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Abstract A novel ontology based chronic disease risk analysis system 
framework is described, which allows the creation of global knowledge 
representation (ontology) and personalized modeling for a decision support 
system. A computerized model focusing on organizing knowledge related to 
three chronic diseases and genes has been developed in an ontological 
representation that is able to identify interrelationships for the ontology-based 
personalized risk evaluation for chronic diseases. The personalized modeling is 
a process of model creation for a single person, based on their personal data and 
the information available in the ontology. A transductive neuro-fuzzy inference 
system with weighted data normalization is used to evaluate personalized risk 
for chronic disease. This approach aims to provide support for further discovery 
through the integration of the ontological representation to build an expert 
system in order to pinpoint genes of interest and relevant diet components.  

Keywords: Personalized modeling; chronic disease ontology; chronic disease 
personalized risk evaluation.  
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1   Introduction 

Populations are aging and the prevalence of chronic diseases which persists for many 
years is increasing. Chronic diseases are illnesses that are caused by many factors 
(genes, environment, life style e.g. tobacco use, lack of physical activity, and poor 
eating habits).Chronic diseases generally cannot be prevented by vaccines or cured by 
medication, nor do they just disappear but may be cured or modified by changing life 
style. The most common chronic diseases in developed countries are cardiovascular 
disease, type 2 diabetes, obesity, arthritis and cancer (breast and colon).  The chronic 
diseases such as cardiovascular disease, type 2 diabetes and obesity have high global 
prevalence, have multifactorial aetiology and are mainly caused by interactions of a 
number of common factors including genes, nutrition and life-style. For ontology 
based personalized risk evaluation for chronic diseases, a Protégé-based ontology has 
been developed for entering data for three chronic diseases (type 2 diabetes; CVD and 
obesity) and linking and building relationships among concepts. The ontological 
representation provides the frame work into which information on individual patients 
for disease symptoms, gene maps, diet and life history details can be inputted, and 
risks, profiles, and recommendations derived.  

A personalized risk evaluation system has been used for building the personalized 
model. Global models capture trends in data that are valid for the whole problem 
space, and local models capture local patterns which are valid for clusters of data. 
Both models contain useful information and knowledge. Local models are also 
adaptive to new data as new clusters and new functions that capture patterns of data in 
these clusters. A local model can be incrementally created. Usually, both global and 
local modeling approaches assume a fixed set of variables and if new variables, along 
with new data, are introduced with time, the models are very difficult to modify in 
order to accommodate these new variables. However new variables be accommodated 
in personalized models, as they are created ‘‘on the fly’’ provided that there is data 
for them [1]. The next two sections will describe a chronic disease ontology and 
personalized risk evaluation method (TWNFI) which is used to build personalized 
models , its comparison with global and local models and the framework for 
integration of chronic disease ontology and personalized modeling. 

2. Chronic disease ontology 
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Ontology is a systematic account of being or existence. Ontology in terms of 
bioinformatics can be interpreted as the representation of the existing domain of the 
knowledge of life. Ontology is used to reason and make inferences about the objects 
within the domain [2]. Ontology is concerned with making information and 
knowledge explicit; it includes descriptions of concepts and their relationships. 
Ontology describes a hierarchical structure of concepts and the relationships built in 
order to extract new knowledge.  Ontology is generally written as a set of definitions 
of the formal vocabulary of objects and relationships in the given domain. It supports 
the sharing and reuse of formally represented knowledge among systems [3, 4]. As a 
database technology, ontologies are commonly coded as triple stores (subject, 
relationship, object), where a network of objects is formed by relationship linkages, as 
a way of storing semantic information [5, 6]. A standardized ontology framework 
makes data easily available for advanced methods of analysis, including artificial 
intelligence algorithms, that can tackle the multitude of large and complex datasets by 
clustering, classification, and rule inference for biomedical and bioinformatics 
applications. The main advantages of building ontology are to extract and collect 
knowledge; share knowledge; manage terminology; store, retrieve and analyze; find 
relationships between the concepts; discover new knowledge and reuse knowledge for 
decision support systems. 

Chronic diseases develop from conception over the life course in the presence of a 
number of interrelated factors including genetic predisposition, nutrition and life-style 
or interaction with the environment. With the development and completion of human 
genome sequencing, we are able to trace the genes responsible for proteins and 
metabolites that are linked with these diseases. The chronic disease ontology database 
developed contains information about three chronic diseases; cardiovascular disease, 
type-2 diabetes and obesity; their related genes and mutations, as well as health, 
nutrition and life history data. Personal genome and health data could provide a guide 
to design and build a medical health administration system to apply to annual relevant 
medical tests, e.g. gene expression level changes for health surveillance. Chronic 
disease ontology consists of five major domains namely; organism domain, molecular 
domain, medical domain, nutritional domain and a biomedical informatics map 
domain. These domains or classifications contain further subclasses and instances. 
Each subclass has a set of slots which provide information about each instance and 
have relationships among other slots, instances and concepts. The chronic disease 
ontology also contains information about the genes involved in cardiovascular 
disease, type-2 diabetes and obesity. There are about 76 genes in the ontology. Each 
gene instance has different information associated with the gene and also has 
relationships with other domains. The advantage of this chronic disease ontology is 
that it can be updated manually and regularly with new knowledge and information 
providing  a framework to keep an individual’s specific information (medical, genetic, 
clinical and nutritional), to discover new knowledge and to adapt as required  for 
personalized risk prediction and advice. 
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3.   Personalized risk evaluation system for chronic diseases 

With the emergence of personalized medicine and nutrition, we are able to build tools 
to predict personalized risk and advice systems.  There have been several widely used 
methods for cardiovascular risk evaluation such as the Anderson formula [7], the New 
Zealand cardiovascular risk charts [8, 9], and the PREDICT-CVD method [10]. These 
methods assess risk by using only clinical variables but as each person is different and 
responds to each nutrient and medicine differently, it is important to build a tool that 
can predict personalized or individualized risk for cardiovascular disease for a 
discrete person. So in order to achieve this different methods of personalized risk 
evaluation (Weighted distance, Weighted variables K-nearest neighbors (WWKNN)) 
[1] have been with Transductive neuro-fuzzy inference systems with weighted data 
normalization (TWNFI) [11]. TWNFI uses a Zadeh-Mamdani type fuzzy inference 
engine as its frame and it applies the transductive technique and weighted data 
normalization method for its learning. TWNFI performs an improved local 
generalization to include new data because it develops an individual model for each 
data vector that takes into account the new input vector location in the space.  This is 
an adaptive model, in the sense that input-output pairs of data can be added to the data 
set continuously and be immediately available for transductive inference of local 
models.  TWNFI creates a unique sub-model for each data sample and usually needs 
more time to compute than an inductive model, especially in training and simulation 
using large data sets. Creating a personalized model for an individual to predict risk 
for cardiovascular disease, could increase the accuracy of the prediction, especially 
when more variables such as clinical, genetic, nutritional factors are included in the 
prognosis. This personalized model has the advantage that not only variables used in 
the past to create a generalized model are used.  The Anderson’s formula [7] for 
example was derived from clinical variables collected from a North American 
population in the 1980s to predict a cardio-vascular event. To our knowledge 
nutritional variables have not been used to date to create a model to predict 
personalized risk for cardiovascular disease.  
 
We have used TWNFI to evaluate personalized renal function using only six variables 
only and higher accuracy was achieved in comparison to other methods [11]. In this 
report TWNFI is used to predict risk for cardiovascular disease (specifically 
hypertension) using 13 variables.  A person is considered to have high risk for 
cardiovascular if his/her has systolic blood pressure >=130 or diastolic blood pressure 
>=85 mmHg or treatment for hypertension (takes blood pressure medication) [12]. 
 
Individual health related data from a New Zealand national nutrition survey (NNS97) 
individuals has been used to build a personalized model. This data includes 
information mainly on nutrients intake and nutrition related clinical and 
anthropometric measures and general demographic information. The variables of 
interest include age, self-identified ethnicity, heart rate, waist circumference, ratio of 
sub scapular and triceps skin folds, ratio of total blood cholesterol and HDL and 
haemoglobin. Dietary intake from a 24 hour recall includes protein, carbohydrates, 
sugar, total fat, total saturated fat and salt.  The diagnostic test for cardiovascular 
disease was hypertension as defined in the previous paragraph.  
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This approach to predicting risk for cardio-vascular disease is original in that it uses 
both the individual’s clinical measures and their reported intake of important nutrients 
which can affect a person’s risk for disease. A separate model was been created for 
male and female samples. 
 
To test this personalized model, two different groups of people represented by sample 
one and two were considered, a personalized model built and the individual weights 
for all variables compared with global weights. For future surveys of groups of people 
a personalized model can be created and then used to predict an individual’s risk of 
cardio vascular disease. In the present example, sample one is male and sample two is 
female; both are at very high risk of cardiovascular disease. Table 1 shows the 
experimental weightings for these the male and female group samples. 
 
Table 1 Example of TWNFI personalized model for two different samples showing 
different weights for same variables and global weights male and female data 

 
 Sample 1 (male) Sample 2 (female) 

Input Variables Values of 
input 

Weights of 
input 
variables 
(TWNFI) 

Global 
weights 
(male) 

Values of 
input 

Weights of 
input 
variables 
(TWNFI) 

Global 
weights 
(female) 

Age, y 62 0.5246 0.96995 71 0.8882 1 
Ethnicity European/ 
Not European? 

1 0.6384 0.02035 1 0.737 0.01315 

Heart rate, bpm 54 0.772 0.18915 67 0.7617 0.29535 
Waist 

circumference(cm) 
113.1 0.6754 0.8325 72.2 0.8732 0.38165 

Sub scapular/triceps 
skin fold 

1.76 0.8199 0.869 0.69 0.779 0.35945 

Total 
cholesterol/HDL* 

6.9 0.574 0.94245 5.44 1 0.76515 

Haemoglobin, g/litre 155 0.999 0.5412 127 0.8751 0.2465 
Protein intake 

g/day 
19.27 0.9446 0.08865 11.09 0.7792 0.5216 

Carbohydrate intake, 
g/day 

47.04 0.7942 0.33 43.65 0.796 0.6064 

Sugar intake 
g/day 

15.96 0.9813 0.00665 4.94 0.784 0.0277 

Total fat intake 
g/day 

34.07 0.8145 0.2117 45.66 0.727 0.085 

Total saturated fat 
intake g/day 

14.62 0.741 0.2863 21.03 0.8456 0.2652 

Salt intake, mg/day 4545 1 0.1056 2335 0.7557 0.25995 
Desired Output 1   1   

Predicted output with 
MLR* 

 0.8997   0.6956  

Predicted output by 
WWKNN* 

 0.4722   0.5672  

Predicted Output by 
TWNFI* 

 1.0031   0.89834  

*HDL (High density lipoproteins), MLR (Multiple linear regression), WWKNN 
(Weighted distance, weighted variables K-nearest neighbors), TWNFI (Transductive 
neuro-fuzzy inference systems with weighted data normalization). 
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The outcome with TWNFI method for male sample is 1.0031 and outcome for female 
sample is 0.89834; which means that both male and female samples are at high risk of 
having the disease. In comparison with multiple linear regression and WWKNN, 
TWNFI gives higher accuracy plus more knowledge can be derived from TWNFI 
such as ranking the importance of variables and deriving a set of rules. Therefore, we 
are able to understand more about each variable and can discover new relationships 
between variables. In the present example, it was found that for male sample salt 
intake was a highly important factor for hypertension but in the case of the female 
sample the ratio of total cholesterol to HDL cholesterol was more important. 
Interestingly, age was found to be the most important of all variables. But if an 
individual’s weights are compared with their respective global weights there are 
distinct differences in pattern for each individual. This supports the need for 
personalized prediction and advice. For TWNFI fuzzy rules are generated depending 
on the nearest neighbors. It has been found that the best number of clusters or fuzzy 
rules is between 6 and 8, and the best number of nearest neighbors for training is 
around 18. The fuzzy rules are generated on the basis of a Gaussian membership 
function. The optimization of membership functions informs the search for the overall 
optimal solution for the parameters spaces.  For example for male sample the best set 
of rules generated: 

     If     Age is (27.64   60.85) 
            Heart rate is (47.27   52.21) 
            Waist circumference is (78.44   112.46) 
            Sub scapular/triceps skin fold is (0.87    1.67) 
            Total cholesterol/HDL is (3.75    8.31) 
            Haemoglobin is (116.24   154.35) 
            Protein intake is (3.93   22.36) 
            Carbohydrates intake is (24.19   42.76) 
            Sugar intake is (13.27   17.90) 
            Total fat intake is (13.66   36.08) 
            Total saturated fat intake is (38.41    5.21) 
            Salt intake is (3308.36   2162.67) 
     Then   risk of getting cardiovascular disease is (0.17    1.00) 
 

4. Integration of Chronic disease ontology and personalized 
modeling:  
 
The framework and the software platform presented here bring together ontology 
knowledge repository and machine learning techniques to facilitate sophisticated 
adaptive data and information storage, retrieval, modeling, and knowledge discovery. 
The framework consists of an ontology and data repository module; and a machine 
learning module. A generic diagram of this framework is shown in figure 1. Both 
modules evolve through continuous learning from new data. Results from the 
machine learning procedures can be entered back to the ontology thus enriching its 
knowledge base and facilitating new discoveries. The framework utilizes ontology 
based data, as well as new knowledge inferred from the data embedded in the 
ontology. The software platform allows for the adaptation of an existing knowledge 
base to new data sources and at the same time entering results from machine learning 
and reasoning models. There is an interface module between the two modules that is 
application specific. 
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Figure 1: The ontology-based personalized risk evaluation and advice system 
framework. 

 
The general framework as a software platform is characterized by the following 
characteristics:  

• Chronic disease ontology developed in Protégé ontology development 
environment;  

• Data import module to enter external multimodal data into ontology;  
• Data retrieval module to search and retrieve relevant data from an ontology; 
•  Machine inference module that TWNFI as personalized techniques;  
• User-friendly interface modules that can be tailored to predict risk for 

disease;   
• Plus a module for updating the ontology, based on classification and 

clustering results from the machine inference module. 

The system framework described here will be able to combine data from numerous 
sources to provide individualized person/case reports and recommendations on 
actions/interventions to help modify the outcome in a desired direction based on 
previously accumulated information on input variables and outcomes in the database. 
The framework presented needs to be developed further in terms of: 

1) an efficient integration of old and new concepts and information in existing 
ontology  

2) an automated search for relevant data to a new person’s data 
3) novel, more efficient methods for personalized feature selection and model 

optimization. 
4) multiple model creation for a single person and cross model analysis for the 

discovery of new interactions between variables from different models, e.g. genes 
related to different types of chronic disease.  
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