
 

 

 Understanding Long Covid-19 Patterns in Pediatric Patients using Network Analytics 

 

by 

 

Ornela Hogu 

 

 

 

A thesis submitted to the Graduate Faculty of 

Auburn University 

in partial fulfillment of the 

requirements for the Degree of 

Master of Science 

 

Auburn, Alabama 

May 7, 2022 

 

 

 

Keywords: Bipartite graph, projections, COVID-19, long COVID, Disease Network, 

Pediatric Patients 

 

Copyright 2022 by Ornela Hogu 

 

 

Approved by 

 

Xiao Qin, Alumni Professor, Computer Science and Software Engineering 

Ashish Gupta, Co-chair, Professor of Business Analytics, Department of Systems and 

Technology 

Pankush Kalgotra, Assistant Professor, Department of Systems and Technology 

 

 

 

 

 

 



ii 

 

Abstract 

COVID-19 has had a long-term impact on the quality of life, work, and society by manifesting 

in the form of Long COVID. Long COVID is relatively less understood condition due to its 

recency. The challenge is even greater among pediatric population, which represents 19% of 

overall Long COVID cases, due to lack of research and ample data. We study three main 

research questions in the study. First, what are the most frequently occurring chronic conditions 

among pediatric patients suffering from Long COVID at different time periods? Second, what 

are the most frequent non-chronic conditions among pediatric patients suffering from long-

Covid across different age segments? Third, what are various clusters of chronic and non-

chronic conditions that exist among pediatric patients diagnosed with Long-COVID.  

Using N3C (National COVID Cohort Collaboration) data, we analyze health records of ~500K 

pediatric patients suffering from long COVID across 72 different sites. We apply network 

analytics approaches to model various chronic and non-chronic conditions that pre-exists in 

patients diagnosed with Long COVID. In the first part, we model two network types to capture 

the chronic and non-chronic diseases in pre and long Covid. In the second part, created bipartite 

graphs and its projections to generate network clusters of pre-existing diseases and coexisting 

disease network for Long COVID. We then applied two community detection algorithms, 

Louvain and Leiden algorithms, on these projections to identify clustering patterns of diseases. 

We analyzed and interpreted top clusters and observed a high dominance on the conditions 

related to the pregnancy, neoplasm(cancer), infectious, parasitic diseases and other categories. 

To develop insights into co-existing non-chronic conditions, we segmented the data across 

three pediatric age groups (0-4, 5-11, 12-17 years).  

Our findings suggest that Long COVID co-exists with four highly frequent chronic conditions, 

namely, asthma, anxiety, obesity, and lipoprotein metabolism disorders.  For all pediatric 

patients suffering from Long COVID, we found five dominant non-chronic co-existing 
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conditions: acute upper respiratory infections, fever, Acute pharyngitis, deficit hyperactivity 

disorders, and cough. However, we observed some unique conditions when segmented across 

different age groups. For example, sleep disorders and severe stress were dominant across 11-

17 age group. Using Louvain Community detection algorithm, we identified five key clusters. 

For example, cluster one (approx. 14% of data) had higher levels of teen pregnancies, infectious 

or parasitic diseases, and relatively lower levels of mental or behavioral disorders while cluster 

two (approx. 5.5%) had higher instances of neoplasms, and infectious or parasitic diseases.  

Our findings have important implications for pediatric care providers and researchers. Using 

network analytic approaches, we identified various clusters of chronic and non-chronic 

conditions that exist with Long COVID diagnosis among pediatric population. Such an 

understanding could provide early insights into the nature of pediatric patients who are likely 

to develop Long COVID from COVID-19.   
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1 Introduction 
 

1.1 Motivation  

Although the outbreak of COVID-19 found the world unprepared to face a pandemic, it has 

shown how much science has advanced and developed in terms of biomedical/pharmaceutics 

and big data. The implementation of EMR (Electronic Medical Records) in the healthcare 

setting has a crucial importance in building networks and predictive models, because it has 

established an environment to store historical data, treatments, and other information that are 

essential. The historical data of patients along with COVID-19 tests (including PCT and 

images), have paved the path to the use statistical and the state-of-art of Artificial 

Intelligence/Machine Learning techniques to project the number of cases, early diagnose high-

risk diseases, predict long term effects and so on. The necessity to leverage the impact of the 

pandemic has become an intriguing topic for data scientists, researchers, and machine learning 

engineers. Data engineering, artificial intelligence, and data visualization are being widely used 

to keep track, analyze, diagnose, and predict the trend of COVID-19 cases. 

In the early COVID phases, children, and young people (0-18years old) appeared to be resilient 

and invulnerable compared to other groups. However, recent studies and data collected have 

shown that this domain is fragile not only from COVID-19, but also suffering from long-

COVID symptoms which include “brain fog”- cognitive impairment, headaches, dizziness, 

cough, chest pain, fever, shortness of breath, among others. A complete list of post-COVID 

symptoms is available in the CDC 1 official site.  

As of January 21, the American Academy of Pediatrics 2 has reported 1 million cases, which 

is 4 times the rate of the peak of last winter. In addition, other findings show that 17.8% of 

 
1 https://www.cdc.gov/coronavirus/2019-ncov/hcp/clinical-care/post-covid-conditions.html  
2 https://www.aap.org/en/pages/2019-novel-coronavirus-covid-19-infections/children-and-covid-19-state-level-

data-report/  

https://www.cdc.gov/coronavirus/2019-ncov/hcp/clinical-care/post-covid-conditions.html
https://www.aap.org/en/pages/2019-novel-coronavirus-covid-19-infections/children-and-covid-19-state-level-data-report/
https://www.aap.org/en/pages/2019-novel-coronavirus-covid-19-infections/children-and-covid-19-state-level-data-report/
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positive cases represent children, and the number of hospitalizations has increased. All these 

observations indicate the vulnerability and sensitivity of the pediatric domain. The dynamic 

and variations in the pediatric patients might be related to the exposure and other host factors. 

The shutdown of schools and kindergartens kept them isolated, and there were fewer cases 

reported. Then, bringing them back to pre-schools and kindergartens resulted in an increase in 

number. Researchers are actively studying and evaluating demographics, clinical and 

laboratory results by feeding various machine learning and deep learning models to prevent 

and predict various upcoming events. The focus of our research is related to the usage of big 

data in building recommendation models to identify patterns and correlation among diseases 

from pediatric patients suffering long-term effects of COVID. According to CDC official site, 

post-COVID conditions are a wide range of new, returning, or ongoing health problems 

people can experience four or more weeks after first being infected with the virus that causes 

COVID-19. The terms long COVID, long-haul COVID, post-acute COVID-19, long-term 

effects of COVID, or chronic COVID are used interchangeably to address the same concept. 

We focus to answer the following questions: 

1 What are the most frequently occurring chronic conditions among pediatric patients 

suffering from long COVID at different time periods?  

2 What are the most frequent non-chronic conditions among pediatric patients suffering 

from long-Covid across different age segments?  

3 What are various clusters of chronic and non-chronic conditions that exist among 

pediatric patients diagnosed with long COVID? 

In addition, our purpose is to overcome some of the challenges and limitations related to the 

findings in pediatric patients because of lack of big and real data. An explanation is provided 

in the literature review chapter. 
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1.2 Thesis Organization 

This thesis conducts the study of long COVID in the pediatric patients. Chapter 2 presents the 

literature review focusing in three pillars: analyzing studies in the pediatric domain, long 

COVID symptoms in this domain and disease networks modeled as bipartite graphs. The work 

presented in chapter 3 explains and interprets insight from our dataset. It provides a high-level 

workflow of methodology used. We explain two concepts: time modeling for long COVID and 

the importance of the ICD-10 CM codes. In Chapter 4, we have defined and designed two 

networks: Chronic – Diseases Network and Complete- Diseases Network, which is based on 

chronic-nonchronic diseases in pre-COVID and nonchronic diseases in long COVID. These 

results are summarized in a tabular fashion and visualized with Sankey diagrams. Then, we 

defined Complete- Diseases Network as a bipartite graph and obtained the projections in pre 

and long COVID. We evaluated these projections by using two community detection 

algorithms: Louvain and Leiden algorithms. The top-communities obtained were analyzed and 

compared. Finally, Chapter 5 provides a summary of the work accomplished, limitations and 

future work directions. 
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2 Literature Review 

2.1 Analyzing Studies in Pediatric Patients’ Domain 

In the review [1], they analyzed 129 studies from 31 countries comprising 10,251 children of 

which 57.4% were hospitalized. They recommended that children predominantly faced mild 

form of infection, but they are at risk of more severe outcomes. Their analysis presents a 

comparison of clinical symptoms, management, and outcomes among reported pediatric 

patients. The criteria for the severity of a disease were defined within each individual study 

considering parameters like admission to intensive care (ICU), usage of ventilation, multiorgan 

failure and the presence of hypoxia. Establishing the severity parameter with a quantitative 

value is an exceedingly challenging task because it is more of a qualitative attribute. Numerous 

studies define it differently, making the evaluation and comparison among them difficult to 

represent a meaningful and consistent outcome.  

In another statistical analysis [2] evaluated the PCR tests from 3118 pediatric patients to assess 

the epidemiological, demographic, clinical characteristics, and laboratory findings of pediatric 

patients. The data was collected from a hospital in Ankara, Turkey. They reported a positive 

test rate of 19.9 % and a mortality rate of 0.32%. In addition, they compared with the outcome 

of positive test rates in Texas (7.3%) and during the first peak in England (4%). In overall, they 

concluded that COVID-19 caused a wide spectrum of symptoms in pediatric patients, mostly 

mild clinical presentation, but they emphasized that more severe conditions may be in children 

with early age and comorbidity.  

A lot of research is conducted and summarized in the comprehensive review by [3]. The authors 

observed that most of the models providing good prediction accuracies used image datasets, 

such as X-rays or CT-scans to report the results. However, the approach for analyzing chest 

CT-images in pediatric patients suffers from two main disadvantages: cost and risk of 
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developing cancer due to radiation exposure. In addition, an important concern is related to 

confidentiality and privacy of personal medical records, especially accessing data for patients 

under 18 years old. Last but not least, it is crucial to use real data to avoid biased results when 

applying predictive models. Most of the studies have been using public repositories or synthetic 

data which does not guarantee the uniqueness of the records and the quality of them. Moreover, 

sometimes the number of records gathered is not enough to train and test predictive models, 

leading to poor and inaccurate outcomes.  

2.2 Long COVID Symptoms in Pediatric Patients 

There is a significant paucity of research on understanding the long-Covid symptoms in 

pediatric patients and estimating children that are more likely to have a propensity for 

developing long Covid symptoms. [4] machine learning techniques on pediatric cases with 

COVID-19 infections to predict the results of CR scans by using clinical laboratory data and 

RT-PCR positive results. From the computational perspective, the number of scans represented 

a small sample size of 200, which could result in biases conclusions when training and testing 

machine learning models. As mentioned above, the usage of image data for pediatric patients 

has some leak points. [5] reported a case study of five Swedish children aged 9–15 who had 

experienced symptoms for more than 2 months after clinical diagnoses of COVID-19, in which 

females appeared to be overrepresented. All had fatigue, dyspnea, heart palpitations or chest 

pain, and four had headaches, difficulties concentrating, muscle weakness, dizziness and sore 

throats. Another study,[6] based on 58 children and adolescents reported to suffer long Covid 

symptoms. These symptoms included fatigue in 12 (21%), shortness of breath in 7 (12%), 

exercise intolerance in 7 (12%), weakness in 6 (10%), and walking intolerance in 5 (9%) 

individuals. Older age, muscle pain on admission, and intensive care unit admission were 

significantly associated with long COVID. 
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A very intriguing outcome by [7], they observed an increased rate of Type 1 diabetes among 

US children during COVID-19. The lack of social activities appeared to cause long term 

adiposity at children in Singapore, one year after the lockdown [8]. 

2.3 Disease Networks using Bipartite Graphs 

Bipartite networks are important to design complex systems in the real world. Many real-

domains such as patient-disease, disease-genes, author-paper, customer-product are bipartite 

networks in nature. Therefore, our aim is to identify and detect communities that provide 

meaningful information and outcomes. The concept of communities is very frequent in social 

networks, biological networks, and so on. Communities play a crucial role in understating 

human diseases, and they cannot be explained only on degree distribution, but it is connected 

to the fact of who connects to whom [9] . We need algorithms to identify communities because 

the Bell number is not an efficient strategy when dealing with millions of nodes in a network. 

In the book [9], explains two algorithms used to detect communities: The Ravasz algorithm - 

an agglomerative algorithm, which uses the average cluster similarity and the Girvan-Newman 

algorithm, a divisive algorithm. These two techniques led to a hierarchical tree, called 

dendrogram which is further optimized by using modularity in order to decide an optimal cut 

for large networks. As a result of this optimization, the Louvain algorithm is applied to identify 

communities in large networks, along with Leiden and other versions. However, in the human 

diseases network, overlapping communities are very frequent, because practically a node 

belongs to more than a single community. Therefore, to identify these overlapping 

communities there exists two algorithms: the clique percolation method and link clustering 

algorithm. 

Our study consists of massive data and a dynamic network over time. In this setting, patient-

disease and disease-disease associations generated in various timeframes are extremely large. 

It is impossible to read and interpret any result when more than nodes the number of edges is 
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very dense. Some research used the concept of tripartite graphs to monitor and detect useful 

information related to Covid. However, the implementation was based on the social network, 

twitter data [10]that is quite different from our domain of data. Instead, [11], proposed an 

improved bipartite network projection method to detect metabolite-disease associations based 

on linear neighborhood similarity. KATZ model and Bipartite Network Recommendation 

Algorithm (KATZBNRA) were applied in much research to discover potential association like 

micro-disease [12], metabolite-disease [11], CircRNA- disease [13], [14]. In our study, the 

methodology is unique and adapted to the environment where the data is stored. 
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3 Dataset and Preprocessing 

Figure 3.1 provides a high-level workflow of the steps used to conduct this research. The 

sections: 3.1, 3.2 and 3.3 provide details related to the first two blocks. In chapter 4 are 

explained and developed the remaining steps (blocks).   

 

Figure 3.1: Methodology: High-Level Workflow 

3.1  Pediatric dataset 

This research is based on the data obtained from “The National COVID Cohort Collaborative 

(N3C).”3  It is a secure platform that stores clinical and demographics data for patients tested 

for or diagnosed with COVID-19. It provides real data information from multiple sites which 

allows us to generate reliable and pragmatic outcomes that represent a diverse and a wide range 

of populations. It consists of 72 sites and approximately 4.9 M positive patients. The definition 

of positive patients is based on: Positive Lab Measurements (PCR, Antigen, or Antibody) or 

Covid diagnosis. In table 3.1. we have extracted some statistical data related to the pediatric 

population. In appendix A.1, an ER diagram explains the detailed steps we used to extract this 

information. We identified the number of positive pediatric patients reported is ~500K (16% 

 
3 The analyses described in this thesis were conducted with data or tools accessed through the NCATS N3C Data 

Enclave https://covid.cd2h.org and N3C Attribution & Publication Policy v 1.2-2020-08-25b supported by 

NCATS U24 TR002306. This research was possible because of the patients whose information is included within 

the data and the organizations and scientists who have contributed to the on-going development of this community 

resource. 
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of cases among all positive cases).  This percentage is very close to the one reported by the 

American Academy of Pediatrics. In addition, the number of positive cases in terms of pre-

COVID is ~434K and in long COVID ~80K. Lastly, we can observe that the distribution of 

positive cases among females and males is the approximately the same in PC and LC. In 

addition, the number of records where the gender is not recorded (No matching concept) is 

exceedingly small (∼0.09%) in LC, which does not impact the overall distribution. Hence, in 

the pediatric population the age parameter is interesting and important to use for further 

estimation when studying distinct groups.  

Pediatric Patients 

pre-COVID long COVID 

total = 434,302 total =83,031 

Age 

Mean ± 

SD 
9.6 ± 5 9.3 ± 5.2 

Min 0 0 

Max 17 17 

Median 10 9 

Gender 

Male 222k (∼51.23%) 42,4k (∼51.9%) 

Female 212k (∼48.77%) 39,9k (∼48%) 

No 

matching 

concepts 

- 749(∼0.09%) 

 

Table 3.1: Demographic and statistical outcomes among positive pediatric COVID cases 

 

3.2 Modeling Time for Long COVID 

 

In the literature review, many studies have used a period that includes a range of a couple of 

months up to one year to evaluate COVID-19 symptoms and the effects in terms of long 

COVID. Furthermore, many studies had no clear definition or reference of the time window 

used in their evaluation. In our study, as previously stated, we are referring to the CDC 

definition of long COVID. The patients with symptoms/diseases/conditions that persist from 
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four weeks after being diagnosed with COVID-19 will be considered long COVID cases. This 

leads to the interpretation that the period from the day of being diagnosed up to four weeks will 

be considered as a normal condition or normal COVID (NC). The steps performed to 

preprocess our massive and dynamic data are based on the timeframe Figure 3.2. Our approach 

was to split the time in three main events: pre-COVID, normal COVID, and long COVID.  

Initially, we started off by using standard tables to extract all positive pediatric patients, their 

diseases, and other details related to the start and end date of being diagnosed with a specific 

disease. Among positive pediatric patients, we further proceed on dividing in three main 

timeframes:   

1. Pre-COVID (PC1)- we looked back up to one year from the date of being identified as 

a positive case. In this table, we stored all pediatric patients identified as a positive case- 

and diseases they had before the date of 𝑇𝐶𝑜𝑣𝑖𝑑  

2. Normal COVID (NC) – we extracted and stored all the pediatric patients, and their 

diseases from the day they were identified as positive cases for up to four weeks.  

3. Long COVID (LC)- as mentioned before, the term Long COVID relates to the period 

of four or more weeks after being identified as a positive case. Cutting off up to one 

year is related to the fact that we are dealing with big data, and we had to overcome the 

limitations of time preprocessing.  

 

 

Figure 3.2: Modeling Time for Long COVID 
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Figure 3.3: High-level workflow (Positive Patients-Diseases) in the time window 

The workflow diagram in the figure 3.3, presents the logic applied to extract and generate 

three master lists in: pre COVID, normal COVID, and long COVID. In appendix A.1, we 

have provided an ER diagram of the standard and custom tables used. 

 

3.3 ICD-10 CM Codes Importance 

ICD 10 code (International Classification of Diseases, Tenth Revision, Clinical Modification) 

is a classification system used globally to represent diseases and conditions, health problems, 

symptoms, and so on. One main usage is to manage claim reporting and payment services. For 

more than a century, the International Classification of Diseases (ICD) has been the basis for 

comparable statistics on causes of mortality and morbidity between places and over time.4 

 
4 https://www.who.int/standards/classifications/classification-of-diseases  

https://www.who.int/standards/classifications/classification-of-diseases


12 

 

In healthcare, another standardized system is SNOMED which stands for Systematized 

Nomenclature of Medicine -- Clinical Terms. It provides too many details for the terms and 

inputs in the EHR. The ICD-10 CM codes are more efficient to capture diseases [15].  By using 

this system, we would have had 49 thousand diseases to consider, which would not have helped 

to our purpose of reducing the state representation of diseases. Therefore, we evaluated that by 

using the ICD-10 CM codes in terms of category level we would reduce our disease space at 

1945 diseases. The heuristic we applied is based on extracting 3 digits’ part from the ICD-10 

CM codes. The ICD-10 CM code format is provided in Figure 3.4. below: 

 

Figure 3.4: ICD-10 CM code Format 

ICD-10 CM code consists of 3 or 7 characters, where: 

1. The first three characters of an ICD-10 code describe the general type of a disease, 

condition, or injury. It is called a category, and it starts with a letter (all letters can be 

used besides U) followed by two numbers. The part after the decimal point is the 

subcategory. The characters from 3rd to 7th can be alpha or numeric.  

2. Subcategory- is the part after the decimal point. It provides two subcategories to further 

inform on details of the disease.  
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3. The last character is an extension used to record if it is the first time a health care 

provider has seen the patient for this disease/injury/ condition, it is labeled as the initial 

encounter.  

In figure 3.5. is shown a simple example of the ICD 10 code 5.  

 

Figure 3.5: ICD-10 CM code theoretical structure 

In figure 3.6. we see a practical example of the ICD-10 code of the J45-Asthma. Here, we can 

observe that the code J45 Describes the category and J45.2 gives a detailed explanation of the 

severity of the disease. From this practical example, we realize that by extracting the first three 

characters from the ICD-10 CM code, we are not losing meaningful information. This means 

that if patients that have 5 diseases that fall under the category of J45, we will consider only 

one. Undoubtedly, this heuristic is a practical and efficient approach to reduce our data 

dimension. Refer to appendix A.2 for the detailed steps to generate 3 digits from ICD-10 code 

for all the patients and their diseases. 

 

 
5 https://www.medicalbillingandcoding.org/icd-10-

cm/#:~:text=ICD%2D10%2DCM%20is%20a,decimal%20point%20and%20the%20subcategory.  

https://www.medicalbillingandcoding.org/icd-10-cm/#:~:text=ICD%2D10%2DCM%20is%20a,decimal%20point%20and%20the%20subcategory
https://www.medicalbillingandcoding.org/icd-10-cm/#:~:text=ICD%2D10%2DCM%20is%20a,decimal%20point%20and%20the%20subcategory
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Figure 3.6: ICD-10 code example for J45- Asthma6 

In our dataset, the ICD-10 code is not recorded and stored in an exact waypoint. For instance, 

for a particular code we might have other information that is not related to the ICD 10 code 

like ICD-10CM:R41.82. In this case, we had to parse and capture only the R41. We had to 

manage various cases that contain special characters or texts to extract only 3 digits, the 

category fraction. In the final results, we had some codes such as: F76, F37, E82 etc, which are 

not found in the ICD-10 codes. The reason is because in the system there are codes like E821.9 

(an ICD-9 format) and this pattern is impossible to manage when we had to extract 3 digits’ 

parts. However, these are only few cases that comes as a result of dynamic and challenging 

environment of the healthcare. In appendix A.3, we have provided an ER to explain the steps 

to generate a master list of patients-diseases-ICD codes.  

At this point, why did we use ICD-10 format and not ICD-9 or ICD-11? An evaluation was 

made and related to the fact that ICD-9 code was effective up to October 1, 2015. 7 On the other 

hand, the latest version ICD-11 started to be effective by January 2022.8 These versions are 

being used not in the time window that we are evaluating. All patients experiencing COVID-

19 started to appear in the HER systems in March 2020 and further.  

 

 
6 https://www.icd10data.com/  
7 https://www.cdc.gov/nchs/icd/icd10cm_pcs_background.htm  
8 https://www.who.int/standards/classifications/classification-of-diseases  

https://www.icd10data.com/
https://www.cdc.gov/nchs/icd/icd10cm_pcs_background.htm
https://www.who.int/standards/classifications/classification-of-diseases


15 

 

4 Methodology and Networks 
 

4.1 Network Notations 

In academic literature, networks consist of two objects: 

1. Nodes - refer to the entities 

2. Edges- refer to the relationships between entities. 

For instance, the node set N comprised elements of: 𝑁 = {𝑎, 𝑏, 𝑐, 𝑑 … . } and the edge set would 

be a set of tuples 𝐸 = {(𝑎, 𝑏), (𝑎, 𝑐), (𝑐, 𝑑), … }. There exist two types of graphs: directed and 

undirected. In the directed graphs the edges point in a direction, and in the undirected graphs 

the edges are bidirectional. When studying networks, edges are significant to evaluate. “The 

heart of a graph lies in its edges, not in its nodes “cited by John Quackenbush, Harvard School 

of Public Health. In our case, patient-diseases are a typical problem that can be designed by 

using the concept of graphs which leads us to networks. It is particularly important to point out 

that real-life scenarios are more complicated than just a representation of nodes and edges. In 

health care, the dynamic and variety of diseases needs more insights and thoughts to draw a 

graph for the diseases. For instance, there are some typical diseases/conditions that are 

considered chronic ones such as: asthma, diabetes, hypertension and so on. These chronic 

diseases cannot be caused by a particular condition like COVID-19. Chronic diseases are 

persistent and cannot be considered as long-COVID conditions. Meanwhile, there are other 

non-chronic diseases that might appear after a certain condition like COVID-19. These 

interpretations related to the environment we are studying are reflected in the way we design 

our graph or network. Therefore, let us define some notations used in our study: 

Let P, represent unique patient 𝑃 = {𝑝1,, 𝑝2,, 𝑝3, . . . . . 𝑝𝑛}, where 𝑝1,, 𝑝2,. . .. represent different 

pediatric patients. Let C, represent the chronic set of conditions 𝐶 = {𝑐1,, 𝑐2,, 𝑐3, . . . . . 𝑐𝑛} , 

where 𝑐1,, 𝑐2, represent different chronic conditions. Let D, represent the set of non-Chronic 
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conditions 𝐷 = {𝑑1,, 𝑑2,, 𝑑3, . . . . . 𝑑𝑛}, where 𝑑1,, 𝑑2,…represent different non-chronic 

conditions. In the next section, we will evaluate the connections among chronic diseases in two 

time periods pre-COVID and long COVID. 

 

4.2 Chronic-DN: Chronic Diseases Network 

 

As previously explained, chronic diseases are a specific case, and their presence is not 

necessarily caused by COVID-19. Therefore, we should treat them carefully when estimating 

any associations with COVID. For instance, in figure 4.1.a) we have a combination of chronic 

and non-chronic diseases in PC and LC. To determine the list of chronic diseases, we referred 

to the study [16]. 

                                 

(a) (b) 

Figure 4.1: Chronic - Diseases Network. (a) All diseases in Pre-COVID and Long-COVID (b) Only 

chronic diseases in Pre-COVID and Long-COVID 

 

The steps to build up our chronic diseases network are described below: 

1. Create a master list that contains all patients and their chronic diseases in PC 

2. Create a master list that contains all patients and their chronic diseases in LC  

3. Create a master list that counts all the permutations of diseases in PC and LC for each 

of the pediatric patients. The master list will include PC, LC and count.  
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4. As a consequence of extracting permutations, we will have null values which are 

removed.  

5. Finally, we apply a descending order by the frequency of the diseases that are associated 

with each other.  

Figure 4.1.b) provides a simple chronic diseases network. The data modelling for this type of 

network is provided in appendix A.4. Table 4.1. shows the 10 most frequent sequences of 

chronic diseases in pre-COVID and long COVID.  

Chronic – Diseases Associations for pediatric patients  

Pre COVID one year back in 

time (PC1) 

Long COVID (LC) from 

four weeks to one year 

Frequency 

(n = 90680) 

J45- Asthma J45- Asthma 6938(7.651%) 

F41- Other anxiety disorders F41 - Other anxiety 

disorders 
2975(3.28%) 

E66- Overweight and obesity E66- Overweight and 

obesity 
2476(2.73%) 

F32 -Depressive episode F32- Depressive episode 1121(1.236%) 

J45- Asthma E66 -Overweight and 

obesity 
1068(1.178%) 

F32-Depressive episode F41- Other anxiety disorders 1039(1.146%) 

F41- Other anxiety disorders F32-Depressive episode 977(1.078%) 

J45- Asthma F41- Other anxiety disorders 951(1.049%) 

H90- Conductive and 

sensorineural hearing loss 

H90- Conductive and 

sensorineural hearing loss 
898(0.99%) 

E66-Overweight and obesity J45- Asthma 896(0.988%) 

 

Table 4.1: Top 10 most frequent sequences of chronic diseases in pre and long COVID 

 

From these results we can observe that the most frequent chronic diseases appeared in pediatric 

patients in the timeframe pre and long COVID are asthma, anxiety, overweight and obesity 

followed by disorders of lipoprotein metabolism and other lipidemia’s, anemias, primary 

hypertension, Type 1 diabetes, chronic kidney disease (CKD) and so on.  
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4.3 Complete – Diseases Network: Chronic- nonchronic diseases in pre-COVID and 

nonchronic diseases in long- COVID 

This network is designed to evaluate non-chronic disease that might appear as long-term effects 

of COVID. As we previously mentioned, chronic diseases that have been diagnosed earlier are 

not of a main interest. We focus on addressing new conditions. Therefore, for each patient in 

long-COVID we extracted all chronic diseases and removed them in this master table. These 

records were used to update the table in pre-COVID. Basically, for each patient we are storing 

all chronic diseases in the time frame of pre-COVID. The figure 4.2 provides a visual 

representation of the heuristic applied. In Appendix A.5 is given the workflow used to 

implement this approach. 

 

                                             

(a) (b) 

Figure 4.2: Complete- Disease Network. (a) All diseases in Pre-COVID and Long-COVID (b) 

Chronic-nonchronic diseases in PC(Pre-COVID) and nonchronic diseases in LC (Long-COVID) 

In table 4.2, we have summarized the top 10 sequences of diseases generated for Complete -

Diseases Network.  
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Complete- Diseases Network:  nonchronic – chronic diseases in PC and 

nonchronic diseases in LC Network  

Pre COVID one year back 

in time (PC1) 

Long COVID (LC) from 

four weeks to one year 

Frequency 

(n= 5424907) 

J06-Acute upper respiratory 

infections of multiple and 

unspecified sites 

J06-Acute upper respiratory 

infections of multiple and 

unspecified sites 

6841(0.126%) 

R50-Fever of other and 

unknown origin 

R50-Fever of other and 

unknown origin 

6479(0.119%) 

R50-Fever of other and 

unknown origin 

J06-Acute upper respiratory 

infections of multiple and 

unspecified sites 

5972(0.11%) 

J02-Acute pharyngitis J02-Acute pharyngitis 5345(0.098%) 

F90-Attention-deficit 

hyperactivity disorders 

F90-Attention-deficit 

hyperactivity disorders 

5088(0.094%) 

R05-Cough J06-Acute upper respiratory 

infections of multiple and 

unspecified sites 

4732(0.0872%) 

R05-Cough R05-Cough 4728(0.0871%) 

R50-Fever of other and 

unknown origin 

R05-Cough 4667(0.086%) 

J06-Acute upper respiratory 

infections of multiple and 

unspecified sites 

R50-Fever of other and 

unknown origin 

4194(0.077%) 

R05-Cough R50-Fever of other and 

unknown origin 

4119(0.076%) 

 

Table 4.1: Top 10 most frequent sequences of diseases for Complete – Diseases Network in pre and 

long COVID 

Previously we observed that positive cases in PC and LC are equally distributed among females 

and males. Therefore, we considered age as a parameter to split the Complete – Diseases 

Network and estimate the differences between them. According to the CDC9 , they group all 

children and teens in three main categories to provide guidance for the vaccination 

authorization. Therefore, we used this reference to evaluate three age categories: 

a. Under 4 years old 

 
9 https://www.cdc.gov/coronavirus/2019-ncov/vaccines/recommendations/children-teens.html  

https://www.cdc.gov/coronavirus/2019-ncov/vaccines/recommendations/children-teens.html
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b. 5 to 11 years old 

c. 12 to 17 years old 

It is very crucial to point out that for patients under 4 years old is very difficult to capture 

specific symptoms such as loss of smell, taste, or any other that cannot be reported by the 

patient. On the other hand, among the two other groups the body anatomy: organs, structure, 

systems, and psychology are very different. This has a direct impact on the potential diseases 

that might be appear. We will show that some patients at age 15,16,17 appeared to be 

experiencing conditions/symptoms related to the pregnancy. In appendix C, we have 

summarized the results for these three categories. In addition, we have visualized the top 50 

sequences of diseases using a Sankey diagram to present this information (Appendix D). 

Some observations: 

1. For the category under 4 years old, the most frequent diseases appeared in long COVID 

were: fever, acute upper respiratory infections, suppurative and unspecified Otis media, 

symptoms and signs involving the circulatory and respiratory system, viral infections, 

nausea and vomiting, abnormalities of breathing, symptoms and signs involving 

digestive system and abdomen.  

2. For the category 5 to 11 years old, the most frequent diseases appeared in long COVID 

were: acute upper respiratory infections, acute pharyngitis, cough, vasomotor and 

allergic rhinitis, suppurative and unspecified Otis media, functional intestinal disorders.  

3. For the category 12 to 17 years old, the most frequent diseases appeared in long COVID 

were: acute pharyngitis, deficit- hyperactivity disorders, abdominal and pelvic pain, 

vasomotor and allergic rhinitis, other joint disorder, reaction to severe stress, sleep 

disorders.  
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4.4 Bipartite graphs and projections 

Bipartite graph or biograph is a network where nodes can be divided into two sets U and V, 

and a list of edges E. In table 4.2, we summarized some notations related to our graphs. 

Symbols Meaning 

𝐺(𝑈𝑃𝐶 , 𝑉𝐿𝐶 , 𝐸) Pre COVID-Diseases -Long COVID Diseases graph 

𝑈𝑃𝐶  Set of diseases in Pre COVID {𝑢𝑃𝐶1, 𝑢𝑃𝐶2, 𝑢𝑃𝐶3 } 

𝑉𝐿𝐶 Set of diseases in Long COVID{𝑣𝐿𝐶1, 𝑣𝐿𝐶2, 𝑣𝐿𝐶3} 

𝑛1 Number of diseases in Pre-COVID (PC1) 

𝑛2 Number of diseases in Long-COVID (PC1) 

B Bi- adjacency matrix of G 

 

Table 4.2: Symbols and Notations 

Complete – Diseases Network can be modeled as a bipartite graph 𝐺(𝑈𝑃𝐶1, 𝑉𝐿𝐶 , 𝐸), where U- 

the set of diseases in Pre-COVID and V-the set of diseases in Long-COVID. For 𝑢𝑚𝜖𝑈 , 𝑣𝑛𝜖𝑉, 

and  𝑢𝑚𝑣𝑛𝜖𝐸(𝐺),  if there exists an association among diseases in pre and long COVID. In 

figure 4.3. we can see a bipartite graph, where:  

 

 

 

Figure 4.3: Bipartite graph representing the diseases in pre-COVID and long-COVID and its bi-

adjacency matrix 



22 

 

𝑈𝑃𝐶 = {𝑢𝑃𝐶1, 𝑢𝑃𝐶2, 𝑢𝑃𝐶3 … } and  𝑉𝐿𝐶= = {𝑣𝐿𝐶1, 𝑣𝐿𝐶2, 𝑣𝐿𝐶3 … . . } and its bi-adjacency matrix. 

Bipartite graphs are difficult to analyze due to lack of techniques, hence it is converted into a 

unipartite graph or known as projections. To generate projections (unipartite graphs), we will 

use its bi-adjacency matrix. This matrix is filled out with 1-s if there is any connection among 

diseases in pre- COVID and long COVID. Otherwise, it is filled out with 0-s. 
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5  Community Detections 

As explained in chapter 2.3., the importance of community detection algorithms as a key 

component in understanding and analyzing the structure of complex networks to extract 

meaningful information. The disease projections we generated from the two-time frames: pre-

COVID and Long COVID are very dense to obtain and evaluate association and similarity 

among diseases. In table 5.1, we have summarized the content of these graphs for the Complete- 

Diseases Network. As we can observe the number of edges and average degree are 

exceptionally large to interpret and visualize a graph. Therefore, we have applied community 

detection algorithms appropriate to our problem. 

Complete - Diseases 

Network 

Nodes Edges Average degree 

Projections in Pre 

COVID-19 

253 27,136 214.514 

Projections in Long 

COVID-19 
1328 849,470 1279.322 

 

Table 5.1: Summary of graph projections in pre and long COVID 

In figure 5.1, we have visualized the projections in long COVID, but it is evident that is 

impossible to extract pragmatic outcomes. This led us to community detection algorithms. 
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Figure 5.1: Projections in long COVID by filtering out the edges above the average degree (avg. 

degree = 1279) 

5.1 Louvain and Leiden algorithms 

To measure the structure of a graph and the density of connections between nodes in one 

community we use the modularity score. A high value of modularity score is interpreted as 

well-connected nodes within a community and only few connections directed outwards.  The 

Louvain algorithm [17] is a simple, intuitive, and efficient algorithm used to identify 

communities in large and complex networks. This algorithm is designed to maximize the 

modularity score. The Louvain algorithm has been used in many studies [18], [19], [20], [21], 

[22]. However, a general problem observed in this algorithm is that it can produce clusters that 

are badly connected and that should have been split up into multiple clusters. To overcome this 

issue, Leiden algorithm [23] guarantees that clusters are well-connected. Many studies have 
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analyzed and compared these algorithms [24]. They have proven that the Leiden algorithm is 

more stable and time-efficient in detecting communities in large networks. We applied both 

algorithms in our projections and the results are summarized in table 5.2: 

Complete Diseases 

Network 

Louvain (Modularity Class) 

Resolution= 0.2 

Leiden algorithm 

Constant Potts Model (CPM) 

 Nodes Edges Communities Nodes Edges Communities 

PC1-Projections 77 

(30.43%) 

1555 

(5.73%) 

76 251 

(99.21%) 

268857 

(98.97%) 

3 

LC- Projections 295 

(22.21%) 

33155 

(3.9%) 

402 1185 

(89.23%) 

700,867 

(82.51) 
8 

 

Table 5.2: The results from Louvain and Leiden algorithms 

5.2 Results 

We have visualized the top 5 clusters generated by Louvain algorithm in figure 5.2 for pre-

COVID and figure 5.3 for long-COVID. The nodes stand for the 3-digit part from ICD-10 code.  

 

Figure 5.2: Top 5 communities generated by Louvain algorithm in pre-COVID 
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In the 1-st community, figure 5.3., which make up to 13.04% we observed the dominant 

conditions as below:  

 

Figure 5.3: 1-st community using Louvain algorithm in pre-COVID 

• Cataract- cloudy or blurry vision. Some reasons why a child may develop distortion of 

vision are: genetic fault (Down’s syndrome), some infections picked up by the mother 

during pregnancy (rubella or chickenpox).  

• Plasmodium Falciparum and Q fever– the symptoms related to it are fever, chills, 

sweats, headaches, nausea, body aches and it can cause severe malaria and aggravate 

up to anemia. 

• Pre-existing essential hypertension  

• Viral infectious of central nervous system 

• Tularemia is a rare infectious disease. Symptoms may vary from fever, chills, and 

swollen lymph nodes up to skin or mouth ulcers, diarrhea, muscle aches, joint pain, 

cough, and weakness. This can be caused by mosquitos, and we found other conditions 

such as: A.92: mosquito born viral fevers, and A.93: arthropod-borne viral fevers e 
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present in this community. These conditions are very typical in the tropical areas, which 

is an indication how the location can have a high impact.  

• Intestinal helminthiasis which causes abdominal pain, bloody diarrhea, nausea, 

vomiting, headache and so on. 

In the 2-nd community, figure 5.4, which composes 5.93% of the network, we observed the 

dominant conditions as below:  

 

Figure 5.4: 2-nd community using Louvain algorithm in pre-COVID 

• disorders of lipoprotein metabolism and other lipidemia’s- not having enough enzymes 

to break down lipids. Or the enzymes may not work properly, and your body can't 

convert the fats into energy. They cause a harmful amount of lipids to build up in your 

body. Over time, that can damage your cells and tissues, especially in the brain, 

peripheral nervous system, liver, spleen, and bone marrow [25] Obesity, the metabolic 

syndrome and diabetes are commonly associated with disorders of lipid and lipoprotein 

metabolism.[26] 
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• AS (ankylosing spondylitis) which appears in form of lower back pain, hip pain, neck 

pain, difficulty breathing, fatigue, loss of appetite, abdominal pain and diarrhea. In 

addition, we observed Enteropathic Arthritis (EA) which is classified as one type of 

Spondylitis 

• Inhalant related disorders- used to code substance dependency. 10 

• Malignant neoplasm of lip/gallbladder and other ill-defined digestive organs  

• Mumps 

• Yaws – is a chronic skin infection that also may infect bones in its late stages. It mostly 

affects children in tropical regions. 

In the 3-rd community, figure 5.5, which makes up to 4.74% of the network, we observed the 

dominant conditions as below:  

 

Figure 5.5: 3-rd community using Louvain algorithm in pre-COVID 

• Malignant of neoplasm/other unspecified urinary organs 

• Mumps 

• Chronic embolism and thrombosis of right subclavian vein(SCVT) – is a potentially 

life-threatening pathology if not treated in a timely manner[27] 

 
10 https://icd.codes/icd10cm/F18  

 

https://icd.codes/icd10cm/F18
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• Common Intestinal Parasites: Amebiasis and Taeniasis – very typical in the tropical 

areas in school age children. 

In the 4-th community, figure 5.6, which contains 3.95% of the network, we observed the 

dominant conditions as below:  

 

Figure 5.6: 4-th community using Louvain algorithm in pre-COVID 

• Sickle cell disorders- is related to the shape of the red blood cells which carry the 

oxygen to all parts of the body. Some of the symptoms refer to infections, pain and 

fatigue. Melanoma in situ is another disease of cancer cells in the top layer of the skin. 

• Frostbite-    slight changes in skin color. This is very common on the fingers, toes, nose, 

ears, checks, and chin. A similar finding was reported in an article in National 

Geographic [28] 

• Intestinal parasites like Hookworm. 

In the 5-th community, figure 5.7, which contains 2.77% of the network, we observed the 

dominant conditions as below:  
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Figure 5.7: 5-th community using Louvain algorithm in pre-COVID 

• Disorders of cranial nerves- which might cause symptoms that include intense pain, 

vertigo, hearing loss, weakness, or paralysis. These nerves are very delicate in the 

human nervous system.[29] 

• Malignant neoplasm of rectum/ small intestine 

• Marasmic kwashiorkor- is caused by protein deficiency. The typical symptoms are: 

weight loss, dry skin and eyes, brittle hair, diarrhea, lower immunity and so on. 

The communities generated by the Louvain algorithm in long COVID are provided in Figure 

5.8.  We grouped the conditions by the category, and the results are summarized in Table 5.3. 

However, some observations for each community: 

 

Figure 5.8: Top 5 communities generated by Louvain algorithm in long COVID (a) 1-st community 

(b) 2-nd community (c) 3-rd community (d)4-th community (e) 5-th community 
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(a) 1-st community 

1. In the 1-st community which contains 14.01% of this network, Figure 5.8. a), we 

noticed: 

• The range of V00-Y99- external causes of morbidity include 20.10% in this cluster. 

• We observed many nodes(conditions) related to the pregnancy. All the codes in the 

range (O10-O9A). We can list some of them: O72, O16, O21, O11, O13, O86 etc. These 

conditions comprise 14% of this community. 

• We didn’t find out any disease related to the nervous system(G00-G99) or circulatory 

system (I00-I99) 

• We found out that infectious and parasitic diseases (A00-B99) made up 11.11%. 

• Mental and behavioral disorders involve 4.76% of the nodes in this cluster. 
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2. In the 2-nd community, we noticed that the category of diseases with the highest the 

percentage of 24.64% is neoplasm. This category is related to the cancer. It is followed 

by infectious and parasitic diseases ranking with 17.39%. 

 

 

(b) 2-nd community 

 

3. In the 3-rd community, the presence of conditions originating in the perinatal period is 

22.85%. Even in this community, the conditions related to the cancer (neoplasm) make 

up 11.42%. 

 

(c) 3-rd community 
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4. In the 4-th community, the dominant group is related to the conditions originating from 

the perinatal period with a percentage of 56.52%. 

 

 

(c) 4-th community 

5. In the 5-th community, we noticed diverse conditions with a dominance in the category 

in the genitourinary system with a percentage of 38.1%. 

 

(d) 5-th community 
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ICD-10 category 

Communities using Louvain Algorithm in LC 
Leiden in 

PC 

1-st 2-nd 3-rd 4-th 5-th 
Top 5 

communities 

1-st 

community 

A00-B99 Certain infectious and parasitic 

diseases 

21 12 3 1 1 38 3 

C00-D49 Neoplasms 10 17 4 None 1 32 3 

D50-D89 Diseases of the blood and blood-

forming organs and certain disorders 

involving the immune mechanism 

2 2 None None None 4 11 

E00-E89 Endocrine, nutritional, and 

metabolic diseases 

2 4 1 1 None 8 13 

F01-F99 Mental, Behavioral and 

Neurodevelopmental disorders 

9 1 1 None 1 12 8 

G00-G99 Diseases of the nervous system None 2 1 None None 3 14 

H00-H59 Diseases of the eye and adnexa 1 None 1 None 1 3 12 

H60-H95 Diseases of the ear and mastoid 

process 

5 None 1 None None 6 3 

I00-I99 Diseases of the circulatory system None None 1 3 None 4 26 

J00-J99 Diseases of the respiratory system 2 2 1 None 1 6 8 

K00-K95 Diseases of the digestive system 2 3 None None None 5 5 

L00-L99 Diseases of the skin and 

subcutaneous tissue 

9 3 2 None None 14 None 

M00-M99 Diseases of the musculoskeletal 

system and connective tissue 

3 1 None None 1 5 18 

N00-N99 Diseases of the genitourinary 

system 

7 None None 1 8 16 12 

O00-O9A Pregnancy, childbirth, and the 

puerperium 

26 1 1 None None 28 3 

P00-P96 Certain conditions originating in 

the perinatal period 

4 2 8 13 None 27 4 

Q00-Q99 Congenital malformations, 

deformations, and chromosomal 

abnormalities 

2 1 3 1 None 7 None 

R00-R99 Symptoms, signs, and abnormal 

clinical and laboratory findings, not 

elsewhere classified 

1 2 None None 1 4 2 

S00-T88 Injury, poisoning, and certain 

other consequences of external causes 

31 6 1 1 1 40 2 

V00-Y99 External causes of morbidity 38 5 5 1 3 52 5 

Z00-Z99 Factors influencing health status 

and contact with health services 

9 5 1 1 2 18 3 

Table 5.3: Summarize the conditions by category obtained from Long-COVID Projections  
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As we previously explained, the Leiden algorithm is used to compare the results with the 

Louvain algorithm. The parameters used to generate the graph using Leiden algorithm in pre 

COVID are summarized in Figure 5.9. We have analyzed the 1-st community of 99.21%. 

 

              

a)                                                         b) 

Figure 5.9: The parameters used to run Leiden algorithm a) pre-COVID b) long-COVID 

 

 

Figure 5.10: 1-st community generated by Leiden algorithm in pre-COVID filtering out by average 

degree (avg. degree = 214) 
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In this community, we observed the presence of some chronic diseases which are very critical 

like: CKD (chronic kidney disease), Essentially(primary) hypertension, secondary 

hypertension, type 1 diabetes, and type 2 diabetes. These are some conditions we didn’t observe 

by using the Louvain algorithm in the pre-COVID. On the other hand, we observed these 

conditions from the results in the Chronic Diseases Network. This might be related to the fact 

that Leiden algorithm guarantees the connectedness of the nodes. Among the dominant 

categories we can list diseases of circulatory system (16.77%), diseases of musculoskeletal 

system and connective tissue (11.61%), nervous system (9%) and other diseases.  

The graph obtained from the Leiden algorithm in long COVID was very dense, but we could 

capture the diseases(nodes) with highest degree. We observed that 25% were conditions related 

to pregnancy and diseases originating in the perinatal period, 13.24% neoplasm and 7.35% 

infectious and parasitic diseases.  
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6 Limitations and Future Research 

 

6.1 Limitations 

 

Healthcare is a very dynamic, challenging, and complex environment to study. Dealing with 

big data environments, and privacy policies on accessing/extracting any information outside 

the environment restricts and creates some challenges to overcome. This is a necessary trade-

off to conduct a study based on real data. 

In this study some challenges and restrictions we had to manage: 

1. Apply some heuristic to reduce the search-space and dimensions of the problem. 

2. The environment is extremely strict on privacy policies. This limited our work to 

focusing only on disease network rather than considering any patient association. In 

addition, we had to do workarounds in many cases to test our results. The database does 

not allow to view more than 1000 records unless you download any table.  

3. Computational power was 8GB of RAM, which is not sufficient to work in an 

environment with big data. It becomes slow, unresponsive and causes delays.  

6.2 Future research 

N3C environment is comprehensive and rich with data and collects records from multiple sites. 

Subsets can be studied such as diseases related to autoimmune systems, chronic diseases like 

diabetes, hypertension etc. Another study can be conducted to evaluate the impact of vaccines 

in the pediatric domain. We know that patients under 18 years old started to get vaccinated late. 

Therefore, we need to have more records before conducting any study. 
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Appendix A: Workflow  

A.1: Generating master table (Patient- Diseases) in three timeframes 
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Appendix A.2: Extracting 3 digits from ICD-10 CM codes 
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Appendix A.3: Generating three master lists with ICD-10 CM codes (3-digit part) 
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Appendix A.4: Chronic – Diseases Network 
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Appendix A.5: Complete – Diseases Network  
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Appendix B: Chronic -Diseases Network 
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Appendix C: Complete- Diseases Network for age categories 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Complete – Diseases Network 

AGE – Under 4 years old 

Pre-COVID one year back in time (PC1) Long COVID (LC) from four weeks to one 

year 

Frequency 

(n= 1,888,041) 

R50-Fever of other and unknown origin R50-Fever of other and unknown origin 3791(0.201%) 

R50-Fever of other and unknown origin J06-Acute upper respiratory infections of 

multiple and unspecified sites 

3393(0.1797%) 

J06-Acute upper respiratory infections of multiple and 

unspecified sites 

J06-Acute upper respiratory infections of 

multiple and unspecified sites 

3329(0.1763%) 

J06-Acute upper respiratory infections of multiple and 

unspecified sites 

R50-Fever of other and unknown origin 2621(0.1388%) 

R50-Fever of other and unknown origin R05-Cough 2448(0.1297%) 

R50-Fever of other and unknown origin H66-Suppurative and unspecified otitis media 2419(0.1281%) 

R05-Cough J06-Acute upper respiratory infections of 

multiple and unspecified sites 

2400(0.1271%) 

R05-Cough R50-Fever of other and unknown origin 2285(0.121%) 

Z38-Liveborn infants according to place of birth and type 

of delivery 

J06-Acute upper respiratory infections of 

multiple and unspecified sites 

2256(0.1195%) 

J06-Acute upper respiratory infections of multiple and 

unspecified sites 

H66-Suppurative and unspecified otitis media 2203(0.1167%) 
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Complete – Diseases Network: AGE – 5 to 11 years old 

Pre-COVID one year back in time (PC1) Long COVID (LC) from four weeks to one year Frequency 

(n=1,708,469) 

J02-Acute pharyngitis J02-Acute pharyngitis 2228(0.1304%) 
J06-Acute upper respiratory infections of multiple 

and unspecified sites 
J06-Acute upper respiratory infections of multiple 

and unspecified sites 
2173(0.1272%) 

R50-Fever of other and unknown origin R50-Fever of other and unknown origin 1971(0.1154%) 
R50-Fever of other and unknown origin J02-Acute pharyngitis 1913(0.112%) 

R50-Fever of other and unknown origin J06-Acute upper respiratory infections of multiple 

and unspecified sites 
1863(0.109%) 

F90-Attention-deficit hyperactivity disorders F90-Attention-deficit hyperactivity disorders 1745(0.1021%) 
R05-Cough R05-Cough 1689(0.0987%) 

J30-Vasomotor and allergic rhinitis J30-Vasomotor and allergic rhinitis 1648(0.0965%) 

R50-Fever of other and unknown origin R05-Cough 1603(0.0938%) 

J45- Asthma J30-Vasomotor and allergic rhinitis 1593(0.0932%) 

Complete – Diseases Network: AGE – 12 to 17 years old 

Pre Covid one year back in time (PC1) Long Covid (LC) from four weeks to one year Frequency 

(n= 1,828,397) 

F90-Attention-deficit hyperactivity disorders F90-Attention-deficit hyperactivity disorders 3337(0.1825%) 

J02-Acute pharyngitis J02-Acute pharyngitis 2901(0.1587%) 

J30-Vasomotor and allergic rhinitis J30-Vasomotor and allergic rhinitis 1819(0.0995%) 

J45- Asthma J30-Vasomotor and allergic rhinitis 1737(0.095%) 

F41- Other anxiety disorders F90-Attention-deficit hyperactivity disorders 1608(0.0879%) 

R05-Cough J02-Acute pharyngitis 1433(0.0784%) 

J06-Acute upper respiratory infections of multiple 

and unspecified sites 

J02-Acute pharyngitis 1377(0.0753%) 

J02-Acute pharyngitis J06-Acute upper respiratory infections of multiple 

and unspecified sites 

1365(0.0747%) 

J06-Acute upper respiratory infections of multiple 

and unspecified sites 

J06-Acute upper respiratory infections of multiple 

and unspecified sites 

1339(0.0732%) 

R50-Fever of other and unknown origin J02-Acute pharyngitis 1312(0.0718%) 
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Appendix D: Complete- Diseases Network Sankey Diagrams 
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Age Category: Under 4 years 
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Age Category: 5 to 11 years
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Age category: 12 to 17 years 
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