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ABSTRACT

Background: Fertility is one of the important subjects in public health and demographic

Article info: studies which affects population growth. The main objective of this paper was to introduce
Received: 18 Apr 2017 i and apply a tree model to classify the ideal number of children and children ever born in the
Accepted: 20 Dec 2017 ¢ study of “Marriage and Fertility Attitudes of Married 15-49 Years Old Women in Semnan
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Methods: Classification trees are data mining methods designed for categorical dependent
variables, with prediction error measured in terms of misclassification cost to determine the
form of the relationship between the response and predictor variables in different field of
studies.

Results: We applied the Classification and Regression Trees (CART) algorithm to present
the merits of this algorithm to accurately classify the ideal number of children and children
ever born of 405, 15-49-year-old married women in Semnan providence, Iran, according
to some important predictor variables. Semnan is a province that is taking efficient steps
toward development and modernization. Nowadays, it is considered as one of the developed
provinces in Iran. In this province, changes in fertility attitudes and beliefs expected to be
affected by modernization, industrialization, and urbanization.

Keywords: Conclusion: As a result, the women’s children ever born in the younger birth cohorts and
Fertility, Parity, Fertility the ideal number of children in the older birth cohorts are much more similar. Women’s job
Preferences, Data Mining, ; status and age at first marriage are the two most important factors which have had significant
Classification Analysis i effects on the desired and actual number of children in different birth cohorts.
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Introduction

here is arich literature about fertility transi-

tion in Iran and how expansion in education,

reduction in child mortality, urbanization,

wide access to family planning services
and importance of quality against quantity of chil-
dren have contributed to the recent fertility decline in
this country [1-4]. Decreasing trends of fertility even
moving lower than replacement level, at which a pop-
ulation without migration exactly replaces itself from
one generation to the next, in the most of countries all
over the world is an important issue in public health
and demographic researches. There are several deter-
minants influencing fertility such as Children Ever
Born (CEB) per woman which can influence infant,
child and maternal mortality, obstetric and child health
services, age structure of populations and etc [5].In ad-
dition, there is a measure of reproductive preference,
IdealNumber of Children (INC), which its trends lie
at the heart of family planning and population policy
concerns. In particular, this information can identify
populations with a demand for services and informs
the interpretation of trends in contraceptive prevalence
and fertility [6]. INC and CEB have become interested
issues for many researchers who studied determinants
influenced fertility behavior of Iranian families [1-4].
According to somesurveys, economic factors either at
micro or macro levels, distribution of intra-household
bargaining power, literacy, social norms of household
size, and religion are determinants of fertility behavior
of Iranian families [1, 4].

Education level as a major contributing factor in en-
hancement and inhibition of fertility was identified,
using data of married adolescents in Bangladesh [7].
Researchers in North East India found that job and eco-
nomic statuses of women among the other influential
determinants considered in their study, had strong in-
fluence on fertility [8].

To analyze CEB, binary logistic model was used by
dichotomizing collected data from 250 households
with 15-49 year-old women of slum area in Bangla-
desh. Factors which had contributed significantly in
CEB for large families were INC, educational level,
average monthly income and expenditure, marriage
age, and reproductive life span [9]. In a survey based
on DHS data in developing countries in Asia and North
Africa, results also showed that married women’s INC
ranges from 2 in Ukraine and India to 4 in Jordan and
Pakistan. This range in Latin America and Caribbean is
from 2.2 in Brazil to 3.7 in Guatemala [6].

Today, low fertility is one of the important issues which
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are considered by policy makers in public health and
demography. Without determination of factors which
affects fertility, suitable programs cannot be created.
Therefore, we tried to examine factors affecting two
important measures of fertility; namely, CEB and INC
by classification tree in this article. When the number
of covariates increases, using models such as logistic
regression is not applicable for classification because
many interactions should be added to the model and so
the interpretation get complex. When there are many
interactions in model, using classification tree is more
applicable and the interpretation is easier than logistic
regression. Up to our knowledge, there isn’t any study
which has applied classification tree to classify two im-
portant measures of fertility, including CEB and INC.

Methods

Different statistical methods such as factor analysis
and multiple regression models were applied for ana-
lyzing influential factors on fertility [11]. However
some methods such as data mining which is a compu-
tational process of discovering patterns in large data
sets involving methods at the intersection of artificial
intelligence, machine learning, statistics, and database
systems has not been used widely due to the lack of
researchers’ knowledge about the advantages of this
method [12, 13].

Amongst data mining methods, decision tree has vari-

ous advantages; model interprets simply, requires little
data preparation, handles both numerical and categor-
ical data, validates by statistical tests, performs well
with large datasets. Decision tree can be described as a
model that predicts the value of a target variable based
on several input variables. It is a flow-chart-like struc-
ture, where each internal (non-leaf) node denotes a test
on an attribute, each branch represents the outcome of
a test, and each leaf (or terminal) node holds a class
label. The top most nodes in a tree is the root node
[14,15].

Two main types of decision tree, Classification tree
and Regression tree are used in data mining. Classifica-
tion tree is applied when the predicted outcome is cate-
gorical response and used widespread in many diverse
fields such as medicine, social sciences, demography,
business, and biology [16-21]. Regression tree is used
when the predicted outcome is continuous value and
the goal is approximating the regression function.

A number of methods and procedures are existed for
extracting classification trees; Automatic Interaction
Detection (AID), Theta AID (THAID),Chi-squared
Automatic Interaction Detection (CHAID) and Clas-
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sification and Regression Trees (CART) algorithm. riage and Fertility Attitudes of 15-49 Year-Old Married
The first three procedures generate multilevel splits ~ Women in Semnan, Iran; 2012” [10], were classified
and CART extracts binary splits. CART is a non-para- by CART algorithm based on some important influ-
metric statistical methodology developed for analyzing  ential factors. The data in this survey were obtained
classification issues. If the dependent variable is cate- by a cross-sectional survey collected by a structural
gorical, CART algorithm produces a classification tree.  questionnaire. 405 samples from 2 cities and 6 villages
When the dependent variable is continuous, it produces  of Semnan province, among 8 cities and 589 villages,
a regression tree. In both classification and regression  were selected by random stratified sampling method.
trees, CART’s major goal are to produce an accurate  This sample included 15-49 year-old married women
set of data classifiers by uncovering the predictive  in private settled household. In this study, CEB, INC,
structure of the problem under consideration [22]. To  age at first marriage, marriage type, educational level,
produce classification trees of CEB and INC in this  job status, birth place, and birth cohort were collected
study, CART is used because it is distributional free  [10]. Birth cohort is defined by a group of women who
algorithm, robust against the outliers and collinearities, ~ were born in the same period of time that were experi-
can use both categorical and continuous variables, en-  enced similar historical events [24, 25].

counter missing data, detect interactions, and can be

considered as an exploratory analysis [23]. Results

CART methodology is done in three phases; Construc- ~ We consider 15-29 year-old women as those who
tion or building of maximum tree by some splitting  were born in 1980s which were called 1980 birth co-
rules such as Gini index (Gini is equal to sum of item  hort. By definition 1970 decade born women were 30-
selection probabilities time to incorrect classification 39 year-old (1970 birth cohort) and 1960 decade born
probability)[22], Selection of right tree size is used to  women were 40-49 year-old (1960 birth cohort).The
achieve optimum tree size by some Pruning methods,  only continues predictor in this study was age at first
and Classification of new data marriage with mean equals to 20.57 and standard devi-

ation equals to 3.15. Tables (1) and (2) show CEB and

In this study, Children Ever Born (CEB) and Ideal  INC crossed by predicted variables for 15-49 year-old
Number of Children (INC) in survey of “Study Mar-  yarried women.

Table 1. Children Ever Born Crossed by Predicted Variables

Children Ever Born

Variables .

(Response Variable) Test Statistic P-value
Name Value 0 1 2 3 Total
1960s 4.6 6.1 38.9 50.4 100

Birth cohort 1970s 6.9 9.7 66.9 16.6 100 132.42* <0.001
1980s and more 233 49.6 27.1 0.0 100
Unemployed 13.8 19.1 42.8 243 100

Job status -0.077** <0.939
Employed 1.3 30.0 55.0 13.8 100
Under diploma 11.8 13.7 45.0 29.5 100

Educational level 44.35* <0.001
Diploma and higher 10.4 36.6 45.5 7.5 100
bl 9.2 242 458 20.8 100

Marriage type IR -0.319** 0.750
Familial marriage 14.5 17.0 44.2 24.2 100
Urban 12.5 24.6 42.8 20.1 100

Birth place -3.23%* 0.001
Rural 7.6 9.8 53.3 29.3 100
18 6.9 8.5 43.1 41.5 100
19-21 10.7 13.6 49.5 26.2 100

Age at first marriage 58.44* <0.001
22-24 16.4 25.8 51.6 6.3 100
25 11.4 63.4 22.7 2.3 100

*M?(Mantel) statistic, **Mann-Whitney statistic
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Table 2. Ideal Number of Children Crossed by Predicted Variables

Ideal Number of Children

Variables X

(Response Variable) Test Statistic P-value
Name Value (1] 1 2 3 Total
1960s 0.0 6.1 67.2 26.7 100

Birth cohort 1970s 4.8 11.0 72.4 11.7 100 38.28* <0.001
1980s and more 8.5 16.3 71.3 3.9 100
Unemployed 5.2 10.2 70.5 14.2 100

Job status -0.16** 0.873
Employed 1.3 15.0 70.0 13.8 100
Under diploma 3.0 12.2 69.0 15.9 100

Educational level 2.64%* 0.104
Diploma and higher 7.5 9.0 73.1 10.4 100
Non-familial marriage 4.2 11.3 73.3 11.3 100

Marriage type -1.16** 0.245
Familial marriage 4.8 10.9 66.1 18.2 100
Urban 4.8 11.2 72.3 11.8 100

Birth place -1.83** 0.067
Rural 3.3 10.9 64.1 21.7 100
18 3.8 10.8 66.9 18.5 100
19-21 1.0 5.8 73.8 19.4 100

Age at first marriage 7.03* 0.008
22-24 8.6 15.6 68.8 7.0 100
25 2.3 11.4 77.3 9.1 100

*M? (Mantel) statistic **Mann-Whitney statistic

According to the results of these Tables, for most of
women, INC in all of the birth cohorts was 2 children
and the same results were true for the other predic-
tors. While, CEB of women in the first birth cohort
was equal to 3 and more, second birth cohort was 2
children and third birth cohort was 1 child. The most
of women with different job status, educational level,
marriage type, birth place and age at first marriage had
2 children as their CEB except CEB of women with 25
years old and more that was one child.

Unemployed compared to employed women (24.3
against 13.8 percent), women with under diploma ed-
ucational level compared to diploma and higher (29.5
against 7.5 percent), women with familial marriage
compared to non-familial marriage (24.2 against 20.8
percent), women in rural area compared to urban area
(29.3 against 20.1 percent) and women with 18 years
old and less age at first marriage compared to the other
ages (41.5 against 26.2, 6.3 and 2.3 percent) had 3 and
more children. Unemployed compared to employed
women (5.2 against 1.3 percent), women with educa-
tional level of diploma and higher compared to under
diploma (7.5 against 3.0 percent), women with famil-
ial marriage compared to non-familial marriage (4.8
against 4.2 percent), women in urban area compared to
rural area (4.8 against 3.3 percent) and women with 22-
24 year-old age at first marriage compared to the other

ages (8.6 against 3.8, 1.0 and 2.3 percent) were more
intended to be childless.

According to the results of these Tables, except job
status and marriage type, the other predictors had sig-
nificant effects on CEB (p-value<0.01), while birth co-
hort and age at first marriage were just two significant
factors on INC (p-value<0.01).

We fitted CART algorithm by Gini splitting rule with
estimated and equal prior probabilities for both CEB
and INC by applying Statistic a software version 7. Ac-
cording to the accuracy of the fitted classification trees,
we chose models in Figures (1) and (2). Figure (1)
presents the most accurate classification tree of CEB
based on predicted variables of age at first marriage,
marriage type, educational level, job status, birth place,
and birth cohort. Figure (2) indicates the same results
for INC. CART algorithm entered all of the predicted
variables in these classification trees as nodes except
birth place in Figure (1) (model 1) and marriage type
in Figure (2) (model 2). Birth cohort has been placed in
the root of the classification trees as the most influen-
tial variable on classifying CEB and INC.

Table (3) presents the misclassification matrix of
models (1) and (2) which indicates the accuracy of
two classification models.
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Table 3. Misclassification Matrix for Classification Models (1) and (2)

Model (1) Model (2)
Observed Category
Predicted Category Total Predicted Category Total
0 1 2 3 0 1 2 3

0 Numbers 18 12 11 5 46 0 0 17 1 18
Total Percentage 4.44 2.96 2.42 1.23 11.36 0 0 4.20 0.25 4.44

Numbers 12 49 1 24 86 0 0 41 4 45
! Total Percentage 2.96 12.10 5.93 0.25 21.23 0 0 10.12 0.99 11.11
Numbers 6 7 143 27 183 0 0 272 13 285
2 Total percentage 1.48 1.73 35.31 6.67 45.19 0 0 67.16 3.21 70.37

Numbers 0 0 35 55 90 0 0 41 16 57
’ Total Percentage 0 0 8.64 13.55 22.22 0 0 10.12 3.95 14.07
Total 36 68 213 88 405 0 0 371 34 405

Total Percentage 8.89 16.79 52.59 21.73 100 0 0 91.60 8.40 100

The shaded cells in Table (3) signify correct classi-
fication or accuracy of the classification trees on Fig-
ures (1) and (2). The accuracy of the classification

trees for these two models can be calculated by Eq.
(2) and Eq. (3).

184494143455

Accuracypodel (1) = BT 0.65 (2)
0+0+272+16

Accuracyedel (2 = T 0.71 3)

Classification accuracies of models (1) and (2) were
equal to 0.65 and 0.71 that meant CEB and INC of
65 and 71 percentages of women had been classified
correctly (This value indicated that misclassifications
of these two models were equal to 35 and 29 percent).
Moreover, validity of classification models proposed
by classification trees in Figures (1) and (2) was also
confirmed by almost equal values of risk and standard
error of classification trees for model (1) (risk val-
ues of 0.363 and 0.339 and standard errors of 0.024
and 0.025 for learning set and k-fold cross validity
of training set, respectively) and model (2) (risk val-
ues of 0.289 and 0.289 and standard errors of 0.023
and 0.024 for learning set and k-fold cross validity
of training set, respectively) which are calculated on
training and learning data.

To fit CART algorithm to data sets, data were divided
to two different groups of training and learning data
and the model fits to these two groups. When the risk
of these two data groups is close to each other, it con-
firms the validity of the fitted model [14, 26].

We can extract rules (1) to (5) from the classification
tree of CEB in Figure (1):

1. CEB of women in the first birth cohort (1960s) whose
age at first marriage was 19.5 years old and less was 3 and
more though CEB of those women in this cohort whose
age at first marriage was higher than 19.5 years old was 2.
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2. CEB of women in the second birth cohort (1970s)
whose age at first marriage was 15.5 years old and less
was 3 and more. Educational level for women in this
cohort whose age at first marriage was higher than 15.5
years old didn’t play any specific rules in classifying
CEB. Their CEB were 2 either they were under diploma
or diploma and higher.

3. CEB of unemployed and employed women in the
third birth cohort (1980s) whose age at first marriage was
higher than 24.5 years old was 1.

4. CEB of employed women in the third birth cohort
(1980s) whose age at first marriage was 24.5 years old
and less was 2.

5. CEB of unemployed women in the third birth cohort
(1980s) whose age at first marriage was 24.5 years old
and less according to their marriage type was different.
Those women with familial marriage were childless
while CEB of those women with non-familial marriage
was 1.

We can also extract rules (6) to (8) from the classification
tree of INC in Figure (2):

6. INC of employed women in the first birth cohort
(1960s) was 3 and more without effects of any other pre-
dictors. INC of unemployed women in this cohort regard-
less of educational level was 2.
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(1970s and 1980s) whose birth place were rural area
and their age at first marriage were 21.5 years old and
less was 3 and more while INC of these women whose
age at first marriage was higher than 21.5 years old

7. INC of women in the second and third birth cohorts
(1970s and 1980s) whose birth place were urban area
was 2.

8. INC of women in the second and third birth cohorts  was

o
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Figure 1. Classification Tree of CEB by Gini Splitting Rule and Estimated Prior Probabilities (Model 1)
Birth Cohort: 1960s=1, 1970s=2, 1980s=3; Job Status: Employed=1, Unemployed=2; Educational Level: Less than Diploma=1,
Diploma and Higher=2; Marriage Type: Non-Familial=0, Familial=1; Birth Place: Urban=1, Rural=2.
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Figure 2. Classification Tree of INC by GiniSplitting Rule and Estimated Prior Probabilities (Model2)
Birth Cohort: 1960s=1, 1970s=2, 1980s=3; Job Status: Employed=1, Unemployed=2; Educational Level: Less than Diploma=1,
Diploma and Higher=2; Marriage Type: Non-Familial=0, Familial=1; Birth Place: Urban=1, Rural=2.
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Discussion

We considered Children Ever Born (CEB) and Ideal

Number of Children (INC) in survey of “Study Mar-
riage and Fertility Attitudes of Married 15-49 Year-
Old Women in Semnan, Iran; 2012” and classified
them by CART algorithm according to Gini splitting
rule with estimated prior probabilities. We summa-
rized the extracted results of CEB and INC classifica-
tion trees as follows:

1. In CEB classification tree, the CART model had a
specific classification for women in the first and second
birth cohorts (1960s and 1970s) and another classifica-
tion for women in the third birth cohort (1980s) which
means similar behaviors by women in the first and
second birth cohorts Than can be due to this fact that
women in these two birth cohorts had finished or were
in the last years of their reproductive life span and had
delivered the number of children they wanted. In many
studies, the same results were reported [7,8,10,27].

2. While in INC classification tree, women in the second
and third birth cohorts had similar behaviors, the model
had a specific classification for women in the second and
third birth cohorts (1970s and 1980s) and another classi-
fication for women in the first birth cohort (1960s).

3. Job status had an important role in CEB and INC
classification trees. In the third birth cohort, employed
compared to unemployed women had more CEB.INC
of employed compared to unemployed women in the
first birth cohort was higher. Considering the results of
Tables (1) and (2), we can conclude that job status does
not have significant effect on CEB and INC. Therefore,
if appropriate model is not selected for analyzing data,
confusing results will be concluded. Effect of women’s
job status on CEB was also reported in surveys such as
[7] and [11].

4. Age at first marriage had also key role in CEB and
INC classification trees. INC of rural women in the sec-
ond and third birth cohorts whose age at first marriage
was 21.5 and less and CEB of employed women in the
third birth cohort whose age at first marriage was 24.5
and less were more than women with higher ages at first
marriage. Thus, it can be concluded that desired number
of children can be achieved by preparing the condition
for on time marriage. This result is similar to results of
other studies [28]. Abbasi-Shavazi and Asgari-Nadu-
shan mentioned that women who married in the higher
ages compared to the others had less CEB and INC [28].

5. Marriage type did not have any significant effect
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on CEB according to the results of Table (1), while it
could affect CEB of unemployed women in the third
birth cohort (Figure 2).

6. INC of women in the second and third birth cohorts
was 2 children regardless of any influential factors. So,
we concluded that if the socio-economic condition for
women in third birth cohort changes according to their
needs, these women will have at least 2 children. This re-
sult has also been confirmed by other researches [28-30].

7. INC of women in different birth cohorts was 2 chil-
dren so to make this comes true, some policies such as
preparing the facility for decreasing marriage age and
casier child bearing should be considered.

Conclusion

Classification and regression trees (CART) are useful
in generating binary classification trees by splitting the
subsets of the dataset using all predictor variables to cre-
ate two child nodes repeatedly beginning with the entire
dataset. The goal of CART is to produce subsets of the
data that are as homogeneous as possible with respect to
the target variable. Continuous, binary, and categorical
variables can be used as response variables in CART.

Comparing extracted classification trees for CEB and
INC showed that birth cohort, job status, and age at
first marriage had effect on both CEB and INC, and
birth cohort was the most important variable to classify
CEB and INC. Marriage type only affected CEB and
educational but not CEB and INC. As a result, policy
makers are recommended to consider these variables
in their program.

Ethical Considerations
Compliance with ethical guidelines

This article was extracted from two surveys under the
title of “Mining Demographic Data by Decision Tree”
in 2014 with registered number of 20/15283 and “A
Survey on Marriage and Fertility Behavior in Semnan
Province” in 2014withregistered number of 21/9924
and it was supported by National Population Studies &
Comprehensive Management Institute, Tehran, Iran.

Funding
This research did not receive any specific grant from-

funding agencies in the public, commercial, or not-for-
profit sectors.

Saadati M, Bagheri A, Razeghi Nasrabad HB. Classification Tree of parity and Fertility Preferences. JRH. 2019; 9(7):598-605.




Supplement: Community Health. Volume 9. Number 7

Authors’ contributions

Study design: Mahsa Saadati, Arezoo Bagheri;
Data collection and analysis: Mahsa Saadati, Arezoo
Bagheri, Hajiieh Bibi Razeghi Nasrabad; Manuscript
preparation: Mahsa Saadati, Arezoo Bagheri.

Conflict of interest

The authors declared no conflict of interest.

Reference

[1] Abbasi-Shavazi MJ, McDonald P, Hosseini-Chavoshi M. The
fertility transition in Iran: Revolution and reproduction. Nether-
lands:Springer; 2009.

[2] Salehi-Isfahani D, Abbasi-Shavazi MJ, Hosseini-Chavoshi M.
Family planning and fertility decline in rural Iran: the impact of rural
health clinics. Health Econ2010; 19(S1): 159-80.

[3] Torabi F. Marriage postponement and fertility decline in Iran.
[dissertation]. University of London: London School of Hygiene and
Tropical Medicine; 2012.

[4] Abbasi-Shavazi MJ, Torabi F. Women'’s education and fertility in
Islamic countries. In: Groth H, Sousa-Poza A, eds. Population dynam-
ics in Muslim countries. Berlin Heidelberg: Springer; 2012. pp: 43-62.

[5] Westoff CF. Desired number of children: 2000-2008, DHS Com-
parative Reports. USA: United States Agency for International De-
velopment (USAID); 2010.

[6] Cleland JG. Trends in human fertility. In: Heggenhougen HK, ed.
International Encyclopedia of public health. Oxford: Academic press;
2008. pp: 364-71.

[7] Abedin S, Rahman JAMS. On the dynamics of high-risk fertility
in Bangladesh. IntJ] Hum Sci2012; 9(2): 1371-8.

[8] Dey S, Goswami S. Fertility pattern and its correlates in north-
east India. J Hum Ecol2009; 26(2): 145-52.

[9] Kamal A, Pervaiz MK. Factors affecting the family size in Pa-
kistan: Clog-log regression model analysis. J Statistics2011; 18(1):
29-53.

[10] Razeghi-Nasrabad HB, Saraei H. A cohort analysis of women’s
attitude towards value of children in Semnan province. Women Dev
Poli2015; 12(2) :229-50.

[11] Kannan KS, Nagarajan V. Factor and multiple regression anal-
ysis for human fertility in Kanyakumari districts. Anthropol2008;
10(3): 211-4.

[12] Hastie T, Tibshirani R, Friedman J. The elements of statistical
learning: Data mining, inference and prediction. 2nd ed. US: Spring-
er; 2009.

[13] Christopher C. Encyclopedia britannica, data mining, computer

Journal of Reasarch & Health

science. 2009. Available at URL:https://www.britannica.com/tech-
nology/data-mining. Accessed 13 Nov 2016.

[14] Han J, Pei J, Kamber M. Data mining: Concepts and tech-
niques. 3rd ed. USA: Elsevier; 2012.

[15] Olson DL, Delen D. Advanced data mining techniques. Germa-
ny: Springer; 2008.

[16] Linoff GS, Berry MJ. Mining the web: Transforming customer
data into customer value.US: John Wiley & Sonslnc; 2002.

[17] KimH, Loh WY. Classification trees with bivariate linear dis-
criminant node models. J Comput Graph Stat2003; 12(3): 512-30.

[18] de Queiroz MelloFC, do Valle BastosLG, Soares SLM, et al.
Predicting smear negative pulmonary tuberculosis with classification
trees and logistic regression: Across-sectional study. BMC Public
Health2006; 6: 43.

[19] Gams M, Krivec J. Demographic analysis of fertility using data
mining tools. Informatica2008; 32(2): 147-56.

[20] Nanni L, Lumini A, Manna C. A data mining approach for
predicting the pregnancy rate in human assisted reproduction. In:
Brahnam S, Jain LC, eds. Advanced Computational Intelligence Para-
digms in Healthcare5. Berlin Heidelberg: Springer; 2011. pp: 97-111.

[21] Patel RB, Mathur MB, Gould M, et al. Demographic and clini-
cal predictors of mortality from highly pathogenic avian influenza A
(H5N1) virus infection: CART analysis of international cases. PLoS
ONE2014; 9(3): €91630.

[22] Breiman L, Friedman J, Stone CJ, Olshen RA. Classification
and regression trees.USA: Belmont,CRC Press; 1984.

[23] Steinberg D, Colla P, Martin K. CART-classificationand regres-
sion trees: supplementary manual for Windows. USA: San Diego,
Salford Systems; 1998.

[24] Ryder NB. The cohort as a concept in the study of social
change. Am SociolRev1965; 30(6): 843-61.

[25] Van de Kaa DJ. Postmodern fertility preferences: from changing
value orientation to new behavior. Popul Dev Rev2001; 27: 290-331.

[26] SPSS Classification Trees 16.0. 2007. Available at URL:http://
www.uni-muenster.de/imperia/md/content/ziv/service/software/spss/
handbuecher/englisch/spss_classification_trees 16.0.pdf. Accessed
13 Nov 2016.

[27] Freedman R. Family planning programs in the third world. Ann
Am Acad Pol Soc Scil1990; 510: 33-43.

[28] Abbasi-Shavazi MJ, Asgari-Nadushan A. Family changes and
fertility decline in Iran; Case study of Yazd Province. Nameh-Ye
Olum-E Ejtemai2005; 11(3): 35-75.

[29] Razeghi-Nasrabad HB, MirzaiiM. The gap between children ever
born and ideal number of children in selected province of Semnan,
Kohkiloye, Boierahmad and Hormozgan. J Popul Assoc Iran2012;
7(13): 149-76.

[30] Hosseini H, Bagi B. Study offertilitydesires of Kurdishwomen
in City of Mahabad. Women'’s Strategic Studies (Ketabe-Zanan)2013;
15(58): 121-16.

Saadati M, Bagheri A, Razeghi Nasrabad HB. Classification Tree of parity and Fertility Preferences. JRH. 2019; 9(7):598-605.



