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A data analytic approach presented in this work covers both data descriptive and predictive
modeling with two main objectives: (1) discovering factors related to longevity of
populations in the two most populated nations, China and India, and (2) generating life
expectancy predictive models for both countries. Descriptive modeling methods to explore
major environmental and economic factors anticipating to affect longevity patterns of
people are web graph analysis and chi-squared automatic interaction detection (CHAID)
techniques. Web graph analysis has been applied for the ease of visualization and CHAID
is for discovering factors leading to longevity. From the analysis results, particulate
emission including ozone pollution and PM2.5 concentrations are the most important factor
threatening life of populations in both China and India. To predict number of years an
individual is expected to live based on the available environmental and economic factors,
several statistical and machine learning techniques are applied and it turns out that a linear

regression model yields the most accurate prediction result.

1. Introduction

Longevity, education and income are the three main indicators
that the United Nations Development Program (UNDP) has
adopted for computing the human development index (HDI) to
assess development level of each country [1]. The HDI captures
three main essential aspects: a long and healthy life, an ability to
have sufficient knowledge, and a decent standard of living. The
health aspect is measured from life expectancy at birth, which is
number of years a new-born baby is expected to live, averaging
from the cohort. The knowledge aspect is measured from years of
schooling. The standard of living aspect is measured from the gross
national income per capita. The HDI is the geometric mean of all
three aspects that have gone through the normalized process. This
paper focuses on the longevity indicator through the life
expectancy at birth measure, as it is considered [2], [3] a reflect for
the good health of population.

The analysis of longevity trends within and across nations is of
interest among many groups of researchers [4]-[7]. The number of
years an individual is expected to live is also important to actuaries
for making an optimal and economical insurance and pension plans
[8]-[10]. Both positive and negative factors affecting longevity
have been investigated by several researchers. For instance,
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Chinese researchers had explored the factors relating to energy
consumption in daily life of Chinese people through the use of coal
and electricity [11], [12]. The results are that coal usage relates to
shorten life, whereas domestic electricity usage shows positive
correlation to longevity. However, the choice of energy sources
depends on the household income. Such economic and socio-
economic factors had been proven by many researchers [13], [ 14],
[15] that they can affect the long-life of population.

Exposure to polluted environment is also another important
factor studied by various researchers [16], [17] to assess its impact
against longevity. Environment factors reported to have negative
impact toward shorten longevity includes carbon dioxide (CO2)
emission [18], [19], particulate matter (PM10) and sulfur dioxide
(SO2) concentrations [20], [21]. A poor climate condition also
shows negative impact toward longevity of population [22], [23].

From the literature review, it can be noticed that most
researchers study longevity by building a predictive model to
forecast number of years the populations are expected to live using
various methods including regression [24], autoregressive
integrated moving average [25]-[27], and neural network
algorithms [28], [29]. Some researchers [30] apply an ensemble
method to make forecasting through a number of models and use
the averaging scheme to predict the years of living.
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In this work, we make our contribution to the demography as
well as the environmental fields of research by proposing a
different longevity analysis approach in which both numeric and
categorical modeling are applied, instead of the sole numeric
computation. Our data analytic method generates descriptive
model through categorical computation to reveal life-threatening
factors and also produces predictive model to make a numeric
prediction toward number of years an individual is expected to live
based on the available economic and environmental factors. The
data source and our analysis methodology are explained in Section
2. Results from the data analytic approach are presented in Section
3. Performance evaluation of the predictive models is shown in
Section 4. The conclusion is in Section 5.

2. Materials and Methods

The main purpose of our research is to present descriptive and
predictive modeling methods to automatically discover major
factors influencing good health of people living in the highly
populated countries. We choose China and India to be our case
study because the two countries are the most populated ones in the
world (China = 1.43 billion, India = 1.36 billion [31]) and the
trends of human development index (HDI) of the two countries are
almost similar. The geographic location of China and India and the
trend in HDI improvement from the years 1990 to 2018 are shown
in Figures 1 and 2, respectively.

We focus the HDI analysis along the dimension of long and
healthy life through the discovery of major factors affecting life
expectancy at birth among populations in China and India. The life
expectancy at birth together with other 16 economic and
environmental indicators expecting to play some role on lifespan
during 1960-2017 have been accessed from the World Bank
database [32]. The summary of all attributes is listed in Table 1.

Figure 1: Location of China (above -- in orange) and India (below -- in grey)
(image source: https://data.worldbank.org/country/)

e HD|-India  e==lll== HDI-China

Figure 2: HDI improvement of China and India from the years 1990 to 2018
(data source: http://hdr.undp.org/en/data)
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Table 1: Selected attributes for life threatening analysis

Attribute Description Unit
National Net national income per capita annual %
income growth
Education_ Education expenditure -- excluding % of GNI
expense investments in buildings and

equipment
Forest Net forest depletion -- if growth % of GNI
depletion exceeds harvest, this figure is zero
Particulate_ | Particulate emission damage -- % of GNI
emis calculated as foregone labor income

due to premature death due to exposure

to ozone pollution and indoor

concentrations of PM2 s in households

cooking with solid fuels
Agri_met Agricultural methane emissions -- % of total
emis from animals, animal waste, rice

production, agricultural waste burning
co2_ CO:z emissions -- carbon dioxide metric
emission produced during consumption of solid, | tons per

liquid, and gas fuels and gas flaring capita
Electric_ Electric power consumption kWh per
power capita
Energy use Energy use kg of oil

equivalent
per capita

Exports Exports of goods and services % of GDP
Forest_area | Forest area -- excluding tree stands in % of land

agricultural production systems and area

trees in parks and gardens
GDP growth | GDP growth annual %
GNI GNI per capita growth annual %
High- High-technology exports -- products % of
tech_exports | with high R&D intensity, such as in manufactu

aerospace, computers, red

pharmaceuticals, scientific exports

instruments, and electrical machinery
Imports Imports of goods and services % of GDP
Industry Industry, value added -- industries % of GDP

correspond to ISIC divisions 10-45 and

15-37
Manufacturi | Manufacturing, value added -- % of GDP
ng industries belonging to ISIC divisions

15-37
Life Life expectancy at birth -- the number | years

of years a newborn infant would live if

patterns of mortality at the time of its

birth were the same throughout its life

Among all 17 numeric data attributes, life expectancy at birth
is the target of our analysis. The main steps in the data-driven
analytical approach are illustrated in Figure 3.

The first step is data extraction including the selection of data
attributes from the World Bank database and the data preparation
to be in a suitable format for further analysis steps. The next step
is data exploration, which is the analysis of correlation among data
attributes. The third step is the discovery of factors threatening life
of population in China and India. This step needs the
transformation from numeric to be categorical through the binning
approach. The descriptive model to reveal important factors
affecting lifespan is derived by the algorithm chi-squared
automatic interaction detection, or CHAID [33]. This algorithm
has been adopted because its model represented as a tree structure
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has many advantages such as efficiency, interpretability and
successful adoption to solve a wide range of problems [34],[35].
To visualize factor association, we adopt the web graph method.

Data Extraction
World
Bank l

Data Exploration
(with Pearson correlations)

|
|

Discovery of Life Threatening Factors

» Binning numeric data

Creating descriptive model with CHAID algorithm
Evaluating model with a hold-out test set
Visualizing factor association with web graph

vV v

Y

v
Predictive Model Generation

* Applying 8 predictive algorithms

*  Selecting the best 5 models

+ Evaluating models with a hold-out
test set

+ Keeping the most accurate model

Report Results

i 5

Figure 3: The main steps for data-driven analytical approach

The fourth and also the last step of our analytical method is the
predictive model generation. We adopt 8 algorithms in this
modeling step including regression, generalized linear model
(GLM), k-nearest neighbors (kNN), support vector machine
(SVM), classification and regression tree (CART), chi-squared
automatic interaction detection (CHAID), artificial neural network
(ANN), and linear.

The obtained models are evaluated for their performances
observed during the training process. The best 5 models are then
selected for further testing with the hold-out method in which the
separated test dataset has been applied. In the training and testing
steps, the total 48 records of data during the years 1960-2017 had
been split as two separate subsets: training and testing. The training
dataset comprises of 45 records, whereas the testing dataset
contains 13 records.

After evaluating prediction performance of the best 5 models
using the same set of test data, the most accurate model is kept as
the final model. This model is to be used for forecasting the
number of years an individual is expected to live. It is worth noting
that forecasting model for one country may be different from
another because the modeling is a data driven approach such that
different set of training data may yield different modeling result,
even though set of data attributes is the same.
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3. Analytical Results

According to the design of our data analytical approach, there
are three main steps of data analysis: data exploration, descriptive
model creation, and predictive model generation. We thus present
the results from these three main steps sequentially in the following
three subsections.

3.1. Data Exploration Results

The results of Pearson correlation analysis is shown in Table 2.
It can be noticed similarity between the two countries that source
of energy and amount of energy usage have strong positive
influence toward longevity. The values in terms of import, export
and industry are also among the top-5 positive factors associating
with longevity.

In case of correlation analysis to reveal negative factors to
lifespan of population, we can notice that particulate emission is
among the top-five factors associating to life shortening in both
China and India. However, other factors such as forest depletion,
forest area, the export of high-technology product, the expense in
education and the national income per capita are also appeared as
having negative influence toward longer life of population in the
two countries. These results are preliminary data exploration. The
next step is the in-depth analysis discovering only prominent
factors relating to longevity of population.

Table 2: Pearson correlation between life expectancy at birth and economic and
environmental factors

Top-5 Positive Factors Top-5 Negative Factors
(correlation) (correlation)

China | Energy use (0.856) Forest_depletion (-0.862)
Electric_power (0.837) Education_expense (-0.862)
Imports (0.800) Particulate_emis (-0.709)
Exports (0.767) High-tech exports (-0.689)
Industry (0.734) Forest_area (-0.672)

India | Electric_power (0.954) High-tech exports (-0.853)
Energy use (0.940) Particulate_emis (-0.848)
Industry (0.902) Forest_area (-0.798)
Exports (0.875) National income (-0.739)
Imports (0.838) Forest_depletion (-0.717)

3.2. Descriptive Modeling Results

Descriptive analytics refer to the process of applying statistical
and other intelligent techniques to provide insight into the
historical data to gain some understanding about the important
factors, hidden patterns or concealed behavior. To understand
characteristics of longevity pattern, we apply CHAID algorithm to
reveal prominent factors affecting lifespan and display it as a tree
structure as shown in Figure 4 (root of a tree is on the left hand
side). It can be seen from the patterns that particulate emission
damage is the most important environmental factor shortening
lifespan of populations in both China and India.

A web graph to display association between economic and
environmental factors and life expectancy at birth for each
population group is also shown in Figure 5. The thickness of line
linking each node in a graph represents strength of association. The
thicker is the stronger. The web graph also shows the strong
association between a short lifespan and a high level of particulate
emission damage for both Chinese and Indian populations.
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China

Particulate_emis in [0.27-0.34] => Lifespan in [74.29-76.41]
Particulate_emis in [0.35-0.75] => Lifespan in [69.93-74.28]
Particulate_emis > 0.75 => Lifespan in [67.61-69.92]
Particulate_emis is unknown
Exports in [2.49-8.32] => Lifespan in [59.08-67.60]
Exports in [8.33-17.91] => Lifespan in [67.61-69.92]
Exports in [17.92-36.03] => Lifespan in [59.08-67.60]

(Accuracy on test data = 100%)

India
Particulate_emis in [0.78-1.02] => Lifespan in [64.96-68.80]
Particulate_emis in [1.03-2.21] => Lifespan in [59.92-64.95]
Particulate_emis in >2.22  => Lifespan in [54.71-59.91]
Particulate _emis is unknown
Industry in [21.41-26.16] => Lifespan in [47.72-54.70]
Industry in [26.17-27.84] => Lifespan in [54.71-59.91]
Industry in [27.85-31.13] => Lifespan in [47.72-54.70]

(Accuracy on test data = 84.62%)

Figure 4: Factors affecting lifespan of populations in China and India discovered
by the CHAID algorithm

China

Life expectancy at birth (LE)

Particulate emission damage (PE)

Exports (EX)
LE: 1=[59.08-67.60], 2=[67.61-69.92],
3=[69.93-74.28], 4=[74.29-76.41]
PE: 1=[0.27-0.34], 2=[0.35-0.75],
3=>0.75, 4 = unknown
EX: 1=[2.49-8.32], 2=[8.33-17.91],

3=[17.92-23.58], 4=[23.59-36.03]
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India

3

Ny

Life expectancy at birth (LE)

Particulate emission damage (PE)

Industry (IN)
LE: 1=[47.72-54.70], 2=[54.71-59.91],
3=[59.92-64.95], 4=[64.96-68.80]
PE: 1=[0.78-1.02], 2=[1.03-2.21],
3=>222, 4 = unknown
IN: 1=[21.41-26.16], 2=[26.17-26.72],

3=[26.73-27.84], 4

[27.85-31.13]

Figure 5: Factors contributing to longevity of populations displayed as a web
graph

3.3. Predictive Modeling Results

Predictive modeling is the data analytical approach to generate
a model with the main aim of using that model to forecast future
event. We apply both statistical and machine learning methods to
build a predictive model from the training dataset. From the model
performance comparison, linear regression is a method yielding
the most accurate result for both China and India cases. The linear
regression models to predict lifespan of population in each country
are presented in Figure 6. It can be noticed that education expense
is among the first two factors appeared in the models and it shows
positive influence toward long life of population in both countries.

China: Life expectancy at birth

= Education_expense * 6.195 +
Agri_methane_emission * 0.00005864 +
CO2_emission * -4.16 +
Electric_power_consumption * -0.008426 +
Energy use * 0.03816 +
Exports * -0.07075 +
Forest_area * 0.0001171 +
GDP_growth * 0.01842 +
GNI * -0.00001071 +
Hi-tech-exports * -0.0002215 +
Imports * 0.3694 +
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Industry * -0.2848 +
Manufacturing * 0.000447 + 48.7

India: Life expectancy at birth

= National income * -0.02832 +
Education_expense * 2.28 +
Forest_depletion * -0.02815 +
Agri_methane_emission * -0.000006419 +
CO2_emission * 8.185 +
Electric_ power consumption * 0.02312 +
Energy use * -0.04361 +
Exports * 0.2372 +
Forest area * 0.00003288 +
GDP_growth * -0.2307 +
GNI * 0.3371 +
Hi-tech-exports * 0.00004354 +
Imports * -0.1426 +
Industry * 0.7558 +
Manufacturing * -0.173 + 35.8

Figure 6: Factors contributing to longevity of populations in China and India
4. Model Evaluation

We test performance of descriptive and predictive models with
a separate set of test data. The descriptive model derived by
CHAID algorithm to reveal longevity pattern of population in
China with 100% of accuracy, whilst the accuracy of CHAID
model drops to 84.62% when the algorithm tries to fit model with
data from Indian training cases. The decrease in accuracy may
occur from the low level of homogeneity in the training data.

To build a predictive model, we apply eight algorithms and
then select the best five models to test performance on a hold-out
dataset. The evaluation results for the case of China population are
illustrated in Table 3, whereas the results of India population
modeling assessment are shown in Table 4. The best predictive
model from both population groups with the least mean absolute
error is the one derived from the linear regression algorithm.

Table 3: Predictive model evaluation results for China

Algorithm | Correlation | Number of Mean
Factors Absolute Error

Regression 0.977 13 0.602

CHAID 0.972 7 0.769

CART 0.971 12 0.916

GLM 0.874 16 1.597

SVM 1.0 16 3.212
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Table 4: Predictive model evaluation results for India

Algorithm | Correlation | Number of Mean
Factors Absolute Error

Regression 0.996 15 0.544

CHAID 0.996 16 0.562

CART 0.988 7 1.071

GLM 0.926 16 1.507

SVM 0.895 15 1.888

5. Conclusion

We present data analytical approach to create descriptive and
predictive model with the two main aims: to discover threatening
factors that may shorten lifespan and to predict the number of years
on average an individual is expected to live based on the economic
and environmental variables. The analytical approach is data
driven in the sense that model is to be generated from the training
data. Therefore, using different datasets can result in obtaining
different models, even though the same data variables and the same
learning algorithm have been applied.

To derive a descriptive model, we adopt the CHAID algorithm.
The training data are World development indicators accessed from
the World Bank database with two specific countries, China and
India, and the target of analysis is life expectancy at birth which is
one aspect that the UNDP applied for computing the human
development index of a country. The models of China and India
show one common finding that particulate emission damage due
to the exposure to ambient ozone pollution and PM2.5 is the most
important factor affecting shorter longevity. We also apply several
learning algorithms to derive predictive models to forecast number
of years an individual is expected to live based on the available
economic and environment factors. The most accurate predictive
model is the one built from the linear regression method.
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