigments, Biological 0.0 4.0 0.0 

Pituitary Diseases 0.0 3.0 2.0 

Plants 0.0 6.0 3.0 

Polymers 0.0 1.0 1.0 

Polysaccharides 0.0 1.0 1.0 

Precancerous Conditions 0.0 2.0 0.0 

Pregnancy Complications 0.0 3.0 1.0 
Pregnancy, puerperium and perinatal 
conditions 

0.0 1.0 0.0 

Prostheses and Implants 0.0 1.0 0.0 

Prosthesis Implantation 0.0 1.0 0.0 

Psychology, Applied 0.0 1.0 0.0 

Psychology, Social 0.0 1.0 0.0 

Psychotherapy 0.0 1.0 0.0 

Public Health Dentistry 0.0 1.0 0.0 

Publishing 0.0 1.0 0.0 

Punctures 0.0 1.0 0.0 

Pupil Disorders 0.0 2.0 0.0 

Purpura, Thrombocytopenic 0.0 1.0 0.0 

Quality Assurance, Health Care 0.0 1.0 0.0 

Quality of Health Care 0.0 2.0 2.0 

RNA Viruses 0.0 3.0 1.0 

Radiotherapy 0.0 1.0 0.0 
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Refractive Errors 0.0 1.0 0.0 

Regeneration 0.0 1.0 0.0 

Renal Replacement Therapy 0.0 1.0 0.0 

Reproductive Tract Infections 0.0 1.0 0.0 

Respiratory Hypersensitivity 0.0 2.0 2.0 

Respiratory Physiological Phenomena 0.0 1.0 2.0 

Respiratory System 0.0 1.0 0.0 

Respiratory Tract Fistula 0.0 2.0 0.0 

Respiratory Tract Neoplasms 0.0 5.0 0.0 

Retinal Diseases 0.0 6.0 0.0 

Retreatment 0.0 1.0 0.0 

Rupture 0.0 1.0 1.0 
Schizophrenia Spectrum and Other 
Psychotic Disorders 

0.0 2.0 0.0 

Sexual Dysfunctions, Psychological 0.0 2.0 0.0 

Sexually Transmitted Diseases 0.0 1.0 1.0 

Sheep Diseases 0.0 1.0 0.0 

Skeleton 0.0 8.0 4.0 

Skin 0.0 1.0 0.0 

Sleep Wake Disorders 0.0 3.0 1.0 

Smart Materials 0.0 1.0 0.0 

Social Control, Formal 0.0 2.0 0.0 

Socioeconomic Factors 0.0 1.0 0.0 

Soft Tissue Injuries 0.0 1.0 0.0 

Somatoform Disorders 0.0 1.0 0.0 

Sorption Detoxification 0.0 1.0 0.0 

Spinal Cord Injuries 0.0 1.0 0.0 

Sprains and Strains 0.0 1.0 0.0 

Surgical Equipment 0.0 1.0 0.0 

Surgical and medical procedures 0.0 1.0 0.0 

Survivors 0.0 1.0 1.0 
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Swine Diseases 0.0 1.0 0.0 

Temporomandibular Joint Disorders 0.0 2.0 0.0 

Tendon Injuries 0.0 1.0 0.0 

Thoracic Diseases 0.0 1.0 0.0 

Thoracic Injuries 0.0 3.0 0.0 

Thoracic Surgical Procedures 0.0 2.0 1.0 

Tooth Diseases 0.0 4.0 0.0 

Tooth Injuries 0.0 1.0 0.0 

Transplantation 0.0 2.0 0.0 

Transplantation Immunology 0.0 1.0 0.0 

Triazenes 0.0 1.0 0.0 

Urinary Tract 0.0 2.0 1.0 

Urogenital Surgical Procedures 0.0 2.0 0.0 

Uveal Diseases 0.0 2.0 0.0 

Vascular System Injuries 0.0 1.0 0.0 

Vector Borne Diseases 0.0 4.0 0.0 

Wound Infection 0.0 1.0 1.0 

Wounds and Injuries 0.0 1.0 0.0 

Adaptation, Biological 0.0 0.0 1.0 

Amides 0.0 0.0 1.0 

Anthropometry 0.0 0.0 1.0 

Anxiety Disorders 0.0 0.0 1.0 

Arm Injuries 0.0 0.0 1.0 

Bone Marrow Cells 0.0 0.0 1.0 

Catheter-Related Infections 0.0 0.0 1.0 

Crush Injuries 0.0 0.0 1.0 

Decompression, Surgical 0.0 0.0 1.0 

Equipment and Supplies 0.0 0.0 1.0 
Extravasation of Diagnostic and 
Therapeutic Materials 

0.0 0.0 1.0 

Hamartoma 0.0 0.0 1.0 
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Health Facilities 0.0 0.0 2.0 

Health Personnel 0.0 0.0 1.0 

Heat Stress Disorders 0.0 0.0 1.0 

Hematopoietic System 0.0 0.0 1.0 

Hip Injuries 0.0 0.0 1.0 

Homeostasis 0.0 0.0 1.0 

Jaw 0.0 0.0 1.0 

Laboratories 0.0 0.0 1.0 

Liver 0.0 0.0 1.0 

Membrane Lipids 0.0 0.0 1.0 

Microsurgery 0.0 0.0 1.0 

Nebulizers and Vaporizers 0.0 0.0 1.0 

Neoplasms, Second Primary 0.0 0.0 1.0 

Neuroimaging 0.0 0.0 1.0 

Occupational Groups 0.0 0.0 1.0 

Physical Stimulation 0.0 0.0 1.0 

Psychological Techniques 0.0 0.0 1.0 

Shoulder Injuries 0.0 0.0 1.0 

Skin Physiological Phenomena 0.0 0.0 1.0 

Urinary Tract Infections 0.0 0.0 1.0 

Urogenital Abnormalities 0.0 0.0 1.0 
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D. Rates of all the Parent Events 

 

Figure D.1. The expected and observed rates of the “Hematologic Diseases” parent 

event. 

 

Figure D.2. The expected and observed rates of the “Metabolic Diseases” parent 

event. 
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Figure D.3. The expected and observed rates of the “Gram-Negative Bacteria” 

parent event. 

 

Figure D.4. The expected and observed rates of the “Proteobacteria” parent event. 
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Figure D.5. The expected and observed rates of the “Gingivitis” parent event. 

 

Figure D.6. The expected and observed rates of the “Neurotoxicity Syndromes” 

parent event. 
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Figure D.7. The expected and observed rates of the “Neoplasms by Site” parent 

event. 

 

Figure D.8. The expected and observed rates of the “Pathological Conditions, 

Anatomical” parent event. 
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Figure D.9. The expected and observed rates of the “Pathologic Processes” parent 

event. 

 

Figure D.10. The expected and observed rates of the “Central Nervous System 

Infections” parent event. 
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Figure D.11. The expected and observed rates of the “Sepsis” parent event. 

 


