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Abstract: Fuzzy theory deals with linguistic terms which are uncertain; vague and indistinct in nature. Studied factors of
child mortality often comprises of inevitably vague linguistic terms, such as birth spacing, immunization, etc. In this context
fuzzy logic approach is used here to develop a predictive model to estimate the risk of child mortality on the basis of the
fuzziness of three variables viz. educational year of mother, wealth of the family to which the child belongs and birth order
of the child. The validation of the model is done in three stages; ROC curve, statistical test and individual observation by
taking real data from NFHS-III. Mamdani method is used for the inference and Centroid defuzzification method for risk of
child mortality. The model estimates low risk to the children who survived than those who had died. The accuracy of the
model is 0.837 (95% CI: 0.79-0.88) (p < 0.001). The accuracy is higher with risk below 78.8%, corresponding to 0.68 (95%
CI: 0.61-0.75) in respect to sensitivity, 0.98 (95% CI: 0.92-0.99) specificity, 0.98 positive predictive value and 0.64 negative
predictive value. Comparison of the fitted fuzzy linguistic model output i.e. risk of child mortality with the actual data is
indispensable and it determines the applicability of a model in practical situations.
Keywords: Fuzzy logic, Linguistic variable, Mamdani method, Centroid method, Child Mortality.
I. INTRODUCTION
The theory of fuzzy sets, introduced by Lotfi A. Zadeh in the 1960s and the resulting fuzzy logic have been regarded as
highly valuable tools that can be used to simplify and enhance the analysis and design of complex humanistic systems and
processes by employing the principles of approximate reasoning [1,2,3]. It modeled the uncertainty within natural language and
introduced the concept of vagueness. Fuzzy logic provides a unique and effective way to draw conclusions (system outputs)
from vague and imprecise information (system inputs). Fuzzy logic is based on the concept of fuzzy set. It is a logic in which
the truth values are fuzzy subsets of the unit interval with linguistic labels such as true, false, not true, very true, quite true, not
very true and not very false, etc. and they assume intermediate truth values represented by membership grades [4,5].
Fuzzy logic aims at modeling human thinking and reasoning and at applying the model to problems according to needs.
Fuzzy logic tries to adapt verbal rules and the human ability to make decisions. It uses verbal variables and terms together with
verbal rules [6]. Verbal rules and terms used in human decision-making process are fuzzy rather than precise. Verbal terms and
variables are, here, expressed mathematically as membership degrees and membership functions.
A fuzzy linguistic model is a rule base system which uses fuzzy theory and fuzzy logic to address the concern problem. It
contains four main components;
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A fuzzifier: It translates crisp input value(s) into fuzzy value(s).
A knowledge base: It includes both fuzzy rule sets and their membership functions representing the fuzzy sets of linguistic

variable.
An inference engine: It applies a fuzzy reasoning to obtain a fuzzy output(s).
A defuzzifier: It translates the fuzzy output value(s) into crisp value(s).
The fuzzy inference rules are usually expressed in the form “IF-THEN” that defines the connection between input and
output variable. The inference engine assesses all fuzzy rules in the rule base and combines the weighted consequents of all
relevant rules into a single output fuzzy set (Mamdani method). The fuzzy output set then replaced by a crisp value using
defuzzification process.
The real life events, death or mortality in demographic terminology has uncertainty, vagueness, and imprecision of its
occurrence. Also its occurrence depends on one or more factors involved. The best and most useful description of mortality
factors often comprise linguistic terms that are inevitably vague, such as age (early or late) and birth weight (high or low). Child
mortality, a core indicator for child health and well-being is the death of child of the age group 1-4 years. Studies showed that
different factors which may be responsible for child mortality comprises of linguistic terms that are inevitably vague, such as
birth spacing, immunization, family wealth, age of mother etc. Since the influencing factors of child mortality are uncertain,
vague and indistinct in nature, it is more suitable to use fuzzy theory and fuzzy logic to model the phenomenon. Thus an attempt
has been made to develop a fuzzy linguistic model for estimating risk of child mortality using fuzzy logic approach based on
educational year of mother, wealth of the family to which the child belongs and birth order of the child.
II. METHODOLOGY
A vast literature survey has been conducted for the identification of risk factors (i.e. inputs) associated with child mortality
(i.e. output). From the survey of literatures it has observed that no formal education, poor households and living in rural areas
increased the risk of child mortality [7]. Abir et al., 2015 found that child deaths decreased significantly among mothers who had
other children aged 3 years or older [8]. Becher et al., 2004 showed that birth spacing was one of the major factors responsible for
childhood mortality [9]. Schellenberg et al., 2002 showed that poor maternal education and low socio-economic status are
important factors influencing child mortality [10]. A positive association between birth order and childhood mortality had been
demonstrated for developing countries [11,12,13,14]. A large number of research studies have pointed out that children of high
birth order may be more exposed to death over the life-course than their earlier-born brothers and sisters
[15,16,17,18,19,20,21,22].
A. Input and Output Variable for the Model
Form the findings of literature survey three factors are taken as inputs variables for the construction of the fuzzy model for
estimating the risk of child mortality, viz.- Educational year of mother, wealth of the family to which the child belongs and birth
order of the child. To convert these selected input variables with crisp values into fuzzy sets, the values of the input variables
are categorized into different categories as described below.
The model includes three fuzzy sets to the variable educational attainment of mother; such as primary (≤ 5 years),
secondary (between 5 years and 10 years) and higher (10 years and above). Various researchers made different levels to
categorize the attainment of education by the mother [7,8,23,24,25,26,27,28]. A large number of countries developed and tested
wealth index in relation to inequalities in household income, use of health services and health outcomes [29]. Wealth index is
considered as an indicator of the level of wealth that is consistent with expenditure and income measures [30]. NFHS also used
wealth index to measure the economic status of households. NFHS categories households into five classes viz.- Poorest, Poor,
Middle, Richer, Richest. This index is based on the 33 assets and housing characteristics, which are household electrification;
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type of windows; drinking water source; type of toilet facility; type of flooring; material of exterior walls; type of roofing;
cooking fuel; house ownership; number of household members per sleeping room; ownership of a bank or post-office account;
and ownership of a mattress, a pressure cooker, a chair, a cot/bed, a table, an electric fan, a radio/transistor, a black and white
television, a colour television, a sewing machine, a mobile telephone, any other telephone, a computer, a refrigerator, a watch
or clock, a bicycle, a motorcycle or scooter, an animal-drawn cart, a car, a water pump, a thresher and a tractor (NFHS-III,
2007). In the present study also wealth index is used to study the relation between wealth of a family and child mortality. Five
fuzzy sets are defined for the variable wealth of the family viz., poorest, poor, middle, richer and richest. The variable birth
order of the child is divided into two fuzzy sets as “proper” up to second birth order and “high” with birth order more than two
i.e. from third birth order. The output i.e. the death risk of child is divided in three labels viz.- low, middle and high.
Fuzzy Inference Processes
In this study trapezoidal fuzzy number and triangular fuzzy number is applied to convert the values of the input and output
variables respectively to fuzzy sets by calculating their respective membership degree. A stratified analysis is conducted using
NFHS-II data to study the relationship between the input variables and the output variable. The results of the analysis are
considered as the basis for setting up the rules in the fuzzy predictive model. After going through the results of the stratified
analysis and considering all categories of the input variables 22 fuzzy rules are constructed. The sequence of input variables in
the fuzzy rules is: birth order, wealth of the family; educational year and the output variables is risk of child death. Using these
22 fuzzy rules the risk of child death is determined by Mamdani inference methods which are in fuzzyfied form. To get the risk
of child death as crisp value Centroid defuzzification method is used which are estimated in percentage.
B. Checking Validity of the Model
The validity of the developed model is tested in three stages. At first a ROC curve is fitted to check the sensitivity and
specificity of the model. In the second and the third stage the estimated risk computed by the model is compared with real life
data. The real life data are taken from NFHS-III database having same input variables and output variable. A statistical test is
applied to compare the risk estimated by the model for those who experienced child mortality with those who survive. Lastly
individual cases from NFHS-III database are checked with the estimated risk. The MATLAB software (R2008b) and SPSS
(17.0) are used to perform the analysis.
III. RESULTS AND FINDINGS
A. Membership Functions of Input and Output Variables
The figures from 1a) to 1c) respectively shows the membership functions of inputs viz.-birth order, educational year of the
mother and wealth of the family and figure 2 shows the membership functions of output variables risk of child death.

Fig.1a): Membership function plots of input birth order
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Fig.1b): Membership function plots of input mother’s education (in years)

Fig.1c): Membership function plots of input family wealth (as per NFHS-III)

Fig.2: Membership function plots of output risk of child mortality

B. Fuzzy Rules
Combing 3 inputs and one output variables the following 22 fuzzy rules are constructed.
1

If (BO is P) and (FW is PRT) and (EY is SE) then (Risk is M)

2

If (BO is P) and (FW is PRT) and (EY is PE) then (Risk is H)

3

If (BO is H) and (FW is PRT) and (EY is SE) then (Risk is H)

4

If (BO is P) and (FW is PR) and (EY is PE) then (Risk is M)

5

If (BO is P) and (FW is PR) and (EY is SE) then (Risk is M)

6

If (BO is H) and (FW is PR) and (EY is SE) then (Risk is H)

7

If (BO is P) and (FW is M) and (EY is PE) then (Risk is M)
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If (BO is P) and (FW is M) and (EY is SE) then (Risk is L)

9

If (BO is H) and (FW is M) and (EY is SE) then (Risk is H)

10 If (BO is P) and (FW is M) and (EY is HE) then (Risk is L)
11 If (BO is P) and (FW is R) and (EY is PE) then (Risk is M)
12 If (BO is H) and (FW is R) and (EY is PE) then (Risk is H)
13 If (BO is H) and (FW is R) and (EY is SE) then (Risk is H)
14 If (BO is P) and (FW is RST) and (EY is PE) then (Risk is M)
15 If (BO is P) and (FW is RST) and (EY is SE) then (Risk is L)
16 If (BO is H) and (FW is RST) and (EY is PE) then (Risk is M)
17 If (BO is H) and (FW is PR) and (EY is PE) then (Risk is H)
18 If (BO is H) and (FW is M) and (EY is PE) then (Risk is H)
19 If (BO is H) and (FW is PRT) and (EY is PE) then (Risk is H)
20 If (BO is P) and (FW is R) and (EY is SE) then (Risk is L)
21 If (BO is H) and (FW is R) and (EY is HE) then (Risk is L)
22 If (BO is H) and (FW is RST) and (EY is HE) then (Risk is L)
Legend: BO: birth order (P: proper; H: high); FW: wealth of the family (PRT: poorest; PR: poor; M: middle; R: richer; RST: richest); EY: educational year (PE:
primary; SE: secondary; HE: higher); Risk in three labels: H; high; M: middle; L: low.

For example: Rule 1 indicates that when the birth order of the child is proper and wealth of the family is poorest and
mother’s educational year is secondary, then the risk of child death is medium.
C. Inference from the Model
The mean of the estimated risk value of child mortality is 67.7% (SD = 20.4), the range of these values is lies between
12.4% and 88.7%. The median and mode values are 63.85% and 50%.
Three surface graphs are constructed to plot the risks of infant death using the family wealth and mother’s educational years
(Fig. 3a); mother’s educational years and birth order (Fig. 3b); family wealth and birth order (Fig. 3c). The surface plot of risk
of child mortality using the family wealth and mother’s education (in years) shows that as the family wealth and mother’s
educational year increases, the risk of child mortality decreases. Similarly, From the surface plot of mother’s education (in
years) and birth order, it can be observed that risk of child death decreases with decrease of birth order and increase of
educational year. The surface plot of family wealth and birth order shows that the risk of child death decreases when family
wealth increases and birth order decreases.

Fig. 3a): Surface plot of family wealth and mother’s education (in years)
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Fig. 3b): Surface plot of mother’s education (in years) and birth order

Fig. 3c): Surface plot of family wealth and birth order

D. Validity of the Model
Receiver Operating Characteristic (ROC) Curve: The ROC curve and the resulting table are given in Figure 4 and Table
1 below. From the above table it is observed that the area under the curve is significant at 95% confidence interval. Therefore it
can be say that the fitted model correctly specifies the risk of child mortality.

Area under the curve
0.837

Table 1: Result of ROC analysis of child mortality risk.
Asymptotic 95% Confidence Interval
Std. Error
Sig.
Lower Bound
Upper Bound
0.024
0.001
0.790
0.883

Fig.4: ROC curve of the estimated risks of child mortality

It can be observed that the accuracy of the ROC curve is higher when risk is below 78.8%, corresponding to 0.68 in respect
to sensitivity, 0.98 specificity, 0.98 positive predictive value and 0.64 negative predictive value. At 47.2% risk values,
sensitivity is 0.99, specificity is 0.14, negative predictive value is 0.92 and positive predictive value is 0.67.
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Statistical Test: Before choosing proper statistical method for testing the estimated risk between those who died and

survived. The normality of the risk values are tested by using Kolmogorov-Smirnov and Shapiro-Wilk tests. The results are
given in Table 2 bellow.
Table 2: Normality test of the estimated risk values of child mortality
Kolmogorov-Smirnov
Risk of Child mortality

Shapiro-Wilk

Statistic

Df

Sig.

Statistic

df

Sig.

.261

266

.001

.794

266

.001

From the above table it is clear that the estimated risk values of child mortality are not normally distributed as the p values
of both the tests is significant. It can also observe from the following Q-Q plot (Fig. 5).

Fig. 5: Normality plot of the risk values of child mortality

Since the risk values of child mortality does not follow normal distribution, Mann-Whitney test is applied to compare
whether the estimated risk of child mortality between those who died and survive are significantly different or not. The MannWhitney test statistic value is 9.305 which is notably significant (p < 0.001). The mean rank of risk of child mortality among
those who died is 166.17; while the mean rank of risk among the survive children is 76.58. Therefore it can be inferred that the
developed fuzzy model estimate high risk value for those children who actually died and low risk for those who survive. It
justifies the accuracy of the fitted model in estimating child mortality.
Individual Observation of Cases: In this case, 12 cases are randomly selected from NFHS-III database which contains the
information on the input variables and their outcomes i.e. dead or alive of child and they are observed individually. The risk of
child mortality is estimated for these cases by using the developed model. The selected 12 cases with the information of input
variables and output variable together with estimated risk are presented in Table 3 below:

Sl. No.
1
2
3
4
5
6
7
8
9
10
11
12
© 2017, IJARCSMS All Rights Reserved

Table 3: Individual observation of cases
Mother’s
Birth
Family
Estimated
Educational
order
wealth
Risk (%)
year
2 (Proper) Richer 7 (Secondary) 12.4
2 (Proper) Richest 7 (Secondary) 13
1 (Proper) Richest 6 (Secondary) 38
1 (Proper) Richest 6 (Secondary) 43.4
2 (Proper) Richer 5 (Primary)
50
2 (Proper) Richest 5 (Primary)
50.2
1 (Proper) Poor
3 (Primary)
57.4
2 (Proper) Poorest 1 (Primary)
61.2
3 (High)
Richest 2 (Primary)
74.3
6 (High)
Middle 5 (Primary)
87.5
5 (High)
Richest 0 (Primary)
87.6
3 (High)
Richer 5 (Primary)
88.3
ISSN: 2321-7782 (Online)

Result
(Dead/ Alive)
Alive
Alive
Alive
Alive
Alive
Alive
Dead
Dead
Dead
Dead
Dead
Dead
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From this individually verification of selected cases it can be observed that the fitted model assign low risk values to the

children who survived than those who had died. The results of all the verifications justify that the fuzzy model developed in the
present research work is valid and can be used to estimate the risk of child mortality with specific input variables.
IV. DISCUSSION CONCLUSION
In this paper fuzzy logic approach has been applied to develop a fuzzy linguistic model to estimate the risk of child
mortality. The proposed model includes three input variables viz.- Educational year of mother, wealth of the family to which the
child belongs and birth order of the child.
The validity tests of the fitted model i.e. ROC curve, Mann-Whitney test analysis shows that the developed predictive
model of child mortality provides good results. Again, indispensable comparison of outputs of fitted fuzzy linguistic model i.e.
risks of child mortality in various situations with the actual data from NFHS-III determines the applicability of the model in
practical situations.
The theory of Fuzzy Sets has become an important mathematical approach in diagnosis systems, treatment of medical
images and more recently, in epidemiology and public health [31]. Again fuzzy logic has become a powerful tool for dealing
with imprecision and uncertainty aiming at tractability, robustness and low-cost solutions for real-world problems. These
features and the ability to deal with linguistic terms increase the number of works applying Fuzzy Logic in every area. It is need
to be mention that the application of fuzzy sets theory and fuzzy logic in demography and human health is a new area of
research. However, the approach has provides promising way for analyzing various demographic and health characteristics.
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