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Abstract 

Asthma is a common chronic disease that affects millions of 
people around the world. The most common signs and symp-
toms of asthma are cough, breathlessness, wheeze, chest 
tightness and respiratory rate. They cannot be measured ac-
curately since they consist of various types of uncertainty such 
as vagueness, imprecision, randomness, ignorance and in-
completeness. Consequently, traditional disease diagnosis, 
which is performed by a physician, cannot deliver accurate 
results. Therefore, this paper presents the design, develop-
ment and application of a decision support system for as-
sessing asthma under conditions of uncertainty. The Belief 
Rule-Based Inference Methodology Using the Evidential Rea-
soning (RIMER) approach was adopted to develop this expert 
system, which is named the Belief Rule-Based Expert System 
(BRBES). The system can handle various types of uncertainty 
in knowledge representation and inference procedures. The 
knowledge base of this system was constructed by using real 
patient data and expert opinion. Practical case studies were 
used to validate the system. The system-generated results are 
more effective and reliable in terms of accuracy than the re-
sults generated by a manual system. 

Keywords: Belief Rule Base; Uncertainty; RIMER; Asthma 
Diagnosis; Asthma Suspicion; Decision Support System; 
Inference 

Introduction 

Asthma is a condition that affects the smaller airways of the 
lungs [1]. It is caused by inflammation of the airways. The 
inflammation irritates the muscles around the airways and 
causes them to constrict. This causes narrowing of the air-
ways. It is more difficult for air to get in and out of the lungs. 
This leads to wheezing and breathlessness. When airways 
become inflamed and fill with mucus and the smooth muscles 
around the airways constrict, then chest tightness may be ex-
perienced. Asthma patients may cough because of the irrita-
tion inside the airways and the body’s attempt to clean out the 
thick mucus. The respiratory rate is defined as the number of 
breaths a person takes in one minute. During an asthma attack, 
the respiratory rate often increases. The normal respiratory 
rate varies for different age groups, such as 30-60 breaths per 
minute for newborns and 12-18 breaths per minute for adults. 
Figure 1 illustrates airway inflammation and a cross-section of 
the airways during an asthma attack in the lungs and airways. 
Figure 1(A) shows the location of the lungs and airways in the 

body, Figure 1(B) illustrates the cross-section of a normal 
airway, and Figure 1(C) depicts a cross-section of an airway 
during an asthma attack. 

 

 

Figure 1- Mechanism of asthma1  

Asthma may occur at any age but is most common in children 
[1]. It may also be due to hereditary factors [2]. The process 
for ‘asthma suspicion’ or diagnosis consists of observing a 
patient’s signs and symptoms [3]. However, this asthma sus-
picion process contains errors because the signs and symp-
toms cannot be measured with 100% certainty. There are 
causal relationships among the signs and symptoms of asthma. 
These causal relationships can be represented by the If-Then 
rule.  

An If-Then rule has an antecedent and a consequent part. The 
antecedent part takes input data while the consequent part 
shows the action to be taken. For example, signs and symp-
toms data are input data that is the antecedent part of various 
rules. Input data in a rule can differ in type and scale such as 
qualitative, quantitative etc. For example, a patient’s breath-
lessness may be severe, moderate, mild or normal. This degree 
of illness is presented by qualitative data. These data are ex-
pressed as a linguistic term by patients and contains uncertain-
ty due to vagueness and imprecision. However, a patient can 
have a respiration problem that can be within the range or out 
of the range. This can be measured with an optical breath rate 
sensor [4] that produces numeric or quantitative data. The 
result may be incorrect due to mishandling of the instrument, 
ignorance and randomness. Sometimes, a symptom such as 

                                                           
1 Source: http://www.nhlbi.nih.gov/health/health-
topics/topics/asthma/ 
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cough may be hidden by patients, which arises out of igno-
rance and incompleteness. Therefore, various types of uncer-
tainty can be associated with input data such as ambiguity, 
vagueness, imprecision, ignorance etc. Thus, the consequent 
part of the If-Then rule may contain uncertainty. For example, 
the initial belief degree can be imperfect since it contains in-
completeness and ignorance. 

Some expert systems for diagnosing asthma have been report-
ed in the literature. A fuzzy rule-based expert system for as-
sessing the severity of asthma was presented by [5]. The as-
sessment of the severity of asthma by an expert system is il-
lustrated by [6]. A clinical support system [7] was also devel-
oped to assess asthma. However, these systems cannot handle 
different types of uncertainty.  

Diagnosing asthma is an example of a complex problem that 
can be handled by an expert system. An expert system has two 
components: the knowledge base and the inference engine. 
The knowledge base can be constructed with proportional 
logic (PL), first-order logic (FOL) or fuzzy logic (FL) [8,9]. 
Reasoning mechanisms such as forward chaining and back-
ward chaining are used to develop the inference engine [10]. 
PL and FOL are not equipped to capture uncertainty. Howev-
er, FL can handle uncertainty due to vagueness and ambiguity. 
However, FL cannot handle other types of uncertainty such as 
ignorance and incompleteness that may exist in signs and 
symptoms of asthma. Therefore, a knowledge base that can 
handle all types of uncertainty that exist with diagnosing 
asthma must be developed. A relevant inference mechanism 
must also be adopted. Uncertain knowledge in diagnosing 
asthma must be processed by using a refined knowledge base 
and an inference mechanism.  

A recently developed Belief Rule-Based Inference Methodol-
ogy Using the Evidential Reasoning (RIMER) approach 
[11,12] was used to design and develop the proposed decision 
support system. Uncertainty can be addressed by this method-
ology. This methodology consists of the Belief Rule Base 
(BRB) and the Evidential Reasoning (ER) algorithm. In 
RIMER, a rule base is designed with belief degrees embedded 
in all possible consequents of a rule. Inference in such a rule 
base is implemented using the evidential reasoning approach 
that can handle different types and degrees of uncertainty in 
signs and symptoms. 

 
The rest of the paper is organized as follows. The next section 
provides an overview of the RIMER methodology. Then the 
stem architecture, design and implementation of the proposed 
BRBES are discussed. Experimental results and discussions 
are then presented. A conclusion is included to summarize the 
contribution. 
 

Overview of RIMER Methodology 

The RIMER approach consists of two components [10]. They 
are BRB to act as the knowledge base and ER to act as an 
inference engine. 
 

Domain Knowledge Representation using BRB 

Belief rules are the key elements of a BRB, which include 
belief degree. It is an extended form of traditional If-Then 
rules. A belief rule consists of an antecedent part and a conse-
quent part. The antecedent attribute takes referential values, 
and each consequent is associated with belief degrees [12]. 

The knowledge representation parameters are rule weights, 
antecedent attribute weights and belief degrees in conse-
quents, which can handle uncertainty. A belief rule can be 
defined as follows: 
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number of all belief rules in the rule base. N is the number of 
all possible consequents in the rule base. An example of a 
belief rule in the asthma suspicion/diagnosis BRB system pro-
totype can be written in the following way:  
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Where         
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Normal

MildModerateSevere is a belief dis-

tribution associated with asthma consequents of the belief rule 
as represented in (2). The belief distribution states that the 
degree of belief associated with severe asthma is 60%, 40% 
degree of belief is associated with moderate asthma, 0% de-
gree of belief is associated with mild asthma and 0% degree of 
belief is associated with normal asthma. Here, severe, moder-
ate, mild and normal are the referential value of the conse-
quent attribute “Asthma” of the belief rule. In this belief rule, 
the total degree of belief is (0.6+0.4+0+0) =1, and thus, the 
assessment is complete. 
 

Inference Procedure in BRB 

The inference procedure in the BRB inference system consists 
of various components such as input transformation, activa-
tion weight calculation, belief degree update mechanism and 
rule aggregation using ER. The input transformation of the 
antecedent attribute value distributes the value of a belief de-
gree of different referential values of that antecedent. This is 
equivalent to transforming an input into a distribution on the 
referential values of an antecedent attribute by using their cor-
responding belief degrees [13]. At an instant point in time, the 
i-th value of an antecedent attribute 

iP  can equivalently be 

transformed into a distribution over the referential values of 
that antecedent attribute by using their belief degrees [11]. 

The i-th input value 
iP , which is the i-th antecedent attribute 

along with its belief degree 
i  of a rule is shown below by (3). 

The belief degree is assigned to the input value by the experts. 
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Here, H is used to show the assessment of the belief degree 
assigned to the input value of the antecedent attributes. In this 
equation, Aij (i-th value) is the j-th referential value of the in-
put Pi.  ij  is the belief degree to the referential value, 
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  , and 
i

j  is the number of the ref-

erential values. 

The input value of an antecedent attribute is collected from 
the patient or from the physician in terms of linguistic values 
such as severe, moderate, mild and normal. These linguistic 

values are assigned a degree of belief i  using expert judg-

ment. This assigned degree of belief is then distributed in 

terms of belief degree ij  of the different referential values 

ijA . There are five input antecedents: cough (A1), breathless-

ness (A2), wheezing (A3), chest tightness (A4) and respiratory 
rate (A5). The referential values of these antecedent attributes 
consist of severe (S), moderate (Mo), mild (M) and normal 
(N). The devised rules are as follows: 
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In the k-th rule, it is assumed that k
i  is the belief degree of 

one of the referential values k
iA  (which is the element of 

ijA ) 

of the ith input iP  . This is called the individual matching 

degree. Here, ij  can be calculated by using (4), (5), (6) and 

(7). When the k-th rule is activated, the weight of activation of 
the k-th rule, , is calculated by using the flowing formula 
[10,11]. 
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Here, ki  is the relative weight of iP  , which is used in the k-

th rule and is calculated by dividing the weight of iP  by the 

maximum weight of all antecedent attributes of the k-th rule to 

normalize the value of ki  which means that its value should 

range between 0 and 1. The combined matching degree 
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'  , which is calculated by using the multi-

plicative aggregation function. If the k-th rule as given in 
equation (1) is activated, the incompleteness of the consequent 
of the rule can also result from its antecedents due to the lack 

of data. The original belief degree ik  in the i-th consequent 

iC  of the k-th rule is updated based on the actual input infor-

mation in (8) as devised in [10]. 
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Here, ik  is the original belief degree, and ik is the updated 

belief degree. If ignorance occurs, then the belief degrees are 
updated. For example, if the input antecedent cough is ig-
nored, then the initial belief degrees are updated. The updated 
belief degrees are shown in Table 1.  

Table 1 - Belief degree update 

Rule 
Id 

 
Severe 

D1 

Moderate 

D2 

Mild 

D3 

Normal 

D4 
Dn 

1 

Initial 0.6 0 0 0.4 0 

Update 0.48 0 0 0.32 0.2 

2 

initial 0.8 0 0 0.2 0 

Update 0.64 0 0 0.16 0.2 

3 

Initial 0.4 0 0 0.6 0 

Update 0.32 0 0 0.48 0.2 

 

All packet antecedents of the L rules are aggregated by using 
the ER approach to obtain the degree of belief of each referen-
tial value of the consequent attribute using the given input 

values iP  of the antecedent attributes. In this study, this ag-

gregation is carried out using an analytical approach, which 
has been considered since it is more computationally efficient 
than the recursive approach [12,13]. The output O(Y), consist-
ing of the referential values of the consequent attributes is 
generated by using the analytical ER algorithm [14]. This is 
illustrated in equation (9):  

      NjCPSYO jji ,.....,1,,     (9) 

Here, j  denotes the belief degree associated with one of the 

consequent reference values such as jC  . j  is calculated 

with the analytical format of the ER algorithm [11–14] as il-
lustrated in (10). 
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The final output generated by ER is represented by 

        NNCCCC  ,,........,,,,,, 332211 , where j  

is the final belief degree attached to the j-th referential value 

jC  of the consequent attribute, which is obtained after all 

activated rules in the BRB are combined by using ER. This 
output can be converted into a crisp/numerical value by as-
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signing a utility score to each referential value of the conse-
quent attribute [7,10], as shown in (11). 

   



N

j
jjCuAH

1

*      (11) 

Where  *AH  is the expected score expressed as a numerical 

value and  jCu  is the utility score of each referential value. 

 

BRBES for Assessing Asthma Suspicion 

This section presents the design, implementation, knowledge-
base construction and interface of the BRBES for diagnosing 
asthma. 

Architecture, Design and Implementation of the BRBES 

The system architecture represents how its components con-
sisting of input, process, and output are organized. The system 
also considers the pattern of the system organization, known 
as the architectural style. It consists of a user interface layer 
(used to get the input and produce system output), inference 
engine and knowledge base (consisting of the initial rule-base 
developed using BRB and facts including signs and symptoms 
of asthma).  

The Relation Database Management System (RDBMS) was 
chosen to store data since this system has a flexible design and 
is portable in different system environments. PHP, which is 
available in Netbeans 6.9.1, was used to develop the user in-
terface. The system architecture is shown in Figure 2. 
 

 
 

Figure 2- The BRBES system architecture 

Knowledge Base Construction in BRB 

To construct the knowledge base for this BRB system proto-
type, a BRB framework was used by following the British 
Guideline on the Management of Asthma. In the framework, 
the input factors that determine suspicion are A1 = Cough, A2 

= Breathlessness, A3 = Wheeze, A4 = Chest tightness, A5 = 
Respiratory rate and A6 = Asthma. This BRB consists of only 
the Asthma (A6) rule base and is depicted in Figure 3. The rule 
base has five antecedent attributes. The total number of rules, 
L, is usually determined with the following method: 

 


T

i iJL
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    (12) 

Here J1 = 2, J2 = 4, J3 = 3, J4 = 2, J5 = 2, so L = (2*4*3*2*2) = 
96. Thus, the entire BRB consists of 96 belief rules as illus-
trated in Table 2. It is assumed that all belief rules have equal 
rule weight and all antecedent attributes have equal weight. 
The initial belief base for the asthma suspicion BRB system is 
listed in Table 2. 

 

 

Figure 3- BRB framework for asthma suspicion 

An example belief rule of this BRB system as follows:  

   
   

 

        00.0,00.0,00.0,00.1

Re

:1

NMMoSisAsthma

THEN

rangeofOutisratespiratory
ANDisYestightnessChestANDHighisWheeze

ANDSevereisnessBreathlessandYesisCoughIFR

 

In this belief rule, the belief degrees are attached to the three 
referential values of the consequent attribute. For example, 
having 100 patients whose clinical information such as 
“Cough is Yes”, “Breathlessness is Severe”, “Wheeze is 
High”, “Chest tightness is Yes” and “Respiratory rate is Out 
of Range”. This means that if the clinical information of the 
antecedent parts of the rule is evaluated with a high referential 
value of the corresponding antecedent attribute of the rule, 
then all patients are judged as severe regarding a diagnosis of 
asthma. Consequently, the rule can assign initial belief de-
grees to the consequents in the rule such as “1” to “S”, “0” to 
“Mo”, “0” to “M” and “0” to “N” as shown in rule R1. 
 

BRBES Interface 

A system interface can be defined as the medium that enables 
interaction between the users and the system. Figure 4 illus-
trates a simple interface of the BRBES. Here, the input ante-
cedent for cough is yes, breathlessness is moderate, wheezing 
is high, chest tightness is yes and respiratory rate is within the 
range. The BRB/RIMER system generates the fuzzy value of 
the referential value. Then the system converts the fuzzy value 
into one numerical value by multiplying four utility factors. 
The four reference values are 1.0 for the Severe referential 
value, 0.66 for the Moderate referential value, 0.33 for the 
Mild referential value and 0.0 for the Normal referential value. 
The fuzzy output of the system is Asthma (A6) :{( Severe, 
(23.67%)), (Moderate, (39.36%)), (Mild, (3.38%), (Normal, 
(33.59%))}. Severe referential value = (23.67%*1.00) = 
23.67%, Moderate referential value = (39.36%*0.66) = 
25.98%, Mild referential value = (3.38%*0.33) = 1.11%, and 
Normal referential value = (33.59%*0) = 0%. Thus, the total 
system output is (23.67%+25.98%+1.11%+0%) = 50.77%. 
The result of the system’s diagnosis is 50.77% for the asthma 
suspicion. This result is shown in Figure 4. 
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Table 2 - Belief degree update 

Rule 

ID 

Rule 

Weight 

IF THEN 

Cough Breathlessness Wheezing 

Chest 

tightness 

Respiratory 

rate 

Asthma 

S Mo M N 

R1 1 Yes No limitation High Yes Range 0.6 0 0 0.4 

R2 1 Yes No limitation High Yes Out of range 0.8 0 0 0.2 

R3 1 Yes No limitation High No Range 0.4 0 0 0.6 

R4 1 Yes No limitation High No Out of range 0.6 0 0 0.4 

R5 1 Yes No limitation Medium Yes Range 0.4 0.2 0 0.4 

R6 1 Yes No limitation Medium Yes Out of range 0.6 0.2 0 0.2 

R7 1 Yes No limitation Medium No Range 0 0.4 0 0.6 

…… …….. ……… ………… ………. ……….. ………… … ….. ….. … 

R93 1 No Severe Low Yes Range 0.4 0 0 0.6 

R94 1 No Severe Low Yes Out of range 0.5 0 0.3 0.2 

R95 1 No Severe Low No Range 0.2 0 0 0.8 

R96 1 No Severe Low No Out of range 0.3 0 0 0.7 

Table 3- Asthma suspicion by BRBES and expert  

Patient ID 

Signs and Symptoms 
Expert 

system/BRBES 
output 

Expert 

opinion/ 
physician’s 

opinion 

Benchmark/ 

diagnostic resultCough Breathlessness Wheezing 
Chest 

tightness 
Respiratory rate

P1 Yes Moderate Medium No Range 58.27% 65.0 1.0 

P2 Yes Mild Medium Yes Out of range 79.48% 85.0 1.0 

P3 No No limitation Low Yes Range 14.62% 24.0 0.0 

P4 No Severe Medium No Out of range 68.67% 76.0 1.0 

P5 Yes Mild High Yes Out of range 85.98% 90.0 1.0 

P6 No Moderate High Yes Range 50.94% 57.0 1.0 

P7 Yes Mild Low Yes Range 42.83% 50.0 1.0 

P8 Yes Moderate High Yes Out of range 90.69% 95.0 1.0 

P9 No Moderate Medium Yes Range 46.76% 56.0 0.0 

P10 No Severe Low Yes Range 35.28% 45.0 0.0 

 

Results and Discussion  

In this research, leaf nodes data of the BRB were collected 
from patients who suffer from asthma. Then the patient data 
were used in the BRBES to assess asthma suspicion. Expert 
opinion on the asthma suspicion was also collected as shown 
in Table 3. If a patient has asthma, then the benchmark datum 
is 1; otherwise, it is 0. The data set consists of fifty samples. 
For simplicity, data for only ten patients is presented in Table 
3. 

The receiver operating characteristic (ROC) curve can help 
effectively analyze the performance of the suspicion/diagnosis 
tests that have ordinal or continuous results [16]. It can be 

used to test the results of the BRB Expert System and the 
manual system/expert opinion results by using the benchmark 
results. The system performance can be measured by calculat-
ing the area under the curve (AUC) [16–19]. If the AUC of 
the BRBES is larger than the expert opinion, then the BRBES 
produces more accurate and reliable results. Figure 5 shows 
the two ROC curves. One represents the suspicion perfor-
mances of the BRB system prototype, and the other is the re-
sult of the manual system/expert opinion. The ROC curve 
with a red line in Figure 5 illustrates the BRB system asthma 
diagnosis while the curve with green line illustrates the manu-
al system asthma diagnosis. The AUC for the BRB system 
prototype is 0.952 (95% confidence interval = 0.960–1.012), 
and the AUC for the expert opinion is 0.857 (95% confidence 
interval = 0.939–1.014). From the AUC of the BRBES and 
expert opinion, the AUC for the BRBES is greater than the 
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AUC for the expert opinion. This implies the results generated 
by the BRBES are better than the results generated by expert 

opinion. SPSS 16.0 was used to construct the ROC curve and 
to calculate the AUC of the curves. 

 

 

Figure 4- BRBES interface

 

Figure 5- ROC curves of asthma suspicion between the BRBES and expert opinion (manual system) 

The great achievement of our research is to overcome the un-
certainty problem involved in diagnosing asthma, which can-
not be overcome with the traditional rule-based system. The 
BRBES can handle various types of uncertainty such as ambi-
guity, vagueness, imprecision, ignorance etc.  

Conclusion 

In this paper, we demonstrated the development and applica-
tion of a BRBES to diagnose asthma based on signs and 
symptoms. This BRBES used a methodology known as 
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RIMER that handles various types of uncertainty found in 
domain knowledge. The BRBES is a robust tool that can aid 
in assessing asthma suspicion. The system will help patients 
assess improvement in asthma severity as well. This BRBES 
provides a percentage of the assessment, which is more relia-
ble and informative than from a traditional expert’s opinion 
that given without a degree of belief that is weighted with 
percentage value. Results generated by the BRBES were more 
reliable than the traditional expert opinion. 

The system has strong potential in developing countries in 
Africa and Asia, in addition to other countries, where there is 
a lack of healthcare resources, diagnosis machinery and expert 
physicians.  
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