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Abstract. Most pediatric asthma cases occur in complex interdependencies, 

exhibiting complex manifestation of multiple symptoms. Studying asthma 

comorbidities can help to better understand the etiology pathway of the disease. 

Albeit such relations of co-expressed symptoms and their interactions have been 

highlighted recently, empirical investigation has not been rigorously applied to 

pediatric asthma cases. In this study, we use computational network modeling and 

analysis to reveal the links and associations between commonly co-observed 

diseases/conditions with asthma among children in Memphis, Tennessee. We 

present a novel method for geo-parsed comorbidity network analysis to show the 

distinctive patterns of comorbidity networks in urban and suburban areas in 

Memphis.   
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1. Introduction 

Studying comorbidity networks can help us to detect and reveal hidden dependencies 

between different health conditions and therefore understand the etiology pathways of 

diseases [1-5]. Network-based comorbidity studies can generate more realistic 

pathways identifying overlapping symptoms [5], the relations between co-expressed 

symptoms and their interactions. However despite the importance of network studies, 

empirical investigation has not been rigorously applied to pediatric asthma cases [6]. 

Network analytics can reveal the links and associations between commonly co-

observed diseases with asthma, which allows us to systematically explore the 

complexity of pediatric asthma comorbidity, and design effective preventive and 

therapeutic interventions.  

Asthma is the most common chronic childhood disease, affecting 300 million 

people worldwide [7]. Asthma prevalence exhibits great geographical variances across 

different countries and disproportionate distribution within a country [8]. While in 

some countries less than 2.5% of the population have asthma, in other countries more 

than 10% of the population bearing the burden of the disease [9]. According to the U.S. 

Centers for Disease Control and Prevention (CDC),13.5% of the U.S. population have 

experienced asthma and the number is growing [10]. Furthermore, the financial burden 
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on patients with asthma in the U.S. is estimated approximately $3,300 per patient for 

each year [10]. Asthma is more prevalent in children than adults [11]. Early experience 

of asthma has a wide range of disadvantages. In general, asthma patients are 

significantly limited in their physical activities and children with asthma are more 

likely to have more school absences [12, 13]. Most pediatric asthma cases involve a 

variety of complications, exhibiting complex manifestation of multiple symptoms [14]. 

In this paper, we first empirically reveal the comorbidity patterns in pediatric asthma 

and then examine geographical discrepancy between different neighborhood types. Our 

novel method based on geo-parsed comorbidity network analysis enables us to identify 

distinctive patterns of pediatric asthma comorbidity networks in urban and suburban 

areas in Memphis, TN.   

2.  Data and Methods 

We use pediatric asthma encounter records, consist of 4,914 patients who visited a 

children’s hospital in Memphis with asthma from Jan 1st, 2016 to Dec 31st, 2016. 

Demographically, our dataset consists of pediatric patients from 0 to 21 years old 

(mean is 7.29) and is composed mainly African American (86.86%) and 62.15% of 

male. We collected all encounter data with full diagnosis codes for each patient along 

with their residential zip codes. The medical records are in the ICD-10-CM format 

where full-length codes, commonly in 5 or 6 digits, are indicating symptom 

specifications in detail. To avoid the redundancy and over-representation of diseases 

and simplify the code interpretation, we reduce the ICD codes to 3-digits, which 

indicates the main disease category. For example, whereas at the 3-digits level, J45 is 

the code for asthma, at the 6-digits level, there are 18 different codes for asthma. 

Furthermore, this variation is not consistent across different diseases. In some cases we 

see over 30 different codes for one disease. By examining medical diagnosis of 

diseases of a patient, the relational structure of comorbidities can be reconstructed. 

Using a two-mode network analysis, we transform the matrix of patients by disease to 

disease by disease networks [15, 16]. We then use R for matrix transformation and 

Gephi (https://gephi.org/) for network visualization. Each node (circle in the network) 

represents a disease (one 3-digit code) and the line (link) between the two nodes 

portrays the co-appearance of the two diseases in a patient. By doing so, we generate 

multiple ego networks of asthma and then we merge them together. We count the first 

time visit exclusively within the observation window to avoid multi-count of one 

individual patient. We first generate a pediatric asthma comorbidity network to 

discover the scope of general comorbidity patterns in pediatric asthma. Next, we split 

the patients into geographically differentiated units using patients’ residential zip codes. 

Finally, by producing comorbidity networks of the patients who are living in a same zip 

code area, we explore geo-distinctive patterns of pediatric asthma comorbidity.  

3. Results and Findings 

We extracted a pediatric asthma comorbidity network from the 4,914 individual 

medical records (Figure 1). The network has 680 nodes (diseases) and 8664 links (co-

diagnoses). In other words, pediatric asthma is highly heterogeneous in its expressed 

comorbidity patterns and linked to 679 other diseases. This complexity may account for 
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high prevalence and persistence of asthma and its symptoms. The density of the 

network is 0.038 which is calculated by the existing number of the ties divided by all 

theoretically possible ties with a given number of the nodes. Overall the density is low 

due to a large number of peripheral diseases. Also, network density is not evenly 

distributed among all nodes. 418 diseases in the network have more than 10 degrees, 

which means they are connected to 10 other diseases.  

 

 

Figure 1. Pediatric Asthma Comorbidity Network 

Obesity, the second central condition in the pediatric asthma network, is connected to 

211 other diseases/conditions in the network and it is most closely linked to pediatric 

asthma. Dermatitis is the third largest health condition in the network. Interestingly, 

lack of normal physiological development and attention-deficit hyperactivity disorders 

(ADHD) are highly linked symptoms/conditions as well. Intestinal disorders are also 

commonly observed with pediatric asthma. Some diseases are naturally expectable to 

co-exist with asthma, i.e. respiratory disorders, and some are not, i.e. lack of 

physiological development, ADHD, scoliosis, exposures hazardous to health, and 

sickle-cell disease. Although some of these diseases may not be necessarily linked 

physiologically, these are pediatric asthma comorbidity patterns we empirically observed.  

In continue, we explore if there is any geographical differential pattern of asthma 

comorbidity networks. We then parsed out patients living in different zip code areas to 

29 different groups. Pediatric patients are disproportionately distributed across different 

areas in Memphis. What is more interesting is the fact that the presence of more 

patients does not necessarily mean more comorbidity symptoms. Some area exhibit 

more diverse symptoms than other places independent of the actual patient numbers. In 

addition, the densities of the networks vary. Furthermore, we found out that the total 

number of links are not coherently associated either with the number of diseases nor 

the total number of patients living in the area. Therefore, we can safely conclude that 

pediatric asthma comorbidity networks are not identical across geographical boundaries. 

We compare two zip code areas to demonstrate geo-distinctive comorbidity networks. 

Fixed with the same number of patients (N=54) living in a zip code area, the two areas 

are selected based on their drastic differences in residential conditions – one suburban 

area and one downtown area. Note that having the same number of patients residing in 

these areas does not necessarily mean that these two have any equivalent asthma 

prevalence in general. The suburban area has 9.40% of the residents and the downtown 

area has 48.50% of the residents under the poverty line, according to the 2010 U.S. 
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census data. The walkability of the zip code area is also different. The suburban area 

has lower walkability score (22.33) while the downtown shows higher walkability 

score (31.34). 

 

Figure 2. Geo-parsed Comorbidity Networks 

Figure 2 shows the pediatric comorbidity network of a suburb (on the left) and a 

downtown area (on the right). For the suburb network, the total number of disease 

nodes detected from the patients is 97. The total number of links between those 

diseases is 755. Overall network density is 0.002. The comorbidity network from the 

downtown is smaller. Total number of diseases detected is 56 and the number of links 

among them is 190. Overall density is 0.01. Patients living in the suburban areas 

exhibit more complex pattern than those living in the downtown area. Frequently 

observed diseases are different in the two networks. In suburban network, the co-

observed diseases are epilepsy and recurrent seizures (54 links to other diseases), 

gastro-esophageal re-flux disease (47 links), cerebral palsy (46 links), artificial opening 

(44 links) and lack of expected normal physiological development (42 links). In the 

downtown comorbidity network, the top five conditions are abnormal breathing (21 

links), respiratory disorders (17 links), throat and chest pain (14 links), obesity (11 

links), blindness and low vision (11 links). Obesity has 24 links with other diseases in 

the suburb network (25% of overall asthma linages) and 11 linkages with other diseases 

in the downtown network (20% of overall asthma linkages). We found distinctive 

comorbidity networks in different residential conditions.  

4. Discussion and Conclusions     

In conclusion, using two-mode network analytics of co-diagnosis, we have identified a 

wide array of comorbidities in pediatric asthma. Like other chronical diseases, asthma 

is not a stand-alone condition. Pediatric asthma evolves through interactions with 

approximately 680 health conditions and disorders. The extreme heterogeneity nature 

of asthma imposes a major challenge for its treatment and control. Foremost, our 

findings show there is a tight relationship between obesity and asthma during 

childhood. In the U.S., an exceedingly high percentage of population experience 

asthma compare to other countries [7]. The exceptionally high prevalence of asthma 

may be driven in part by the association between asthma with obesity, which is another 
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distinctive health problem in the U.S. This linkage between asthma and obesity 

acerbates each other [6, 17, 18]. 

Therefore, understanding asthma comorbidities are essential to design better 

asthma surveillance systems and deliver effective interventions. The geo-parsed 

comorbidity network method can improve disease monitoring and the development of 

locally customized health interventions. Further research with a larger, more vibrant 

sample size is needed to widely generalize the findings of the current study. The 

sample population used for this study is composed predominantly African American. 

The relationships between asthma and other diseases may differ in other ethnic groups. 

As discussed earlier, we found that pediatric comorbidity network is not identical 

across different geographical boundaries. This study utilizes the medical records of one 

hospital in one city. If we can compare another pediatric comorbidity network in a 

place where asthma prevalence is low, we may be able to better understand some the 

driving forces of the pediatric asthma in Memphis with a higher degree of accuracy and 

confidence. 
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