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Abstract—It was published lately in 2016 that there are 

approximately 3.7 million of deaths caused by communicable 

diseases annually. Unfortunately, currently there is no 

automated method for the detection and tracking of 

communicable diseases progression. In this paper, a framework 

is proposed, that is based on social network analysis, different 

biological sensors, and big data analytics as for predicting and 

analyzing communicable disease and to facilitate the process of 

managing, preventing and predicting risks of communicable 

disease progression. The proposed framework is largely based 

on graph theory and social network analysis algorithms to model 

and dynamically predict communicable disease risk for 

diagnosed and non-diagnosed patients. In this research, a global 

graph structure that maps a whole friendship network is 

proposed, and the suitable algorithms to identify and 

continuously monitor a certain communicable disease 

progression rate. This research can potentially be useful for 

forming a methodology for early intervention and prevention 

policies targeted at patients that can potentially divert them 

from the disease pathway. The interpretation and dynamic 

utilities offered by the framework and its predictive capability 

are considered a remarkable and promising broad model 

highlighting potential pathways linking social support, 

biological sensors and data sciences to physical health. 

 

Index Terms—Social network analysis, graph theory, 

communicable disease progression, healthcare, big data 

analytics. 

 

I. INTRODUCTION 

Communicable diseases are the leading reasons of death 

worldwide. In spite of the popular belief that communicable 

diseases affect mostly high-income countries and older people, 

but the reality always gives quite a different picture. As it was 

lately published in [1], 80% of deaths from such diseases 

occur in low- and moderate-income countries, and these are 

mostly concentrated among the poor.  

Almost half of the deaths occur at an age under 70 years. 

The premature mortality and reduced quality of life for 

patients not only results in an epidemiological burden, but 

also exerts a significant impact on national economies [2]. 

Therefore, communicable disease prevention and 

management has been a major concern for governments and 

related international organizations.  

Although communicable diseases can be categorized in 

different ways, WHO uses three guiding principles for 

prioritization: i) diseases with a large-scale impact on 

mortality, morbidity and disability, such as (HIV), (TB), ii) 
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diseases that can potentially cause epidemics, such as 

influenza and cholera, and iii) diseases that can be effectively 

controlled with available cost-effective interventions, such as 

diarrheal diseases. 

This research focuses on using social network and big data 

analytics for predicting and analyzing to facilitate the process 

of managing, preventing and predicting risks of 

communicable disease progression [3]-[5]. Though, 

traditional methods of clinical diagnosis and regular 

monitoring of a large population are often resource-intensive 

in terms of available clinical necessities and economic 

capabilities [6].  

One potential alternative comes from a data and 

information engineering perspectives on healthcare 

information systems, more specifically hospital admission 

data, which carries rich semantic information about the 

patients’ overall health status and diagnosis information in the 

form of standardized codes [7].  

This vast amount of systematically and social networks 

generated data can help us to understand the disease footprints 

left by infected patients and can then be utilized to evaluate 

and predict the health status of another population [8], [9]. At 

present, very limited work has been done in realizing these 

particular potentials of this healthcare data [10]-[12].  

This research, therefore, asks the questions: how various 

types of healthcare data can generate knowledge that can help 

us to tracking the communicable disease pathways? What is 

the best techniques to organize and filter heterogenous 

healthcare data for most effective knowledge discovery? Is it 

possible to reasonably predict communicable disease risks by 

intelligently leveraging tracking of disease progression? What 

is the effect of utilizing graph theory and social networks 

analysis algorithms to correlate collected patients’ health 

paths with already diagnosed patients? To what extent do 

behavioral and demographic risk factors contribute in the 

progression of communicable diseases? Finally, how can a 

generic and adaptive predictive framework to assess 

communicable disease be construct based on various health 

care data? 

 

II.  RESEARCH FOCUS AND PROPOSED FRAMEWORK 

This research attempts to answer these questions by 

presenting a proposed framework. Which has two major goals: 

i) to analysis, track and dynamically model the progression 

rate of a particular communicable disease, and ii) to model 

and dynamically predict communicable disease risk for 

non-diagnosed patients. The proposed framework is largely 

based on graph theory and social network analysis algorithms 

[13], [14] for both parts.  
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For the first part, the concept of a “Communicable Disease 

Modeling CDM network” is proposed. CDM can effectively 

model the disease comorbidities and their transition patterns, 

thereby representing the disease progression. While 

generating the modelling network, it is proposed that not only 

look at the pattern of disease in the diagnosed patients, but 

also compare them with that of non-diagnosed patients to 

identify which comorbidities are more responsible for leading 

to the communicable disease pathway. 

An individual communicable disease patient’s health 

trajectory is not necessarily representing all comorbidities of 

that communicable disease. However, on a large population 

level, if individual patients’ trajectories are merged by adding 

up edges between same disease pairs, an aggregated version 

of the health trajectory network can then be obtained. So, the 

CDM network should represent the overall health trajectory 

of patients having a particular communicable disease taking 

into consideration all available parameters and conditions.   

For the second phase, the “modeling network” will be 

enhanced to be able to predict communicable disease risks in 

non-diagnosed patient networks. That is by building a 

predictive model that compares the CDM network with the 

medical history of a patient who is not yet diagnosed and 

calculates this patient’s risk of developing the communicable 

disease in near future. For matching the networks, several 

graph theory and social network-based methods are utilized. 

These methods look at multiple parameters, including the 

frequency of the comorbidities, clustering membership, and 

geographical, demographic and behavioral factors such as age, 

gender and smoking history. Individual risk scores against 

each of these parameters are then merged to generate single 

prediction score that represents the risk of communicable 

disease infection for non-diagnosed patients. Fig. 1, shows the 

functional diagram and the data flow from the inputs to 

resulting outputs of the proposed framework.   

 

 

 
 Fig. 1. Functional diagram for the proposed framework. 

 

III.  FUNCTIONAL COMPONENTS OF THE PROPOSED 

FRAMEWORK 

The functional components of the framework presented in  

this section, are derived from the abovementioned concepts 

and how they fit together in our research. The input to the 

framework is presented by various types of healthcare data It 

is assumed that for each patient this should at least contain 

disease codes representing the health condition of the patient 

at a point of time (e.g., during hospital admission), along with 

vital demographic information like age, gender and smoking 

status. The output of the framework takes three forms: First, it 

creates a communicable disease modelling (CDM) network, 

which represents a combined health path for all 

communicable disease patients. Second, the framework is 

designed to combine healthcare classified data with 

geographical, behavioral and demographic risk factors using 

graph theories and SNA algorithms, that to calculate the risk 

scores of different parameters, such that; the framework will 

be able to generate prediction model given actual risk based 

on the CDM network. Third, the framework should provide 

an interface for predicting the probability of communicable 

disease development for a new test patient who is as yet 

non-diagnosed. The interpretation and utility of the modelling 

network and its predictive capability will depend on the 

dataset, context and interests of the stakeholders.  
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Fig. 2. Types of healthcare data and their prospective use by different stakeholders [22], [23]. 

 

In general, the predictive model compares the CDM 

network with the medical history of a patient who is not yet 

diagnosed with the particular communicable disease and 

calculates this patient’s risk of developing the disease in near 

future. Along with these scores, the framework should also 

consider demographic and behavioral risk factors of the 

patients undertest, such as age, gender or smoking history. 

Since, there are multiple risk scores for each individual 

patient, it is proposed to develop a suitable linear prediction 

model from these scores to determine the overall risk of 

communicable disease.  

In parallel with achieving the research goals mentioned 

earlier, the proposed framework aims to manipulate and alter 

data collected from healthcare centers in order to align them 

with our research methodology. Further to networked data, 

our research also considers several parameters based on 

demographic and behavior risk factors.  

The goal of the parallel study, is to understand and quantify 

different parameters affect in disease progression and also, it 

may be discussed that how some parameters make better 

predictors than others. Our research finally aims to build a 

flexible and generic framework, that can be applied to various 

communicable diseases data and contexts. 

The proposed framework in the research can potentially be 

useful for forming an early intervention and prevention 

policies targeted at those patients that can potentially divert 

them from the disease pathway and reduce healthcare costs 

from both provider and consumer perspective. 

 

IV.  DATA COLLECTION 

Affordable and quality healthcare system is one of the most 

important development paths in any country [15], [16]. Broad 

goals of a healthcare system are to improve citizens’ health 

using responsive, financially fair, and efficient ways. Modern 

healthcare systems evolved and revolutionized since the 

evolving of computing and networking technologies [17].  

Large amounts of data are generated by the modern 

healthcare systems. Healthcare data are broadly categorized 

into four groups based on the way they are collected; survey 

data, device-generated data, medical records, and 

administrative data. Following, each group of healthcare data 

is explained in brief [18], [19]. 

Fig. 2 shows the four types of healthcare data and their 

prospective use by different stakeholders. In our research, all 

mentioned types of healthcare data will be used to provide the 

required knowledge discovery [20]-[23]. 

A. Survey Data 

Many countries maintain active registry of databases 

through health conditions related surveys. For example, the 

statistical survey conducts in Egypt every 15 years that collect 

information about each family member, such as, age, chronic 

disease condition, gender, professional, etc. all these pieces of 

information are analyzed to build a database for the 

population that can be so beneficial in detecting healthcare 

conditions. 

B. Device-Generated Data 

Data generated by electronic devices in an automated way. 

For example, data generated from modern medical devices 

located in healthcare centers that can generate periodic scan 

of patient vital signs. Such data can also be generated by 

personal electronic devices such as, smart phones, smart 

watches, etc. such devices can generate and share real-time 

health related information.  

C. Medical Records 

A medical record is generated for each patient individually 

in healthcare centers including medical conditions, diagnosis, 

and treatment. Each patient has a unique number identifying 

his medical information (Medical Record Number, MRN) in 

order to link patient’s information in different consultations.  

The advancement of information technology helped the 

development of electronic healthcare concept (e-health). As a 

consequence, medical records are broadly unified, centrally 

stored and worldwide shared. Consistent accessibility to 

up-to-date patient’s medical records is provided. So, the 

healthcare service providers and emergency departments can 

have access to patient’s complete medical history.  
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D.  Administrative Data 

Administrative data is collected from billing, auditing, 

quality assurance and other administrative purposes. The data 

contain service-level information such as fees, charges and 

summary of provided services. 

 

V.  CONCLUSION AND FUTURE WORK 

The integration of graph theory and SNA-based 

methodologies in the field of disease progression and 

prediction is the primary contribution of our research. This 

network-based approach has not been widely used in this field, 

especially using different types of data mentioned earlier in 

section 4.  

Consequently, this research is likely to contribute to the 

scientific community by showing the potential use of 

correlated data in analyzing communicable disease 

progressions and predicting risk through the proposed 

framework.  

A three phases frame work has been presented, that is 

designed to: create a communicable disease modelling (CDM) 

network, combine healthcare data with geographical, 

behavioral and demographic risk factors using graph theory 

and SNA algorithms, that to calculate the risk scores of 

different parameters, and finally it can provide an interface for 

predicting the probability of communicable disease 

development for a new test patient who is as yet 

non-diagnosed.  

A full model of this framework is being implemented and 

the resulting outcome will be compared with similar systems 

in order to measure its efficiency and all the results will be 

published in our next publication. 
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