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Abstract—People’s welfare is a universal goal that is the
main focus of all countries in the world. One of the indicators
used to measure welfare is the Human Development Index
(HDI), which includes education, health and per capita income.
On the other hand, Gross Domestic Product (GDP) is the
main measure of a region’s economic growth. This research
aims to highlight how regional economic dynamics affect
human welfare in the world in 2021 and the data source
was obtained from OQOurWorldInData. This research uses
nonparametric regression with a penalized spline estimator
approach. Penalized Spline analysis shows that the best model
for predicting HDI based on GDP per capita is to use 2 knot
points, namely £1=8000 and k2=50000. This model produces a
Mean Squared Error (MSE) value of 0.0018 and Generalized
Cross Validation (GCV) of 0.0019. In addition, this model has
the ability to explain response variability of R?=91.58%. The
grouping of countries by GDP per capita reveals that economic
improvement impacts human development differently across
income levels. By tailoring strategies to specific income groups,
policymakers can more effectively enhance human development
outcomes, fostering a more equitable and prosperous society.

Index Terms - Gross Domestic Product, Human Development
Index, Penalized Spline Estimator.

[. INTRODUCTION

EOPLE’S welfare is a universal goal and a primary focus

for all countries worldwide. Susanti (2013) in Maryani [1]
notes that the Human Development Index (HDI) is a strategic
indicator widely used to evaluate the overall efforts and
performance of development programs in a region. The HDI is
crucial for assessing success in improving the quality of human
life [2]. It encompasses education, health, and per capita
income. Since 1990, the United Nations Development Program
(UNDP) has used the HDI to evaluate human development
achievements in various countries [3].

According to Alwi et al. [4] the HDI is a means for
communities to access the results of development efforts. One
indicator of a region’s population welfare level is GDP per
capita. According to Hadi Sasana [5] GRDP represents the

D. Amelia, A. A. Zhafira, B. G. C. Ginzel, F. Y. Putra, Y. S. Wibawa
are with the Faculty Science and Technology, Department of Mathematics,
Statistics Study Program, Universitas Airlangga, Surabaya 60115, Indonesia
dita.amelia@fst.unair.ac.id

Manuscript received July 4, 2024; accepted March 12, 2025.

net value of final goods and services produced by various
economic activities in a region within a specific period.

The Central Bureau of Statistics explains that Gross Do-
mestic Product (GDP) essentially includes the added value
of goods and services produced by all business units over
a certain period, or the total value of final goods and ser-
vices produced by all economic sectors. An increase in the
production of goods and services indicates economic growth,
which is reflected in the Gross Domestic Product [6]. Rahardja
and Manurung [7] noted that GDP calculation can provide an
indication of a country’s level of welfare.

The Human Development Index (HDI) and Gross Domestic
Product (GDP) have been shown to be closely correlated in
various studies. For instance, Arifah and Arifin [8] investigated
the impact of Gross Regional Domestic Product (GRDP) on
HDI in Central Java using multiple linear regression and found
a positive relationship between GRDP and HDI. Similarly,
Elistia and Syahzuni [9] assessed the effect of GRDP on HDI
across 10 ASEAN countries with causal analysis, concluding
that GRDP significantly influences HDI. Akbar and Prabowo
[10] utilized the Granger Causality Test to reveal a significant
bidirectional causality between GRDP and HDI in Indonesia.
However, no prior research has explored the effect of GDP
on HDI on a global scale using a penalized spline estimator.
This research makes a significant contribution by exploring the
relationship between GDP and HDI on a global scale through
the application of a more flexible nonparametric approach.
This method allows for more complex patterns between the
variables to be revealed, which might not be captured by tra-
ditional parametric methods. In the context of an increasingly
interconnected global development, it is crucial to understand
how regional economic dynamics affect human well-being
across countries. Such an understanding can help countries
formulate more effective development policies, particularly in
improving the quality of life for their populations. The novelty
of this study lies in the use of a penalized spline estimator,
which provides greater flexibility in modelling the non-linear
relationship between GDP and HDI at the global level. This
approach has not been widely explored in previous literature,
offering a new perspective in the study of economic and human
welfare relationships.

This study fills that gap by examining the global impact of
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GDP on HDI, offering a novel contribution to the understand-
ing of how regional economic dynamics influence human well-
being worldwide. By employing nonparametric regression
with a penalized spline estimator, this study benefits from
increased flexibility in modelling the relationship between
GDP and HDI. Unlike traditional parametric approaches, this
method allows the data to define the shape of the regression
curve, providing a more nuanced analysis of GDP’s influence
on HDI across different countries. The results of this study
have the potential to impact both academic research and
policy-making. In the academic field, it can enhance the
understanding of non-linear relationships between economic
growth and human development, thereby influencing future re-
search methodologies. From a policy perspective, the findings
could guide governments in designing more targeted economic
policies aimed at improving human welfare, particularly in
countries with varying levels of development. This can help
ensure that economic growth translates more effectively into
better living conditions for the population, thereby aligning
economic policies with human development goals.

Using GDP as the primary measure of a region’s economic
growth and HDI as an indicator of human well-being encom-
passing education, health, and per capita income, this study
emphasizes the impact of regional economic dynamics on
human well-being. Previous research has shown that GDP
significantly affects HDI in various regions, including ASEAN
countries. This study aims to examine the effect of GDP on
HDI on a global scale, comparing different countries to pro-
vide a broader understanding of GDP’s influence on HDI levels
worldwide. This study employs nonparametric regression with
a penalized spline estimator approach. Nonparametric regres-
sion is chosen for its advantages over parametric regression,
primarily its higher level of flexibility. This flexibility allows
the data to determine the shape of the regression curve estimate
independently, without being influenced by external factors
from the researcher.

II. LITERATURE REVIEW
A. Gross Domestic Product (GDP)

Gross Domestic Product is the value that a country gives
to its products and services [11]. According to the definition
of Central Bureau of Statistics [12], Gross Domestic Product
(GDP) is calculated as either the total added value of goods
and services produced by all businesses within a specified
period or the aggregate value of final goods and services across
all economic sectors. It serves as a crucial metric for evaluating
the economic well-being and performance of a country [13].
The growth of a country’s GDP is influenced by the presence
of capital sources, either from within or outside the country.
GDP growth in developing countries can be done with foreign
investment, if domestic investment increases [14].

B. Human Development Index (HDI)

The Human Development Index (HDI) summarizes aver-
age achievements in the key dimensions of human devel-
opment: a long and healthy life, broadmindedness, and a
decent standard of living. The United Nations Development

Programme (UNDP) utilizes the HDI to measure a country’s
human development efforts, publishing it in the annual Human
Development Report (HDR). The HDI is a composite index
covering three fundamental areas of human development: (i)
health sector: longevity; (ii) education sector: knowledge; and
(iii) economic sector: decent living standards. The quality of
human resources in a place can be seen from the human
development index [15]. As stated by the UNDP in [16],
the HDI is a benchmark for assessing human progress and
examining the relationship between income and welfare.

C. Nonparametric Regression

Regression analysis is a statistical method used to explore
and understand the relationship between response variables
and predictor variables by identifying functional patterns.
Nonparametric regression, on the other hand, is utilized when
the specific form of the relationship between variables is not
known. Nonparametric regression has the flexibility to find its
own regression curve shape without being influenced by the
subjectivity of the researcher [17]. The general nonparametric
regression model can be expressed using the following equa-
tion;

yi=gx)+&, i=12,....n (1)

Here g(x;) represents the unknown regression function.
function we want to estimate, and is the error term. To
ascertain or predict the form of the regression function
within nonparametric regression models, smoothing methods
are employed. These techniques encompass approaches such
as kernel smoothing, local linear regression, local polynomial
regression, least squares splines, penalized splines, and Fourier
series.

D. Penalized Spline Estimator

The specific smoothing method utilized to determine or
estimate the regression function is referred to as the esti-
mator [18]. In this study, we utilize the penalized spline
estimator, which is a method within nonparametric regression
known for producing smoother results compared to other
estimators. This smoother outcome is achieved through its
incorporation of parameters such as order, knot points, number
of knot points, and a smoothing parameter (A). The penal-
ized spline estimator model form, if given n paired data
{(x1,y1), (x2,2)5 .-+, (xn,ys)} Wwith response variable (y) and
predictor variables (x) follows the regression model as follows
[18] :

yizg(xi)—i-s,-, i=1,2,...,n (2)

Where g(x;) is estimated using a penalized spline estimator.
The penalization helps avoid overfitting by adding a penalty
term that controls the smoothness of the curve.

Given data points {(x1,y1), (x2,¥2),- .., (x4, yn)} » the penal-
ized spline estimator tries to minimize a loss function L , which
balances the residuals between the observed and predicted
values with a penalty term that controls the smoothness [19] :



INTERNATIONAL JOURNAL OF COMPUTING SCIENCE AND APPLIED MATHEMATICS, VOL. 11, NO. 2, DECEMBER 2025 70

L=(y-XB) (y—XB)+AB DB (3)

y : Vector of observed values,

X : Design matrix containing the predictors

B : Vector of coefficients for the spline basis functions

A : The smoothing parameter (also known as the regu-
larization parameter), which controls the trade-off between
the goodness of fit and smoothness. A larger imposes more
penalty, making the curve smoother

D : A diagonal matrix used in the penalty term. This
controls the complexity of the model, typically related to the
spline basis.

To find the optimal estimate for § , the derivate of L is
taken and set to 0 [19] :

dL
B 0 —2X"y+2X 'XB+2ADB =0 (4)
(X'X+AD)B=X"y (5)
The solution for B is:
B=(X"X+AD)"'XTy (6)
Finally, the estimated regression function is:

gx)=XX'X+AD) 'xTy (7)

Performance Metrics: To evaluate the performance of the
penalized spline model, several metrics are calculated [19] :

1) Calculate the Mean Square Error value (MSE(A))
MSE measures the average squared difference between
the observed data points and the predictions made by
the model:

=

MSE(A) = = Y (yi— 8(x))> (8)

1

1
n;
A lower MSE value indicates better model performance
2) Calculate the Generalized Cross Validation value
(GCV(L))
GCYV is a common method to select the optimal smooth-
ing parameter A. It balances the goodness of fit with
model complexity and is computed as:

MSE(A)
(n—'t[I— H(A)])?

Where H(A) is the hat matrix, which describes how
the model’s predictions depend on the observed values.
In regression, H(A) is often represented as X (X7X +
AD)"'XT | where X is the design matrix and A is the
smoothing parameter.
3) Calculate the coefficient of determination (R?)

R? measures the proportion of variance in the observed
data that is exoplained by the model. It is calculated as
[20]:

GCV(A) =

©)

?:1(%’ —fi)z
k

RP=1- —
1=1(Yi—)’)

(10)

y; : Value for observation i
v; : Predicted value of y for observation i

y : Mean of y value.

An R? close to 1 indicates that the model explains a large
portion of the variance, while a lower value suggest that
the model is not fitting the data well.

III. METHOD
A. Data Sources and Research Variables

The data utilized in this research are secondary data
sourced from Our World in Data [21]. The dataset comprises
global information, where the response variable is the Human
Development Index (HDI), and the predictor variable is GDP
per capita. There are 180 observations which are cross section
data in the form of countries in 2021 managed by Our World
in Data. The research variables used in this study are as
follows:

TABLE I
RESEARCH VARIABLES

Variable
GDP per - capita (x)

Description

The sum of the value of all business units
in a particular country divided by the pop-
ulation of that country.

As an indicator to assess the overall effort
and performance of development programs
in a region.

HDI (7)

B. Research Stages

The analysis is carried out using one of the nonparametric
regression methods, namely Penalized Spline analysis using R
software where the response variable y will be regressed on
the predictor variable x. The steps to analyze HDI and GDP
per capita data are as follows:

1) Inputting paired data of and variables for GDP per-capita

and HDI.

2) Input the order, number of knots, and knot points which
are smoothing parameters.

3) Estimate (g(x))

4) Calculating the Mean Square Error value (MSE(L))

5) Calculating the Generalized Cross Validation value
(GCV(Q))

6) Calculating the coefficient of determination (R?)

7) After the results of , MSE, GCV, and R? are obtained,
determine the best polynomial order and number of
knots that produce the minimum GCV by increasing the
value of the order and number of knots. The parameter
estimation results are used to determine the estimation
model.

8) Analyze and interpret the results obtained from mod-
eling HDI and GDP per capita data in the following
way: Viewing the plot of estimation results against
observations.

9) After obtaining the best model, the equation is decom-
posed based on knot points and interpreted
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Input x and y variables
(GDP & HDI)

Try different orders, knots, and knot
points

Estimate §;00)

| Calculate the Mean Square Error value |

(MSEN)

[

Calculating the Generalized Cross Validation
value (GCV(A)

[

‘ Calculating the coefficient of determination ‘

(R)

Best Polynomial order & knots?

| Plot estimation results against observations ‘

[

| Interpret best model |

1

Fig. 1. Model Selection Flowchart

IV. RESULT AND DISCUSSION
A. Data Description and Data Plot

The data used in this study are 180 countries in the world
with GDP per capita as the predictor variable and HDI as the
response variable. This study uses secondary data obtained
from Our World in Data in 2021. The data description in this
study is as follows:

TABLE 11
DESCRIPTIVE STATISTICS
Variable Mean | StDev Min Median Max
GDP per-capita | 20664 | 21353 705 13688 11568
HDI 0.723 | 0.1501 | 0.3870 0.7375 0.965

According to Table 2, the average GDP per capita globally
is 20,664, while the HDI is 0.7239. The lowest GDP per capita
with a value of 705 is in Burundi and the highest with a
value of 115683 in Luxembourg. The lowest HDI is in Central
African Republic with a value of 0.38780 and the highest is
in Switzerland with a value of 0.9650.
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Fig. 2. Plot of GDP Per Capita against HDI of Countries in the World in
2021

The data plot between GDP Per Capita and HDI does
not tend to form a certain pattern, therefore nonparametric
regression analysis with a penalized spline approach is suitable
for modeling in this study.

B. Penalized Spline Regression

In using the penalized spline estimator, it is necessary to
select the smoothing parameter (A1), polynomial order, number
of knots and knot location [18].

To obtain the minimum GCYV, it is necessary to adjust the
lambda interval with a suitable lambda increment. Knot points
are selected iteratively until the minimum MSE, as well as
optimal R? and A , are achieved. Several knot and lambda
values are tested to determine the best-fitting model. The
selection of knot points is based on economic classifications.
According to the World Bank’s income classifications for
2024-2025 [22], a GDP per capita of 8,000 USD falls within
the upper middle income category (4,516 to 14,004 USD),
while 50,000 USD is firmly in the high income bracket
(greater than 14,005 USD). Meanwhile, the lower and upper
bounds, as well as the lambda increment, are adjusted to
obtain the optimal lambda value. Below are fit measure
results for each model.

TABLE IIT
MODEL FIT MEASURE
Knot | Knot Point Model Fit Measure Optimal A
GCV | MSE R?
1 5000 0.0039 | 0.0038 | 0.8295 10
1 6000 0.0034 | 0.0033 | 0.8526 100
1 7000 0.0031 | 0.0030 | 0.8655 1000
1 8000 0.0030 | 0.0029 | 0.8683 10000
2 8000, 13000 | 0.0027 | 0.0027 | 0.8811 15000
2 8000, 50000 | 0.0019 | 0.0018 | 0.9158 14890

Analyzing GDP at these points helps to discern how eco-
nomic transitions and extremes influence HDI. After several
iterations, the best model was identified. Based on Table
3, the number of knots is limited to just two points to
reduce model complexity and prevent overfitting. The knots
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are selected using a penalized spline method that exhibits
different behaviour at the points 8,000 and 50,000, with a
minimum GCV of 0.0019 and a minimum MSE of 0.0018.
The GDP points of 8,000 and 50,000 USD are significant in
understanding the relationship between economic wealth and
human development, particularly in the context of the Human
Development Index (HDI) and the World Bank’s income
classifications. At 8,000 USD, countries are transitioning from
lower middle income to upper middle income, which can
reveal significant changes in human development factors such
as infrastructure, education, and health. On the other hand,
50,000 USD represents a high-income level where additional
GDP may have diminishing returns on HDI. This level pro-
vides insights into how substantial economic resources impact
human development at advanced stages. By examining these
points, one can model the effects of GDP on HDI across
a broad spectrum of economic contexts, capturing variations
from mid-range to high income and evaluating the nuanced
impact of economic growth on human development.

GCVv
0.001972624  0.001972624 0.001972624

Lambda

Fig. 3. Plot of GCV against Lambda

To determine the optimal lambda, appropriate lower and
upper bounds for lambda are needed. In this study, the lower
bound for lambda is set at 14,600 and the upper bound is
15,100, resulting in an optimal lambda of 14,890 with a
lambda increment of 1. A large lambda value indicates that
a significant penalty is applied to model complexity. This is
typically done to prevent overfitting by reducing the spline’s
flexibility. In this context, a large lambda value means that
a considerable penalty is imposed to keep the model simple
and avoid excessive fitting to the training data. Therefore, we
categorize three GDP per capita intervals that exhibit different
characteristics of the HDI.

Thus, by choosing the best model estimation with
polynomial order 1 and number of knots 2, the following
parameter estimates are obtained:

TABLE IV
MODEL FIT MEASURE

Parameter Value
Bo 0.4284718
B 3.471262 x 1073
B -2.90165 x 1073
B3 -6.129163 x 107°

Thus, the nonparametric regression equation can be written

as follows:
¥ =0.4284728 4+ 3.471262 x 10 x
—2.90165 x 107 (x — 8000) . —
—6.129163 x 10~%(x — 50000) ;.

The results of the above model estimation are depicted
through the following plot:

(11)
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Fig. 4. Plot of GDP Per Capita against HDI of Countries in the World in
2021

After completing the previous calculation using penalized
spline, three intervals were identified where the behaviour
changes at the knot points 8000 and 50000. The intervals are
(x < 8000), (8000 < x < 50000), and (x > 50000).

The increase in HDI for the GDP (x < 8000) interval
shows a significant upward trend, indicating that as GDP per
capita increases, the Human Development Index rises sharply
because low Human Development needs must be met with lim-
ited GDP per capita. The increase in HDI for the GDP (8000
< x < 50000) interval shows a less significant rise, indicating
that with a medium GDP, the HDI can increase but at a slower
rate. The decline in HDI for GDP (x > 50000) indicates the
possibility of issues in income distribution or the quality of
public services not meeting the expectations associated with
high GDP, which may lead to uneven improvements in quality
of life.

C. Interpretation of the Optimal Regression Model

The optimal regression model can be written as follows.
3= 0.4284728 4 3.471262 x 107>
—2.90165 x 1077 (x — 8000) ,
—6.129163 x 10~%(x — 50000) ,

The equation can be written as follows:

0.4284728 +3.471262 x 10 3x, forx < 8000
0.6606048 + 5.60512 x 10~5x, for8000 <x < 50000
0.96706295 — 4.24043 x 10~7, forx > 50000

The model can be interpreted as follows.

o If GDP per capita is less than 8000, then every 1000 USD
increase in GDP per capita results in an increase in HDI
of 0.03471262 units.

o If GDP per capita is between 8000 and less than 50000,
then every 1000 USD increase in GDP per capita results
in an increase in HDI of 0.00560512 units.

o If GDP per-capita is greater than 50000, then every 1000
USD increase in GDP per-capita results in a decrease in
HDI by 0.000424043 units.

(12)

y:
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D. Country Grouping based on Knot Intervals

In this study, there are 180 countries in the world grouped
into 3 groups, each group is at a certain interval and changes
behaviour at two knot points, namely at points 8000 and
50000. These three groups are categorized into three cate-
gories, namely low GDP per capita (x < 8000), medium GDP
per capita (8000 < x < 50000), and high GDP per capita (x >
50000). The following is an analysis of country groupings

73

TABLE VI
COUNTRY GROUPING INTERVAL 8000 < x < 50000

$ = 0.6606048x +5.60512 x 10~°

Analysis

based on GDP per-capita interval groups.

- X <8000

\:] 8000 < x < 50000
B oo

D Not Researched

i

K

Fig. 5. Mapping GDP Per Capita Intervals and Their Impact on HDI

TABLE V
COUNTRY GROUPING INTERVAL x < 8000

$=0.4284728 +3.471262 x 107

Country

Analysis

Central African Republic, Niger,
Chad, Mali, Burundi, Burkina
Faso, Sierra Leone, Mozambique,
Guinea, Afghanistan, Democratic
Republic of Congo, Guinea-
Bissau, = Madagascar, Liberia,
Ethiopia, Gambia, Benin, Malawi,
Djibouti, Senegal, Sudan, Lesotho,
Tanzania, Cote d’Ivoire, Pakistan,
Mauritania, Rwanda,  Nigeria,
Uganda, Togo, Zimbabwe, Haiti,
Papua New Guinea, Solomon
Islands, Zambia, East Timor,
Cameroon, Comoros, Angola,
Nepal, Kenya, Cambodia, Congo,
Myanmar, Ghana, Sao Tome
and Principe, Vanuatu, Laos,
Honduras, India, Cape Verde,
Tuvalu, Bangladesh, Nicaragua,
Tajikistan, Kyrgyzstan, Samoa,
Palestine, Uzbekistan, Marshall
Islands, Tonga.

An increase in per-capita GDP re-
sults in a notable improvement
in HDI. Globally, there are ap-
proximately 1,650 million individ-
uals living in impoverished con-
ditions characterized by low life
expectancy and limited access to
education and healthcare services
[23]. Long-term vulnerability poses
a significant challenge to social
development. Addressing the root
causes of these disadvantages can
enable broader participation in
progress, promoting greater equity
and sustainability in social devel-
opment efforts [23]. Notably, coun-
tries in the Low Human Develop-
ment group have experienced the
highest increase in HDI [23].

Country

Eswatini, Namibia, Kiribati,
Guatemala, Equatorial Guinea,
Iraq, El  Salvador, Bhutan,
Botswana, Gabon, Morocco,
Suriname, Bolivia, Philippines,

Nauru, Belize, Jamaica, Indonesia,
Fiji, Saint Lucia, Vietnam, Guyana,
South Africa, Lebanon, Egypt,

Tunisia, Paraguay, = Mongolia,
Jordan, Dominica, Azerbaijan,
Algeria, Libya, Ecuador,
Colombia, Maldives, Ukraine,
Peru, Dominican Republic,

Brazil, Mexico, North Macedonia,
Moldova, Saint Vincent and the
Grenadines, Armenia, Bosnia
and  Herzegovina, Iran, Sri
Lanka, China, Albania, Grenada,
Mauritius, Seychelles, Bulgaria,
Thailand, Malaysia, Bahamas,
Kazakhstan, Belarus, Palau,
Barbados, Trinidad and Tobago,
Costa Rica, Serbia, Georgia,
Oman, Panama, Uruguay, Russia,
Saint Kitts and Nevis, Antigua and
Barbuda, Romania, Montenegro,
Turkey,  Argentina,  Hungary,
Slovakia, Chile, Portugal, Latvia,
Saudi Arabia, Croatia, Lithuania,
Poland, Bahrain, Greece, Estonia,
Czechia, Italy, Cyprus, Spain,
France, Israel, Malta, Slovenia,
Japan, South Korea, United
Kingdom, Canada, New Zealand,
Finland, Australia.

An increase in GDP per capita
within a certain range brings about
a focus on reducing economic in-
equality, efficient use of resources
and improving quality of life. Even
if additional allocations for basic
services are made, the increase
in HDI may be limited as basic
needs are met and resources are
used more efficiently. As Western
Balkan countries such as Serbia,
Albania, Macedonia, and Bosnia
and Herzegovina, which have mid-
dle incomes, experience greater in-
come inequality than inequality in
education and life expectancy [23].
Therefore, an additional increase in
GDP per capita does not result in
a significant increase in the Human
Development Index (HDI) in coun-
tries in this group.
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TABLE VII
COUNTRY GROUPING INTERVAL x > 50000

$ = 0.96706295 — 4.24043 x 10~ "x

Country

Analysis

Brunei, Qatar, Austria, United
States, Luxembourg, United Arab
Emirates, Belgium, Netherlands,
Singapore, Ireland, Denmark, Ger-

HDI in groups with high num-
bers tends to be slow due to the
convergence theory, where growth
reaches its maximum point so that
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income intervals to effectively address the distinct challenges
and opportunities faced by countries at different stages of eco-
nomic development. By tailoring strategies to specific income
groups, policymakers can better enhance human development
outcomes and ensure a more equitable and prosperous society.
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