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Chapter 1 - Introduction 

The advancement of technology in society has greatly enhanced our ability to 
generate and collect data from a variety of sources. In healthcare, a vast amount of 
data is being generated by sources such as electronic medical records, wearable 
devices, and health-related apps (1). This “big data” is being collected and stored in 
large databases, which can then be used to support a variety of healthcare-related 
activities, such as research, population health management, and precision medicine. 
As the amount of healthcare and research data generated continues to escalate and 
become increasingly complex (2), it has become necessary to find new and 
innovative ways to manage, process, and analyze this data so it can be transformed 
into meaningful information and knowledge that can be used to transform the 
practice of medicine and the delivery of healthcare. 

Artificial intelligence (AI) is a rapidly growing field that is transforming the way we 
handle big data in healthcare. The massive investment in developing fast parallel 
chips, specifically graphical processing units (GPUs), and the improvement of 
algorithms have together contributed to the growth and success of AI in the age of 
data. Common techniques in AI, such as deep learning (DL) and machine learning 
(ML), are being used to analyze complex healthcare datasets and uncover hidden 
patterns and insights (3-5). This has the potential to revolutionize the way we 
approach healthcare, enabling more accurate diagnosis and prediction of diseases, 
leading to more effective treatment and prevention strategies.  

Another important tool in the data science toolkit for healthcare is data mining, 
which involves using algorithms and statistical models to discover trends, 
associations, patterns, anomalies, and feature of interest in large datasets (1, 6, 7). 
By applying data mining techniques to health data, researchers, data scientists and 
public health analysts can gain valuable insights into the factors that affect the health 
of individuals and communities, and use this information to develop strategies for 
preventing and controlling public health issues. ML, on the other hand, is a subset 
of AI that involves training algorithms on large datasets to make predictions or take 
actions based on those patterns (4, 8). In healthcare, ML can be used to identify 
patterns in patient data that can be used to make predictions about their health, such 
as the likelihood of developing a particular disease or the effectiveness of different 
treatments (3, 9-11). This allows healthcare providers to make more informed 
decisions about treatment and offer more personalized care. They can also help 
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researchers and public health officials identify trends and patterns in population 
health data, and use this information to develop strategies for improving the health 
of individuals and communities. 

As technology continues to advance, there has been an increasing focus on 
collecting and analyzing genomic data. This has been made possible by the 
development of new technologies, such as genome-wide association studies 
(GWAS), which allow researchers to quickly and accurately collect and analyze 
large amounts of genomic data (12). During the past two decades, the development 
and implementation of technologies like GWAS have paved the way for the rise of 
precision medicine, an approach to healthcare that takes into account individual 
differences in people's genes, environment, and lifestyle to provide personalized and 
effective treatments (13).  By leveraging ML and data mining techniques to 
facilitate the integration of these data, one can gain a better understanding of factors 
that might contribute to complex diseases which can be potentially used to develop 
targeted treatments and prevention strategies, leading to better health outcomes for 
individuals and communities and a more efficient healthcare system overall (6, 9, 
14). 

However, it is important to note that all these advances in technologies and tools are 
not happening without challenges. Bias in health datasets, including genomic data, 
can significantly diminish the accuracy and usefulness of the information they 
contain, potentially enhancing health inequalities. For instance, if the data used in 
GWAS studies is predominantly from a certain racial or ethnic group, the results of 
those studies may not be generalizable to individuals from other groups. This is 
because genetic variations can vary greatly among different populations, and 
therefore, the genetic variants identified in one population may not be the same as 
those identified in another population. As a result, as individuals from 
underrepresented groups may not have equal access to personalized and effective 
treatments, which can perpetuate existing health disparities (15, 16).  Therefore, it 
is crucial that efforts are made to address ethnic and racial bias in health datasets 
and ensure that they are representative of the diverse populations they are intended 
to serve. This can involve a range of measures, from increasing the diversity of 
participants in studies to developing algorithms and techniques that can identify and 
mitigate bias in the data. Additionally, bias can be introduced through the data 
collection and analysis processes, leading to inaccurate results (9, 17).  Ultimately, 
addressing biases is essential for ensuring that the benefits of precision medicine are 
available to all individuals, regardless of their race, ethnicity, or other factors. 

The Coronavirus Disease 2019 (COVID-19) pandemic has highlighted the 
importance of data science tools in managing large amounts of data. The 
unprecedented nature of the situation, in terms of the rapid spread of the virus and 
the global impact, has resulted in an urgent need for information and knowledge. In 
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response, the research community, governments, and private sector have made a 
massive effort to collect and share data in almost real time. The World Health 
Organization (WHO) signaled that AI could be an important technology to manage 
the crisis caused by the virus (18). During the pandemic, data mining and ML 
algorithms have been used to analyze large datasets of health-related data, including 
data on the spread of the virus, the characteristics of infected individuals, and the 
impact of interventions and treatments (7, 19).  App-based symptom trackers 
allowed individuals to self-report their symptoms, which helped public health 
officials to track the spread of the virus (20-22).  This information was crucial for 
identifying hot spots and potential outbreaks, as well as for monitoring the 
effectiveness of various measures taken to control the outbreak. Data dashboards 
were important tools used by public and private institutions to rapidly disseminate 
knowledge acquired, allowing public health officials to make more informed 
decisions and to develop targeted interventions and strategies to control the spread 
of the virus and the public with access to up-to-date information on the pandemic, 
which was crucial for promoting awareness and understanding of the situation (23, 
24).   

AI and data mining  
Artificial intelligence (AI) and data mining are both fields in computer science that 
are often used together to analyze large datasets. However, they are different in 
some key ways: 

AI has its roots in the 1950s, when computer science pioneers began to ask whether 
computers could be made to "think" - a question that we are still exploring today. In 
short, AI is the effort to automate intellectual tasks normally performed by humans, 
such as problem-solving, learning, and decision-making (4, 25, 26). The broad field 
of AI includes many different sub-fields and approaches, including machine 
learning (ML), deep learning (DL) and natural language processing (NLP). These 
sub-fields focus on different aspects of AI and use different techniques to enable 
machines to learn from data and make decisions based on that learning. 

ML is a sub-field of AI that focuses on the development of algorithms and statistical 
models that allow computers to improve their performance on a specific task over 
time (8, 19, 25). The goal of ML is to enable computers to learn from data without 
being explicitly programmed (27). There are two main categories of ML algorithms: 
supervised learning and unsupervised learning. Supervised learning algorithms use 
labeled data to learn a function that maps input data to output labels. For example, 
a supervised learning algorithm might be trained on a dataset of medical records and 
their corresponding labels (e.g., "diabetes" or "no diabetes") to learn to predict 
whether a new patient has diabetes (10). In contrast, unsupervised learning 
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algorithms use unlabeled data to learn patterns in the data. For example, an 
unsupervised learning algorithm might be trained on a dataset of medical records 
and learn to identify common patterns or risk factors for diseases without any prior 
labels (11).   

DL and AI are terms often used interchangeably. However, DL is actually a sub-
field of ML that focuses specifically on the use of artificial neural networks to learn 
from data (8, 25). Neural networks are computational models inspired by the 
structure and function of the human brain and are composed of many interconnected 
processing nodes or "neurons”. DL algorithms use these neural networks to learn 
from data in a hierarchical manner, with each layer of the network learning to extract 
more abstract features of the data as the input passes through the network. This 
hierarchical structure allows DL algorithms to learn complex patterns in data that 
are difficult or impossible for other machine learning algorithms to detect (27). 
There are several different types of DL algorithms, including convolutional neural 
networks, recurrent neural networks, and generative adversarial networks. These 
different types of algorithms can be used to solve a wide range of problems in AI, 
from image recognition and NLP, to robotics and autonomous vehicles (8, 9, 25). 

Data mining, also known as knowledge discovery from data (KDD), is the 
automated or convenient extraction of patterns representing knowledge that is 
implicitly stored or captured in large databases, data warehouses, the web, other 
large information repositories, or data streams (1). Data mining has been described 
as a combination of computer science, statistics, and database management with 
rapidly increasing utilization of AI and visualization (with advanced graphics), 
especially in the case of big data analytics. The knowledge extraction process 
usually involves the following steps: i) data cleaning - noise removal; ii) data 
integration – in which different source of data can be integrate; iii) data selection – 
filtering the relevant information; iv) data transformation – summary or 
aggregations; v) data mining – extraction of data patterns involving; vi) pattern 
evaluation – using proper metrics; and vi) knowledge presentation – data 
visualization.  

By combining the power of data mining and AI, researchers can gain valuable 
insights from large amounts of data (19). One example is in the field of text analysis, 
where data mining techniques can be used to automatically extract key information 
from unstructured text (text mining) (1, 29). NLP - a subfield of AI, linguistics and 
computer science that focuses on making it possible for computers to read, 
understand, and generate human language in a way that is useful and effective – can 
then be used as a tool to analyze this information, identifying patterns and trends, 
and classifying the text into different categories (26) 

20
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Figure 1 Venn diagram representing the relationships between AI, ML, DL and data mining. Adapted 
from (28) 

As an example, we can consider a pipeline for analyzing health data from medical 
records. The first step would be to collect and preprocess the text data, which might 
involve cleaning and normalizing patient records or health reports to remove any 
unwanted characters or formatting. This process can be automated and scaled with 
text mining frameworks. Next, to extract useful information from the text data, such 
as key medical terms or phrases, grouping similar reports together based on the 
keywords and phrases that they contain, or summarizing the text data in a 
meaningful way, NLP algorithms can be applied. A next step could involve the use 
of a ML-based model and classify the text data into different categories, such as 
diagnosis, treatments, or symptoms. Similar pipelines to the one described are been 
widely used with COVID-19 data (30, 31). 

By combining these fields, researchers can gain valuable insights from large 
datasets and make more accurate predictions and provide knowledge for data-driven 
decisions in public health. The evolution of these algorithms aligned with the fairly 
recent boom in genomic data, has driven efforts towards more personalized public 
health interventions (2, 5, 9). As these technologies continue to evolve and improve 
our understanding of complex data, efforts need to be made to ensure that the data 
used in AI and data mining algorithms is accurate and representative, and that the 
results of these analyses are used ethically and responsibly. It is also important to 
consider the potential drawbacks and limitations of these technologies, and to work 
towards minimizing any negative impacts they may have on individuals and society. 
Ultimately, the success of AI and data mining in public health will depend on a 
collaborative effort between researchers, policymakers, and other stakeholders to 
develop and implement these technologies in a way that is fair, effective, and 
sustainable. 
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Genome Wide-Association Studies 
GWAS, or genome-wide association studies, is a type of observational study used 
in genetics research to identify genetic variations associated with specific traits or 
diseases. These studies analyze large amounts of genetic data, typically focusing on 
single-nucleotide polymorphisms (SNPs) and comparing the frequency of these 
markers in individuals with and without the trait or disease (12, 32-35). The results 
of GWAS identify specific genetic regions, genes or variations that are associated 
with the trait or disease, providing a starting point for further research to understand 
the underlying biology of the trait or disease, and potentially leading to the 
development of new treatments. 

The history of GWAS can be traced back to 2002, when the first GWAS was 
published in with results that successfully identified a susceptibility gene for 
myocardial infarction (36, 37). This study, and subsequent ones (38-40), marked the 
beginning of large-scale genotyping capabilities, which eventually allowed for the 
quick and inexpensive genotyping of large numbers of genetic variations across the 
entire genome (41-43). Since then, GWAS has been used to identify genetic 
associations with a wide range of traits and diseases, including complex non-
communicable diseases (NCDs) such as type 2 diabetes and cancer (12, 44, 45).  
The importance of these discoveries lies in its potential to improve our 
understanding of the genetic basis of disease and to develop new treatments based 
on this understanding. By identifying specific genetic variations that are associated 
with a particular disease, researchers can develop targeted therapies that are more 
effective and have fewer side effects than traditional treatments, also possibly 
changing public health strategies at the population level (32, 46). 

Genetic studies of human disease, particularly GWAS, have been criticized for not 
adequately representing global diversity (47-54). This under-representation of 
ethnic diversity potentially hinds our ability to fully comprehend the genetic basis 
of human disease and can exacerbates health inequalities. This scarcity of ethnic 
diversity in human genomic studies may also limit our ability to apply findings to 
clinical practice and public health policy. For example, using estimates of genetic 
risk from European-based studies on non-Europeans may result in inaccurate risk 
assessment and inadequate interventions in under-studied populations. 

To cite one example on how the focus on specific populations might create health 
disparities, we can turn to pharmacogenomics, a field of study that involves 
examining the genetic basis of an individual's response to drugs. For instance, 
warfarin, a commonly prescribed oral anticoagulant, has a narrow therapeutic range 
and considerable inter-individual variation in dosage effects. This dose is influenced 
by SNPs in CYP2C9, VKORC1, CYP4F2, and another variant near the CYP2C gene 
cluster (55). Studies have shown that in Europeans, these SNPs explain a significant 
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proportion of the variance in drug metabolism; however, in people of African 
descent, they explain much less (54, 56). Therefore, the algorithms derived from 
Europeans do not effectively translate to better and safer treatment across ethnic 
groups. Identifying genetic variants that influence drug metabolism across global 
populations is necessary to accurately predict drug response in individuals of diverse 
ethnicities 

Overall, GWAS is an important tool in the field of precision medicine, helping to 
identify genetic variations that may be used to determine an individual's likelihood 
of developing a particular trait or disease, and to tailor treatment to the individual 
patient based on their specific genetic profile. However, it is important to note that, 
the majority of complex diseases are influenced by multiple genetic and 
environmental factors, so the results of GWAS alone are not sufficient to make 
accurate predictions or personalize treatment (57, 58). Additionally, potential bias 
in GWAS studies can harm public health by leading to health disparities and limiting 
the applicability of the findings to other populations (48, 50, 53). It is therefore 
essential to carefully consider these potential biases and to ensure that GWAS 
studies accurately reflect the diversity of the population to maximize the benefits of 
precision medicine and make it accessible to all individuals, regardless of their 
ethnicity or other factors. 

The COVID-19 pandemic 
The severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), the causative 
agent of COVID-19, was first detected in December 2019 in Wuhan, China (59-61). 
In January 2020, the World Health Organization (WHO) declared the outbreak a 
Public Health Emergency of International Concern (PHEIC), and by March 11, 
2020, the virus had spread to multiple countries around the world, leading the WHO 
to declare the outbreak a global pandemic (62). As of December 03, 2022, more 
than 648 million cases of COVID-19 and 6.65 million deaths have been reported 
globally (63). 

SARS-CoV-2 is the third coronavirus to cause severe disease in humans and spread 
globally in the past two decades, after SARS and MERS (19, 59-61). The virus is 
primarily transmitted through person-to-person respiratory contact. This occurs 
when respiratory particles released by an infected person when they cough, sneeze, 
or talk come into contact with the mucous membranes of another person. Infection 
can also occur if a person touches contaminated surfaces and then touches their eyes, 
nose, or mouth. Prolonged exposure to an infected person is associated with a higher 
risk of transmission, while briefer exposures to individuals who are symptomatic 
are less likely to result in transmission (30, 64, 65). 
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Preventing the spread of SARS-CoV-2 requires measures to reduce person-to-
person respiratory contact, such as physical distancing, wearing masks, and hand 
hygiene (64). WHO recommended that individuals maintained a distance of at least 
six feet (two meters) from each other, avoid large gatherings, and wear masks in 
public settings, especially when it was not possible to maintain physical distance. 
They also recommended frequent hand washing with soap and water or the use of 
alcohol-based hand sanitizers (66). In addition to these measures, many countries 
have implemented lockdowns or other restrictions on travel and public gatherings 
in order to control the spread of the virus (67). These measures can be effective in 
reducing transmission, but they can also have negative impacts on individuals and 
society, such as loss of income and social isolation (68). Therefore, it is important 
for public health officials to carefully consider the potential benefits and drawbacks 
of such measures when deciding on a course of action. 

The incubation period for COVID-19 is between 5-6 days and symptoms may 
appear 2-14 days after exposure to the virus (69). The clinical presentation is 
heterogeneous, ranging from asymptomatic to severe or critical illness requiring 
hospitalization. Although respiratory problems are common in COVID-19, the 
disease affects multiple organ systems, resulting in a wide range of symptoms, 
including fever, cough, shortness of breath, fatigue, muscle pain and loss of taste 
and smell (19, 20, 30, 60, 64, 66).  

Certain groups of people are at an increased risk of developing severe illness from 
COVID-19. These at-risk groups include older adults, people with underlying 
medical conditions, and people with weakened immune systems (70, 71). Older 
adults are particularly at risk, with over 81% of COVID-19 deaths occurring in 
people over age 65. People with underlying medical conditions, such as cancer, 
chronic kidney disease, chronic liver disease, chronic lung diseases, diabetes, heart 
conditions, and obesity, are also at an increased risk of severe illness from COVID-
19. These conditions can weaken a person's immune system or affect their ability to 
fight off infections, making them more vulnerable to severe illness from the virus. 

During the COVID-19 pandemic, an unprecedented effort was made to accelerate 
the pace of scientific progress and ensure rapid data sharing (24, 72-74). This 
allowed researchers around the world to collaborate and share information and 
insights in near real-time, which was particularly important in the fight against the 
virus. Thanks to advances in technology, the virus's entire genome was published 
online within days of its identification (75). Furthermore, the massive effort 
eventually culminated in the development of vaccines for COVID-19, which were 
ready to use and approved for emergency use in less than a year (73). This record 
time development was made possible through the collaboration of scientists, 
researchers, and pharmaceutical companies, as well as the support of governments 
and funding agencies. 
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The COVID-19 pandemic has been showing the potential of real-time and accurate 
surveillance data for adequate public health decision making and evaluation, as well 
as for healthcare system preparedness. In response to the pandemic, several app-
based solutions have emerged that have facilitated the tracking and monitoring of 
the spread of the virus (20, 21, 23). In the early phase of the pandemics, when little 
was known about the symptomology of the COVID-19 and many countries lacked 
the power for massive testing for the disease, app-based symptom tracking allowed 
individuals to self-report valuable information such as symptoms and test results. 
By levering this data with the help of data mining and ML, researchers are able to 
identify trends and hotspots of infection and use this information to guide testing 
and other public health interventions (20, 76, 77). 

As the world reaches the third year of the pandemic, new challenges have emerged, 
one of which is the phenomenon of "long-COVID," where individuals continue to 
experience symptoms for weeks or even months after their initial infection (78-83). 
Additionally, the emergence of different strains of the virus has raised concerns 
about the effectiveness of vaccines against the virus (84).  Mining the data that was 
collected through app-based technology can help to better understand the long-term 
impact of the disease on at-risk populations, as well as the effects of immunization 
on the syndromic presentation of long-COVID for these populations. It is also 
crucial to continue collecting and analyzing data about the virus and its different 
strains to better understanding of its behavior and develop effective vaccines and 
treatments. 

Effective pandemic preparedness requires robust surveillance systems that can 
quickly and accurately gather and analyze data about the spread of infectious 
diseases. App-based symptom tracking aligned with data mining and AI tools might 
help ensure healthcare systems are prepared to handle outbreaks and protect public 
health. Continued exploration of data related to the pandemic is essential to 
improving our understanding of COVID-19 and developing effective treatments and 
prevention strategies for future pandemics. 

Objectives and aims 
The rapid growth of available health-related data is a result of the computerization 
of our society and the rapid development of powerful data collection and storage 
tools. To uncover valuable insights from this "Big Data" and to transform it into 
organized knowledge, powerful and versatile tools are needed. Data mining tools 
and AI algorithms have emerged as key pillars in the age of data, with the potential 
to integrate health data from various sources and uncover hidden patterns in the data, 
ultimately helping to optimize healthcare. The COVID-19 crisis has brought these 



 26 

new methods to the forefront, as researchers can use them to derive knowledge from 
the unprecedented amount of data have been produced. 

The objective of this thesis is to explore the use of data mining and AI-based 
pipelines to mine large health datasets and derive public health evidence. The 
overarching aims of the papers included in this thesis are as follows: 

• Paper I – in this paper, data mining and NLP methods are used to extract 
information from the 2300 GWAS papers published between 2005 and 
2022 for the top 10 (of 11) NCDs causes of death. The geographic, ethnic, 
and socioeconomic characteristics of study populations and researchers was 
investigated to understand how past two decades of genomic discoveries in 
NCDs might be transferable across global populations and how high- 
impact genetics research can be equitably sustained in the future. 

• Paper II – in this paper, using data from the app-based COVID Symptom 
Study, data mining pipelines and ML are applied to estimate the individual 
probability of symptomatic COVID-19, to map the spread of COVID-19 
and to predict hospital admissions in Sweden. 

• Paper III – this paper further explores the COVID Symptom Study data to 
investigate the difference symptomatology of COVID-19 in pre- and post-
vaccination groups at risk (obese and diabetes) and its associations to long-
COVID. 
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Chapter 2 - Methods 

Data sources 

NHGRI-EBI GWAS Catalog 
The NHGRI-EBI GWAS Catalog (hereafter referred as ‘GWAS Catalog’) is a 
comprehensive, publicly available online database that compiles data from 
published GWAS analyses and provides an up-to-date, searchable, and visualizable 
resource for researchers (https://www.ebi.ac.uk/gwas/) (12). It was founded by the 
National Human Genome Research Institute (NHGRI) in collaboration with the 
European Bioinformatics Institute (EBI) in 2008 in response to the increasing 
number of published GWAS, which provide valuable insights into the genetic basis 
of complex diseases and traits. The GWAS Catalog is updated on a weekly cycle 
and serves as a central repository for this data, making it more accessible and easier 
for scientists, clinicians, and other users be able to integrate these data with other 
resources.  

Initially, eligible published GWAS studies were identified through literature 
searches and assessed by expert scientists and trained curators, who extracted the 
reported trait, significant SNP-trait associations, and sample metadata. In 2013, an 
automated infrastructure was introduced to streamline the curation process and 
improve data extraction (12, 33). This process involves an automated PubMed 
search (using the terms "genome-wide" OR "genome AND identification" OR 
"genome AND association") and extraction of citation information, SNP RSIDs, 
traits, and P-value information from eligible papers. 

Studies are eligible for inclusion in the GWAS Catalog if they include at least 
100,000 SNPs in the initial stage before quality control filters are applied and have 
statistical significance (SNP-trait p-value <1.0 x 10-5) in the overall (initial GWAS 
+ replication) population (12, 32). Studies are excluded if they are published in a 
language other than English, if the SNPs assayed are limited to those in candidate 
genes, if the samples are assayed to measure somatic variation, or if the study does 
not include any new GWAS data. Information on author, study date, PubMed URL, 
publication title, disease/trait information, sample sizes, platform, and number of 
SNPs passing quality control metrics is extracted for each eligible study. Curated 
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trait descriptions are mapped to Experimental Factor Ontology (EFO) terms, a 
highly adaptable and extensible ontology that enables richer querying than simple 
string searching and facilitates data integration across heterogeneous data sources 
such as data extracted from the scientific literature (12, 32, 33). 

The GWAS Catalog website includes a search interface, API, and a GWAS diagram 
that maps SNP-trait associations onto the human genome by chromosomal location 
and displays them on the human karyotype (https://www.ebi.ac.uk/gwas/diagram). 
Summary statistics files are available for download from the Catalog's FTP site, and 
harmonized summary statistics are also available from the summary statistics 
database via API. In addition, the Catalog accepts submissions of unpublished 
GWAS data since 2020, which is available for download through a separate section 
of the website (34). 

The GWAS Catalog has seen significant improvements in its data release frequency 
and functionality, making it a valuable resource for researchers studying the genetic 
basis of complex diseases and traits. The data from the Catalog has helped identify 
causal variants, the comprehension of disease mechanisms, and the analysis of 
expression quantitative trait loci (eQTL) (32-34, 85). As of December 2022, the 
Catalog contains information from 6130 unique publications and 447,939 variant-
trait associations and continues to evolve and improve as a rich source of data for 
genetic research. 

PubMed 
PubMed, maintained by the National Institutes of Health (NIH), is a widely used 
database of biomedical literature and life sciences journals, including those indexed 
in MEDLINE (https://pubmed.ncbi.nlm.nih.gov/) (86). It holds millions of abstracts 
and full-text articles from scientific journals, making it a valuable resource for 
researchers and those interested in the latest advancements in the biomedical field. 
To extract metadata information from publications in PubMed, one can use the 
Entrez Programming Utilities (E-utilities), a public API maintained by the National 
Center for Biotechnology Information (NCBI). 

The first paper of this thesis uses GWAS Catalog as the main source to identify 
target GWAS studies for its analysis, as well as a source of information about the 
participants (cohorts). Additional publication metadata for this paper was extracted 
from PubMed (figure 2.1).  
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Figure 2.1 Study flowchart for paper I. 

COVID Symptom Study 
The COVID Symptom Study (CSS) is a large-scale, app-based research project that 
aims to map the spread of the of SARS-CoV-2 in the United Kingdom (UK), United 
States (US) and Sweden and to increase the knowledge about COVID-19, 
investigating symptomatology of the disease in different subgroups of participants 
and during different phases of the pandemic (20, 21, 87). The app was developed 
and is maintained by the health data science company ZOE Global Ltd, and the 
study is conducted in collaboration with King's College London (UK), 
Massachusetts General Hospital (US), Lund University (Sweden), and Uppsala 
University (Sweden). The app was launched in the UK on 24 March 2020, in the 
US on 29 March 2020, and in Sweden on 29 April 2020. By early 2022, the app had 
reached 4.7 million participants and over 500 million assessments across the three 
countries (Figure 2.2). 
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Figure 2.2 COVID Symptom Study population by April 2022. Country's choropleth are independents, 
with the color scheme representing participant density based on total number of participants per 
country. Darker colors indicate more participants in the region. 

Upon registering for the study, participants were asked to provide baseline 
demographic information (e.g. age, sex, weight, and height), geographic location 
(postcode), and clinical history (comorbidities and lifestyle) (21, 88) . UK 
participants enrolled in ongoing epidemiological studies, clinical cohorts, or clinical 
trials had the possibility to provide informed consent to link survey data collected 
through the app to their existing study cohort data and any relevant biospecimens in 
a manner compliant with the Health Insurance Portability and Accountability Act 
(HIPAA) and the General Data Protection Regulation (GDPR). Daily prompts 
delivered through the app encouraged participants to provide updates on their health 
status, symptoms, health care visits, COVID-19 testing results, and vaccination 
doses (Figure 2.3). Throughout the study period, the app was adapted to address 
emerging research questions. 
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Figure 2.3 COVID Symptom Study app workflow. Source reference (21) 

Paper II and III were conducted using data from the CSS. The second paper mainly 
used samples from the Swedish cohort (referred to as COVID Symptom Study 
Sweden or CSSS) while the third used data from participants from all three 
countries. In the next sections, I will shortly describe the databases used in the 
second paper for external comparison or validation of our results. 

SMiNet 
SmiNet is an electronic notification system of communicable diseases maintained 
by Folkhälsomyndigheten (FOHM), the Public Health Agency of Sweden (89). All 
of Sweden's infection control units are connected to the system, as are the 
microbiological laboratories and thousands of care units. The system is used to 
monitor diseases that are notifiable according to the Infection Control Act. When 
doctors and laboratories in Sweden report cases of infectious diseases to SmiNet, 
the regions' infection control units and FOHM can follow the epidemiological 
situation of various diseases both locally and nationally, enabling early detection of 
outbreaks and enabling measures to be taken. COVID-19 is a mandatory notifiable 
disease in Sweden, so all clinical laboratories are required by law to report positive 
PCR tests for SARS-CoV-2 to SmiNet. 

NOVUS 
NOVUS is a private company that conducts opinion polls and surveys using a panel 
of individuals recruited from the Swedish population using random sampling 
methods (90). The NOVUS Sweden Panel includes approximately 45,000 
individuals who are representative of Sweden in terms of age, sex, and region of 
residence. Recruitment is mainly done through randomly determined phone 
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interviews, and personal invitations are sent to individuals who do not have 
registered phone numbers or do not answer their phones. Self-recruitment is not 
possible, and panel members who have not responded to at least one survey in the 
last three months are replaced. Since the early phase of the pandemic (March 2020), 
NOVUS has carried out repeated surveys on COVID-19-related symptoms. 

CRUSH Covid 
Collaborative Research initiative in Uppsala on real-time Interventions of Suspected 
Hotspots of COVID-19 (CRUSH Covid) is a research project in collaboration 
between Region Uppsala and researchers from five different departments at Uppsala 
University (91). The project mapped and sought to mitigate the spread of infection 
and local outbreaks of COVID-19 in Uppsala County, Sweden. The researchers 
have developed methods to combine information from several different data 
sources, such as surveys conducted after a PCR+ test, data from the Swedish CSS 
cohort, and measurements of the SARS-CoV-2 virus in sewage, to provide early 
signals of increased spread of infection in real time. The project also evaluates 
Region Uppsala's testing strategies and targeted measures and investigated which 
groups were most likely to experience surges in COVID-19 infection. 

National Patient Register 
The National Patient Register (NPR) is a database maintained by the National Board 
of Health and Welfare in Sweden (Socialstyrelsen) (92). It collects information on 
patient diagnoses from inpatient and outpatient visits to specialist care, and 
diagnoses are classified according to the International Statistical Classification of 
Diseases and Related Health Problems Tenth Revision (ICD-10). The register is 
used for statistics on diseases and treatments in Swedish specialist care, and it is 
also an important source of data for research and government evaluations. The 
register's data is used to improve the quality and safety of healthcare, and to ensure 
that healthcare resources are distributed fairly and on equal terms. NPR uses the 
ICD-10 codes U07.1 and U07.2 for COVID-19 cases. 

Analytical methods 
The analytical methods implemented in this thesis were performed using R software 
(versions 3.6.1 and 4.1.2) (93). Different R libraries and packages were used to build 
the analytical tools (see section below “Developing R packages” for more details), 
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which can be accessed in the open-source code available on the published papers' 
GitHub repositories. 

Text mining and NLP: text pre-processing 
Text pre-processing is a set of operations or techniques that are applied to raw text 
data to prepare it for further analysis. It is an important step in data mining and NLP 
because it helps improve the quality and consistency of the text data (1, 26). Some 
common steps in text pre-processing include: 

1. Removing punctuation and special characters: This step helps remove text 
marks such as commas, periods, exclamation marks, and quotation marks 
from the text. This is important because punctuation marks can interfere 
with the analysis and processing of the text. For example, punctuation 
marks can create unnecessary breaks in the text and can cause words to be 
split up in ways that are not natural or meaningful. By removing punctuation 
marks, the text becomes more uniform and easier to process.  

2. Lowercasing: This step involves converting all text to lowercase. This is 
important because many NLP algorithms and tools are case-sensitive, 
meaning that they treat words that are capitalized differently from words 
that are not. By converting the text to lowercase, the text becomes more 
uniform and easier to process. 

3. Tokenization: This step involves breaking the text up into individual tokens 
(word or unit of meaning). This is important because many NLP algorithms 
and tools operate on individual words, rather than on the entire text. By 
breaking the text up into individual words, the text becomes more 
manageable and easier to analyze.  

4. Removing stop words: This step involves removing common words that do 
not add meaning to the text. Stop words are words that are commonly used 
in everyday language, such as "a," "an," "the," and "of," but that do not 
convey any specific meaning. Because stop words do not add any meaning 
to the text, they can often be removed without affecting the overall meaning 
of the text. By removing stop words, the text becomes more concise and 
easier to analyze.  

5. Stemming or lemmatization: This step involves reducing words to their base 
forms. This is important because many words in the English language have 
different forms, such as "run," "ran," and "running," which can cause 
confusion for NLP algorithms and tools. By reducing words to their base 
forms, related words can be grouped together, and the accuracy of NLP 
algorithms can be improved. 
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Named entity recognition (NER) 
Named entity recognition (NER) is a subfield of NLP that uses artificial intelligence 
to identify and classify key pieces of information, known as entities, in text (94). 
These entities can be categorized into pre-defined categories, such as "person," 
"city," and "organization," or they can be more specific to the given task. To train a 
model for NER, a labeled dataset must be used, with the entities and their 
corresponding categories clearly defined. 

SpaCy is a popular open-source NLP library that offers various text-processing 
capabilities including NER (95, 96). It is implemented in multiple languages and 
uses convolutional neural networks (CNNs) as its underlying model. The package 
offers pre-trained models that can be used out-of-the-box, such as the 
en_core_web_sm model, which is trained on web data and provides basic NLP 
capabilities.  SpaCy is widely used in the NLP community for its efficiency, 
accuracy, and ease of use. 

In paper I, text pre-processing was first used to clean and tidy PubMed metadata 
(authorship lists) and NER was implemented to identify entities in the text, such as 
organizations (institutions) and countries of affiliation. 

Name-to-gender inference 
The process of predicting the gender of an individual based on their name is known 
as name-to-gender inference (97). This task can be accomplished using machine 
learning algorithms that are trained on datasets such as censuses, birth lists, and self-
labeled data from social media. In NLP, this technique is frequently employed in 
tasks such as language translation, as knowledge of a speaker or writer's gender can 
provide valuable contextual information or allow for the tailored production of 
output for specific audiences. Name-to-gender inference is also a rapid and cost-
effective means of examining gender disparities in text-based documents, such as in 
scientific publications, books, conference proceedings and grant allocations (98). 
Name-to-gender inference also has limitations, as it can potentially perpetuate 
gender stereotypes or perpetuate discrimination against individuals whose names do 
not conform to the predictions made by the model (99). 

In paper I, two popular web-based name-to-gender inference services, Gender API 
(https://gender-api.com/) and genderize.io (https://genderize.io/), are used to 
estimate the gender of authors in GWAS publications. 

Linear Regression 
Linear regression is a statistical method used to model the linear relationship 
between a dependent variable and one (simple linear regression) or more (multiple 
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linear regression) independent variables (100). It is a widely used technique in 
statistics and ML, especially common in predictive analysis. 

The basic idea behind linear regression is to fit a straight line (or hyperplane in the 
case of multiple independent variables) to the data in such a way that the distance 
between the data points and the fitted line is minimized. This distance is measured 
using a loss function, such as the mean squared error, which is the sum of the squares 
of the differences between the predicted values and the true values. The 
mathematical formula for simple linear regression is as follows: 

y = β0 + β1x 

Where y is the dependent variable, x is the independent variable, and β0 and β1 are 
the coefficients (or parameters) of the model. β0 is the intercept, which is the value 
of y when x is 0, and β1 is the slope of the line, which determines the rate at which 
y changes as x increases. 

Simple linear regression is a useful tool for understanding the relationship between 
two variables and is often used as a starting point for more complex regression 
models. The method has some key limitations such as the assumption that the 
relationship between the variables is linear, which may not be true. 

In paper I, simple linear regression is used to evaluate temporal trends in 
percentages of authors' geographic location, gender, and socioeconomic levels, as 
well as origins and ethnicity of participants in GWAS publications in NCDs. In 
paper II, a weighted linear regression model was used to predict future 
hospitalizations due to COVID-19 in Swedish regions based on the CSSS 
prevalence estimates and current rate of hospitalizations.  

The Cochran-Armitage test for trend 
The Cochran-Armitage test for trend is a statistical test used to determine whether 
there is a statistically significant trend in a categorical data set (101). It is often used 
to test for a trend in proportions over time, or in response rates across different 
groups, as it allows for an assessment of whether the odds of a particular outcome 
increase or decrease as the independent variable changes. 

The test is based on the Cochran-Armitage statistic, which is calculated as the sum 
of the products of the number of observations in each category and the rank of that 
category. The ranks are assigned based on the order of the categories, with the 
smallest category receiving a rank of 1 and the largest category receiving a rank 
equal to the number of categories. The test statistic is then compared to a critical 
value, which is determined based on the sample size and the number of categories. 
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If the test statistic is greater than the critical value, this indicates that there is a 
statistically significant trend in the data. If the test statistic is less than the critical 
value, there is not a statistically significant trend. 

The Cochran-Armitage test for trend is a widely accepted and commonly used 
method for analyzing trends in categorical data. One of its key advantages is that it 
is relatively easy to compute and does not require any assumptions about the 
distribution of the data. However, it is important to note that the test can only detect 
linear trends and may not be appropriate for detecting more complex patterns in the 
data. Moreover, it is important to note that this test is one-tailed, thus it only tests 
for a linear trend in one direction (increasing or decreasing). If the aim is to test for 
a trend in both directions, it is necessary to perform two separate tests, one for each 
direction and then adjust the p-value accordingly. 

There are a few R packages that can be used to perform the Cochran-Armitage test 
for trend. One popular package is DescTools, which provides the 
CochranArmitageTest() function for performing the test (102). 

In paper I, Cochran-Armitage test for trend is used in parallel with the simple linear 
models for the evaluation of trends in proportions of authors' geographic location, 
gender, and socioeconomic levels, as well as origins and ethnicity of the data points 
in GWAS publications in the area of NCDs. 

L1 Penalized Logistic Regression 
Logistic regression is a statistical model used for binary classification tasks, where 
the goal is to predict the probability that an instance belongs to a certain class (100, 
101). In logistic regression, the relationship between the dependent variable (the 
class label) and the independent variables (the features) is modeled using the logistic 
(sigmoid) function, which is defined as follows: 

σ(𝑧) =
1

1 + 𝑒!"
 

where 𝑧 is the linear combination of the independent variables and the model 
parameters, also known as the logit. The logistic function maps the input values 𝑧 
to the range between 0 and 1, which can be interpreted as the probability of the 
instance belonging to the positive class. 

The logistic regression model can be represented mathematically as follows: 

𝑦* = 𝜎(𝑤# +𝑤$𝑥$ +𝑤%𝑥% +⋯+𝑤&𝑥&) 

where 𝑦* is the predicted probability of the instance belonging to the positive class, 
and 𝑤#, 𝑤$, … , 𝑤& are the model parameters (also known as weights or coefficients) 
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that are learned from the training data. The model parameters are usually estimated 
using maximum likelihood estimation or maximum a posteriori estimation. 

LASSO, or Least Absolute Shrinkage and Selection Operator, is a regularization 
method for regression models that aims to reduce the complexity of the model and 
prevent overfitting (100). It does this by introducing a penalty term, which is defined 
as the sum of the absolute values of the model parameters. This encourages the 
model to set some of the parameters to zero, effectively selecting a subset of the 
most important features. The objective function of the LASSO model is defined as 
follows: 

min
'

1
2
5|𝑋𝑤 − 𝑦|5%

% + 𝛼5|𝑤|5$ 

where 𝑋 is the design matrix, 𝑦 is the target vector, 𝑤 is the model parameters 
vector, and 𝛼 is a hyperparameter that controls the strength of the regularization. 
The LASSO objective function can be minimized using an optimization algorithm 
such as coordinate descent. 

L1-penalized logistic regression is a variant of logistic regression that combines the 
logistic function with the LASSO regularization (103). It is commonly employed 
for binary classification tasks when the goal s not only to predict the probability of 
an instance belonging to a certain class, but also to select a subset of the most 
important features. The objective function of L1-penalized logistic regression can 
be formulated as follows: 

min
'

1
𝑚
;[−𝑦( log 𝑦)@ − (1 − 𝑦() log(1 − 𝑦)@)]
*

(+$

+ 𝛼5|𝑤|5$ 

where 𝑚 denotes the number of training examples, 𝑦( is the target value of the 𝑖-th 
example, 𝑦)@  is the predicted probability of the 𝑖-th example belonging to the positive 
class, 𝑤 represents the model parameters vector, and 𝛼 is a hyperparameter that 
controls the strength of the regularization. 

In paper II, an L1-penalized logistic regression model was used to predict the 
probability of a CSSS participant having COVID-19, selecting variables which 
include a range of reported symptoms. In paper III, logistic regression is used to 
estimate the propensity scores in the propensity score weighting analysis of 
diabetes. 

Multinomial regression 
Multinomial regression, a generalization of logistic regression, is a type of 
classification model that is used when the response variable has more than two 
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categories (100, 101). In multinomial regression, the model estimates the probability 
of each category of the response variable based on a set of predictors. The model is 
trained using a dataset comprising observations and their corresponding values for 
the dependent and predictor variables. Subsequently, the model utilizes these 
estimates to predict the category of the dependent variable for new observations. 

The general form of the probability function for multinomial regression can be 
written as: 

𝑃(𝑌 = 𝑘 ∣ 𝑋 ) =
expJ𝛽,-𝑋L

∑ expJ𝛽.-𝑋L/
.+$

 

where: 

𝑌 is the dependent variable with 𝐾 categories. 

𝑋 is a vector of predictor variables. 

𝛽, is a vector of coefficients for the 𝑘th category of the dependent variable. 

𝐾 is the total number of categories in the dependent variable. 

This general formula assumes that the predictor variables are independent of one 
another and that the model is linear in the parameters. Additionally, it uses the 
exponential function to estimate the probability of each category, but other forms of 
multinomial regression could use other functions to estimate the probability. 

In paper III, multinomial regression is used to estimate the propensity scores in the 
propensity score weighting analysis of BMI. 

Propensity score weighting 
Propensity score weighting is a statistical method that can be used for addressing 
confounding in observational studies (104). It is based on the concept of propensity 
score analysis (105), which is the conditional probability of assignment to a 
treatment condition given a set of observed covariates: e = p(z=i|X). By utilizing 
propensity scores, the resulting groups will have similar characteristics to those 
created through random assignment. 

Matching is one of the most common applications of propensity scores (Thoemmes 
& Kim, 2011). However, a potential drawback of using propensity scores for 
matching is that a large number of subjects may be needed, particularly in the 
control group (Guo & Fraser, 2015), and depending on the specific matching 
technique, caliper, and number of subjects matched to each subject in the control 
group, a significant number of subjects in the control group may not be used. 
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Alternatively, propensity scores can also be employed as weights (known as 
propensity score weighting).  

In essence, propensity score weighting is a method for adjusting for confounding by 
estimating the probability (or propensity) that an individual will be exposed to a 
certain treatment or factor, based on baseline information. This probability is 
estimated using a statistical model (such as logistic regression or multinomial 
regression). Once the propensity scores have been calculated, they can be used to 
weight the observations in the study so that the exposed and unexposed groups are 
more similar on average. This helps to control for the influence of confounding 
factors and can provide a more accurate estimate of the relationship between the 
exposure and the outcome. 

In paper III, propensity score weighting is used to control for confounders and 
examine the prevalence of COVID-19 symptoms among CSS participants with 
different body mass index (BMI) or diabetes status. 

Developing R packages 
In R, a package is a collection of functions, data, and documentation that are bundled 
together and made available for use (106). These packages are an essential 
component of the R ecosystem and are designed to facilitate the sharing and reuse 
of code among users. There are >18,000 packages available on the Comprehensive 
R Archive Network (CRAN), a public repository that serves as a clearinghouse for 
R packages. The large number of available packages is a major factor in the 
popularity of R, as it allows users to benefit from the work of others by easily 
downloading and using packages that solve specific problems. 

The development of R packages is important for several reasons, particularly in the 
realm of open-source and reproducible science. First, it allows researchers to share 
their work with others, enabling other scientists to replicate and extend prior 
findings. This is critical for the advancement of knowledge and the validation of 
scientific results. Second, R packages can provide a standardized and structured way 
to distribute and document scientific code, making it easier for others to understand 
and use. This is especially important in the context of reproducibility, as it allows 
others to replicate the results of a study by following the same steps that were used 
to generate them. 

Using the usual pipeline methodology to develop R packages (figure 2.4), two R 
packages were developed in conjunction with paper I, affiliation and genderAPI 
(107, 108); and one package was developed in conjunction with paper II, 
covidsymptom (109). 
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Figure 2.4 R package development workflow. Source reference (110) 
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Chapter 3 – Results 

This following section summarizes the main results of the papers included in this 
thesis. Some of the methods are contextualized to each study and briefly 
overviewed. More detailed results are provided in the papers and manuscript at the 
end of this thesis. Additionally, at the end of this chapter, I will introduce the 
COVID Symptom Study Sweden (CSSS) Dashboard, an interactive web-tool which 
I developed to keep the general public and health authorities in Sweden informed 
about CSSS’s latest results. The dashboard was updated daily, providing 
information that helped increase understanding about the spread of the virus in 
Sweden. 

Paper I 
In the first paper, we used data-mining and NLP techniques to examine data from 
the GWAS Catalog (2005-2022) concerning the top-10 (of 11) non-communicable 
causes of death identified in The Lancet's Global Burden of Disease ranking (2019) 
(111). We contrasted the geographic, ethnic, and socioeconomic characteristics of 
the study populations and the geographic, socioeconomic, and gender characteristics 
of the researchers. Utilizing EFO codes, we identified 2300 target studies in the 
GWAS catalog and obtained additional metadata on these studies through PubMed 
for the following disease categories: cardiovascular disease (CVD), cancer, chronic 
respiratory diseases, diabetes, and chronic kidney disease (diabetes and CKD), 
digestive diseases, mental disorders, musculoskeletal disorders, neurological 
disorders, skin diseases, and substance use. Additionally, we included a category 
called "all traits" that encompassed all identified studies on non-communicable 
causes of death, excluding duplicates. 

Utilizing our R package, affiliation (107), I extracted and analyzed the authorship 
data from the target studies. Text mining and NER techniques were employed to 
determine the institutions and nations in which the authors were affiliated. The 
authors were then classified as all authors, first authors, or senior authors, 
according to their placement on the author list. Our findings demonstrated that, for 
all traits, the United States (US) had the most co-authors affiliated with its 
institutions, comprising 37% of all authors, 40% of first authors, and 41% of senior 
authors (Figure 3.1). The United Kingdom (UK), China, Japan, and Germany 
followed in corresponding order. Within specific disease areas, the US generally 
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had the most affiliated authors, with the exception of ‘musculoskeletal disorders’, 
where the UK had the highest representation. We also showed that, throughout the 
analysis period (2005-2022), for all traits, the US experienced a decline in 
authorship dominance, experiencing a 2.4% mean decline in authorship dominance 
each year (95% CI: −4.05, −0.84%; P < 0.01). Countries such as Australia, China, 
South Korea, and Spain have increased their dominance, with annual average 
increases of 0.14% (95% CI, 0.06, 0.22; P < 0.01), 0.74% (95% CI, 0.45, 1.04%; 
P < 0.01), 0.30% (95% CI, 0.13, 0.47%; P < 0.01) and 0.16% (95% CI, 0.05, 0.28%; 
P = 0.01), respectively. 

 
Figure 3.1 Top 10 countries of affiliation for the “all traits” disease category. The panels show the 
ranked list of countries of affiliation for each of the defined authors categories (all, first and senior). 

The preeminence of US-based researchers is also evident in the ranking of 
institutions of affiliations. The dominance score, which measures the proportion of 
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co-authors from a given institution relative to all co-authors, showed that Harvard 
Medical School in the US ranked first for all traits, with 1.2% of all authors 
affiliated with this institution. deCODE genetics, in Iceland, ranked first for first 
authors, and Harvard Medical School ranked first for senior authors. The ubiquity 
score, which measures the frequency with which a given institution appears within 
co-author affiliations across GWAS publications, showed that seven out of the top 
ten institutions for all traits were located in the US, with Harvard Medical School 
ranking first and having co-authors on 15% of such publications. The second and 
third ranked institutions were Karolinska Institutet in Sweden and the Broad 
Institute in the US. 

In this study, the gender of authors of scientific papers was estimated using two 
online platforms, genderize.io and Gender API, both accessed through R, and the 
last using an R package that I developed for this study, genderAPI (108). Our 
results showed that male authors were overrepresented in all disease categories. 
For all traits, the gender imbalance in first and senior authorships improved over 
time, with an increase in the proportion of female first and senior authors from 
2005 to 2021. The proportion of female first authors increased from 33.3% in 
2006 to 42.2% in 2021, with an average annual increase of 0.93% (95% CI, 0.52, 
1.35%; P < 0.01) (Figure 3.2). 

 
Figure 3.2 Trends of female authors in “all traits” category across the studied period (2005–2021). 
The figure shows changes in the representation of women in all (red), first (green) and senior (blue) 
authorship positions by year. 
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Data on study participants within each GWAS paper was mined from the resources 
offered by the GWAS Catalog. Our results show that the UK contributed the most 
data overall (all traits category), at 34%, followed by the US at 16%. However, in 
the specific areas of diabetes and CKD, the US contributed the most data at 35%, 
followed by the UK at 21%. During the analysis period, contributions from 
Germany, the Netherlands, and the US have decreased, while the contributions from 
Norway and the UK have increased. No other country's data contributions have 
changed significantly over time. 

We have also analyzed the information about the ancestry of the study participants 
for the GWAS included in this study. Our findings show that, for all traits, the 
majority of participants were of European descent (91%), with East Asians being 
the second most well-represented at 4.9%. This pattern remained constant across all 
disease areas, and European ancestry accounted for over or close to 90% of the 
representation of ancestry (figure 3.3). 
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Figure 3.3 Ancestry of study participants: the proportion of ancestry groups in “all traits” (upper 
panel) and across the 10 disease areas (lower panel). 

Finally, the results of economic background analysis showed that across all disease 
categories, co-authors were affiliated to high-income countries (HIC) and 
participants were also mostly originated from the same socioeconomic category. A 
temporal analysis across the study period for the all traits category showed a slight 
decrease in authors affiliated with HICs, with average annual decrease of −0.99% 
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per year (95% CI, −1.30, −0.68% per year; P < 0.01) for all authors. During this 
period, for all authors, upper-middle income countries (UMICs) and lower-middle 
income countries (LMICs) had average annual increases of 0.91% (95% CI, 0.61, 
1.22% per year; P < 0.01) and 0.06% per year (95% CI, 0.02, 0.10% per year; 
P < 0.01), respectively. 

To disseminate the full set of results from this project, I built an interactive R Shiny 
web application (Figure 3.4), available at:  

https://hugofitipaldi.shinyapps.io/gwas_results/. 

 
Figure 3.4 Paper I results’ page. The page features two primary tabs: Co-Authors and Participants. 
The figure illustrates the Affiliations-Map sub-tab, which displays an interactive choropleth map of 
the countries of affiliation for all studied traits. 

Paper II 
The aim of paper II was to develop and evaluate a syndromic surveillance-based 
framework to estimate the regional prevalence of COVID-19, and to predict 
subsequent trends in COVID-19 hospital admissions.  

This study utilized data from the CSSS and included 143,531 individuals aged 18-
years or older who contributed at least one daily report between April 29, 2020, and 
February 10, 2021. The study cohort included more female participants and a lower 
proportion of individuals over 65 years of age, smokers, and residents of deprived 
postal-code areas compared to the general population. The highest CSSS 
participation rates were observed in the regions of Skåne, Uppsala, and Stockholm. 
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Our statistical analysis strategy had five steps (Figure 3.5). The first step involved 
training a L1-penalized logistic regression (LASSO) model to select variables 
predicting symptomatic COVID-19 using data from 19,161 participants who 
reported at least one PCR test result between April 29 and December 31, 2020, and 
who reported at least one symptom within 7 days before or on the test date. The final 
model included 17 symptoms and sex, as well as two-way interactions between loss 
of smell and/or taste and 14 other symptoms, and a two-way interaction between 
loss of smell and/or taste and sex. The model had a receiver operating characteristic 
(ROC) area under the curve (AUC) of 0.76 (95% CI 0.75-0.78) during the training 
period (April 29-December 31, 2020) and 0.72 (95% CI 0.69-0.75) during the 
evaluation period (January 1-February 10, 2021). The AUC in an external dataset 
of 943 symptomatic individuals from the CRUSH Covid survey was 0.78 (95% CI 
0.74-0.83). 

The second step involved estimating the prevalence of COVID-19 in the study 
population using the model trained in the first step and data from all CSSS 
participants who reported at least one symptom between April 29 and December 31, 
2020. 

 
Figure 3.5 Analysis strategy and data sources (paper II). 

In the third step, we used the individual probabilities derived in the second step to 
estimate the prevalence of COVID-19 for each of the 21 regions in Sweden. The 
model was adjusted to account for differences in the age and sex distribution of the 
CSSS participants compared to the general population in each region. The resulting 
estimates of COVID-19 prevalence showed similar waves as the first and second 
waves of COVID-19 hospitalization. We also observed a peak in the estimated 
prevalence of COVID-19 in September 2020 based on data from the CSSS app, but 
this peak was not reflected in other national data on COVID-19 case notification 
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rates or hospital admissions. To better understand this discrepancy, we developed a 
retrospective time-dependent model for the probability of having symptomatic 
COVID-19, which showed higher concordance with national COVID-19 case 
notification and hospital admission trends than the main model. 

In the fourth step, we used the CSSS prevalence estimates to predict COVID-19 
hospitalizations in Sweden seven days in advance. We used a weighted linear 
regression model using data on the CSSS prevalence estimates and current regional 
rate of COVID-19 hospitalizations. The model was trained and updated iteratively 
throughout the study period (May 11 to November 29, 2020), during which 16,752 
individuals were hospitalized with a diagnosis of COVID-19. The model 
demonstrated a median absolute percentage error (MdAPE) of 25.9% for the first 
pandemic wave and 26.8% for the second wave when applied to the five most 
populated regions in Sweden. The accuracy of the model diminished as regional 
daily number of hospital admissions dropped. A similar prediction model using 
daily case notifications from the national Swedish register (SmiNet) had MdAPEs 
of 30.3% and 25.9% for the first and second waves, respectively. Overall, the CSSS 
hospital prediction model had higher accuracy than the SmiNet-based model, 
particularly in the most populous region, Stockholm, where the MdAPE was 12.2% 
for the first wave and 16.6% for the second wave. When applied to all 21 regions in 
Sweden, the MdAPEs for the CSSS hospital prediction model were 37.0% and 
42.4% for the first and second waves, respectively (Figure 3.6). 
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Figure 3.6 Predicted number of daily hospital admissions 7 days ahead across the five most populated 
regions in Sweden ordered by population size. The median absolute percentage errors (MdAPEs) of 
the predictions are denoted for the first pandemic wave (June 8–July 3, 2020), the summer period (July 
4–October 18, 2020), and the second pandemic wave (October 19–November 29, 2020). 

In Step 5, the hospitalization prediction model developed in the first step for 
Sweden was validated for the UK by repeating Steps 2 and 3 and parts of Step 4 
on a dataset of UK participants from the CSS. The model was applied to daily 
reports from 2,638,536 English study participants from March 30, 2020, to 
January 31, 2021 and hospital admission data for individuals ≥18 years from April 
6, 2020 to February 7, 2021. The model was used to estimate the daily age- and 
sex-weighted COVID-19 prevalence across the seven English healthcare regions 
and to predict hospital admissions the following week using an iterative time-
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updated prediction model. The model showed an MdAPE of 22.3% for the part of 
the first English pandemic wave captured in the data (May 4–June 19, 2020) and 
an MdAPE of 19.0% for the second English wave (September 20, 2020–February 
7, 2021). The predicted number of hospital admissions were overestimated when 
daily regional hospital admissions were low. 

Paper III 
The third study in this thesis analyzed data from >520,000 participants from the UK, 
US, and Sweden who reported their PCR test results, vaccination status, and 
symptoms in the CSS mobile app between May 2020 and November 2021. The aim 
of the study was to investigate whether the symptom profile of COVID-19 during 
the acute phase of the infection and the presentation and duration of the more 
persistent long-COVID symptoms, differed between different subgroups of the 
population (based on self-reported BMI and diabetes diagnosis) before and after 
vaccination.  

We normalized the data by aligning the date of each participant's PCR test as day 0. 
This allowed us to compare the symptoms reported by different participants at the 
same relative time point, 30 days before and 30 days after their PCR test. By re-
centering the data around the date of the PCR test, we were able to more accurately 
understand the progression of symptoms (prevalence) in relation to the onset of the 
infection in the compared groups (Figure 3.7). We then analyzed these symptom 
trajectories around PCR test dates (positive and negative) for each BMI category 
(underweight, normal, overweight, and obese) and diabetes status (non-diabetic, 
T1D and T2D), both before and after vaccination. Moreover, acute COVID-19 and 
long-COVID symptoms were organized into symptom domains. 
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Figure 3.7 Symptoms prevalence around PCR positive test across BMI categories (pre-vaccination). 

To minimize the impact of confounding and other types of bias when comparing 
symptom curves in different categories of BMI and diabetes status, we employed a 
series of statistical procedures. These included propensity score weighting, which 
adjusts the statistical weight of each individual based on their susceptibility to 
potential confounding factors (age and sex in this case). Additionally, we used 
bootstrapping method with 100 re-sampling iterations to understand the variability 
and uncertainty of symptom dynamics in the different BMI and diabetes categories, 
as well as for each vaccination status and PCR test result. We calculated AUC for 
each of the bootstrapped symptom curves for each category, to obtain a point 
estimate of the total symptom prevalence for that category with associated 
uncertainty. Finally, we performed Mann-Whitney U test to check if the difference 
between symptom curves were statistically significant. 

Our results showed that, prior to vaccination, the group with the highest average 
symptom scores (as measured by AUC) was typically the obese group (BMI > 30 
kg/m2) except for delirium, in which the underweight group (BMI < 18.5 kg/m2) 
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had the highest AUC of 4.0 (95% CI 3.9 – 4.1).  Obese and underweight individuals 
did not significantly differ in terms of shortness of breath, with both groups showing 
higher AUCs compared to individuals who were classified as overweight (BMI 
between 25 kg/m2 and 29.9 kg/m2) or normal weight (BMI between 18.5 kg/m2 
and 24.9 kg/m2).  

After vaccination, the differences in symptom AUCs between the different BMI 
groups decreased significantly (Figure 3.8). This is mainly driven by a larger impact 
of vaccination in the obese group as visualized in the radial plots of Figure 3.8, 
where the obese group is clearly separated from the other groups in panel A prior to 
vaccination, and the same obese group in panel B shrinks towards the center of the 
plot and converges with the other groups after vaccination. For instance, before 
vaccination, the AUC for fatigue was 4.7 (95% CI 4.7 – 4.7) for the obese group, 
which was approximately 67% greater than the AUC of 2.9 (95% CI 2.9 – 2.9) for 
the underweight group. After vaccination, the proportional difference between the 
groups dropped to half, with the AUCs decreasing to 2.1 (95% CI 2.1 – 2.1) and 1.6 
(95% CI 1.6 – 1.6) for the obese and underweight groups, respectively. For 
headache, symptom that presented the highest AUC across all groups, the AUCs 
dropped from 16.2 (95% CI 16.2 – 16.3), 11.6 (95% CI 11.6 – 11.7), 9.9 (95% CI 
9.9 – 10.0), 9.6 (95% CI 9.5 – 9.7) to 11.1 (95% CI 11.1 – 11.1), 10.3 (95% CI 10.3 
– 4), 9.4 (95% CI 9.4 – 9.4) and 6.7 (95% CI 6.6 – 6.7) for the overweight, normal 
weight, and underweight groups, respectively. 

We have also compared the differences in the prevalence of symptoms before and 
after vaccination for individuals with type 1 diabetes (T1D), type 2 diabetes (T2D), 
and non-diabetic. Overall, the AUCs decreased after vaccination for all the groups. 
Shortness of breath was the symptom with the biggest proportional difference in 
AUC between T1D and non-diabetic groups, with 2.0 (95% CI 1.9 – 2.1) and 0.9 
(95% CI 0.9 – 0.9) and also between T2D and non-diabetic, with 2.2 (95% CI 2.2 – 
2.2) and 0.9 (95% CI 0.9 – 0.9) respectively. Post-vaccination, these AUCs dropped 
to 0.6 (95% CI 0.6 – 0.6) and 0.5 (95% CI 0.5 – 0.5) for the T1D and non-diabetic 
groups; and 1.0 (95% CI 1.0 – 1.0) and 0.5 (95% CI 0.5 – 0.5) for T2D and non-
diabetic groups respectively. 
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Figure 3.8 Mean area under the curve (AUC) of COVID-19 symptoms in different BMI groups before 
and after vaccination. Panel A displays the pre-vaccination mean AUCs for COVID-19 symptoms in 
four BMI groups, represented by different colors. Higher BMI groups generally displayed higher mean 
AUCs for most symptoms. Panel B displays the post-vaccination mean AUCs for COVID-19 symptoms 
in the same four BMI groups. In comparison to the pre-vaccination AUCs shown in Panel A, the post-
vaccination AUCs for most symptoms are significantly lower. The numbers that follow the symptom 
labels represents the pre-defined symptom domains: [1] - Abdominal; [2] Cardiorespiratory; [3] 
Central neurological; [4] Immune related/cutaneous; [5] Systematic/inflammatory and [6] Upper 
respiratory. 
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Moreover, we sought to determine whether the prevalence and duration of long-
COVID (defined as symptoms lasting >28 days) differs across different categories 
of BMI and diabetes status. The data was split into vaccinated and unvaccinated 
sets, with post-vaccination infection defined as a positive test at least two weeks 
after the participant had completed their vaccination regimen. We used the same 
propensity score weighting derived for the first part of our analysis to adjust the data 
on long-COVID and used analysis of variance (ANOVA) and Tukey Honest 
Significant Difference (HSD) tests to compare the mean duration of symptoms and 
symptom domains across the different categories of BMI and diabetes before and 
after vaccination.  

Prior to vaccination, there were statistically significant differences in the mean 
duration of various long-COVID symptoms between at least two of the four BMI 
groups. Most of these differences were between the obese and normal weight 
groups. For shortness of breath, results showed statistically significant differences 
in duration (adjusted days) between the obese and normal groups (95% CI 3.86 – 
14.61, p < 0.01) and between the overweight and normal weight groups (95% CI 
0.60 – 10.60, p < 0.05). After vaccination, the mean duration of long-COVID 
symptoms decreased across all BMI groups, but there were still significant 
differences between the groups for most symptoms, with shortness of breath having 
significant differences between (95% CI 3.74 – 6.09, p < 0.01), obese and 
overweight (95% CI 0.91 – 3.01, p < 0.01) and overweight and normal (95% CI 
1.73 – 4.18 , p < 0.01) groups (Figure 3.9). Our results also showed that, prior to 
vaccination, there were statistically significant differences in the mean duration of 
various long-COVID symptoms between at least two of the three diabetes status 
groups. The largest difference was for shortness of breath, which had a significantly 
longer duration in the T2D group compared to the non-diabetic group (95% CI 2.72 
– 22.93, p < 0.01). After vaccination, the mean duration of long-COVID symptoms 
decreased for all diabetes status groups. 
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Figure 3.9 Comparison of long-COVID symptom duration between BMI groups before and after 
vaccination. Panel A shows the mean duration of long-COVID symptoms in four BMI groups (obese, 
overweight, normal weight, and underweight, represented by different colors) before vaccination. 
Panel B shows the mean duration of long-COVID symptoms in the same BMI groups after vaccination. 
Error bars represent the 95% confidence interval for each mean. In both panels, higher BMI groups 
generally have higher mean symptom duration, particularly the obese group. However, post-
vaccination, the mean duration of all symptoms is reduced for all BMI groups. Symptoms are grouped 
in symptom domains. 

COVID Symptom Study Sweden Dashboard 
The COVID-19 pandemic has highlighted the importance of well-crafted data 
visualization in addressing global health challenges. Dashboards, which are 
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interactive visualizations of data, have played a crucial role in tracking the spread 
of the virus and informing public health decision-making. Examples of widely used 
dashboards include the John Hopkins University COVID-19 dashboard (63) and the 
WHO Coronavirus (COVID-19) dashboard (https://covid19.who.int/). 

The development of dashboards has been facilitated by open-source tools such as R 
Shiny (112, 113), a web application framework for the R programming language. R 
Shiny enables users to create interactive, real-time dashboards from data and has 
proven invaluable in tracking the COVID-19 pandemic and providing transparent, 
up-to-date information to the public (114-117). R Shiny is an R package, making it 
extremely easy to build web applications for the large R community in 
bioinformatics and data science, as the usual knowledge required to build such tools 
(e.g. HTML, CSS - Cascading Style Sheets or JavaScript) is integrated in the R 
framework (112).  

Here, I describe the COVID Symptom Study Sweden Dashboard (referred to as the 
CSSS Dashboard), a Shiny app that tracks the spread of COVID-19 in Sweden using 
data from the CSSS. The application, which is developed in R Shiny and hosted on 
shyniapps.io, is intended for use by health policy makers, the healthcare and 
scientific community, and the public. The app is designed to be easily accessible 
and user-friendly, making it a valuable resource for all users. 

Overview 
CSSS Dashboard was launched in July 2020 as an interactive online solution for 
presenting CSSS results. The transition from publishing fixed figures on Lund 
University’s website (https://www.covid19app.lu.se/covid-symptom-study-
sverige) to using the CSSS Dashboard expedited the dissemination of CSSS results 
to the public, delivering daily rather than weekly updates. This increased frequency 
was made possible through the automation of several steps in the data analysis 
process and the utilization of the R framework already in use by the data analysis 
team. 

The dashboard is in Swedish and is available at: https://csss-
resultat.shinyapps.io/csss_dashboard/. All codes and past versions of the dashboard 
are accessible at: https://github.com/hugofitipaldi/CSSS_dashboard. 

Throughout the study period, the CSSS Dashboard was regularly updated to reflect 
the latest knowledge and insights about the pandemic. As new information became 
available, the dashboard was modified to include new findings and adjust figures 
accordingly. In addition, it was also modified based on feedback from users to 
improve its effectiveness and usability. These updates ensured that the CSSS 
Dashboard remained a reliable and useful resource for understanding and tracking 
the impact of the pandemic in Sweden. 
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In July 2022, the CSSS completed the data collection phase, and the CSSS 
Dashboard stopped its automatic updates. The dashboard now serves as a data 
archive, providing a historical record of CSSS predictions. Despite no longer being 
actively updated, the Dashboard remains a valuable resource for researchers, 
policymakers, and the public, as it provides a comprehensive and detailed overview 
of the pandemic and its effects in Sweden. 

CSSS model overview 
As described previously in this thesis, we used an L1-penalized logistic regression 
model (LASSO) to predict the individual probability of having a symptomatic 
COVID-19 infection. The final model chosen by LASSO included 17 symptoms, 
sex, and two-way interactions between loss of smell and/or taste and 14 symptoms, 
as well as a two-way interaction between loss of smell and/or taste and sex. The 
model was used to estimate the daily probability of having symptomatic COVID-19 
for all participants in the CSSS study, including those who were not tested. We 
estimated the daily prevalence of COVID-19 in different Swedish regions (counties 
and 2-digit postal-code areas) by taking into account the individual probabilities of 
having the disease and adjusting for the differences in the age and gender 
compositions of the study participants compared to the general population in each 
region. 

Dashboard layout 
Using the third package shinydashboard (118), we created a classic dashboard 
layout, with a main body (central page) and a lateral sidebar navigation menu, in 
which subtabs can be accessed. In the following sections, the main CSSS 
Dashboard’s subtabs are described. 

1. “Om COVID Symptom Study” (About CSS) 

The landing page of the CSSS Dashboard presents general information about the 
Dashboard, as well as any pertinent information about the data displayed on the 
page. Moreover, this page also includes information boxes with data on the total 
number of study participants in Sweden, the number of active participants in 
Sweden (those who utilized the app at least once in the past seven days), the latest 
prediction of the prevalence of COVID-19 in Sweden with confidence intervals, and 
the total number of app accesses by Swedish participants.  

The Dashboard's most recent version includes a pie chart, created using the Plotly 
R package (113), a data visualization library that allows users to create interactive, 
publication-quality plots and charts. This pie chart shows the proportion of actively 
participating users who have received COVID-19 vaccination (Figure 3.10). 
Interactive actions for the pie chart include hovering over the segments to display 
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more information, toggling the display of different data categories using the legend 
and easy download of the chart as PNG. 

 
Figure 3.10 CSSS dashboard landing page. 

2. “Sverigekartor & Regionala kartor” (National and Regional maps) 

These pages showcase the COVID-19 prevalence predictions for Sweden’s 21 
regions (counties) and 83 2-digit level postal-code regions, respectively, in 
interactive choropleth maps and interactive tables (Figure 3.11). Predictions are 
shown to regions that have at least 200 hundred active participants reporting. 

The interactive maps were designed using leaflet library (119), a widely used open-
source JavaScript library for creating interactive maps on the web. To plot the maps, 
we used shapefiles from Statistics Sweden (statistiska centralbyrån, SCB) (120) and 
Postnummerservice Norden AB (121), which contain vector-based geographic data. 
Interactive actions for the maps include zooming, panning, and hovering over 
regions to display more information. 

Tables were created using the DT package in R (122), which provides functions for 
generating HTML tables with the jQuery DataTables library. DT is an R wrapper 
package that simplifies the use of jQuery DataTables from within R. The tables can 
be sorted, filtered, and searched, and users can select which columns to display. 

Users can also access past maps and tables through an interactive date slider widget.  
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Figure 3.11 CSSS interactive map for 21 regions of Sweden. 

3. “Trender” (Trends) 

This page features a dual y-axis interactive scatterplot that displays the estimated 
prevalence of COVID-19 symptoms (with confidence intervals) for Sweden and the 
number of active participants over the course of the study, as well as an interactive 
web tool that enables users to compare and plot the estimated prevalence of COVID-
19 symptoms (with confidence intervals) for any of Sweden's 21 counties (Figure 
3.12).  

The dual y-axis plot was created using the Plotly R package (113). Interactive 
features for the dual y-axis plot include hovering over the data points to display 
more information, zooming, and isolating trends for specific time periods. The 
legend can be used to toggle the display of different data categories. A function in 
the plot also allows users to easily download it as a PNG file. 

To plot county trends, we utilize the JavaScript library selectize.js as interface, 
which allows the user to type and search in the pre-defined options (Swedish 
counties) as well as to control the number of options/items to show/select. The 
selected county is automatically plotted using the ggplot2 library (123), a widely 
utilized data visualization tool in the R programming language known for its 
capacity to produce high-quality, visually appealing plots and charts. 
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Figure 3.12 CSSS dashboard trends page. 

4. “Symtom” (Symptoms) 

This multi-tab page presents two scatterplots depicting the prevalence of symptoms 
that were identified as positively or negatively correlated with a COVID-19 
infection by our model (Figure 3.13). The page also includes a bar plot displaying 
the weight of each symptom in the prediction model. All plots in this page were 
created using Plotly (113). Interactive features for the scatterplots and bar plot 
include hovering over the data points and bars to display more information, 
zooming, and the ability to isolate and examine specific data categories using the 
legend. 

 
Figure 3.13 CSSS dashboard symptoms page. 

5. “Tester” (Tests) 

In January 2022, FOHM, the Public Health Agency of Sweden, announced changes 
to the recommendations for testing for suspected COVID-19 in Sweden. As there 
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were no national statistics available on antigen tests (rapid tests) taken at home or 
at private test centers, it would have been difficult to interpret trends in the infection 
situation based on test statistics from that period forward. To provide additional 
insights into COVID-19 test results, this multi-tab page was introduced to the 
dashboard (Figure 3.14). 

This page includes two interactive scatterplots with dual y-axes, accessible through 
a subtab switch button on the top of the page. The scatterplots display the total 
number of tests and the percentage of positive results over the study period for both 
antigen and PCR tests. Both plots were built using the Ploty package (113). 
Interactive actions for the scatterplots include hovering over the data points to 
display more information, zooming, and the ability to isolate and examine specific 
data categories or group of points using the legend or the panel. 

 
Figure 3.14 CSSS dashboard tests page. 

6. “Deltagare” (Participants) 

This page presents some demographic information on the CSSS population through 
two interactive plots: a bar chart and a pie chart (Figure 3.15). The bar chart displays 
the age and sex distribution of participants, while the pie chart illustrates the 
proportion of male and female participants. The plots were created using the Plotly 
R package (113), with interactive actions that include hovering over the data points 
and segments to display more information, zooming, and the ability to toggle the 
display of different data categories using the legend or the plot panel. Plots can also 
be downloaded as PNG. 
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Figure 3.15 CSSS dashboard participants’ demographics page. 

7. “Arkiv” (Archive) 

This page offers downloads of all the CSSS predictions (national, regional, and 2-
digit) used in the CSSS dashboard. Additionally, we present the covidsymptom R 
package (109), which allows users to access CSSS' latest predictions directly within 
the R environment. 

Deployment 
The process of collecting data through the CSS mobile app and publishing these 
data through the Dashboard involved several intricate steps (Figure 3.16). The data 
collected by the app was stored and managed by the health data science company 
ZOE Ltd. Data related to Swedish participants was transferred daily to the servers 
of the Lund University Diabetes Center (LUDC). Automated R scripts were 
implemented to make daily predictions and aggregations with the new data, and the 
CSSS was then automatically updated and meticulously reviewed by an analyst 
before publication. This ensured that the dashboard was consistently updated with 
the most current and accurate data. The CSSS dashboard was hosted on 
shinyapps.io, a platform developed by the RStudio team specifically for hosting and 
deploying Shiny applications. 

 
Figure 3.16 CSSS dashboard deployment pathway. 
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covidsymptom R package 
In addition to the dashboard, we developed an R package called covidsymptom 
(109). The package was launched in early 2021 and designed to facilitate the import 
of open data from the CSSS. It was written entirely in R and published on the 
Comprehensive R Archive Network (CRAN), a repository for open-source R 
packages. The package contains the main aggregated datasets used in the CSSS 
dashboard, such as daily estimates of the incidence of symptomatic COVID-19 in 
Sweden and its regions, as well as daily prevalences of COVID-19 tests and 
symptoms reported by CSSS users. The package is a useful tool for researchers and 
analysts who want to analyze and visualize the data collected by the CSSS. As of 
December 2022, the package had around 8000 downloads on CRAN. The code for 
the package and examples of its use can be found at: https://github.com/csss-
resultat/covidsymptom  
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Chapter IV – Discussion 

The present thesis explored the utilization of data mining- and AI-based tools as 
means of managing extensive health datasets and generating evidence for public 
health interventions. In paper I, we developed a framework for text mining and 
NLP to process and analyze metadata from research publications, using it to 
effectively mine all the GWAS literature in NCDs from 2005-2022. The outcomes 
of this analysis unveiled gender, economic, and geographical biases among the 
authors of the research papers, as well as in the ethnicity of the study participants 
used. In papers II and III, we introduce the CSS, a large epidemiological initiative 
that utilized a mobile app to assist in tracking and understanding COVID-19 in the 
UK, US and Sweden. Using ML-based algorithms, we were able to predict 
symptomatic COVID-19 in Swedish participants based on self-reported symptoms 
and predict hospitalization waves seven days in advance in the major regions of 
Sweden. Furthermore, we mined and pre-processed CSS data obtained from the 
three countries, demonstrating that the symptom profile of COVID-19 and the 
duration of long COVID varied among different subgroups, revealing that 
participants with higher BMI and/or diabetes had a high prevalence of symptoms 
during a COVID-19 infection and a longer duration of long COVID symptoms. We 
also demonstrated that vaccination mitigated these differences between groups. 
Finally, I also introduced the CSSS dashboard, a web-based application designed 
to disseminate CSSS results, facilitating public health decision making and updating 
the general public in Sweden about the most recent CSSS findings. 

Paper I 
GWAS has played a significant role in advancing our understanding of the 
biological basis of NCDs over the past two decades. In paper I, we analyzed 2300 
published GWAS papers on NCDs using text mining and NLP to describe the 
characteristics of the analyzed cohorts and the researchers who conducted the work. 

The results of this analysis indicated that more than 90% of GWAS data originated 
from individuals of European ancestry, particularly from Nordic countries and the 
UK, while approximately 5% of GWAS analyses were conducted on individuals of 
East Asian ancestry. Other ethnicities, such as African and Afro-Caribbean 
populations, are infrequently included in GWAS of NCDs. Similarly, previous 
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studies (51-54) noted the lack of diversity in GWAS publications and have 
emphasized the importance of addressing this issue in order to achieve a more 
comprehensive understanding of the genetic basis of diseases and to promote equity 
in the field of genetics research.  

The use of automated text mining analysis tools used in this study enabled us to 
quantify this issue in a large scale. The lack of diversity in GWAS data has 
implications for the generalizability of genetic discoveries to global populations and 
hinder the development of tools such as polygenic risk scores (PRS) that can be used 
to predict disease risk and inform precision healthcare approaches (35). For 
example, a study (124) that evaluated the performance of seven breast cancer PRSs 
in three distinct ancestral groups (European, African, and Latinx) found that the 
scores derived in women of European ancestry did not generalize well to African 
ancestry cohorts. Furthermore, other studies have reported that predictions of PRS 
in African ancestry populations are only ~20–40% as accurate as in European 
populations when using European-based GWAS (50, 125). 

In terms of authorship, researchers based at institutions in HICs, particularly the US, 
contributed the largest proportion of co-authorships across GWAS papers for most 
disease areas, comprising an average of around 40% of authorships. Among the top-
ranking institutions, Harvard Medical School was one of the most frequent 
contributors. However, there were some exceptions to the dominance of US 
institutions, such as the Wellcome Trust Centre for Human Genetics in Oxford (UK) 
and Karolinska Institutet (Sweden).  

US institutions are known for their high levels of productivity in various fields of 
science (126, 127), but these analyses often only consider the affiliations of first or 
senior authors. By including all authors in the authorship lists, the text mining and 
NER-based framework presented in paper I of this thesis allows for a more 
comprehensive understanding of scientific networks and improves upon the 
traditional method of analysis. In GWAS research, the US prolificacy can be 
attributed to its extensive capacity to generate and analyze genetic data from within 
and outside its borders, driven by international collaborative networks and well-
funded national programs (128). Our results also shown that there has been a slight 
decline in US dominance in recent years, while China, South Korea, and other 
countries are gradually increasing their leadership in GWAS research. 

Moreover, the analysis in this study revealed that the origin of the data utilized in 
these GWAS did not consistently align with authorship of the publications. As one 
example, in the case of GWAS research on chronic respiratory disease, despite more 
than half of participants originating from the UK, UK-based scientists only occupied 
7% of first and senior authorships, while US-based scientists disproportionately 
contributed nearly half of these co-author positions. This type of disparity has 
previously been documented (129), in which it was shown that a disproportionate 
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amount of genomic research conducted in Africa has been conducted and led by 
researchers from Europe and the US, rather than African investigators. 

Undoubtedly, this issue needs further investigation, particularly when it involves 
non-HICs, as it raises concerns about the potential for exploitation of local 
populations and resources, as well as the unequal distribution of benefits from the 
research. It is important to examine the root causes of this discrepancy and to 
identify ways to address it, such as through increased collaboration and capacity-
building efforts within these countries, so that the benefits of GWAS research are 
more evenly distributed and to address the most pressing health needs of the region. 
The framework implemented in this study, which includes a R package (107) for 
the analysis of authorship list of research papers published in PubMed, can be of use 
for unveiling more of the issues in different fields of health research. 

Furthermore, gender disparities in co-authorship of GWAS papers were identified 
in this analysis, with males consistently comprising a disproportionate number of 
authorships, particularly in senior positions. Across all disease areas, male 
researchers accounted for an average of about 60% of first authorships and 75% of 
senior authorships. While the gender balance of first authorships varied by disease 
area, senior authorships consistently favored male researchers, with the most 
balanced being musculoskeletal disorders (65% male) and the least balanced being 
chronic respiratory diseases and digestive diseases (both with 79%). While the 
gender gap in co-authorship has narrowed over the 16-year study period, with 
females comprising an increasing proportion of first and senior authorships, it 
remains significant and reflective of the overall representation of women in 
research. These findings are consistent with broader trends in the scientific 
community, where male researchers continue to dominate leadership roles and 
female researchers remain underrepresented, particularly in fields such as STEM 
(130-132). This gender imbalance can have various negative consequences, 
including hindering the development of diverse perspectives and approaches to 
scientific inquiry and potentially limiting the impact and generalizability of research 
findings. Therefore, it is important for the scientific community to address these 
imbalances and promote gender equality in all aspects of research, including 
authorship of GWAS papers. 

In summary, our analysis revealed that GWAS research in NCDs has been 
dominated by male researchers based at institutions in HICs, particularly the US, 
while the data used in these studies has been largely derived from individuals of 
European ancestry, with a significant proportion coming from Nordic countries. A 
limitation the analysis conducted in this paper was that it only contained 
publications written in English, as the primary source of data was the GWAS 
Catalog. Additionally, the method used to predict author gender, name-to-gender 
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inference, has limitations as it is not a perfect proxy for self-reported gender, 
although it has been validated before (98). 

Our study also demonstrates the utility of data mining and AI-based techniques in 
conducting large-scale, comprehensive analyses of complex data. The use of text 
mining and NLP tools, including custom R packages that I developed (107, 108), 
were essential to extract relevant information from the GWAS Catalog and PubMed 
and to identify trends and patterns in the data. These computational methods also 
enabled us to perform analyses that would have been infeasible without their 
assistance, such as extracting and pre-processing co-authorship lists and linking 
authors' names to their affiliations. 

Paper II 
Effective regional COVID-19 surveillance has been a challenge since the onset of 
the pandemic, requiring multiple sources of data to address this challenge (74). The 
spread of the SARS-CoV-2 virus and the impact on the healthcare system can vary 
significantly within a country or region, and real-time, accurate data is essential for 
informed decision making and preparedness efforts. Conventional surveillance 
methods, such as laboratory-based testing, may not be sufficient to capture the 
complete extent of the outbreak, and alternative approaches, such as participatory 
syndromic surveillance, whereby individuals self-report their symptoms, may be 
useful in complementing these efforts (20-22). In paper II, we developed and 
evaluated an app-based framework for syndromic surveillance of COVID-19 at the 
national and regional level in Sweden during the first year of the pandemic.  

The results of our analysis revealed that the CSSS prevalence estimates of 
symptomatic COVID-19 displayed wave patterns comparable to those observed 
during the first and second waves of COVID-19 hospitalization in Sweden. These 
findings are consistent with the results of a prior studies conducted in England (21, 
133) and the US (134), which demonstrated that self-reported data from users could 
effectively identify emerging COVID-19 hotpots. 

However, our results also highlight the importance of accounting for other 
respiratory infections in the interpretation of app-based surveillance data. The 
resulting prevalence of our main model showed a peak in CSSS-based COVID-19 
prevalence estimates in Sweden for September 2020 that was not reflected in 
national case notification or hospital admission data, likely due to the concurrent 
peak in other respiratory infections. To address this issue, we developed a 
retrospective time-dependent model that showed better concordance with national 
COVID-19 case notification and hospital admission trends. 

In addition to monitoring disease trends, our app-based framework for syndromic 
surveillance demonstrated the potential for predicting regional levels of COVID-19 
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hospital admissions with a moderate level of accuracy. This ability to forecast future 
demand for hospital resources is crucial in times of crisis, as it allows for the 
proactive allocation of healthcare resources. Importantly, our results show that the 
CSSS-based hospital prediction model is transferable to a different setting, as we 
were able to successfully validate the model using data from England. However, the 
accuracy of the model varied by region, with higher accuracy observed in more 
highly populated areas. This suggests that factors such as total population size and 
the number of study participants may affect the accuracy of the model. 

In summary, the current study demonstrates the utility of app-based COVID-19 
syndromic surveillance for monitoring disease trends and predicting hospital 
admissions at a regional level. The CSSS app was able to provide accurate and 
timely estimates of COVID-19 prevalence and hospital admissions in Sweden, and 
showed potential for transferability to other settings. This approach has several 
advantages, including the rapid collection and analysis of data, and the ability to 
continuously disseminate results to the public.  

Limitations of this study include reliance on self-reported data, which may be 
subject to bias and may not accurately reflect the true prevalence of COVID-19. 
There is also the possibility that some individuals with COVID-19 may not have 
reported symptoms or may have been asymptomatic, leading to an underestimation 
of the prevalence of COVID-19. Additionally, the study was limited to data from 
app users, which may have resulted in selection bias and limited the generalizability 
of the findings to the broader population. Finally, unmeasured confounders may 
have influenced the results. 

To analyze the data collected through the CSSS app we employed data mining and 
ML techniques, such as a LASSO model. This was used to identify key symptoms 
and interactions that were associated with an increased probability of having 
COVID-19 and later estimate daily regional prevalence of the disease in Sweden. 
We also developed a prediction model that utilized these regional prevalence 
estimates and hospital data to forecast COVID-19 hospital admissions in Sweden 
and England. These approaches demonstrate the usefulness of data mining and ML 
techniques in COVID-19 research and surveillance. Furthermore, they may be 
refined and developed further to improve prediction accuracy and adapt to changing 
circumstances.  

Paper III 
The COVID-19 pandemic has brought to light the significant impact that underlying 
health conditions can have on the severity of the disease. Prior to the pandemic, it 
was already well-established that individuals with certain underlying health 
conditions, such as obesity and diabetes, were at an increased risk of developing 
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severe illness or complications from infectious diseases (135). However, the 
magnitude and global impact of the COVID-19 pandemic has highlighted the 
critical need for further research in this area. Understanding how underlying health 
conditions may affect the symptomatology and outcomes of COVID-19 is crucial 
for developing targeted interventions and guidelines for individuals at higher risk. 
In the third paper of this thesis, using data from the CSS, we investigated the 
differences in the symptomatology of both acute COVID-19 and long-COVID 
across different categories of BMI and diabetes before and after vaccination. 

Our results showed that individuals with higher BMIs had a higher prevalence of 
symptoms around the time of COVID-19 infection. These results align with the 
growing body of evidence indicating that obesity may play a role in exacerbating 
the severity and outcomes of COVID-19, including higher rates of hospitalization 
and mortality (135-137). We have also found that obese individuals experienced 
longer duration of long-COVID symptoms. Despite limited research on the link 
between obesity and long COVID, there is increase evidence suggesting that the 
severity of COVID-19 infection is a predictor of prolonged manifestations of the 
disease (79, 81). Notably, it is estimated that long COVID manifestations affect 
between 50-70% of hospitalized cases of COVID-19 (27). 

Moreover, our findings suggest that individuals with diabetes, particularly those 
with T2D, may be at increased risk for severe acute symptoms and prolonged 
symptom duration in the long-COVID. These findings are consistent with previous 
research indicating that individuals with diabetes may be more susceptible to severe 
illness and complications from COVID-19, including higher rates of hospitalization 
and mortality (70, 138, 139). Furthermore, T2D have been also previously showed 
to be both a risk factor and new onset condition for long-COVID (140). The 
mechanisms underlying this increased susceptibility for severe manifestations of 
COVID-19 and long-COVID in this population are yet to be determined, but may 
be related to the underlying immune dysfunction and altered blood flow associated 
with diabetes (141). 

By comparing the resulting symptoms’ AUCs pre- and post-vaccination across the 
BMI and diabetes categories, our study provided evidence for the effectiveness of 
COVID-19 vaccines for these at-risk populations. Although the AUCs for the 
COVID-19 symptoms decreased across all BMI and diabetes categories, the obese 
and the T2D were the groups that benefitted the most from vaccination in each 
separate analysis. Vaccination impacted positively all groups, reducing the 
prevalence of symptoms of a COVID-19 infection, and reducing the duration of 
long-COVID symptoms. These findings are in line with previous research indicating 
that COVID-19 vaccines provide high levels of protection against severe illness and 
death in at-risk populations, including those with underlying medical conditions 
such as obesity and diabetes (137). Given the increased risk for severe illness and 
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complications in these groups, it is crucial that individuals with obesity and diabetes 
are prioritized for vaccination. 

Overall, the results of this study highlight the importance of considering the 
influence of underlying medical conditions such as obesity and diabetes on the 
presentation and course and consequences of SARS-CoV-2 infection.  These 
analyses also add to the growing body of evidence highlighting the effectiveness of 
vaccination in reducing the burden of disease in these at-risk populations. 

The integration of data mining and statistical techniques in this study highlight the 
potential of these tools in understanding and addressing public health crises such as 
the COVID-19 pandemic. These techniques were vital in enabling us to uncover 
patterns and trends in symptom prevalence and duration across various population 
subgroups, as well as to quantitatively assess the impact of vaccination on these 
outcomes. The future application of these tools in the realm of public health has the 
potential to greatly enhance our ability to effectively respond to and mitigate the 
consequences of future infectious disease outbreaks. 

CSSS dashboard 
During the COVID-19 pandemic, access to transparent and easily understandable 
data has been crucial for informing both public health policy makers and the public 
(63, 73-75). Interactive dashboards that visualize data have played a vital role in this 
regard by providing real-time information on the spread of the virus. Elegantly 
crafted visualization tools such as those developed using open-source tools like R 
Shiny (112, 113) have empower end-users to comprehend and assimilate intricate 
information and unearth new correlations without necessitating programming 
expertise or exhaustive data-analytic capabilities. These tools have proven valuable 
for tracking the COVID-19 pandemic and informing effective responses (114, 115, 
117). 

The CSSS dashboard was developed with the aim to provide a centralized, user-
friendly report and open data sharing of CSSS results. Since its creation, the 
dashboard has received thousands of page views from users in Sweden. Its rapid 
development is the results of the rapid evolution of programming languages and 
frameworks that have made it easier to create feature-rich applications.  

The utilization of dashboards as a public health surveillance tool in times of crisis 
has been undoubtedly demonstrated to be efficacious, as illustrated by the 
proliferation of COVID-19 dashboards developed by a range of organizations 
globally, including governments, media outlets, private enterprises, and academic 
institutions. The John Hopkins University (JHU) COVID-19 dashboard (63) and the 
WHO Coronavirus (COVID-19) Dashboard (66) have been widely used by 
researchers, the public and policy makers as sources of real-time data on global 
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COVID-19 cases. In Sweden, FOHM, the public health agency, has also created its 
own data dashboard on COVID-19, which provides updates on the pandemic 
situation in the country (142). However, during the first years of the pandemic, 
FOHM only updated the dashboard a few times a week, with data lagging a few 
days behind. CSSS dashboard, on the other hand, provided daily updates, with data 
from participants that reported one day before, thus serving as a reliable source for 
COVID-19 estimations in Sweden when the official government data was not 
available.    

Additionally, within the CSSS dashboard we have also created the covidsymptom R 
package (109), which allows analysts to access CSSS aggregated data and 
predictions directly within their programming environment. Available on CRAN, 
the main R package distributor in the world, covidsymptom was downloaded by 
approximately 8000 users worldwide.  

The development of such tools for disseminating research results has been vital 
during the COVID-19 pandemic, as it facilitates the rapid sharing of data and 
analytical tools among researchers and analysts. This not only helps to expedite the 
research process, but it also ensures that the data and tools being used are open and 
transparent, which is essential for reproducible research. Furthermore, by making 
these tools accessible on platforms such as CRAN and shinyapps.io, it allows for 
widespread use by researchers and analysts globally. The creation of these types of 
tools not only serves the current pandemic, but also has long-term implications for 
pandemic preparedness. By creating open-source projects and repositories of data 
and analytical tools, it allows for easier and quicker access to these resources in the 
event of future pandemics, speeding up future research processes. 

Overall summary and conclusions 
The objective of this thesis was to investigate the application of data mining and AI-
based pipelines to extract insights from large health datasets and generate public 
health evidence. By building frameworks based on these tools, I demonstrated how 
the analysis of large datasets can be optimized, and the potential for automating and 
simplifying the data mining process.  

In paper I, by using advanced data mining methods and creating frameworks to 
extract and analyze information from 2300 GWAS papers, it was possible to 
characterize the last two decades of genomic research in NCDs and identify biases 
in terms of the populations studied and the institutions and researchers involved. 
Specifically, we found that these studies have been predominantly undertaken by 
male researchers affiliated to institutions in HIC, particularly the US, and have 
largely utilized data from individuals of European ancestry. The insufficient 
diversity in both the data and the authorship of GWAS research has potential 
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implications for the generalizability of genetic discoveries and the development of 
future interventions. For instance, the lack of representation of certain populations 
in these studies may lead to an incomplete understanding of the genetic basis of 
diseases and how they affect different populations, potentially limiting the 
effectiveness of interventions and policies aimed at addressing these diseases in 
diverse populations. It is important to address these biases to produce more robust 
and generalizable public health evidence that can be effectively applied to improve 
the health of all populations. 

In paper II, an app-based framework for syndromic surveillance was developed to 
track the early spread of COVID-19 in Sweden. In this study, data mining and ML 
techniques were used to analyze a large amount of data collected through the 
COVID Symptom Study Sweden (CSSS) app and develop a model to estimate the 
probability of having symptomatic COVID-19. This model was then used to 
estimate daily regional prevalence and predict hospital admissions due to the 
disease. Real-time and accurate disease surveillance data is essential for effective 
public health decision-making and evaluation, as well as for preparing healthcare 
systems. In times of global health crisis, the integration of data from multiple 
sources, including participatory syndromic surveillance, is vital for early detection 
of disease outbreaks. The results of this study may enhance our understanding of 
the feasibility of large-scale syndromic surveillance and inform the creation of 
population-based participatory surveillance initiatives in future pandemics and 
epidemics. 

In paper III, the impact of BMI and diabetes on COVID-19 symptom presentation 
and the development of long-COVID in this at-risk populations were investigated. 
The advanced data mining techniques implemented in this study were able to 
process and analyze the large amount of data collected by the COVID Symptom 
Study (CSS) and reveal that individuals with higher BMIs and diabetes had a higher 
burden of symptoms at the time of COVID-19 infection and prolonged symptom 
duration in long-COVID manifestations. Moreover, the results provided evidence 
for the effectiveness of COVID-19 vaccines for at-risk populations, with the obese 
and those with T2D experiencing the greatest benefits in terms of reduced symptom 
prevalence and long-COVID symptom duration. The findings of this study have 
significant public health implications as they demonstrate the impact of COVID-19 
vaccines in at-risk populations, in terms of both COVID-19 and long-COVID 
presentations. This information can aid in the development of targeted vaccination 
strategies and prioritization, particularly in populations that are at elevated risk for 
severe illness and morbidity from COVID-19. 
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Future perspectives 

As technology and research tools continue to advance, we can expect to see an 
increase in the volume and variety of healthcare data being collected. To effectively 
harness this data, it will be essential to utilize data mining and AI-based tools, as 
well as any new methods of automating the process of analyzing and extracting 
insights. By making these tools openly available to researchers and analysts, 
collaboration can be facilitated, potentially hastening the pace of innovation in the 
medical field. Open-source tools in the form of programming packages or 
dashboards have the potential to democratize the process of analyzing healthcare 
data, making it more inclusive and accessible to researchers from diverse 
backgrounds and institutions, thereby mitigating the potential for biases in the 
research-implementation chain. 

The work initiated during my PhD that culminated in the papers and projects 
presented in this thesis has potential for further exploration and extension of these 
ideas. Using the developed framework, we can continue to track and address biases 
in GWAS research for NCDs, including biases related to the geographic and gender 
distribution of authors and the lack of ethnic diversity in research samples. 

Additionally, the data generated by the framework implemented in paper I can be 
further explored with other advanced data analysis tools. Applying network analysis 
and other NLP techniques to the collected data or undertaking similar data mining 
analyses of published papers could potentially provide a more comprehensive 
understanding of patterns and trends within research communities. Network 
analysis, a technique that can be used to analyze the relationships between different 
entities in a network, could be applied to co-authorship patterns to identify clusters 
of collaboration or isolation within a field. By visualizing the network of 
relationships within this field, it would be possible to gain a more intuitive 
understanding of the structure and dynamics of the field and could identify key 
nodes (such as countries or institutions) that play a particularly influential role. 
Network analysis could be particularly useful for examining patterns of 
collaboration and the flow of knowledge and resources within the specific field of 
research. Additionally, other NLP techniques such as text classification algorithms, 
part-of-speech tagging, dependency parsing, and topic modeling could also be 
useful for extracting and analyzing information from the full text of papers.  
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Moreover, the R packages developed in this study can be utilized to investigate 
similar research questions in various fields of medical science, as they have the 
capability to analyze any publication indexed in PubMed. The packages are open-
source and I plan to continue improving these tools to keep them current with the 
latest developments in the field of text mining and NLP. 

COVID Symtpom Study Sweden (CSSS) is one of the largest epidemiologic 
initiatives ever done in Sweden. Since its launch in April 2020, it has received over 
20 million daily reports from approximately 208 000 individuals in Sweden through 
the COVID Symptom Study (CSS) app. The results of paper II showed the potential 
of app-based syndromic surveillance to monitor the biggest public health crisis of 
our time, thus highlighting the potential of such frameworks for pandemic 
preparedness. The rapid development and implementation of this data collection and 
reporting structure, facilitated by advances in data mining and AI, is unprecedented 
and can serve as a model for future epidemiological surveillance efforts. 

Moreover, the results from CSSS demonstrated the value of app-based surveillance 
in countries with well-functioning healthcare system and widespread access to PCR 
testing. While further research is needed to confirm this, app-based surveillance may 
be even more crucial in countries where access to healthcare resources is more 
limited, as it can provide timely and accurate information on the spread of COVID-
19. 

The results of our latest study, paper III, highlight the significant impact of BMI 
and diabetes on the symptomatology of COVID-19 infection and the duration of 
long-COVID symptoms. We had also showed that vaccination had a protective 
effect for both COVID-19 infection and long-COVID symptoms in these at-risk 
groups. These results highlight the need for further research to understand the 
mechanisms behind the increased susceptibility and prolonged symptoms in obese 
and diabetes populations. It is important to investigate the effect of other factors that 
may influence the susceptibility and duration of symptoms in these populations, 
such as comorbidities, genetic predisposition, lifestyle, socioeconomic and 
environment. Furthermore, the findings of this study, adds to the growing evidence 
that supports future guidelines for COVID-19 (and future pandemics) for these 
populations. 

It is worth noting that our study relied on self-reported data from the CSS app, which 
may introduce some limitations. Despite these limitations, our study adds to the 
growing evidence on the importance of app-based syndromic surveillance in 
providing timely and accurate information on the spread and impact of COVID-19. 
As we continue to grapple with the ongoing pandemic, app-based surveillance will 
likely remain a valuable tool for pandemic preparedness and response efforts. 
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Finally, is worth mentioning the CSSS dashboard, which was a valuable tool to 
share data from the CSSS, helping track the spread of COVID-19 in Sweden. The 
interactive maps at the regional level, along with the estimated prevalences of 
national COVID-19 infection, provided daily updates on the CSSS data that was 
useful for both the public and policy makers. The CSSS dashboard has now been 
archived, but the codes used to create it are available on GitHub, and the aggregated 
data is available for download through the covidsymptom R package. The package 
is still available for download on CRAN, and local health authorities have reported 
using the data and the dashboard in conjunction with other government data to track 
the spread of the virus in some smaller regions in Sweden. The open-source nature 
of the CSSS dashboard and covidsymtpom package allows for their easy adaptation 
and customization in future public health crises. The rapid development and 
deployment of these tools during the COVID-19 pandemic highlights their potential 
as a valuable asset for pandemic preparedness and response efforts in the future.  
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Popular science summary 

Recent advancements in technology are revolutionizing the way we collect and 
analyze information in healthcare. The proliferation of new sources of data, such as 
wearable devices and health-related apps, combined with improvements in data 
analysis techniques, is leading to a growing amount of information referred to as 
"big data" in healthcare. Artificial intelligence (AI) and data mining are powerful 
tools for effectively managing and analyzing this large and complex data. AI-based 
methods have been successful in analyzing complex healthcare data sets and finding 
hidden patterns and insights. Data mining, which uses algorithms and statistical 
models to identify trends, associations, patterns, and features of interest in large data 
sets, is valuable in providing researchers, data scientists, and public health analysts 
with insights into factors that affect the health of individuals and communities. 
Together, these tools can help transform complex healthcare data into useful 
information and knowledge that can improve healthcare practices. 

In this thesis, I built frameworks based on data mining and AI in order to efficiently 
analyze large health datasets and gain insights into important public health issues.  

In the first paper of this thesis, I analyzed the characteristics of researchers and data 
sources involved in 2300 genome-wide association studies (GWAS) publications 
for the top-10 non-communicable (NCDs) cases of death using text data mining and 
AI-based natural language processing. As technology advances, scientists are 
increasingly using genetic data to understand disease and improve health. The rise 
of precision medicine, which takes into account individual differences in genes, 
environment, and lifestyle to provide personalized and effective treatments, is due 
to the development of new technologies such as GWAS that make it possible to 
quickly and accurately collect and analyze large amounts of genomic data.  

However, the results of our study revealed issues that need to be addressed in order 
to ensure that the benefits of GWAS research are more evenly distributed and to 
address the most pressing health needs of the region. Overall, we found that the 
GWAS were mostly led by male scientists from high-income countries (HIC), 
particularly the United States (US), and that most of the data used in these studies 
came from individuals of European ancestry. This is concerning because the lack of 
diversity in the participants may limit the generalizability of existing genetic 
discoveries to global populations and perpetuate existing health disparities. 
Addressing these issues can involve a range of measures, building local capacity 
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through collaboration with researchers from the underrepresented countries to 
developing algorithms and techniques that can identify and mitigate bias in the data. 
Nevertheless, this study highlighted the importance of data mining and AI-based 
techniques for effectively processing and analyzing large amounts of unstructured 
data. 

The COVID-19 pandemic has highlighted the importance of effective data analysis 
frameworks. The need for real-time information has led to a surge in data generation 
and sharing, with frameworks based on data mining and AI techniques having a 
great potential to be crucial in understanding the spread and impact of the virus. In 
the second study of this thesis, I presented the COVID Symptom Study Sweden 
(CSSS), one of the largest epidemiologic initiatives ever done in Sweden.  

Using a mobile app (COVID Symptom Study, CSS), participants from Sweden, 
United Kingdom and US reported daily their symptoms, covid test results and 
vaccine doses. With data from the Swedish participants, we developed a framework 
to analyze and predict the spread of COVID-19 at a national and regional level in 
Sweden. Our framework was able to accurately predict the first two waves of 
COVID-19 that occurred in the country, highlighting its potential as a valuable tool 
for monitoring disease trends during times of limited COVID-19 testing capacity. 
Additionally, we were also able to predict regional levels of COVID-19 hospital 
admissions seven days in advance, demonstrating the potential of app-based 
syndromic surveillance as a valuable tool for pandemic preparedness and response 
efforts. 

As the world reaches the third year of the pandemic, new challenges have emerged, 
one of which is the phenomenon of "long-COVID," where individuals continue to 
experience symptoms for weeks or even months after their initial infection. This is 
an important aspect of the ongoing pandemic, as it affects a large number of 
individuals, and it is critical to understand the causes and consequences of this 
phenomenon. Additionally, the COVID-19 pandemic is causing a profound impact 
on populations globally, and certain groups, such as individuals who are overweight 
or obese, and those with diabetes, have been disproportionately affected by the 
disease. These groups are at higher risk of severe illness and death, and it is 
important to continue monitoring and studying the impact of the pandemic on these 
populations, in order to better understand the underlying causes and develop 
targeted interventions to address these disparities.  

In the third study of this thesis, I used data from the COVID Symptom Study (CSS) 
app to investigate the symptom patterns of COVID-19 infection and the duration of 
long-COVID symptoms in relation to body mass index (BMI) and diabetes. Our 
findings revealed that participants who were obese and those diagnosed with 
diabetes had a higher prevalence of COVID-19 symptoms during the infection 
period as well as a longer duration of long-COVID symptoms. Furthermore, we 
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discovered that vaccination had a protective effect against both COVID-19 infection 
and long-COVID symptoms in these at-risk groups. These results highlight the 
importance of addressing the disproportionate impact of COVID-19 on certain 
populations and the utility of app-based syndromic surveillance in providing timely 
and accurate information on the spread and impact of the virus. 

In conclusion, the aim of this thesis was to investigate the application of data mining 
and AI-based pipelines to extract insights from large health datasets and generate 
public health evidence. The research presented here demonstrates the potential of 
these tools for automating and simplifying the data mining process, and for 
providing valuable insights into various public health issues. Through the use of 
these for the development of frameworks to extract and analyze information, it was 
possible to gain a deeper understanding of the latest two decades of genomic 
research in NCDs, the early spread of COVID-19 in Sweden, and the impact of BMI 
and diabetes on COVID-19 symptom presentation and the development of long-
COVID.  

 

 

 



82 



 83 

Populärvetenskaplig sammanfattning 

Den senare tidens teknologiska framsteg revolutionerar sättet på vilket vi samlar in 
och analyserar information inom hälso- och sjukvården. De många nya datakällorna, 
såsom bärbara enheter och hälsorelaterade appar, leder tillsammans med förbättrade 
dataanalystekniker till att alltmer ”big data” finns tillgängliga inom vården. 
Artificiell intelligens (AI) och datautvinning är kraftfulla verktyg för effektiv 
hantering och analys av dessa omfattande och komplexa data. AI-baserade metoder 
har använts framgångsrikt för att analysera komplexa hälsorelaterade 
datauppsättningar och för att hitta dolda mönster och insikter. Datautvinning, som 
använder algoritmer och statistiska modeller för att identifiera trender, 
associationer, mönster och intressanta egenskaper i stora datauppsättningar, är ett 
värdefullt verktyg när det gäller att förse forskare, datavetare och 
folkhälsoanalytiker med information om faktorer som påverkar hälsan på individ- 
och samhällsnivå. Tillsammans kan dessa verktyg bidra till att omvandla komplexa 
hälsodata till användbar information och kunskap som kan förbättra rutinerna inom 
hälso- och sjukvården. 

I den här avhandlingen har jag konstruerat ramverk baserat på datautvinning och AI 
för att på ett effektivt sätt analysera stora uppsättningar hälsodata och få insikter om 
viktiga folkhälsoproblem. 

I avhandlingens första artikel analyserade jag egenskaperna hos forskare och 
datakällor involverade i 2 300 GWAS-publikationer (GWAS − genome-wide 
association studies). Målet var att identifiera de tio främsta dödsorsakerna som inte 
var relaterade till icke smittsamma sjukdomar med hjälp av textdatautvinning och 
AI-baserad naturlig språkbearbetning. Allt eftersom teknologin utvecklas använder 
forskare i allt högre utsträckning genetiska data för att förstå sjukdomar och 
förbättra folkhälsan. Framväxten av precisionsmedicin, som tar hänsyn till 
individuella skillnader i gener, miljö och livsstil för att tillhandahålla 
individanpassade och effektiva behandlingar, har varit möjlig tack vare nya tekniker 
som GWAS, vilka gör det möjligt att snabbt och noggrant samla in och analysera 
stora mängder genomiska data.  

Resultaten från vår studie avslöjade dock problem som måste åtgärdas för att det 
ska gå att säkerställa att nyttan av GWAS-forskningen fördelas jämnare och för att 
de mest akuta vårdbehoven i en region ska tillgodoses. Totalt sett såg vi att GWAS-
forskning främst leddes av manliga forskare från höginkomstländer, i synnerhet 
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USA, och att majoriteten av data som användes i dessa studier kom från individer 
med europeiskt ursprung. Detta är bekymrande då bristen på mångfald bland 
deltagarna kan begränsa hur generaliserbara befintliga genetiska upptäcker är på 
globala populationer och följaktligen kan bibehålla befintliga hälsoskillnader. Att ta 
itu med dessa frågor kan involvera en rad åtgärder, exempelvis att bygga upp lokal 
kapacitet genom samarbeten med forskare från underrepresenterade länder för att 
utveckla algoritmer och tekniker som kan identifiera och mildra bias i data. Denna 
studie belyste ändå vikten av datautvinning och AI-baserade tekniker för effektiv 
bearbetning och analys av stora mängder ostrukturerade data. 

Covid-19-pandemin har belyst hur viktiga effektiva dataanalysramverk är. Behovet 
av information i realtid har lett till en stor ökning av datagenerering och -delning. 
Här har ramverk baserade på datautvinning och AI-tekniker stor potential att vara 
avgörande för förståelsen av virusets spridning och inverkan. I avhandlingens andra 
artikel presenterade jag COVID Symptom Study Sweden (CSSS), ett av de största 
epidemiologiska initiativen någonsin i Sverige. 

Med hjälp av appen COVID Symptom Study (CSS) kunde deltagare från Sverige, 
Storbritannien och USA dagligen rapportera symtom, covidtestresultat och 
vaccinationer. Vi använde data från deltagarna i Sverige för att utveckla ett ramverk 
för att analysera och förutspå spridningen av covid-19 på en nationell och regional 
nivå i Sverige. Detta ramverk kunde korrekt förutspå de första två covid-19-vågorna 
i landet, vilket visar på dess potential som ett värdefullt verktyg för övervakning av 
sjukdomstrender i tider med begränsad kapacitet för covid-19-testning. Vi kunde 
dessutom förutspå regionala nivåer av covid-19-relaterade sjukhusinläggningar sju 
dagar i förväg, vilket demonstrerar potentialen för appbaserad syndromövervakning 
som ett värdefullt verktyg för pandemiberedskap och -insatser. 

Under det tredje pandemiåret har nya utmaningar dykt upp, varav en består av 
fenomenet “postcovid”, där individer fortsätter att uppleva symtom veckor eller till 
och med månader efter den ursprungliga infektionen. Detta är en viktig aspekt av 
den pågående pandemin då det påverkar ett stort antal individer och det är av yttersta 
vikt att vi förstår orsakerna för och konsekvenserna av detta fenomen. Dessutom har 
covid-19-pandemin en djupgående inverkan på populationer globalt och vissa 
grupper, till exempel individer som är överviktiga eller har fetma och personer med 
diabetes, har påverkats oproportionerligt mycket av sjukdomen. Dessa grupper löper 
högre risk att drabbas av allvarlig sjukdom och dödsfall. Det är därför viktigt att vi 
fortsätter att övervaka och studera hur pandemin påverkar dessa populationer för att 
bättre förstå de underliggande orsakerna och för att utveckla målriktade 
interventioner för att komma till rätta med dessa skillnader.  

I avhandlingens tredje artikel använde jag data från appen COVID Symptom Study 
för att undersöka symtommönstren för covid-19-infektion och varaktigheten av 
postcovidsymtom i relation till BMI (kroppsmasseindex) och diabetes. Våra fynd 
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visade att deltagare med fetma och personer med en diabetesdiagnos hade en högre 
prevalens av covid-19-symtom under infektionsperioden samt längre varaktighet av 
postcovidsymtom. Vidare upptäckte vi att vaccination hade en skyddande effekt mot 
både covid-19-infektion och postcovidsymtom i dessa riskgrupper. Dessa resultat 
belyser vikten av att komma till rätta med covid-19:s oproportionerliga inverkan på 
vissa populationer och användbarheten av appbaserad syndromövervakning för att 
tillhandahålla läglig och exakt information om virusets spridning och inverkan. 

Sammanfattningsvis var syftet med denna avhandling att undersöka tillämpningen 
av datautvinning och AI-baserade pipelines för att hämta insikter från stora 
hälsodatauppsättningar och generera folkhälsoevidens. Den forskning som 
presenteras här demonstrerar den potential som finns hos dessa verktyg för att 
automatisera och förenkla datautvinningsprocessen och för att tillhandahålla 
värdefulla insikter om olika folkhälsoproblem. Genom att använda dessa verktyg 
för att utveckla ramverk för att extrahera och analysera information var det möjligt 
att få en djupare förståelse för de senaste två årtiondena av genomisk forskning om 
icke smittsamma sjukdomar, den tidiga spridningen av covid-19 i Sverige och hur 
BMI och diabetes påverkade presentationen av covid-19-symtom och utvecklingen 
av postcovid. 
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Divulgação científica (sumário) 

Os avanços tecnológicos têm revolucionado a forma como coletamos e analisamos 
informações na área da saúde. Ferramentas como "wearables" e aplicativos móveis 
relacionados à saúde, juntamente com melhorias na metodologia de análise de 
dados, têm aumentado exponencialmente a quantidade de dados disponíveis na área 
da saúde, conhecida como "big data". A inteligência artificial (IA) e a mineração de 
dados são ferramentas valiosas para gerenciar e analisar essa grande quantidade de 
dados eficazmente. Os métodos baseados em IA têm se mostrado bem-sucedidos na 
análise de conjuntos complexos de dados de saúde e na descoberta de padrões e 
insights ocultos. A mineração de dados, que utiliza algoritmos e modelos estatísticos 
para identificar tendências, associações, padrões e características relevantes em 
grandes conjuntos de dados, é valiosa para fornecer insights sobre fatores que 
afetam a saúde de indivíduos e comunidades para pesquisadores, cientistas de dados 
e analistas de saúde pública. Juntas, essas ferramentas podem ajudar a transformar 
dados complexos de saúde em informações e conhecimentos úteis que podem 
melhorar a prática de saúde. 

Nesta tese, construí estruturas baseadas em mineração de dados e IA para analisar 
eficientemente grandes conjuntos de dados de saúde e obter insights sobre 
importantes questões de saúde pública. 

No primeiro artigo desta tese, utilizei técnicas de mineração de dados de texto e 
processamento de linguagem natural para analisar as características dos 
pesquisadores e fontes de dados de 2300 publicações de estudos de associação 
genômica ampla (GWAS) rna área das 10 principais doenças crônicas não 
transmissíveis.  

Com o avanço da tecnologia, os cientistas têm se utilizado cada vez mais de dados 
genéticos para compreender as doenças e melhorar a prática médica. A medicina de 
precisão, que leva em conta as diferenças individuais de genes, fatores ambientais e 
estilos de vida para fornecer tratamentos personalizados e eficazes, tem se 
beneficiado muito do desenvolvimento de novas tecnologias, como o GWAS, que 
permitem a coleta e análise rápida e precisa de grandes quantidades de dados 
genômicos. No entanto, os resultados do nosso estudo revelaram questões que 
precisam ser abordadas para garantir que os benefícios da pesquisa GWAS sejam 
distribuídos de forma equitativa e atendam às necessidades de saúde de cada região. 
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Em geral, descobrimos que a maioria dos estudos de GWAS foi liderada por 
cientistas do sexo masculino, de países de alta renda, especialmente dos Estados 
Unidos, e que a maioria dos dados usados nos estudos veio de indivíduos de 
ascendência europeia. Isso é preocupante, pois a falta de diversidade nos 
participantes pode limitar a generalização das descobertas genéticas existentes para 
outras populações, perpetuando assim disparidades de saúde já existentes. Abordar 
questões como essa pode envolver medidas como o incentivo à colaboração com 
pesquisadores de países pouco representados na nossa amostra, como também o 
desenvolvimento de algoritmos e técnicas que possam identificar e mitigar os viéses 
nos dados de GWAS. De qualquer forma, nosso estudo destacou a importância da 
mineração de dados e das técnicas baseadas em IA para processar e analisar 
eficazmente grandes quantidades de dados não estruturados. 

A pandemia de COVID-19 também destacou a importância de estruturas de análise 
de dados eficazes, já que a necessidade de informações em tempo real causou uma 
explosão na quantidade de dados gerados. No segundo estudo desta tese, apresentei 
o COVID Symptom Study Sweden (CSSS), uma das maiores iniciativas
epidemiológicas já realizadas na Suécia.

Usando um aplicativo móvel (COVID Symptom Study, CSS), participantes da 
Suécia, Reino Unido e EUA relataram diariamente sintomas, resultados de testes de 
COVID e doses de vacina. Utilizamos os dados dos participantes suecos 
provenientos do CSS para desenvolver uma estrutura de análise de dados e prever a 
disseminação do COVID-19 em nível nacional e regional na Suécia. Nosso método 
foi capaz de prever com precisão as duas primeiras ondas de COVID-19 que 
ocorreram no país, destacando seu potencial como ferramenta valiosa para 
monitorar tendências de doenças durante períodos de capacidade limitada de teste 
de COVID-19. Além disso, também fomos capazes de prever os níveis regionais de 
internações hospitalares por COVID-19 com sete dias de antecedência, 
demonstrando o potencial da vigilância baseada em aplicativo como uma ferramenta 
valiosa para os esforços de preparação e resposta à pandemias. 

À medida que o mundo entra no terceiro ano da pandemia de COVID-19, novos 
desafios surgiram, como o fenômeno do COVID longo, em que indivíduos 
continuam apresentando sintomas por semanas ou até meses após a infecção. A 
COVID longa têm afetado um grande número de pessoas e por isso é fundamental 
compreender as causas e consequências deste fenômeno. Além disso, não é 
novidade que o COVID-19 tem um impacto mais significativo em certos grupos de 
pessoas (chamods grupos de risco). Por exemplo, estudos têm mostrado como 
indivíduos com sobrepeso ou obesidade e indivíduos diabéticos, apresentam um 
maior risco de desenvolver sintomas graves de COVID e tem uma maior chance de 
morte. É, portanto, essencial continuar monitorando e estudando o impacto da 
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pandemia nessas populações para entender melhor as causas subjacentes e 
desenvolver intervenções direcionadas para lidar com essas disparidades. 

No terceiro estudo desta tese, utilizei dados do aplicativo COVID Symptom Study 
(CSS) para investigar os padrões de sintomas da infecção por COVID-19 e a 
duração dos sintomas longos de COVID em relação ao índice de massa corporal 
(IMC) e diabetes. Os resultados revelaram que os participantes obesos e os 
participantes diabéticos apresentaram uma maior prevalência de sintomas de 
COVID-19 durante o período de infecção, além de uma duração mais longa de 
sintomas desintomas longo de COVID comparados aos outros grupos. Além disso, 
descobrimos que a vacinação teve um efeito protetor contra a infecção por COVID-
19 e sintomas prolongados de COVID nesses grupos de risco. Esses resultados 
destacam a importância de abordar o impacto desproporcional do COVID-19 em 
certas populações e a utilidade da vigilância de saúde baseada em aplicativos como 
forma de fornecer informações relevantes e precisas sobre a disseminação e o 
impacto do vírus. 

Em conclusão, essa tese teve como objetivo investigar a aplicação de técnicas de 
mineração de dados e de pipelines baseados em IA para extrair informacões 
relevantes de grandes conjuntos de dados de saúde e gerar evidências para a saúde 
pública. Os resultados apresentados destacam o potencial dessas ferramentas para 
automatizar e simplificar o processo de mineração de dados, e fornecer informações 
valiosas sobre vários problemas de saúde pública. Através da utilizaçnao dessas 
ferramentas, pudemos obter uma maior compreensão acerca da pesquisa genômica 
na área de doenças crônicas não transmissíveis, da disseminação inicial do COVID-
19 na Suécia e sobre grupos de risco para COVID-19 e COVID longa. 
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