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Abstract
National-level Subjective well-being (SWB) is known to be associated with six traditional factors, that is, GDP per capita, social support,
healthy life expectancy, social freedom, generosity, and absence of corruption, but debates persist about the variability of these six factors. Whether the predicting in SWB is based only on these six factors or not? Are there any country-specific factors? Thus, we examined
these two questions with the data sets from World Happiness Report and OECD database for U.S.. By control-ling the other factors except only one, we employed Support Vector Machine (SVM) to identify the weight of each factor without worrying about the limitations
caused by the small size of the sample in years. We found that another three factors (protein con-sumption, fruit consumption and physician ratio among all employee) in addition to the six traditional factors can also affect na-tional-level SWB in U.S.; Moreover, the power
of SVW in prediction is as high as 95.08%, which is much greater than that present-ed by the linear regression models (74.3%).
Keywords: Use about five key words or phrases in alphabetical order, Separated by Semicolon.

1. Introduction
Well-being (SWB) is an important issue in the United Nations
Millennium Project[1]. Multiple factors affecting SWB have been
continuously figured out since the 1970s. The happiness reports
released by the Gallop World Company recommended the life
ladder as a 0-10 scale questionnaire for the measurement of SWB
[2]. The reports provided the policy makers with valuable reference in every country in the world. However, even these reports
possessed high reliability and validity as the Gallop World Company claimed, the researchers had no consensus on the quantifying
methods of the national-level SWB, and the arguments on the
effective factors related to SWB have never been stopped. Thanks
to the characteristics of SWB, just as its name suggested, SWB is
subjective, dynamic, and might be affected by many possible factors. Thus, predicting the national-level SWB becomes one of the
most difficult issues in the United Nations Millennium Project.

2. Literature review
The prediction for national-level SWB was first studied more than
20 years ago by Ed Diener in 1995 [3]. Diener first carried out an
investigation on SWB in terms of several factors affecting national-level SWB like income growth, social comparison, equality,
independence-interdependence, and cultural homogeneity over
more than 55 countries. In 2000, Diener proposed to build a happiness index to quantify the national-level SWB specifically for
U.S..[4]. Because the cultural and societal factors might lead to
international differences, the methods to explore SWB were specified into two types in 2003, that is, the personal-level and national
level data-based [5]. In 2012, Diener et al. re-claimed the nationallevel SWB based on the assumption that worldwide predictors for

SWB such as social support and fulfillment of basic needs had
been uncovered, and there might be large differences in SWB
among different societies [6]. In the same year, the Organization
of Economic Cooperation and Development (OECD) issued the
guidelines for implementing national measures of SWB [7], which
could combine the SWB at both the personal-level and nationallevel.
Of course, multiple factors besides those six mentioned above
have been continuously examined. A negative effect of urban air
pollution (in terms of nitrogen, sulphur, particulates) on SWB was
identified by Welsch (2002) with a cross-sectional data from 54
countries [8]. Welsch also found in 2006 that a considerable monetary value was associated with improvements in air quality in
Europe between 1990 and 1997 ($750 per capita per year for nitrogen dioxide and $1400 per capita per year for lead, on average)
[9]. In addition to air pollution and monetary values, Costanzaa et
al. (2007) disclosed that food structure, shelter or leisure were
SWB related [10]; Clark and Oswald (1994, 1997) claimed that
subject unemployment rate was higher than loss of income for
predicting SWB at national level [11,12]; Lang et al. (2007) found
that moderate alcohol consumption was more associated with
better cognition than abstinence in older people [13]; McCann
(2010) held that well-being and smoking prevalence were negatively interacted [14].
However, the previous studies reviewed had some gaps: (1) The
correlation of SWB between specific countries were so diverse,
for the correlation was mainly established on the means of the
samples in these countries. But for the data specific to a certain
country, the sample size was limited with the linear regression
models not passing the Pearson correlation test. (2) Most of the
models for predicting SWB were based on multiple linear regression (MLR). These models have different numbers of input variables, which would produce a much wider range of accuracy and
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precision; (3) Obvious factors that might affect SWB have not
been taken into consideration within one systematic framework,
e.g. food, air pollution, working time. To fill in these gaps, we
would apply Support Vector Machine (SVM), one of the machine
learning methods, which requires no perquisite test for the samples
size, to improve the accuracy of the data sets for prediction.

3. Methods
The traditional way for predicting national-level SWB was done
first by a survey among multiple nations around the world, and
then by the analysis of the correlated factors based on the world
averages with linear regression models, and finally by adding up
all the products of the corresponding difference and explanation
power.
The basis of linear regression models is the least-squares problem,
which is an optimization problem with no constraints (i.e., m = 0)
and an objective which is a sum of squares of terms of the form
:

Minimize

(1)

The least-squares problem may be limited by the sample size because the solution of a least-squares problem can be reduced to
solving a set of linear equations,
, sometimes there
will be no solutions for
when we have more features than the number of years involved.
Besides the problems mentioned above, we might encounter the
following limitations in applying the traditional way for predicting
the national-level SWB: (1) some related factors might be ignored.
For example, in the happiness reports released by Gallop World
Company, only 6 factors could explain a national-level SWB,
which were far away from referring to all the factors involved [15].
As reported by Costanza et al. [10] and Cummins [16], the environment, air quality and the medical level might also increase the
national-level SWB. Thus, a few researchers insisted that some
kinds of factors would surely be ignored by the others. (2) If one
factor was considered to be linearly correlated with the others, e.g.
national-level SWB was correlated with GDP in one country,
when you took another factor like social support into consideration in this country, the relationship between these factors might
become non-linear; and (3) The time period recorded for the SWB
of a specific nation was generally relatively short (about 10 years)
and needed the help of world average level to ensure their correlations. The country-specification would be weakened in such a
process. Therefore, in order to solve these limitations, this paper
would employ a non-linear regression model with the SVM.
The SVM was a model proposed by Vapnik [17] and was processed based on statistical learning theory which seemed a promising approach to modelling multivariate data. The SVM is actually
a learning system that uses a hypothesis space of linear functions
in a high-dimensional feature space, trained with a learning algorithm from the optimization theory [18]. Unlike the traditional
linear regression models that try to minimize the errors in the
training data, the SVM attempts to minimize the upper bound on
the generalization errors based on the principle of structural risk
minimization [19], which has been found, in several cases, superior to the traditional linear regression models. The core formula of
the SVM is as follows:

(2)
where f(x) is the sum of kernel functions k(·,·).
The SVM only examines the linear relationship between f(x) and
kernel function. There is no collinear requirement for the samples
inside the kennel functions. This advantage of the SVM would
permit us to include more features than the actually observed be-

cause the kennel functions could map the data into an arbitrary
dimension without any prerequisite tests for the multicollinearity.
Also, the SVM is trying to solve the problems with ‘support vectors’[20], not all the data, which is suitable for those data sets with
a small sample size (less than 30).
This paper, in a nutshell, would mainly focus on the six traditional
key factors appeared in the World Happiness Report, 2018 [15].
These factors are GDP per capita, social support, healthy life expectancy, social freedom, generosity, and absence of corruption.
Additionally, some apparently uncorrelated factors would be added to expand the width of the data sets: environmental pollution,
medical level, food structure, and working hours from OECD
database. With these factors included, we could first see which
variable would make the biggest contribution to SWB, and then
compare the power of the SVM in predicting with that of the traditional linear regression methods. To be specific, two experiments
would be carried out in this paper.

3.1. Experiment 1
We would replicate the analysis of the linear regression methods
according to World Happiness Report, 2018, by defining the predicted changes in happiness based on the six traditional factors:
Step 1. To take periodical averages (2006-14 and 2015-17,
respectively) of the six factors from the data sets;
Step 2. To explore the differences between the two periods for
each specific factor;
Step 3. To multiply the differences with corresponding coefficients for a target factor;
Step 4. To take the summation of the products from the previous steps. The resulted summation was the predicted change in
a ladder due to changes in the six factors. According to the
introduction of World Happiness Report, 2018, the data were
obtained by the means correlation of 137 nations. In addition,
we calculated the results of the US with the trained SVM model for the happiness by adding the width of data sets with environmental factors. By so doing, we could cut down the sample
size and examine the uncorrelated factors of SWB at the same
time. To make a comparison with the US., we employed the
results of UK.

3.2. Experiment 2
There were six steps involved in this experiment:
Step 1: to gain the trained SVM on training samples with the
true values for the 30 factors (from 2006-2014) as the input,
with the life-ladder point (measurement for SWB) for U.S.
(from 2015-2016) as the output;
Step 2: to change the first factor (percentage of population
exposed to more than 10 micro-grams/m3) by adding the
standardised values (the minimum and maximum values between 0 and 100) by 10, while the values of the other 29 factors were kept unchanged. Then, we got the new simulated data
sets for the first factor;
Step 3: to put the new simulated data set into the SVM to get
the predicted life ladder points;
Step 4: to subtract the simulated predicted life-ladder points by
the absolute values of the true life-ladder points as its corresponding identified weight;
Step 5: to repeat the above-mentioned steps for the other 29
factors;
Step 6: to draw the weight plot for all the 30 factors of each
country investigated. All paragraphs must be justified alignment. With justified alignment, both sides of the paragraph are
straight.
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chine learning methods in the studies of human behaviours, and to
the governmental authorities in making corresponding policies.

4. Results
First, we compared the predicted values of SWB offered by the
SVM (as shown in Figure 1), the y-axis indicates the life ladder
values. We can see that the predicted values by the SVM are much
closer to the true values than those offered by the linear regression
models.
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Fig. 1: Predicted values and the true values

Actually, according to World Happiness Report, 2018, the prediction power of their model was as high as 74.3%, while that of the
SVM was 95.08%. This justified the great superiority of the SVM
to the traditional methods in predicting SWB.
Then, the results obtained were to be tested in a broader view in
Figure 2. By adding the data of UK into the data sets, as indicated
in Figure 2, it could be proved that different countries might have
different effective factors on SWB.

Fig. 2: Weights of different factors

We first chose the top-three of the most weighted factors for each
country tested in addition to the 6 traditional factors, and then did
a Pearson correlation test among these factors. The top-three factors included protein consumption (r = 0.65, P <0.05), fruit consumption (r = 0.63, P <0.05), and physician ratio among all employed (r = 0.63, P <0.05). The results obtained suggested that the
factors selected by the SVM could reveal the linear relationships
between some human-behavior factors with SWB for the country
tested. These factors could not be disclosed by the traditional linear regression models on the whole world level.

5. Conclusions
To our best knowledge, this paper is the first to apply the SVM to
the study of SWB. With the machine learning methods, specifically the SVM, we could make up the factors ignored in World Gallup Reports, that is, besides the six traditional factors on SWB, we
found the other three factors being also effective on SWB: fruit
consumption, physician ration among all employee, and the protein consumption. There are also two contributions of this work
for the studies on SWB: (1) The national-level SWB can be predicted with a higher accuracy by the country-specific data if taking
the differences of each country into consideration; (2) More variables can be added into the model for prediction to simulate the true
situation of the world. Hopefully, the contributions made in this
paper should have practical implications to the application of ma-
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