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Abstract

The United Nations set 17 Sustainable Development Goals (SDGs) in 2015 as a universal
call aiming to end poverty, protect the planet, and ensure that all people enjoy peace and
prosperity by 2030. These 17 SDGs are committed by 193 countries and regions to transform the
conventional development agenda for sustainable development. My dissertation focuses on using
data-driven approaches to address some of the challenges in SDG implementation for nations,

including challenges in data collection, performance comparison, and prediction.

To monitor the progress towards achieving SDGs, the 17 goals are underpinned by 169
targets which are measured by an even larger number of SDG indicators. The sheer number of
SDG indicators makes data collection a critical challenge. My dissertation begins with
identifying the principal indicators, the changes of which can represent the variations of the
majority of SDG indicators with the lowest difficulty of data collection. Integrating principal
component analysis and multiple regression, I identify 147 principal indicators that can explain
at least 90% of the annual variation of 351 SDG indicators. My results can guide future
investment in the data infrastructure for SDG monitoring by giving priorities to these principal
indicators for global comparison.

Per capita based metrics, such as GDP per capita, are widely used in SDG performance
comparison, which assumes stock measures (e.g., GDP) scale linearly with population. However,
this assumption does not always hold since it ignores the effect of agglomeration resulting from

non-linear interactions in social dynamics. I find extensive empirical evidence that many

xiii



important national development indicators scale non-linearly with population size, which
provides a quantitative argument against the mainstream practice to compare national
development using per-capita measures. I further propose a quantitative framework to explain

the scaling in nations originating from the scaling in cities.

The global progress to achieve the SDGs by 2030 has been stalled by the coronavirus
disease 2019 (COVID-19) pandemic. Several studies have qualitatively assessed the impacts of
COVID-19 on SDGs. Quantitative assessments, however, are rare, largely due to the complex
non-linear relationship among SDG indicators making prediction difficult. I use machine
learning approaches to capture the complex non-linear relationship between SDG indicators and
evaluate the impacts of COVID-19 on SDGs. I find that the overall SDG performance declined
by 7.7% in 2020 at the global scale, with the performance of 12 socioeconomic SDGs decreasing
by 3.0-22.3% and that of 4 environmental SDGs increasing by 1.6-9.2%. By 2024, the progress
of 12 SDGs will lag behind for one to eight years compared to their pre-COVID-19 trajectories,
while extra time will be gained for 4 environment-related SDGs. Furthermore, the pandemic will
cause more impact on emerging market and developing economy than on advanced economy,

and the latter will recover more quickly to be close to their pre-COVID-19 trajectories by 2024.
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Chapter 1. Introduction

1.1. Background

The concept of development has been variously defined in literature. The modernization
theory can be traced back to the late 1940s, when capitalism and communism competed most
furiously in the cold war political background'. Modernization refers to a progressive transition
from a "tradition" to "modern" society, which can be accomplished by the adoption of western
cultural and institutional practices?. In this general context, the core aim of developing countries
was to catch up with the advanced industrialized countries by economic growth!. Dependency
theory arose from a growing association of southern hemisphere nationalists (mainly Latin
America and Africa) and Marxists®. It divided the world into "core" (i.e., developed countries)
and "periphery" (i.e., developing countries). The periphery's disadvantageous position has caused
it to be impoverished by the core, which makes development difficult*. Different from
modernization theory, dependency theory defines development as a social process, which
integrates social equality or basic human needs into economic growth!. In Sen’s entitlement
theory, development was a process of expanding the real freedoms that people enjoy°. Sen
defined five types of freedoms including political freedoms, economic facilities, social
opportunities, transparency guarantees, and protective security’. The theory has been widely
recognized by the social study institutions. For example, the well-known Human Development

Index developed by the United Nations is anchored in Sen’s theory?®.



With the increasing conflict between human society and the environment, the dimensions of
development have been extended to a sustainable thinking. The concept of sustainable
development, which was derived mostly from the 1987 Brundtland report, is defined as meeting
the needs of the present without compromising the ability of future generations to meet their own
needs’. Sustainable development has shifted the focus of development towards social
development and environmental protection for future generations in addition to economic
development. In 2000, the United Nations set Millennium Development Goals (MDGs) to guide
and help the development of the developing and least developed countries. Specifically, MDGs
contain eight goals including eradicating extreme poverty and hunger, achieving universal
primary education, promoting gender equality and empower women, reducing child mortality,
improving maternal health, combating HIV/AIDS, malaria, and other diseases, ensuring

environmental sustainability, developing a global partnership for development®.

As an extension to MDGs, Sustainable Development Goals (SDGs) set by the United
Nations in 2015 are a collection of 17 interlinked global goals designed to be a “blueprint to
achieve a better and more sustainable future for all by 2030, which has been adopted by 193
countries and regions’. To facilitate monitoring the progress towards achieving SDGs, the 17
goals are underpinned by 169 targets which are further measured by an even larger number of
SDG indicators’. These SDG indicators are tracked at the national level by several global
organizations. For example, the World Bank maintains a database of 351 indicators for 217
countries and regions with data available since 1990 to monitor the progress of each nation or

region towards the 17 SDGs!’.

Three key challenges arise in SDG implementation for nations: 1) costly data collection,

2) biased performance comparison, and 3) less accurate performance prediction (Figure 1-1).



First, the large number of SDG indicators makes data collection expensive and time-consuming.
For example, the total estimated cost is at nearly $45 billion for collecting data to quantify all
SDG indicators for all countries over the SDG period'!, more than the UN’s annual expenditure
in 2016'2. This calls for an urgent need to find a smaller number of principal indicators that are
cheap to collect but can still provide sufficient information for monitoring the SDGs. Identifying
such principal indicators from a whole indicator set is generally known as dimensionality
reduction in which the number of variables in a dataset is reduced by removing some variables
without losing valuable information (i.e., variance)!*. Two primary methods for dimensionality
reduction are principal component analysis (PCA) and factor analysis (FA). PCA conducts
dimension reduction by projecting each data point into a few principal components to obtain
lower-dimensional data while preserving as much of the data variation as possible!* !>, For
example, Jiang ef al. found a first component that can explain up to 85% variation of a set of 28
sustainable development indicators'®. On the other hand, FA is a statistical method used to
reduce the observed and correlated variables into a lower number of unobserved variables called
factors plus error terms'’. For instance, Laurett ef al. concentrated 25 sustainable development-
related variables into three factors including natural agriculture, innovation and technology, and
environmental aspects using FA!'®, Both PCA and FA identify a smaller number of new variables
respectively called principal components or factors, which are linear combinations of the original
variables, to explain most of the variance of the dataset!®. However, my goal here is to find a
subset of the original variables rather than a set of new variables. Therefore, I use a hybrid
approach by combining PCA and multiple regression to identify the principal indicators with the

least collection difficulty.



Second, the use of per capita indicators makes the comparison of sustainable
development performance biased. For example, a wide range of per capita indicators (e.g., GDP
per capita and greenhouse gas emissions per capita) are frequently used to compare progress
towards sustainable development among countries'®. The per capita based comparison relies on a
strong assumption that, on average, indicators measuring the size of stocks (e.g., GDP) scale
linearly with the population?®. However, this assumption does not always hold as it ignores the
effect of agglomeration resulting from non-linear interactions in social dynamics?’. The urban
science literature has found that many socioeconomic outputs (e.g., GDP, wages, crimes and
innovation) in cities can be characterized by the ubiquitous scaling law—Y ~Y,NB—where Y is
an indicator of output, Yy is the baseline common to all cities, N is the city population size, and 8
is the scale-invariant elasticity indicating the percentage change in Y following a 1% increase in
N?1-22 Non-linear scaling (8 # 1) has been widely found in urban systems for distinct

indicators23-27

. However, little is known whether the per capita measures are suitable for national
systems. Given that each country is essentially an ensemble of urban and rural areas, I
hypothesize that similar scaling found for cities also exists for countries. At the same time, if
such scaling does exist for countries, they are likely different from those found for cities, because
an ensemble of cities does not equal a bigger city. Therefore, I examine sustainable development

indicators for countries to test the scaling of these indicators with the population at the national

scale and explore the origins of such scaling.

Third, the complex non-linear relationship among SDG indicators makes the traditional
linear statistical prediction models less effective. As a result, quantitative evaluations of the
coronavirus disease 2019 (COVID-19) impacts on SDGs are rare, although qualitative

assessments exist?®¥. For example, the UN’s 2020 annual report on SDGs qualitatively showed



worrisome initial impacts of COVID-19 on some specific goals and targets?®. Similarly, Nundy
et al. qualitatively evaluated the impact of COVID-19 on SDGs related to socioeconomic,
energy-environment, and transport sectors in 20203¢. One of the reasons why quantitative
assessments are lacking is that non-linearities, which are common in complex systems, cannot be
sufficiently captured by traditional linear models®’. Without a quantitative evaluation, however,
it is difficult to understand the impacts on specific SDGs, SDG targets, and SDG indicators for
countries. On the other hand, machine learning approaches can estimate complex non-linear
relationships between the response and predictors with better prediction accuracy**42. In this

dissertation, I develop machine learning models to quantitatively assess the impacts of COVID-

19 on SDGs.

Less costly data collection More accurate prediction
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Figure 1-1. Three challenges in SDG implementation.



1.2. Research Questions

The overall research question of my dissertation is: how to use data-driven approaches to
help address data collection, performance comparison, and prediction challenges in sustainable
development for nations?

Regarding the data collection challenge, I focus on identifying the principal indicators to

reduce the data collection cost (Chapter 2). Specifically, I address the following question:

e What are the principal indicators that can represent at least 90% of the variation of
all the 351 SDG indicators from the World Bank database with the lowest difficulty
of data collection?

Regarding the performance assessment challenge, I focus on examining the scaling of
various metrics with population for countries based on the scaling law found in cities (Chapter
3). Specifically, I address the following questions:

(1) Do countries have similar scaling laws as found in cities?

(2) If so, how to explain the origin of such scaling in countries?

Regarding the performance prediction challenge, I focus on developing machine learning
models to predict the impact of COVID-19 on SDGs (Chapter 4). Specifically, I address the
following questions:

(1) What are the impacts of COVID-19 on SDGs?

(2) How do the impacts differ between emerging market and developing economy

(EMDE) and advanced economy (AD)?



1.3. Structure of the Dissertation and Contributions

The remainder of the dissertation is organized as follows. Chapter 2 identifies the
principal indicators of all SDG indicators. Chapter 3 examines the scaling of various national
metrics with population. Chapter 4 develops machine learning models to predict the COVID-19

impact on SDGs.

In Chapter 2, I develop a hybrid model which integrates principal component analysis
and multiple regression to identify the principal indicators of all SDG indicators considering the
collection cost for each SDG indicator. The results can guide future investment in building the
data infrastructure for SDG monitoring to give priorities to these principal indicators for global
comparison. A manuscript based on this work has been published in the journal Environmental

Research Letters?®.

In Chapter 3, I examine the scaling of various SDG indicators with population for
countries and further develop a quantitative framework to explain the origins of such scaling.
The results provide a quantitative argument against the mainstream practice of comparing
national development using per capita measures. A manuscript based on this work is in

preparation.

In Chapter 4, I develop machine learning models to predict the impact of COVID-19 on
SDGs from 2020 to 2024 using projected GDP growth and population. The results help
government and non-state stakeholders identify critical areas for targeted policy to resume and
speed up the progress to achieve SDGs by 2030. A manuscript based on this work is in

preparation.

Finally, in Chapter 5, I identify knowledge gaps, draw conclusions on the findings, and

offer recommendations for future research.



Chapter 2. Principal Indicators for Monitoring Sustainable Development

2.1. Introduction

Collecting data to regularly monitor the SDGs is not an easy task***®. Such efforts need
significant investment in institutional infrastructure and financial resources and engagement with
a vast number of stakeholders. For example, over 1,200 stakeholders worldwide have contributed
to data collection for SDG indicators, including governments, NGOs, research institutions,
multilateral organizations, and private sectors*’. The total estimated cost is at nearly $45 billion
for collecting data to measure all SDG indicators for all countries and regions until 2030 when
the SDGs are supposed to be achieved!!, more than the UN’s annual expenditure in 2016'2,
Despite many achievements, it is still challenging to annually update the sheer number of SDG
indicators for all countries and regions*® *°. This challenge calls for alternative approaches to

monitor the SDGs at a lower cost.

One way to reduce the data collection cost for SDG monitoring is to identify a subset of
the SDG indicators as “principal indicators”, so that the changes of these principal indicators can
represent the changes of all indicators. Therefore, progress towards achieving the SDGs can be
monitored by only using these principal indicators with much less cost and efforts, rather than
relying on all indicators. Identifying such a subset of principal indicators from a whole set is
generally known as dimensionality reduction in which the number of variables in a dataset is
reduced by removing some variables without losing valuable information (i.e., variance)'?.

Dimensionality reduction requires strong correlations between variables. Indeed, many studies as



well as my analysis (Figure A-1) have shown that the SDG goals, targets, and indicators are
highly correlated with each other’®->*. Such correlation indicates that, with appropriate methods,
it is possible to extract a small number of principal indicators so that their variations can

represent the variations of the entire set of SDG indicators.

The central question my dissertation aims to answer is, given the difficulty of data
collection for individual SDG indicators, what are the principal indicators that can adequately
monitor both the historical and future SDG progress with minimal effort of data collection.
Specifically, I apply a hybrid approach by combining PCA and multiple regression to identify

the principal indicators (see Data and Method section): >°,

Using the hybrid approach of dimensionality reduction, I examine a World Bank dataset
of 351 SDG indicators for 217 countries and regions from 2000 to 2017 (Method) to find
principal indicators that are able to explain at least 90% of the variance—a benchmark criterion I
choose—for all SDG indicators. Specifically, this dataset is approximately 42% complete with
the amount of missing data ranging from 1% to 98% for individual SDG indicators and 38%-
98% for countries and regions (Figures A-2&A-3). I use the ratio of missing data (i.e., missing
rate) for each SDG indicator in the latest year as a proxy to measure the difficulty of data
collection. I also use the missing rate of indicators as a constraint to select principal indicators.
Higher missing rate means higher collection cost of the indicator. I firstly identify the best set of
historical data that can be trained for selecting principal indicators for future SDG progress under
different missing rate constraints. I secondly determine the number of principal indicators for
future SDG progress under different missing rate constraint. Using the best training set and the

number of principal indicators, I then select the final set of principal indicators that can represent



at least 90% of both the past (2000-2017) and future (2018-2030) variances of the SDG

indicators with the least effort of data collection in the future.

2.2. Data and Methods

2.2.1. Data

I use the World Bank dataset of SDG indicators obtained in July 2020 which originally
includes 358 indicators for the 17 SDGs over the past 29 years for 217 countries and regions and
46 country groups (e.g., the Euro area, OECD members, and Least Developed Countries). In this
research, I only use data from 2000 to 2017 because data in other years are substantially
incomplete (Figure A-3). I also exclude seven indicators due to lack of data for 2000-2017.
Lastly I only consider data for countries or regions excluding data for country groups. As a
result, I have a dataset of 351 SDG indicators each of which is associated with one of the 17
SDGs for 217 countries and regions for each year from 2000 to 2017 (Table A-1). I use the
portion of missing data of an indicator (i.e., missing rate) in the latest year with available data as
proxy of the difficulty of data collection. Two assumptions are made here. First, low missing rate
means it is relatively easy and cheap to collect data for these indicators for most countries and
regions. Second, if a country or region collects data for an indicator in one year, it will likely
continue to do so in the future. For most indicators, the latest available year is 2017, the last year
in the dataset. However, there are some exceptions. For example, the latest data for indicator
“CO2 emissions (metric tons per capita)” in the World Bank dataset is for the year 2014, possibly
because of delay in data compilation. For these exceptions, data in the actual latest year are used

to measure missing rate to approximate the difficulty of data collection.
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2.2.2. Explained Variance Calculation

I first calculate pairwise Pearson correlation coefficients for the 351 SDG indicators and
generate a 351-by-351 correlation matrix. This is a non-positive-semidefinite (PSD) correlation
matrix due to missing data of several indicators during several years. To prepare for the next step
of calculating the explained variance of the subset indicators on the entire dataset, which requires
a PSD correlation matrix®’, I calculate the nearest positive-semidefinite (PSD) correlation matrix
using “nearPD” function in R3®. The explained variance can be considered as the goodness of fit
(R?) of the multivariate multiple regression model in which the subset indicators are predictors

and all the 351 indicators are responses.

Next, I calculate the explained variance of the subset of & indicators on the entire dataset

(X) using the following equation™:

AGH O

EPy x) = [corr(X, P X)] P

2-1)

where corr denotes the matrix correlation, # is the trace of matrix, P, is the matrix of
orthogonal projections on the subspace spanned by given k& indicators, S is the PSD correlation
matrix from the above step, and Sy is the submatrix of matrix S with indices of k indicators. The
algorithm for searching the highest explained variance of k indicators is shown in the reference™.
These £ indicators are defined as the principal indicators with size . I then can identify the
smallest number (m) of indicators for any threshold of explained variance (90% in this study). In
practice, I use the “improve” function from the R package “subselect™® to achieve the largest

explained variance. I then select the principal indicators for different missing rate thresholds.

I compare the explained variances on the entire dataset between using the identified

principal indicators and using randomly selected subsets of indicators with the same size to
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demonstrate the uniqueness of the principal indicators (Figures A-4&A-5). I also provide the

marginal explained variance to validate the selection of the principal indicators.

2.2.3. Marginal Explained Variance Calculation

To validate the selected principal indicators are good proxy for the entire dataset, I
examine the marginal explained variance of the principal indicators and non-principal indicator. I
calculate the marginal explained variance of each individual principal indicator i on the entire
dataset (MEP x)), which is the difference between the explained variance of all principal
indicators (EPx) and the explained variance of the principal indicators except the target one

(EP-1.x):
MEP xy = EPx) = EP(-1,%) (2-2)

Similarly, the marginal explained variance of each non-principal indicator j can also be
calculated. I first rank the & principal indicators based on their marginal explained variance, and
then calculate the explained variance of the set of principal indicators except the one with the
smallest marginal explained variance (set u). Next I calculate the explained variance of the set of
indicators including the set # and one additional non-principal indicator (set v). The difference
between the two explained variance is the marginal explained variance of the non-principal

indicator (MEP; x):
MEP(xy = EPwx) — EPqx) (2-3)

An example of validation for 77 principal indicators that can explain 90% of the variance
for the entire dataset when I don’t consider difficulty of data collection (missing rate threshold =
100%) is shown in Figures A-6&A-7. Note that these 77 principal indicators can only represent

90% of the variance of the entire dataset rather than data for each year, which will need 94

12



principal indicators, when I don’t consider the difficulty of data collection (missing rate

threshold = 100%)

2.3. Results

2.3.1. Best Training Set

I first examine how much future variance of the SDG indicators can be explained by
principal indicators identified from various training sets. Specifically, I split the entire dataset by
years into a training set and a test set. In each split, the training set includes the data for all SDG
indicators in all countries and regions in a given number of consecutive years, while the test set
is the data for each single year after the last year of the training set representing the future. For
example, if the training set is the data from 2000 to 2014, there are three test sets which are for
2015, 2016, and 2017, respectively. For each training set, I measure how much variance 100
principal indicators can explain for each corresponding test set as a benchmark. Then I vary the

number of principal indicators to examine the impact on the explained variance.

Figure 2-1 shows the explained variance of selected principal indicators in each data split.
Each panel (Panels A-F) selects principal indicators only from indicators with data missing rate
lower than a threshold. Therefore the threshold of 100% (Panel A) means all indicators will be
considered as candidates for principal indicators, implying that I do not consider the difficulty of
data collection. In this case, principal indicators identified using the latest single-year data as the
training set can explain the largest variance for test sets which represent future SDG progress. On
the other hand, as shown in Panels B-F, the entire historical dataset is the best training set if I
consider the difficulty of data collection (missing rate threshold # 100%). For example, Panel F

shows that, when I only select principal indicators from indicators with less than 50% missing
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rate, the longer the training set period is, the more variance can be explained for the test sets. |
can find similar results when varying the number of principal indicators (Figure A-8). Therefore,
I will use the entire dataset (2000-2017) as the training set to identify principal indicators that are

expected to be able to explain the most variance of the 351 SDG indicators in the future.
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Figure 2-1. Explained variance of the 100 principal indicators identified from training sets on a test set with fixed
period between the test set year and the last year of the training set under different missing rate constraints.
AT indicates the period between the test set year and the last of the training set years. (A) - (F) principal indicator
with less than 50%, 60%, 70%, 80%, 90% and 100% missing rate respectively.
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2.3.2. Principal Indicators for Past and Future SDG Progress

Using the entire historical dataset, I select principal indicators that can represent at least
90% of the variance of all SDG indicators in each year between 2000 and 2017 under various
missing rate thresholds. I then use the total number of missing data points for the principal
indicators in the most recent year to represent the difficulty of data collection. This criterion
simultaneously considers both the number of principal indicators and the portion of missing data
in each indicator. The set of principal indicators that has the least number of missing data points
is considered as the best to represent the variances of the SDG indicators in the past. Since I
select these principal indicators using the best training set identified before, the selected principal
indicators are also expected to be able to represent the most variance of SDG indicators in the

future.

As shown in Figure 2-2, Panel A, when the missing rate threshold is low, I have less
candidate indicators to select from and thus more principal indicators are needed to explain at
least 90% of the annual variances of the SDG indicator data in the past. I need 94 principal
indicators to explain at least 90% of the variances when I don’t consider the difficulty of data
collection (missing rate threshold = 100%). But the number of principal indicators increases to
99, 106, 118, 129, 147, and 159 when the missing rate threshold is 90%, 80%, 70%, 60%, 50%,
and 48%, respectively (Figure A-9). Note that it is not possible to explain at least 90% of the
variances anymore when the missing rate threshold is less than 48% (not enough candidate

indicators).
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Figure 2-2. Results of principal indicators selection.

(A) Number of principal indicators to explain at least 90% of the annual variances from 2000 to 2017 under
different missing rate thresholds. The line with dots represents the number of candidate indicators that meet the
missing rate threshold requirement, and the line with triangles represents the number of principal indicators. (B)
Total number of missing data points in each set of principal indicators. (C)-(E) Maximum, average, and median

missing rate of principal indicators, respectively.

Panels B-E shows that 147 principal indicators identified under the 50% missing rate

threshold (each principal indicator with no more than 50% data missing) have the lowest total

number of missing data points (6,832). In addition, these 147 principal indicators also have low

maximum, average, and median missing rates compared to other sets of principal indicators

identified under other missing rate thresholds (Table 2-1). As a result, I consider these 147

indicators as the best set of principal indicators that are able to explain at least 90% of the annual
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variances of the SDG indicators in the past (2000-2017), are expected to explain the most annual

variances in the future (2018-2030) (Figure 2-3), and has the lowest difficulty of data collection.
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Figure 2-3. Difference of the explained variance of the 147 selected principal indicators with less than 50% missing
rate on the training set and that on the test sets.

AT indicates the period between the test set year and the last year of the training set. Note that the average difference
is only 2.5%. We further test the explained variance of the 147 principal indicators on the entire dataset (best
training set). Result shows that they can explain over 92% of the variance on the training set, indicating these 147
principal indicators are expected to explain nearly 90% (92% - 2.5% = 90%) variance on the future dataset.

Table 2-1. Principal indicators that can represent at least 90% of the variance of all SDG indicators.
Note that they represent the past (2000-2017) under different missing rate thresholds.

Missing rate constraint <57% <55% <52% <50%
Number of principal indicators 133 138 143 147
Total number of missing points 6989 6956 6836 6832
Maximum missing rate 56.68% 54.38% 51.61% 49.77%
Average missing rate 24.22% 22.89% 22.03% 21.42%
Median missing rate 17.97% 15.67% 15.67% 15.67%

Figure 2-4 highlights the 147 principal indicators among all SDG indicators (Table A-2).

These principal indicators belong to 14 of the 17 SDGs. No indicators in three SDGs—Goal 1
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“No Poverty”, Goal 13 “Climate Action”, and Goal 16 “Peace, Justice and institutions”—are

selected as principal indicators.

5/156/157(158 159/160(161|162|163 164 165

o ‘--‘Ah 27 _“'”..h‘ .;r.‘h‘ 2531254

Figure 2-4. The 147 principal indicators highlighted among the full set of 351 SDG indicators.

For SDG 1 (No Poverty), data for its indicators are largely missing (missing rate > 85%).
As aresult, SDG 1 indicators are excluded as candidates when the missing rate threshold is
lower than 85%. More importantly, SDG 1 indicators can be represented by many principal
indicators which are highly correlated with national poverty measures. For example, it is widely
recognized that access to sanitation infrastructure can help alleviate poverty®!- 2. This is also
supported by the strong correlation (Pearson correlation coefficient: -0.76) between the principal
indicator “People using safely managed sanitation services (% of population)” (Goal 6 “Clean
Water and Sanitation”) and SDG 1 indicator “Rural poverty headcount ratio at national poverty

lines (% of rural population)”.

For SDG 13 (Climate Action), there are only two indicators and both do not have any
data. Even if data were available for these SDG 13 indicators, they may still not be selected as

principal indicators because many existing principal indicators are closely related to SDG 13 and
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could well represent the variances of SDG 13 indicators. Note that the UN uses seven different
indicators for SDG 13, most of which are global-scale indicators, such as “Number of countries
with national and local disaster risk reduction strategies”. Therefore they are not included in the

World Bank dataset used in this study.

For SDG 16 (Peace, Justice and Institutions), its indicators have more than 66% of
missing rate, and thus are excluded as candidates for principal indicators when the missing rate
threshold is lower than 66%. Similarly, some principal indicators can already represent SDG 16.
For example, SDG 3 indicator “Mortality rate attributed to unsafe water, unsafe sanitation and
lack of hygiene (per 100,000 population)” is highly correlated (Pearson correlation coefficient: -

0.91) with SDG 16 indicator “Completeness of birth registration (%)”.

2.4. Discussion

I identify 147 principal indicators that can represent at least 90% of the yearly variance of
a full set of 351 SDG indicators in the past (2000-2017) and are expected to do so for the future
(2018-2030) with the lowest difficulty of data collection. Without tracking the full set of 351
SDG indicators many of which have highly incomplete data, these 147 principal indicators are

sufficient to evaluate and monitor the progress of countries and regions towards SDGs.

The UN identifies invisibility and inequality as the two big global challenges for the
current state of SDG data®, and the large amount of data (unaffordable cost) and declining
finance are two major causes!!- ®. The principal indicators I identified can help address these
challenges. These principal indicators have relatively better data availability and can sufficiently
monitor SDG progress. They can thus reduce the amount of data needed for SDG monitoring.

Moreover, with limited and even declining financial resources, investment in SDG data
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infrastructure needs to be strategic and considers the principal indicators as priorities, especially

for developing countries or regions with substantial data challenges (Table A-3).

The results do not necessarily recommend to stop tracking non-principal indicators, as
established systems might already exist to collect data for those indicators for other purposes.
However, my method is based on minimizing the difficulty of data collection; therefore indicators
with established systems across countries and regions (thus likely low missing rate) are highly
likely to be selected as principal indicators. Indeed, the 147 principal indicators generally have
better data availability than non-principal indicators, with the average and median missing rates of
21.4% and 15.7%, respectively. In contrast, the average and median missing rates of the non-
principal indicators are 79.6% and 84.3%, respectively. The situation that an indicator is well
tracked in some countries or regions but not in others is rare. About 90% of the countries and
regions (194 out of 217) in the dataset have very similar structure of missing rates across
indicators (correlation coefficients > 0.5) during the study period (Figure A-10). This means, if
an indicator does not have data in some countries or regions, it will likely be the same in others.
Regardless, investment in SDG data infrastructure should give priorities to these principal
indicators for better cross-country (region) comparison, as they have low missing data rates in

the past and the difficulty of future data collection is low.

To ensure the representativeness of the principal indicators for all SDGs, I can force to
select at least one indicator from each SDG as principal indicators, except for SDG 13 indicators
of which do not have any data. By adding each indicator in SDG 1 and 16 as a principal indicator
respectively, the additional explained variances are similar and small (between 0.003 and 0.006)
(Figures A-11&A-12). Given this, I recommend to select the indicators “Poverty headcount ratio

at national poverty lines (% of population)” and “Intentional homicides (per 100,000 people)”,
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because they have the lowest missing rates among all indicators in SDG 1 (85%) and SDG 16
(55%), respectively.

Building on the principal indicators, I may consider developing an integrated index or a
composite indicator to represent the SDG indicators for an overall evaluation of SDG progress
for countries and regions®. Given that the data availability of many non-principal indicators is
low, it may be better to use the principal indicators rather than the entire set of SDG indicators to

develop the index or composite indicator.

2.5. Limitations and Future Research

The principal indicators are identified based on the historical correlations between
individual indicators. However, some correlations may change over time. For example, poverty
and food security are often correlated strongly with each other; but it is possible that poverty is
alleviated by growing cash crops which may worsen food security. Therefore, a regular
examination of the principal indicators is necessary to identify those changed correlation
relationships and update the principal indicators. In addition, the correlations between SDG
indicators do not exactly mean causality. Thus, the results are not intended to direct investment

on SDGs themselves, but to guide investment on data infrastructure to monitor SDGs.

The principal indicators can represent 90% of the variance of all the indicators on
average. Our method considers all the indicators as a whole but is unable to identify how much
variance of a specific indicator can be represented by principal indicators. This means some
indicators are well represented but others are not. In addition, I set at least 90% of the variance
explained as the benchmark criterion to select the principal indicators, which is relatively
arbitrary. In future research, this criterion needs to be further refined to consider preferences

from stakeholders.
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Chapter 3. Scaling in Nations and Its Origins

3.1. Introduction

A wide range of indicators are frequently used to compare progress towards sustainable
development among countries. Given that countries vary in population size, many of these
indicators that measure the level of stocks are normalized by population for fair comparisons,
such as gross domestic product (GDP) per capita, health expenditure per capita, and greenhouse

gas (GHG) emissions per capita!® 65-67

. Despite of wide use, population-normalized indicators
rely on a strong assumption that, on average, they increase linearly with the population?’.
However, this assumption is not always hold since it ignores the effect of agglomeration
resulting from non-linear interactions in social dynamics?’. Therefore, a more appropriate
approach is needed to compare countries for their progress toward sustainable development by

taking into account the non-linear relationship between the population and sustainable

development indicators.

A possible solution lies in the lessons learned from the emerging field of urban science.
The urban science literature has found that many outputs (e.g., GDP, wages, crimes, innovation,
and contagious disease) in cities can be determined by the ubiquitous scaling law—Y ~Y, NF—
where Y is an indicator of output, ¥ is the baseline common to all cities, NV is city population
size, and [ is the scale-invariant elasticity indicating the percentage change in Y following a 1%
increase in N?!22, Non-linear scaling (8 # 1) has been widely found in urban systems with

distinct indicators®!* %8-7! In 2007, Bettencourt ef al. firstly found that socioeconomic
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indicators, such as GDP, wages, patents, serious crime and AIDS, scale super-linearly (8 = 1.2)
with population among cities belonging to the same urban system?®. Since then, the non-linear
scaling law has been validated by various following literature across different nations and
times?*?7, In 2013, Bettencourt further developed a quantitative theoretical framework to explore
the origins of non-linear scaling in cities®®. The basic idea of non-linear scaling is derived from
the non-linear social interactions (e.g., friendship, employment and acquaintance)®®. Little is
known about such scaling in countries. Each country is essentially an ensemble of urban areas
and rural areas’. It is thus reasonable to hypothesize that scaling law found for cities may also
exist for countries to some extent. However, they are likely to be different from that found for
cities, because an ensemble of cities does not equal to a larger city, and there will always be
people living in rural areas. Therefore, uncovering the scaling for countries can greatly improve
the way to evaluate the growth of countries and provide policy implications towards achieving
sustainable development goals. Here I examine 58 sustainable development indicators for 213
countries and regions from 1995 to 2019 compiled to test the scaling of these indicators with

population and explore the origins of such scaling.

3.2. Data and Methods

3.2.1. Data

I collected data of 58 development indicators of 213 countries and regions for 1995-2019
from various databases including World Bank database’, Our World in Data’®, and United
Nation Crime database’. These indicators are categorized into three groups including 36
indicators of socioeconomic activities and 8 indicators of public health, and 14 indicators of

individual needs (Figure 3-1).
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3.2.2. Methods

The scaling of an indicator is expressed as follows?!:22:
Y =Y,NP (3-1)
where Y indicates a certain indicator (e.g., GDP) of a country, N is the total population of a
country, Y, is a normalization constant, and £ is the scale-invariant elasticity indicating the
percentage change in Y following a 1% increase in N. If I take the log for both sides, the equation
can be rewritten as follows:
logY =logY, + flogN (3-2)

It becomes a linear line in log-log scale where S represents the slope of the linear line.
There can be three categories of £, namely super-linear with population (f>1) which means
countries with larger population have larger value per capita indicator; linear with population
(f=1) which means countries with different volume of population have the same value of per
capita indicator; and sublinear with population (f<1) which means countries with larger

population have smaller value per capita indicator’®. I fit the data by using ordinary least squares

(OLS) to find p.

In addition, the residual (€) of the above regression model (i.e., scale-independent

indicator) is used to re-rank the countries®> 26,

Y

€ =log YoNF

(3-3)

For the positive directional indicator like GDP, larger € means better performance. For

the negative directional indicator like CO> emissions, smaller € means better performance.
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By analyzing data of 213 countries and regions (Table B-1) from 1995 to 2019737, 1

3.3.1. Empirical Scaling at Country Level

3.3. Results
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found important development indicators scale with population universally (Figure 3-1 and Table

B-2).

0.9) for most
26

1). Examples of scaling relationships in

countries for GDP (B), incidence from tuberculosis (C), and employment (D) in 2019; solid line shows the best-fit

Log Population

Log Population

Log Population
(A) Empirical scaling exponents with 90% confidence interval for indicators of socioeconomic activities,

relation, dash line shows the linear scaling, and dotted line shows the scaling of the same indicator in cities.

public health, and individual needs. Dot-dash line shows the approximate scaling exponent (£

Figure 3-1. Empirical scaling results for indicators of socioeconomic activities, public health and individual needs.
socioeconomic activity indicators, and dash line shows the linear scaling (4



Specifically, I find indicators of socioeconomic activities scale sub-linearly (<1) with
population, implying the growth rate of these indicators declines as population increases. On the
one hand, some indicators represent socioeconomic welfare such as gross domestic product
(GDP), net national income, access to healthcare, and access to safe drinking water and
electricity; thus sub-linear scaling indicates compromised welfare for each individual with
increased population. On the other hand, higher value of indicators such as CO> emissions,
energy consumption, and number of prisoners are undesired; thus sub-linear scaling reflects
higher per-capita efficiency with larger population. Such result is contrary to the scaling of

similar indicators in cities which scale super-linearly with urban population (8=1.15)?22¢ 68. 69, 76-

78,
The results also show public health indicators scale super-linearly with population
(Bp=1.1), such as “infant death”, “death from hepatitis”, and “incidence of tuberculosis”. This
suggests that the performance of public health tends to decline for individuals with increased
population in a country. The super-linear scaling of public health indicators can be explained by
the sub-linear scaling of the socioeconomic activity indicators related to healthcare such as
“healthcare expenditure”, “number of nurses and midwives”, and “number of hospital beds”
(£r=0.9). Specifically, the number of death or disease Y,=Nf where f'is the per-capita death or
disease in a country which is correlated to the inverse of per-capita access to healthcare (Y, /N =

YuoNPr/N = YyoNPr=1); thus Y, = Nf~N/(Y;,/N)~N?~Fr where the exponent 8,=2—8i=1.1.

I also find indicators of individual needs scale linearly with population in countries,
which has also been observed in cities>* 24, This indicates that, on average, individuals in
different countries tend to have the same level of demand related to these indicators, regardless

of the size of population. The fact that individual need indicators scale linearly in both countries
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and cities can be explained by that the terminal units of socioeconomic networks in both

countries and cities are the same—individuals—and their size is invariant’®.

The exponents of most indicators are consistent across different years (Figure 3-2),
indicating the scaling of these indicators could be the result of some fundamental mechanisms
governing the socioeconomic dynamics of countries. However, exponents of a few indicators
like “Mobile subscriptions” and “Internet users” continuously grow or decline. This is likely
because the popularizing rate of these basic services would increase until 100% (i.e., same per
capita across countries) as the economy grows, which also means exponents of these basic

service-related indicators will become linear in the future.
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Figure 3-2. Annual scaling exponents for indicators of socioeconomic activities, public health and individual needs.
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3.3.2. Developing a Theory of Scaling at the Country Level

Socioeconomic activity indicators scale differently in countries and cities: sub-linearly in
countries and super-linearly in cities. This implies aggregation effects exist in cities from the
concentration of population?* 26, but do not exist in countries with population increase. It also
indicates there are some intrinsic relations between the scaling in countries and that in cities.
Given that a country is an ensemble of urban and rural areas, I propose a theory to explore the
origins of scaling of indicators of socioeconomic activities and individual needs in countries

based on the scaling laws observed in cities.

To understand the scaling exponent of development indicators among countries, I need to
estimate the value of the development indicator for each country given its population size. A
country is an ensemble of urban and rural areas; thus the total level of a development indicator of
a given country is the sum of its total urban and rural parts which in turn are the sum of the levels

of each urban and rural area, respectively. This can be written as Y;t01 = Yurvan + Yrurar =

Yo 2 Nf Ytaly XN Fr where Y, is the common economic base of all urban areas in the same

)i Ok
country which differs across countries, N, ; is the population size of city i, and the scaling
exponent f, is from urban scaling literature (5, = 1.15 for socioeconomic activity indicators and
S« =1 for individual need indicators), aY|, is the common economic base of all rural areas for the
country assumed to be proportional to the urban economic base Y, « is the ratio between rural
and urban economic base of this country and differs across countries, N, ; is the population size
of village j. In addition, I assume no aggregation effect between the rural portion of Y (Y1) and
rural population. This means S, = 1 for any development indicator. The total value of a

development indicator of a given country can be written as Y;orq1 = Yurvan + Yrurar =

Yo 2 th‘ + aYy X Nrﬁjr =Yy )i Nf“ + aY,N;!, where N, is the total rural population of the

i
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country”. Yy,pan and Y,.,-q; of a country can then be estimated once Yy, the distribution of urban

population (i.e., population for each urban area), and « are given.

To quantify my theory, the parameters need to be estimated. To estimate Y, of a given
country, I need to have empirical data on the urban portion of Y, and urban population for all
cities, and then conduct the regression to estimate the Y,. However, such data are not available
for all indicators in all countries. In addition, given the high explanation power (high R?) for the
urban population on urban development indicator?* %% 76, the true Y, of a given country should be

24.68,76 egpecially for high-urbanized countries. Therefore,

close to Y, of each city in this country
I can use pairwise empirical data of urban indicators and population of cities from as many

countries as I can to estimate the range of Y;.

I take GDP as an example of socioeconomic activity indicators given its relatively
abundant data (Figure 3-3). I collect the pairwise empirical data on urban GDP and population of

almost 900 cities from 150 countries and regions™. I calculate Y; for each city using

GDPyrpan/N. L1528 o here GDPypan 1s the GDP of the city and N5, 1S the population of the

urban »

city. I add a parameter § to consider the uncertainty of the estimated Y, of GDP. Previous studies
show that the scaling exponent of the GDP in the urban system ranges around 1.1 and 1.2%% 68,
which helps us to set § equals 0.05. I then estimate the range of Y, for each country using the

minimal and maximum values of the Y; of its cities. This means the minimal value of ¥, for each

country is the minimal of ¥, of its cities, so as to the maximum value.
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Yy: economic base Global regression
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Njy: population of the largest urban area
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N,: total rural population
ay: ratio between rural & urban economic base

Figure 3-3. Basic framework for understanding scaling exponent of indicators of socioeconomic activity.
Note that this is an example of GDP.

I use the Zipf’s law to approximate the distribution of urban population (population size
for each urban area) among cities in a country. Zipf’s law implies that the city in any country
with the largest population is generally twice as large as the next largest, and so on”#, This
could be formularized as N,,; = N;i~!, where N, ; is the population of a city i, i is the rank of
the population size of the city, and N; is the population size of the largest city. However, many
empirical studies found that Zipf’s exponent can vary around 1 depending on the country, the
time period, the definition of cities used or the fitting method”- #, Therefore, I extend the Zipf’s
law function as N, ; = N,;i~(1%9 to consider the uncertainty of the approximated distribution of
urban population. Previous empirical studies show that most of the Zipf’s exponents vary around
-0.7 to -1.3%1:82 which help us to set { equals 0.3. I collect urban population data for almost
1,900 cities with more than 300,000 people of 150 countries and regions®*. Given the total urban
population and maximum urban population for each country are known, I only need to estimate

the urban population less than 300,000 using the extended Zipf’s law.
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After quantifying the theory, I run simulations to test it. I vary a within the range [0.7,
1.3] to consider the uncertainty of the simulated rural GDP. For each simulation, I randomly and
independently select a value for each parameter within the parameter interval for each country.
After randomly simulating the GDP for each country, I conduct the regression to find the
simulated £. I repeat the simulation process for 10,000 times. Note that the random selection of
parameter means the selected value of a given parameter follows the uniform distribution
including Y, ~U(min(Y,), max(Y,)), §~U(—0.05,0.05), {~U(—0.3,0.3), and a~U(0.7,1.3).
In other words, each value within the parameter interval has the same probability to be selected.
To consider the uncertainty of the simulation due to the distribution of the parameters, I also
consider the parameters follow another widely observed distribution, normal distribution. This
means Yo~N((max(Y,) — min(Yy))/2, ((max(Yy) — min(¥y))/2 — min(Yy) )/3 ),

6~N(0,0.05/3),{~N(0,0.3/3), and a~N(1,0.3/3).

I also take employment as an example of individual need indicators. I collect pairwise
empirical data on urban employment and population of almost 900 cities from 150 countries and
regions®. I calculate Y, for each city using Employment,pqn/N252 | where
Employment, .45 1s the employment of the city and N4, 1S the population of the city.
Previous empirical studies show that the scaling exponent of the employment in the urban system
ranges around 0.99 and 1.02%3. Therefore, I add a parameter & (6 = 0.02) to consider the

uncertainty of the estimated Y, for employment. Similarly, I simulate the § of employment using

the parameters under uniform and normal distributions, respectively.

The results show that the simulated samples derive similar scaling exponents from the

empirical observations (Figure 3-4). Specifically, the median of the simulated £ for
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socioeconomic activity indicators and individual need indicators are close to those from

empirical data (0.90 vs. 0.88 and 1.00 vs. 0.99, respectively).

4000 1 7
Empirical $=0.99

3000 1 ] =
5 Empirical =0.88 -
c
S
o 2000 1 N —
()
—
(I

1000 1 _ B

0
0.6 0.7 0.8 0.9 1.0 1.1
Simulated 8

Figure 3-4. Histogram of § for indicators of socioeconomic activity and individual need indicators in countries from
10,000 simulations.

Median value of the simulated § for socioeconomic activity (red) and individual need indicators (grey) are 0.90 and

1.00, respectively. Distribution of parameters is normal. Uniform distribution generates similar results (Figure B-1).

3.3.3. Scaling Transition in Nations

Previous studies found that there are three kinds of population growth patterns based the
scaling exponent?* 7, As shown in Figure 3 in ref?, <1 leads to a sigmoid population growth
pattern, and population growth ceases in long term as it reaches a finite carry capacity. This is
shown in the biological systems and companies where the organism ultimately dies’® ®° and the
company demises®®. f=1 leads to an exponential population growth pattern. f>1 leads to a
growth which is faster than exponential population growth and scaling diverges within a finite
time and collapse due to the limited resource. This means cities are destined the eventually stop
growing?®. However, this collapse could be avoided by innovation and technology to reset the

initial conditions (Figure 4 in ref??). In that case, a new cycle is initiated, and cities continue to
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grow. The reset process could be continually repeated and lead to multiple cycles, which
therefore pushes the potential collapse into future. The side-effect of this reset is the time to
collapse in the following cycle becomes shorter, which means major innovations must arise at an

accelerated rate?*: 7°,

The results show that countries are more like biological systems and companies rather
than cities, in which development outputs grow sub-linearly with population. This indicates
countries will eventually stop growing or even collapse. How can countries grow continuously,
or is it even possible? Urbanization might be the answer, because, theoretically, cities grow

super-linearly and their growth never stops.

To test this hypothesis, I examine 58 highly urbanized countries (urbanization rate in
2019>80%). Results show that the scaling exponents of most socioeconomic activity indicators
increase from around 0.9 (sub-linear scaling, Figure B-2, Figure 3-5, Panel A) to close to 1
(linear scaling, Figure B-2, Figure 3-5, Panel A). The scaling of individual need indicators is still
linear for these highly urbanized countries. In addition, the values of Adj-R? for most indicators
are improved, indicating population can better explain the variations of these indicators when
countries become more urbanized (Figure B-2, Figure 3-5, Panel B). I also simulate f for
socioeconomic activity indicators and individual need indicators for these highly urbanized
countries. Results show that the simulated /5 are very close to the empirical observations (Figure
3-5, Panel C), 1.02 vs. 0.99 for socioeconomic activity indicators and 0.97 vs. 0.99 for individual
need indicators. These results indicate urbanization can potentially help countries grow with
increased scaling exponents from sub-linear to linear. However, is it possible for countries to

grow super-linearly?
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Figure 3-5. Histogram of § for indicators of socioeconomic activity and individual need indicators for simulation.
Comparison of empirical scaling exponents (A) and adjusted R? (B) of socioeconomic activity indicators between
highly urbanized countries and all countries. Histogram of simulated § for socioeconomic activity indicators (red)
and individual need indicators (grey) for highly urbanized countries (C) and for all countries with only urban
population (D) from 10,000 simulations. Distributions of parameters in (C) and (D) is normal. Uniform distribution
generates similar results (Figure B-3, Panels A&B).

If each country is a city (e.g., Singapore), the scaling of countries will be super-linear,
leading to open-ended growth. But what if each country is fully urbanized but with multiple
cities? I simulate the scaling of the development indicators only considering each country’s
existing cities®. T find the scaling of socioeconomic activity indicators would become super-
linear ($~=1.06) (Figure B-4, Panel A), while that of individual need indicators would remain
linear ($#~1.00) (Figure B-4, Panel B). Alternatively, assuming each country only has its current
urban population, I find that the simulated f for socioeconomic activity indicators would be

around 1.2, indicating super-linear, while that of individual need indicators would still be around
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1.00 (Figure 3-5, Panel D). This means urbanization can indeed lead to continuous growth for
countries. It is generally accepted that urbanization promotes economic growth to some extent as
it released the agricultural labor into industrial service based economy®’, and the aggregated
population in cities increase the social interactions and balance benefits and costs in a way that
leads to super-linear growth for socioeconomic properties®®. These theories could also be
supported by modern statistics®. However, super-linear growth comes with super-linear
increases of undesired socioeconomic outcomes (e.g., crime and resource consumption)?*. This
calls for policy attentions to these accompanying, unavoidable undesired consequences of

urbanization.

3.4. Discussion

Despite the great diversity and complexity of countries, the findings suggest national
metrics follow common scaling relationships with population size. I have also shown that the
scaling in countries is largely driven by the scaling in cities and super-linear growth in countries
is largely due to urbanization. By viewing countries as a structure that include an ensemble of
self-similar cities and rural areas, I found these systems are governed by universal mechanisms
regardless of social, economic, political, cultural, and geographical variabilities. Such findings
provide a quantitative and mechanistic understanding of national development. A critical
implication for development immediately follows. Keeping other factors constant, if a country
could concentrate people and resources in megacities while ensuring social cohesion and

environmental sustainability, its development indicators have potential to significantly improve.
Here is an example of GDP. The total GDP of a given country is the sum of its total

urban and rural GDP, which can be expressed as Y = Y™, Yo X NM5%8 4+ $1 o) x ¥, x

N},,.:- The first strategy is to continue the urbanization process to let the super-linear scaling
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effect existing in the urban system dominates national development. This is because Yy, pqn > Y
given Yyppan = S15y Yo X NMPE0 4 ¥ X (N, + AN)MSES 4+ T o X Yy X (Nyyrar — AN)Y,
where AN is the size of rural population moving to the city with the least population (N,,). This
also holds if the rural population (AN) moves to any city. The second strategy is to concentrate
urban population given the constant urban population and rural population. I propose two
specific ways to achieve it. First, the country can have fewer but larger cities. This is because
Viess > Y given Yigs = NIZ7 Yo X N0 + Y X (Nppoy + Ny V1558 + B g X ¥y X

(N} a1, where N, is the size of population of the smallest city. This also holds if any two cities
merge as one. The extreme case is the country only has one city. Having fewer but larger cities
might not be feasible for all countries. An equivalently effective approach is to better connect
cities with better infrastructure such as high-speed rail and the Internet. Second, the country can
encourage mega cities to concentrate its urban population. This because Y054 > Y given

Yimega = 2aoa Yo X NF¥E0 4 ¥y x (N 4+ AN)M5E 4+ ¥ x (N, — AN)V1548

Ym.oag X Yy X (N},q), where Nj is the size of population of the largest city and AN is the size
of population moving from the smallest city to the largest city. This also holds if AN is from a
smaller city to a larger city. The extreme case is that the country has one mega city and the rest

of the urban population is allocated in extremely small cities. A more practical scenario is to

have multiple megacities to host the majority of urban population.

The practical implications of the findings highlight the importance of understanding the
limitation and possibility of country growth. These scaling relationships predict many
dimensions of development a country can expect with respect to population change and
urbanization. Such predictions help policymakers set realistic targets for development policy and

develop strategies to address unintended consequences. These findings also provide a
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quantitative argument against mainstream practice of comparing national development using per-

89-95 25,96

capita measures®” >, which assumes development indicators scale linearly with population
However, this assumption does not always hold, since it ignores the effect of agglomeration
resulting from non-linear interactions in social dynamics. New rankings of nations based on

deviations from the scaling laws provide new and more accurate comparison of the performance

of national development (Methods, Supplementary Note B-1 and Table B-3).

3.5. Limitations and Future Research

This study assumes the linear scaling between the development indicators and population
in rural areas due to lack of empirical data. For future research, I will collect empirical data to
improve the quantitative framework explaining the origin of scaling in countries by considering

the non-linear relationship between development indicators and population in rural areas.

The super-linear and sub-linear scaling exponents only represent the general pattern on
average at the global scale. The deviation of various development indicators from the scaling is
particularly important to understand how local characteristics play a role in national
development. Future research can further explore the scaling relationship at the country level to
provide a unique perspective on how socioeconomic dynamics shape the development of a
country and its impacts on energy, resources, and the environment. This insight will help identify
pathways of sustainability transition towards open-ended growth and continuous improvement of

human living standards within the planetary boundary.
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Chapter 4. Impact of COVID-19 on Sustainable Development Goals

4.1. Introduction

The global progress to achieve the UN SDGs by 2030 has been stalled by the COVID-19
pandemic. To date, COVID-19 has already caused over 145 million confirmed cases and 3.1
million deaths®’. As a result of mitigation measures such as lockdown, COVID-19 has also
greatly affected the global economy. The world’s GDP is projected to decline by 4.4% in 2020,
almost three times worse than that in the Great Recession (-1.6% in 2008)*®. Consequentially,
financial and institutional resources that would be available to enhance SDGs will likely go away
by a large extent. Achieving SDGs by 2030 post COVID-19 becomes more challenging if not
impossible.

A few studies have assessed the impacts of COVID-19 on SDGs?#34, However, all these
studies focus on qualitative assessment of COVID-19 impacts on SDGs or SDG targets. Without
a quantitative evaluation, it is difficult to understand the different impacts on specific SDGs,
SDG targets, and SDG indicators for developed and developing economies. Such an
understanding is urgently important for government and non-state stakeholders to identify

critical areas for targeted policy to resume and speed up the progress to achieve SDGs by 2030.

To fill this knowledge gap, I predicted the quantitative impacts of COVID-19 on SDGs at
the indicator level using machine learning. The prediction is based on the expected changes in
GDP and population, because both historical data and future projections related to GDP and

population are widely available for developing models and the success of SDGs highly depends
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on economic growth. The model can predict 42 SDG indicators in 31 targets and 16 SDGs with
reasonable accuracy (Methods and Table C-1). Other indicators are thus excluded due to either
lack of data or low prediction accuracy (testing R? < 0.6) including all indicators in SDG 5
(Gender Equality). As a result, my analysis focuses on these 43 SDG indicators which are most
relevant to GDP and population. Specifically, I addressed two research questions. First, what are
the global impacts of COVID-19 on each SDG? Second, how do the impacts differ between

emerging market and developing economy (EMDE) and advanced economy (AD)?

To answer these questions, I first used historical data to develop and test a variety of
supervised machine learning models with cross-validation to predict each SDG indicator
(response) based on four predictors (population, GDP, annual GDP growth rate, and time). I then
predicted each SDG indicator between 2020 and 2024 using the best model and projected GDP
and population. To reflect the impact of COVID-19, I used four sets of GDP projection data to
represent one no-COVID-19 scenario and three post-COVID-19 scenarios. Specifically, the
International Monetary Fund (IMF) released two GDP projections in October 2019 and October
2020% % which I used to represent the no-COVID-19 scenario and a COVID-19 (S1) scenario,
respectively. Specifically, the COVID-19 (S1) scenario is very optimistic that the GDP will
quickly recover to pre-COVID-19 trajectory in 2021 with the global GDP growth rate of 5.2%.
Given the continuation of the COVID-19 pandemic worldwide, mitigation measures affecting the
economy are likely to be continued at least until 2022'%. Therefore, I also examined two less
optimistic COVID-19 scenarios in which the GDP recovers to the pre-COVID-19 trajectory in
2022 (COVID-19 (S2)) and 2023 (COVID-19 (S3)), respectively. Note that the GDP projections
of the three COVID-19 scenarios in 2020 are the same. As the uncertainty of longer GDP

projection becomes increasingly higher, I did not predict the SDG indicators beyond 2024. Next,
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I normalized and aggregated the predicted SDG indicators into SDG performance. Specifically,
the SDG performance is a metric based on multiple SDG indicators to represent the overall
performance towards achieving each SDG. A higher value is more desired indicating closer to
achieving SDG (see details in the Methods). I quantified the impact of COVID-19 using the
predicted SDG performances and indicators in the no-COVID-19 and the COVID-19 scenarios
in the same year. In other words, I exclusively focused on how the SDGs would be with COVID-
19 as compared to how they would be with COVID-19 during 2020-2024, rather than how the

SDGs will change from 2019.

4.2. Data and Method

4.2.1. Indicator Selection and Data Sources

I proposed three criteria to select predictors including 1) the availability of both
prediction and historical data; 2) the association with global sustainable development; 3) low
correlation among predictors. The population- and economy-related indicators meet both the first
two criteria?® 1°1-103 For the population-related indicators, I selected the “Total population”,
“Urban population”, “Female population”, “Male population”, “Population ages 0-14”,
“Population ages 15-64, “Population above 65” and “Annual population growth rate (%) as
candidates. For the economy-related indicators, I selected “GDP (current US$)”, “GDP (constant
2010 US$)”, “Annual GDP growth rate (%)”, “GDP per capita (constant 2010 US$/capita)”, and
“GDP per capita (current 2020 US$/capita)” as candidates. Figure 4-1 shows the Pearson
correlation matrix among these candidate predictors. Note that population-related indicators are
highly correlated with each other with an average 0.78 Pearson correlation coefficient. This
means | can only use one indicator to represent their total information (variation). I selected the

indicator “Total population™ as it is the most comprehensive one. The economy-related indicator
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“GDP (constant 2010 USS$)” is highly correlated with “GDP (current US$)”. I selected “GDP
(constant 2010)” as it is inflation-adjusted and measures the real change in GDP %, T also
selected “GDP growth rate” as a predictor. This indicator is also highly correlated (0.61 Pearson
correlation coefficient) with “Annual population growth rate (%)”. I discarded “GDP per capita
(constant 2020 US$/capita)” and “GDP per capita (current 2020 US$/capita)” as they are the
linear combination of the “GDP” and “Total population”. In addition, I also incorporated “Time

(measured by year)” to capture the potential variation associated with time.
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Figure 4-1. Pearson correlation matrix of candidate predictors.

I selected candidate indicators from datasets provided by the UN'%, World Bank'%, and
the 2020 SDG Index and Dashboards Report®’. The 2020 SDG Index and Dashboards Report

were published by the Sustainable Development Solutions Network which operates under the
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UN auspices to promote the implementation of the SDGs and the Paris Climate Agreement.
There are in total 42 SDG indicators in my dataset covering 16 SDGs and 31 SDG targets for
213 countries and regions. The temporal coverage of individual SDG indicators varies in the
dataset, with the longest from 1990 to 2019. The historical data of all the predictors are from the
World Bank!"’. The projected data of the predictor “GDP growth (%) and “GDP (constant
price)” under the COVID-19 (S1) scenario are from the newest IMF World Economic Outlook
database (released in October 2020). T also considered two less optimistic scenarios in which
GDP recovers to the 2019 level in 2022 and 2023, respectively (Figure 4-2). The hypothetical
projected GDP data under the no-COVID-19 scenario are from the same source released in
October 2019 before COVID-19%. The projected data of the predictor “Total population” are
from the UN’s World Population Prospects database in 2019, T collected the projected data for
187 countries and regions (Table C-2). The classifications of EMDE (149 countries and regions)
and AE (38 countries and regions)are from IMF®®. 1 predicted the annual value of each SDG

indicator from 2020 to 2024 based on the available data for these predictors.

120+

1154 -~ No-COVID-19
-~ COVID-19 (S1)
-~ COVID-19 (S2)

1104 COVID-19 (S3)
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95+

2019 2020 2021 2022 2023 2024
Year

Figure 4-2. Normalized GDP under the no-COVID-19 and three COVID-19 scenarios.
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Note that the no-COVID-19 scenario and COVID-19 (S1) scenario is projected by the IMF®® %, I further considered
two less optimistic COVID-19 scenarios in which the GDP recovers to pre-COVID-19 trajectories in 2022 (COVID-
19 (S2)) and 2023 (COVID-19 (S3)), respectively.

4.2.2. Machine Learning Models for Prediction

Compared with the traditional methods, machine learning approaches can generally
estimate complex non-linear relationship between response and predictors and show better
prediction accuracy®“2. I developed and tested three types of widely used machine learning
models, including support vector machine (¢1071 package!'? in R), random forests
(randomForest package!!? in R) and extreme gradient boosting (xgboost package'!! in R), to
model the historical relationship between the four predictors (GDP, GDP growth rate, Total
population, and Time) and the response (each SDG indicator). For each response, I selected the
best model (with the highest R? on test sets) to predict the future. Specifically, I split the entire
dataset by years into a training set and several test sets. The number of test sets is based on the
last available year of the SDG indicator. For example, if the last year of an indicator is 2018, the
last six years are the period of the test set with data in each year as a separate test set. The rest of
the data as a whole are the training set. For the model training, 3-fold cross-validation is used to
optimize the hypermeters and avoid overfitting. Importance of the predictors can be found in the
Figure C-2. I used the coefficient of determination (R?) to evaluate the prediction accuracy. I use
60% explained variance as the criterion for model selection (i.e., R?>= 0.6 on each test set) for
each SDG indicator (Figure C-1). This means the major variation (>= 60%) of a specific
indicator can be captured in the model, but the predicted value maybe not as reliable for
individual countries (see an example in Figure C-3). Therefore, I only focus on country groups
(AE, EMDE, and global) for the analysis, rather than focusing on individual countries. For the
prediction, I re-trained the best model with the entire data set for each SDG indicator. I also used

bootstrap sampling to reduce uncertainty which is a robust method to calculate confidence
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112 T calculated the confidence intervals of the

intervals for machine learning algorithms
prediction results by bootstrap resampling the training set for 100 times and filtered out the 5%

quantile, 50% quantile (median value), and 95% quantile prediction values. I focused on the

median value in the discussion as it will happen with the highest probability.

4.2.3. Normalization and Aggregation

To ensure comparability across different SDGs, the predicted indicator values for each
SDG were normalized. I proposed a simpler normalization method rather than using the min-max
normalization method** '3 for two reasons. First, the purpose of the min-max method is to
compare the progress of SDGs among many countries across years with a maximum value of
100. However, the main goal of the research is to analyze the effect of COVID-19 at the global
level and country groups level, which means the performance of an SDG indicator in 2019
should be the base (i.e., SDG performance = 100). Second, for the min-max method, I need to
first select the lower and upper bound, which are usually set by the 2.5" quantile or top five
performers®- 13- 114 This is impractical for us because I only focused on five years for the
prediction (2020-2024). The simpler normalization method is represented using the following

formulas: SDG indicator performance =

X

X 100 for postive directional indicator (e.g.,GDP per capita)
2019

(4-1)
72019 % 100 for negative directionalindicator (e.g., GHG emissions)

Tx
where SDG indicator performance represents the normalized performance for a given
SDG indicator, x is the value of a given SDG indicator before normalization, x4 stands for the
value of the indicator in 2019. “Positive directional indicator” means larger value corresponds to
desired performance (e.g., GDP per capita), while “negative directional indicator” means the

opposite (e.g., GHG emissions). The direction of the indicator is shown in Table C-3. Note that
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this normalization method cannot be directly applied to indicators with negative value such as
“GDP growth (%)”as it will mislead the performance for the following two reasons. The
indicator “GDP growth (%)” is not feasible for the proposed simple normalization method for the
two reasons. First, there will be negative values which mislead the direction of the SDG indicator
performance in two cases. For example, the value of “GDP growth (%)” is 2.4% in 2019 and -
4.4% in 2020, which would lead to the normalized performance in 2020 of -183 using the
normalization method. Another case is that the value of “GDP growth (%)” is 0.4% in 2019 and -
4.4% in 2020, which means the normalized performance in 2020 would be -1,100. The latter
case is obviously better than the former, but the normalized SDG indicator performance shows
the opposite (-1,100 worse than -183). Second, the high variation of “GDP growth (%)” will
mislead the performance of SDG 8. The value of “GDP growth (%) decreases from 2.4% in
2019 to -4.4% in 2020 and back to 5.6% in 2021 under the COVID-19 scenario. This means the
normalized SDG indicator performance would be -183 in 2020 and then back to 233 in 2021
(Figure C-4). The high variation will dominate the performance of SDG 8 and dilute the impact
of other indicators, as shown in Figure C-4 that the performance of SDG 8 will decline by 61%
in 2020 under the COVID-19 scenario and then become even higher than that under the no-
COVID-19 scenario in 2021. Therefore, I proposed a piecewise function to re-normalize the
indicator “GDP growth (%)”. I assigned 0 value for the negative growth rate, and cut the change
of GDP performance by 2/3 for the positive growth rate (Figure C-4). For example, if “GDP
growth (%) decreases from 2.4% in 2019 to -4.4% in 2020 and increases back to 5.6% in 2021,
the re-normalized value will be 0 in 2020 and 144 (100 + ((5.6% / 2.4%) - 100) / 3 = 144) in
2021 (Figure C-4). The re-normalization will not change the trend of “GDP growth (%)”, but

helps show the effect of other indicators in SDG 8 (Figure C-4). I also tried other ratios like 3/4
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which yielded similar results. For these cases, I used a piecewise function for normalization

(Figure C-4). After normalizing all SDG indicators, I aggregated all the performances of related

indicators using the arithmetic mean to yield the performances for specific SDGs** 13, Then I

aggregated all SDG performances using the arithmetic mean to yield an overall performance*-

113

4.3. Results

4.3.1. Global Impact in 2020

I found that a 7.7% decline of the overall SDG performance is expected in 2020
compared to no-COVID-19 scenario in the same year, (i.e., the difference of the SDG
performance in 2020 in two scenarios compared to the SDG performance in 2020 in the no-
COVID-19 scenario) (Figure 4-3). At the SDG level, the performances of 12 socioeconomic-
related SDGs are expected to decline by 3.0-22.3 % in 2020, while those of 4 environment-

related SDGs will increase by 1.6-9.2%.
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Figure 4-3. Comparison of SDG performances in 2020 under the COVID-19 and no-COVID-19 scenarios.
“Diff (%)” denotes the percentage change of the SDG performance in 2020 in the COVID-19 scenario as compared
to that in the no-COVID-19 scenario, representing the impact of COVID-19 on the SDG in 2020. SDG
performances are normalized based on those in 2019 (SDG performance = 100 in 2019). Note that SDG 5 (Gender

Equality) is excluded as none of its indicators can be predicted with reasonable accuracy (R? < 0.6). Note that the
projections of the predictors in 2020 are the same under three COVID-19 scenarios.

The SDGs with declining performances in 2020 due to COVID-19 all highly depend on

economic development. Among them, SDG 8 (Decent Work and Economic Growth) will suffer

the greatest decline (-22.3%) in 2020. All its six indicators would decline (Figure C-5) with the

largest for, not surprisingly, the indicator “GDP growth (%) (-100%) (Figure C-6). The second

largest predicted decline is for SDG 2 (Zero Hunger) with 16.4% decrease in its performance.

Specifically, the indicator “Number of people with undernourishment” in 2020 is predicted to

increase from 0.79 billion to 0.95 billion due to COVID-19 (Figure C-6). The latest UN

Sustainable Development Goals Report predicts that small-scale producers are hit hard by the
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pandemic?®. The performance of SDG 4 (Quality Education) will decrease by 13.3% as the third
largest decline. More than 8 million primary children are predicted to be out of school due to
COVID-19 in 2020, making its indicator “Number of primary children out of school” up to
around 60 million in 2020. This is largely due to remote learning remains out of reach for many
students especially those in developing countries®®. For SDG 16 (Peace, Justice and Strong
Institutions), the next largest declining SDG (-12.3%), “Corruption perception index (worst 0-
100 best)” will decrease from 45.4 in the no-COVID-19 scenario to 39.8 in the COVID-19
scenario. This is reflected by studies such as Gallego et al. which found increased corruption due
to relaxed public procurement rules and procedures in many places to expedite transactions for
pandemic mitigation !5, SDG 9 performance will decline by 11.8% (Industry, Innovation and
Infrastructure). Notably, the indicator “Air transport, passengers carried” will decrease from 4.8
billion without COVID-19 to 3.0 billion with COVID-19 (Figure C-6), which is widely expected
and observed due to travel restrictions during the pandemic!'®. For SDG 1 (No Poverty, -10.9%),
the prediction shows about 200 million additional people will be “living less than $3.20 a day”
due to COVID-19 in 2020. The UN also expects that COVID-19 will cause the first increase in
extreme poverty in decades with 71 million people being dragged back into extreme poverty

(less than $1.25 per day)?.

While the SDGs depending on economic development are projected to suffer from
COVID-19, other SDGs that are more relevant to the environment will actually be improved in
2020 during the pandemic. Specifically, the performances of SDG 12 (Responsible Consumption
and Production), SDG 13 (Climate Action), SDG 14 (Life Below Water), and SDG 15 (Life on
Land) will increase by 9.2%, 9.0%, 5.9%, and 1.6%, respectively, in 2020 in the COVID-19

scenario compared to the no-COVID-19 scenario. The prediction shows the per capita impacts
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on aquatic and terrestrial ecosystems will decrease by 9.2%, 5.9% and 1.6% due to COVID-19,
respectively, approximated by the predicted changes of the SDG 12 indicator “Forest rents
($/capita)”, SDG 14 indicator “Fisheries production (kg/capita)”, and SDG 15 indicator “Forest
area as a proportion of total land area (%) (Figure C-6). This is also reflected in Sachs et al.
which considered economic decline induced by COVID-19 will cause a short-term reduction in
threats to the ecosystem and consumption of natural resources®’. For SDG 13, the indicator
“Energy-related carbon emissions (kg/capita)” will decline from 4.9 kg/capita in the no-COVID-
19 scenario to 4.5 kg/capita in the COVID-19 scenario based on the projection. This is
equivalent to an annual reduction of 5.9% in global carbon dioxide (CO) emissions in 2020 with
COVID-19 from the 2019 level. Similarly, Liu et al. estimated the global CO2 emissions
declined by 8.8% in the first half of 2020'!7, and their follow-up estimates indicate a 5.5%
reduction in 2020 until October 31 compared to the same period in 2019!'8, The UN also

predicted that COVID-19 will result a 6.0% drop in greenhouse gas (GHG) emissions for 20202,

4.3.2. Global Impact by 2024

Figure 4-4 (Panels A&B) show the impact of COVID-19 by 2024 on SDGs. In particular,
the difference of the overall SDG performance in 2021 between the COVID-19 (S1) and no-
COVID-19 scenarios is only 2.5, down from 7.8 in 2020, indicating in 2021 SDGs are closer to
what they would be without COVID-19 than they are in 2020. This is due to the optimistic
projection of over 5% annual GDP growth in 2021 by IMF®%. However, in COVID-19 (S2) and
(S3) scenarios in which global GDP stagnates in 2021 (pandemic continues in 2021), the
difference of the 2021 overall SDG performance compared to that in the no-COVID-19 scenario
are 6.4 and 6.5, respectively. Prolonged pandemic slows down the economic recovery and thus

slows down the global SDG progress.
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Figure 4-4. Global impact of COVID-19 on SDGs by 2024.

(A) Comparison of SDG performances between the no-COVID-19 and three COVID-19 scenarios from 2020 to
2024. Four environment-related SDGs with declining performances in the no-COVID-19 scenario are differentiated
with different background colors. (B) Difference of SDG performances between the no-COVID-19 and each of the
three COVID-19 scenarios in 2020 and 2021. Note that the projections of predictors are the same in 2020 under the
three COVID-19 scenarios. (C) Number of years lagging behind the original trajectory for each SDG by 2024 due to

COVID-19 under the three COVID-19 scenarios.
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Among the 12 socioeconomic-related SDGs whose performances declined in 2020 due to
COVID-19, in general, quicker GDP recovery will lead to quicker SDG performance recovery
(Figure 4-4). For example, the differences of all the 12 SDGs in 2021 between the COVID-19
(S1) and no-COVID-19 scenario will be smaller than those in 2020. None of the 12 SDG
performances will be able to reach the level they would be without COVID-19 in 2021 in all
three COVID-19 scenarios. Among the four environment-related SDGs the performances of
which increased in 2020 due to COVID-19, quicker GDP recovery will lead to quicker SDG
performance decline. For example, the performances of the four SDGs in 2021 will be very close
to their 2019 levels under the COVID-19 (S1) scenario, but will be still higher than their 2019

levels under the COVID-19 (S2) and COVID-19 (S3) scenarios.

Figure 4-4 (Panel C) shows how long COVID-19 will make each SDG lag behind its
original trajectory without COVID-19 until 2024, defined as the difference of SDG performances
in 2024 with and without COVID-19 divided by the average annual change of the SDG
performance between 2019 and 2024 without COVID-19. This measure indicates the time (in
years) it would take for each SDG to come back to its original progress without COVID-19.
Overall, global SDG progress will lag behind the original trajectory by 1.9 to 4.1 years in the
three COVID-19 scenarios, roughly equivalent to delay of achieving SDGs for 1.9 to 4.1 years
due to COVID-19. For individual SDGs, although SDG 2 (Zero Hunger), SDG 8 (Decent Work
and Economic Growth) and SDG 9 (Industry, Innovation and Infrastructure) will be greatly
affected by COVID-19 in 2020 (16.4%, 22.3% and 11.8 declines), they will recover relatively
quickly compared to their original trajectories without COVID-19, making them three of the
least lagged SDGs due to COVID-19 by 2024 (about 1.0 to 3.0 year). In contrast, SDG 7

(Affordable and Clean Energy) will decline only by 3.3% in 2020 due to COVID-19, but it lags
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behind its original trajectory for approximately 1.8 to 8.0 years by 2024 as one of the most
lagged SDGs. This is because the relative slow increment in performance of SDG 7 (with the
annual increment of 0.4). This could also explain the relative long lags in SDG 6. Note that the
pandemic will also slow down the process of environmental deterioration and gain us more time
(0.9-4.1 years) to stabilize and reverse the originally declining trajectories of SDGs 12, 13, 14
and 15. Figure 4-4 (Panel C) also shows that the progresses of 12 socioeconomic-related SDGs
will be further lagged-behind due to the slower GDP recovery, and the worsening of four
environment-related SDGs (12, 13, 14 and 15) will be further slowed due to the slower GDP

recovery.

4.3.3. Different Impacts for EMDE and AE countries

When the model is tested for EMDE and AE countries separately, fewer SDG indicators
can be predicted with reasonable accuracy (R? >= 0.6): 27 indicators in 14 SDGs for EMDE and
18 indicators in only 8 SDGs for AE (Figure C-7&C-8). This is largely because of smaller
sample size in split datasets for the two country groups. Therefore, I only compared the impacts
of COVID-19 in EMDE and AE countries on the performance of individual SDG indicators
(2019 = 100).

The results show COVID-19 will have severe negative impacts on SDG indicator
performances for both EMDE and AE countries in 2020, with EMDE countries hit harder
(Figure 4-5). Specifically, the median declines of individual SDG indicator performances in 2020
due to COVID-19 are -6.3% and -5.1% for EMDE and AE, respectively. This indicates EMDE
countries are more vulnerable to economic downturn in sustainable development. The indicator
“GDP growth (%) in SDG 8 will decline the most for both EMDE (4.5% no-COVID-19 vs. -
3.2% COVID-19) and AE (1.7% no-COVID-19 vs. -5.8% COVID-19) in 2020 among all the
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predicted SDG indicators. The other indicator that declines the most for both EMDE and AD is
“Air transport, passengers carried (billion people)” in SDG 9, from 2.5 billion for EMDE and 2.2
billion for AE without COVID-19 to 1.5 billion with COVID-19 in 2020, respectively. The
indicator “Undernourishment (%)”in SDG 2 will increase from 2.8% to 5.6% due to COVID-19
in 2020 for AE, making its performance declining by 50.0%, while the decline of the
performance of the same indicator in EMDE is only 14.3%. However, the percentage of
population undernourished in EMDE (14.1%) is still much higher than that in AE (5.6%) in the
COVID-19 scenario in 2020. On the other hand, the performances of environment-related SDG
indicators increase for both EMDE and AE in 2020. In particular, the performance of indicator
“Forest rents ($/capita)” in SDG 12 has the largest increases for both EMDE and AE (18.9% and
22.7%, respectively), indicating lessened impact on terrestrial ecosystems in both country

groups.

20 1 o /.
o  Forest rents (US$/capita)
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" (billion people) —0
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Change of SDG indicator performance
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Figure 4-5. Impacts of COVID-19 on SDG indicator performance for EMDE and AE countries in 2020.

As shown in Figure 4-6 (Panels A-C), by 2024, the median changes of SDG indicator
performances compared to the no-COVID-19 scenario are -2.3% to -5.5% and -1.5% to -2.8%

for EMDE and AE, respectively. The largest decline for AE will be the performances of the
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indicators “Exports of goods and service ($/capita)” (-7.4% to -7.5%) and “Triadic patent (per
thousand people)” (-5.9% to -11.8%) in 2024 due to COVID-19. For EMDE, the performances
of the indicators “Manufacturing ($/capita)” and “Labour ($/capita)” will decline the most (-
11.4% to -18.8% and -7.5% to -20.4%) in 2024 due to COVID-19. These results represent long-
lasting impacts of COVID-19 on the global production and consumption system. Indicator “GDP
growth (%) will increase the most (7.1% to 28.1%) for AE in 2024. The largest increase for
EMDE will be the performance of the indicator “Energy-related carbon emissions (kg/capita)” in
2024. While economic recovery is welcome, a strong “rebound” of GHG emissions is

worrisome.

Figure 4-6 (Panels D-F) shows the number of years each SDG indicator lags behind its
original trajectory without COVID-19 by 2024 for EMDE and AE. Because AE countries
generally have smaller declines across all SDGs, they actually will be closer to their original
trajectories by 2024 compared to EMDE countries. This is counterintuitive as the EMDE
countries are predicted to own the faster post-COVID-19 economic recovery by IMF (S1).
Specifically, IMF predicted that average GDP per capita of AE countries will recover to the 2019
level by 2023, but EMDE countries will be back to the same level two years earlier by 2021. The
faster post-COVID-19 economic recovery for EMDE countries compared with AE countries will
still remain under other two COVID-19 scenarios (S2 and S3). This may show the better
resilience of the AE countries on the pandemic, which highlights the importance of sustainable
development. The slower economic recovery for AE countries also explains additional time
gained for SDG indicators such as “Energy-related carbon emissions (kg/capita)” with nearly 4

to 5 years. Note that the indicator “Suicide mortality rate (%)” will be lagged most for EMDE
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countries under COVID-19 scenarios (S2 and S3), which is due to the originally slow progress in

the no-COVID-19 scenario (annual increment of 0.4).
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Figure 4-6. Impacts of COVID-19 on SDG indicator performances for EMDE and AD countries.

(A-C) Impacts in 2024 under the three COVID-19 scenarios (S1, S2, and S3). (D-F) Number of years lagging behind
the original trajectory without COVID-19 for each SDG indicator by 2024 under the three COVID-19 scenarios (S1,
S2, and S3). In each boxplot, the central rectangle box spans the first to the third quartile. The central line segment
inside the rectangle represents the median value. Only the indicators with testing R? >= 0.6 are shown.

4.4. Discussion

This study predicts SDG indicators from 2020 to 2024 in a no-COVID-19 scenario and
the three COVID-19 scenarios based on projected GDP and population in each country or region.

Prior to this work, most existing studies have only qualitatively evaluated the impact of COVID-
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19 on SDGs, but a quantitative assessment was still lacking. The study shows COVID-19 will
lead to declines of 12 socioeconomic-related SDG performances in 2020. SDGs and SDG
indicators closely related to economic growth will be affected the most, such as SDG 8 (Decent
Work and Economic Growth) and SDG 2 (Zero Hunger). On the other hand, four environment-
related SDGs will actually be improved, likely due to reduced human activities during COVID-
19, including SDG 12 (Responsible Consumption and Production), SDG 13 (Climate Action),

SDG 14 (Life Below Water), and SDG 15 (Life on Land).

After 2020, the quicker GDP recovers, the quicker non-environment-related SDG
performances will recover and the quicker the environment-related SDG performances will
worsen. By 2024, there will still be one to eight years lagging behind for most SDGs compared
to the situation without COVID-19. At the same time, the downward trajectories of the four

environment-related SDGs will be slowed down for -0.1-4.1 years.

The impacts of COVID-19 on SDGs are different for different countries. EMDE
countries will be affected almost twice more than AE countries in 2020. The recovery of EMDE
countries are relatively slower than that of AE countries. By 2024, SDGs of the AE countries

will be closer to their pre-COVID-19 trajectories than those of the EMDE countries.

The results are largely based on post-COVID-19 GDP projections. The results imply the
pivotal role of rapid economic recovery on SDGs. Indeed, continuous economic growth is
considered as one of the necessary condition for the success of SDGs*! ', With a slower
economic recovery, the recovery of SDGs will be slower and the gap caused by COVID-19 will
be larger. Note that economic growth is also a barrier for improving certain environmental

conditions, as indicated by the findings of improved SDG 12, 13, 14 and 15 due to COVID-19.
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Post-COVID-19 economic recovery should emphasize in areas that can help decouple economic

growth from negative environmental impacts.

Before COVID-19, the four environment-related SDGs—SDG 12, 13, 14 and 15—had
already experienced worrisome declines moving away from the 2030 goals. COVID-19 will
actually reverse the declines in these SDGs in 2020 by mitigating related environmental
pressures. This is largely due to reduced human activities during the pandemic. However, as
soon as the economy starts to recover after 2020, these SDGs start to come back to their original
downward trajectories with declining environment quality. Nevertheless, I will still gain some
extra time from COVID-19 for the four environment-related SDGs which provides a great
opportunity to accelerate the global transition towards environmental sustainability. For example,
previous studies estimated that the average annual low-carbon investment under a Paris-
compatible pathway is about USD 1.4 trillion per year globally between 2020 and 2024!!%- 120,

which could be lower considering the extra time gained from COVID-19. This can be just about

10% of the total pledged COVID-19 stimulus to date!°.

This study lays a foundation for further exploring the impacts of COVID-19 on SDGs.
The results reveal the different impacts of COVID-19 on individual SDGs and SDG indicators
for different groups of economies. These impacts can be substantial and can greatly slow down
the progress for most SDGs. Overall, COVID-19 will make global SDG progresses lag behind
the original trajectory without COVID-19. Given that the SDG progress has already been
difficult before COVID-19, the challenge of achieving SDGs by 2030 becomes even larger due
to the pandemic. These results suggest stronger and targeted efforts are needed for SDGs post-
COVID-19. The results rely on machine learning models driven by GDP and population

projections. Other factors, such as technology development and new policy intervention, could
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also play critical roles in driving SDGs, but are excluded in the model due to the lack of reliable
future projections. Future research should explore ways to incorporate other relevant variables in
the prediction. The results are also based on the assumption that the tested relationship between
the predictors (GDP, population, etc.) and each of the responses (SDG indicators) will also
remain in the future. In addition, I also found pandemic-related indicators are scarce in existing
SDG indicators, especially for SDG 3 (Good Health and Well-Being). Currently there is no
indicator in SDG 3 directly on pandemics. Future efforts should consider including pandemic-
related indicators in the suite of SDG indicators to better reflect the impact of pandemics on

sustainable development.

4.5. Limitations and Future Research

The predicted SDG performance is aggregated from only 43 SDG indicators which are
most relevant to GDP and population. This means the information of other SDG indicators, like
gender, may not be reflected in the SDG performance, which increases the uncertainty of the
predicted SDG performance. This is because the main predictors in this study are population and
GDP. For future research, I will use additional predictors to increase the predictive ability of the

model and reduce the uncertainty of the predicted SDG performance.

This research only focuses on the predicted SDG performance at the global level rather
than at the individual country level. This is because I developed the prediction model at the
global level and the model can only capture major variations (>= 60%) of a specific indicator,
but the predicted value may not be as reliable for individual countries. For future study, I will
develop models at the county level to increase the reliability of predicted values for individual

countries.
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Chapter 5. Conclusions and Future Research

Drawing from the rapid development of data science, my research applies data-driven
methods to provide efficient and effective solutions to assist sustainable development for nations.
Specifically, I focus on addressing the challenges at data collection, performance comparison,

and prediction in the implementation of SDGs.

First, for data collection (Chapter 2), collecting a large number of SDG indicators with
limited resources is extremely challenging. Reducing data demand by finding the principal
indicators provides a practical solution for the challenge. Using principal component analysis
and multiple regression considering collection cost for each indicator, I identify the principal
indicators to represent almost full information of all the SDG indicators. Results show that 147
principal indicators can represent at least 90% of the annual variances of 351 SDG indicators in
the past (2000-2017) and are expected to do so for the future (2018-2030) with the lowest
difficulty of data collection. However, I do not necessarily recommend to only track principal
indicators, as established systems may already exist to collect data for other indicators for other
purposes. I would also recommend to regularly examine the principal indicators in the future to
reflect the changes of data collection infrastructure. Principal indicators are identified based on
the historical correlations between individual indicators. However, some correlations may
change over time. For future study, I may consider developing an integrated index based on
principal indicators to represent the SDG indicators for an overall evaluation of SDG progress

for countries and regions.
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Second, for performance comparison (Chapter 3), per capita based measures ignore the
effect of agglomeration resulting from non-linear interactions in social dynamics. There needs a
more appropriate approach to compare countries for their progress toward sustainable
development by taking into account the non-linear relationship between population and
sustainable development indicators. Building upon the scaling law in cities, I examine the scaling
of sustainable development indicators with the population in countries and develop a quantitative
framework to explain the origins of such scaling. Empirical results show that indicators of
socioeconomic activities scale sub-linearly (B = 0.9), public health indicators scale super-linearly
(B=1.1), and indicators of individual needs scale linearly (B = 1.0) with the population in
countries. I also show that, keeping other factors constant, if a country could concentrate people
and resources in megacities while ensuring social cohesion and environmental sustainability, its
development indicators would significantly improve. For future research, I will improve the
quantitative framework explaining the origin of scaling in countries by considering the non-

linear relationship between development indicators and population in rural areas.

Third, for performance prediction (Chapter 4), complex non-linear relationship among
the SDG indicators makes prediction difficult. For example, several studies attempted to evaluate
the impacts of COVID-19 on SDGs, but can only do so in a non-quantitative way. I develop
machine learning models to quantitatively predict the impact of COVID-19 on SDGs. Results
show that the overall SDG performance declined by 7.7% in 2020 at the global scale, with the
performance of 12 socioeconomic SDGs decreasing by 3.0-22.3% and that of 4 environmental
SDGs increasing by 1.6-9.2%. By 2024, the progress of 12 SDGs will lag behind for one to eight
years compared to their pre-COVID-19 trajectories, while extra time will be gained for 4

environment-related SDGs. In addition, the pandemic will cause more negative impacts on SDGs
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for countries in emerging market and developing economy than for those in advanced economy.
Future efforts should consider including pandemic-related indicators in the suite of SDG

indicators to better reflect the impact of pandemics on sustainable development.
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Appendices

Appendix A. Supporting Information for Chapter 2
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Figure A-1. Correlation between pairs of SDG indicators and SDGs.
(A) Heatmap of absolute Pearson correlation coefficients between pairs of the 351 SDG indicators. (B) Heatmap of average correlation coefficients of indicators
between different SDGs. “NA” means there is no data for indicators in SDG 13 (Climate Action).
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Figure A-3. Annual missing rate of all SDG indicators across countries and regions.
Dash line shows the average. Note that I exclude the 2018 data due to high missing rate.
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Figure A-4. Explained variance of subsets of indicators on the entire dataset without considering the difficulty of

data collection.

The dotted line represents the explained variance of principal indicators in various sizes, and the shade indicates the
explained variance of randomly selected indicators. Note that the explained variance of the principal indicators is
substantially higher than that explained by randomly selected indicators with the same size. Overall, 77 principal

indicators are needed to explain at least 90% variance for all SDG indicators from 2000 to 2017 without considering

the difficulty of data collection.

65



Count

Size: 1 ize: 3 Size: § Size: 6 Size: 7 Size: 8 Size: 9 Size: 10 Size: 11 Size: 12 Size: 13 Size: 14 Size: 15
] g ! 168 1090 1000 1020 1000 o 1000 s 1 1
3 i i 4 e % = % i :
0 0 ° 0 0 0 0 i
ot 003 010 015 0m | avsomamom oz Teomomomed | on o s T ‘smomohomohow | omohawmomol 0m ok owowow 0B ok om0l 03 0k 0% 0 04 00 0% 0@ o o o o % oo
Size: 17 Size: 18 Size: 19 Size: 20 Size: = = Size: 26 Size: 27 28 Size: 30
g L . 4. m LAY ' . v . L ul v .l .
o h (7 - 0 L} 0 L
Size: 31 Size: Size: 34 Size: 37 Size: 38 43 Size: 45
L . 1000 19 " a0 a0 098 e 0
v ul i s%m v wl ek W e § %é% 6|
N N ° ° - 0 0 [
Size: 46 Size: 47 Size: 48 Size: 49 Size: 50 Size: 51 Size: 52 Size: 53 Size: 57 Size: 58 Size: 60
Rl 1 1 1 2 y V
p . @ s
g g g 7 g g [ g ¥ i g
: : % & 3 % 3 &
Chotsomoroat  of ok om 0% 0% om 072 0% OOWSOTROTIORO OROONOTOOTION0  GRGONOTOTATE | RSTHOTHON | ONRRmISOTANTS OWROWMOTSOTAONS ONSOMOTSOTOONS | GGTSLTOON DWOMSOTRONS | OMOImOROLT  0WmorsermomsaEm 07si0rmorsamn
Size: 62 Size: 63 Size: 64 Size: 65 Size: 66 Size: 67 Size: 68 Size: 69 Size: 70 Size: 71 Size: 72 Size: 73 Size: 74 Size: 75
1 900 900 2 00
& & & B 1 B 2 g % % B ! ]
i % ] B B & g & i 4 # : :
Size: 77 Size: 78 Size: 79 Size: 80 Size: 81 Size: 83 Size: 84 Size: 86
| ’
. p”
] ] g g o B B B
“ # k. ki & 5 E & %
OTh o 6% om0 b 011 0a4 ok ok 0% 0w 0B aim oms asi0 Chvom 6% oF ok ok om om0 o 0t oms o o am ok om om o
Size: 91 Size: 92 Size: 93 Size: 94 Size: 96 Size: 97 Size: 98 Size: 99 Size: 101
1 % i . = % *gg w0
: # : L i # i
T om om ok om om ok ok o om ok ai o om o B o om0 o om ol ok om ok pmEmmm -
Size: 106 Size: 107 Size: 108 Size: 109 Size: 110 Size: 111 Size: 112 Size: 113 Size: 114 Size: 116
- | i -
“ p P P i 2
(i W 8 ® ® i 4 F % 8
(] o (] o : : (]
Size: 121 Size: 122 Size: 123 Size: 124 Size: 125 Size: 126 Size: 127 Size: 128 Size: 129 Size: 130 Size: 131 Size: 132 Size: 133 Size: 134 Size: 135
w w . = = "
i gy g 2 B v v u e b § [ ul ¥
K o N (] o o
Size: 136 Size: 137 Size: 138 Size: 139 Size: 140 Size: 141 Size: 142 Size: 143 Size: 144 Size: 146 Size: 148 Size: 149 : 150
p o P P a 3
] g B ! S B B B 8 B & ]
" 4 % ; ® % % % 3 % % 3 «"’3
Size: 151 Size: 152 : 153 Size: 154 Size: 155 Size: 156 Size: 157 Size: 158 Size: 160 Size: 161 Size: 163 Size: 164 Size: 165
i1 g0 90 200 9 ! 00 00 R 200 %0 a5 20 3§
® ] o] ; ] g B 2 ? b o b}
B @ # # & # & & ] L ® L
OB TDUTDATE® OM0MOSTIONTIOR0 | OWGIAONEONO | OMSOMONSIW | OMSONOOTIOM  0SOUDOSOMIIUS GG OATSOMOOWS | O 0TSOMOGMS | 0% oS00 0Ms | 030 awh oo ok odm ours o0 o o7 00 o Ts oo oms o owo oms o oo omes ode
Size: 166 Size: 167 Size: 168 Size: 169 Size: 170 Size: 171 Size: 172 Size: 173 Size: 174 Size: 175 : 176 Size: 177 Size: 178 Size: 179 Size: 180
- |
® p P P p ; p ® ®
® # L # L g & % ®
ors om0 s aF %7 om0 ows oW 63m omn 0w 0s oo a3k 0 0¥z o s o v owmmomnom oW ows owo o ows oo 70 s i S e e . g
Size: 181 Size: 182 Size: 183 Size: 184 Size: 185 Size: 186 Size: 187 Size: 188 Size: 193 Size: 194 Size: 195
| ’ - - ’ ’
900 ] pi 200 i pi pi 95
# & 3 | 3 g g L
.o e e e . T ey o P AR S o o om0k | a%m o odm ok omt ome o oms ome o ome o oo oo oe o 03 s o ;
Size: 196 Size: 197 Size: 198 Size: 199 Size: 200
-
am p p 2
® # @ B §
& # # g

09950996 0.997 0998 0.999 0,995 0.996 0,997 0.998 0.999

0.9% 0997 0.99 0999

0906 0997 0998 0999 0997 0.998 0999

Explained variance

Figure A-5. Distribution of explained variance of randomly selected indicators at different size without considering the difficulty of data collection.
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lained variance on the full dataset without considering the difficulty of data collection.
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Figure A-7. SDG indicators ranked in marginal explained variance on the entire dataset without considering the difficulty of data collection.
Note that only five of the 77 of top-ranked indicators are selected as principal indicators. This is due to the strong correlations among these top-ranked indicators,

which makes the marginal explained variance of one additional top-ranked indicator declines quickly. As a result, the amount of variance that can be explained

by these top-ranked indicators is substantially smaller than what can be explained by the same number of principal indicators (65% vs. 90%). The top 77

indicators explain the most marginal variance are exactly the 77 principal indicators. This further validates my method.
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Figure A-8. Explained variances of a certain number of principal indicators identified from various training sets on

test sets of each of the future years without considering the difficulty of data collection.

AT indicates the period between the test set year and the last year of the training set. (A)-(D) 60, 70, 80, and 90
principal indicators, respectively. These results show the year 2017 is the best dataset to identify the principal

indicators to monitor future SDG progress without considering the difficulty of data collection.
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Figure A-9. Explained variances of the least number of principal indicators identified under various missing rate

thresholds to explain at least 90% of the annual variances of the dataset.

0.8 1

Correlation
o
o

o
w
A

’
.o‘./i

0 20 40 60 80 100 120 140 160 180 200 220

Country index

Figure A-10. Correlation coefficient between the structure of indicator missing rates for each country or region and

that of the latest year.

Result shows that 193 countries or regions have very similar missing rate structure (correlation coefficient above

0.5) with the latest year.
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Figure A-12. Marginal explained variances of individual SDG 16 indicators added to the existing 147 principal

indicators
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Table A-1. The 351 SDG indicators from the World Bank dataset.

Coverage of social insurance programs (% of population)

Coverage of social insurance programs in 2nd quintile (% of population)
Coverage of social insurance programs in 3rd quintile (% of population)
Coverage of social insurance programs in 4th quintile (% of population)
Coverage of social insurance programs in poorest quintile (% of population)
Coverage of social insurance programs in richest quintile (% of population)
Coverage of social safety net programs (% of population)

Coverage of social safety net programs in 2nd quintile (% of population)
Coverage of social safety net programs in 3rd quintile (% of population)
Coverage of social safety net programs in 4th quintile (% of population)
Coverage of social safety net programs in poorest quintile (% of population)
Coverage of social safety net programs in richest quintile (% of population)
Coverage of unemployment benefits and ALMP (% of population)

Coverage of unemployment benefits and ALMP in 2nd quintile (% of population)
Coverage of unemployment benefits and ALMP in 3rd quintile (% of population)
Coverage of unemployment benefits and ALMP in 4th quintile (% of population)
Coverage of unemployment benefits and ALMP in poorest quintile (% of population)
Coverage of unemployment benefits and ALMP in richest quintile (% of population)
Poverty headcount ratio at $1.90 a day (2011 PPP) (% of population)

Poverty headcount ratio at national poverty lines (% of population)

Rural poverty headcount ratio at national poverty lines (% of rural population)
Urban poverty headcount ratio at national poverty lines (% of urban population)
Cereal yield (kg per hectare)

Exclusive breastfeeding (% of children under 6 months)
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25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50

Prevalence of anemia among women of reproductive age (% of women ages 15-49)

Prevalence of HIV, female (% ages 15-24)

Prevalence of HIV, male (% ages 15-24)

Prevalence of HIV, total (% of population ages 15-49)

Prevalence of overweight, weight for height (% of children under 5)
Prevalence of overweight, weight for height, female (% of children under 5)
Prevalence of overweight, weight for height, male (% of children under 5)
Prevalence of severe wasting, weight for height (% of children under 5)
Prevalence of severe wasting, weight for height, female (% of children under 5)
Prevalence of severe wasting, weight for height, male (% of children under 5)
Prevalence of stunting, height for age (% of children under 5)

Prevalence of stunting, height for age, female (% of children under 5)
Prevalence of stunting, height for age, male (% of children under 5)
Prevalence of undernourishment (% of population)

Prevalence of underweight, weight for age (% of children under 5)
Prevalence of underweight, weight for age, female (% of children under 5)
Prevalence of underweight, weight for age, male (% of children under 5)
Prevalence of wasting, weight for height (% of children under 5)
Prevalence of wasting, weight for height, female (% of children under 5)
Prevalence of wasting, weight for height, male (% of children under 5)
Adolescent fertility rate (births per 1,000 women ages 15-19)

Births attended by skilled health staft (% of total)

Demand for family planning satisfied by modern methods (% of married women with demand for family planning)

Immunization, DPT (% of children ages 12-23 months)
Immunization, HepB3 (% of one-year-old children)

Immunization, measles (% of children ages 12-23 months)
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51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76

Incidence of HIV (per 1,000 uninfected population ages 15-49)

Incidence of malaria (per 1,000 population at risk)

Incidence of tuberculosis (per 100,000 people)

Maternal mortality ratio (modeled estimate, per 100,000 live births)

Mortality caused by road traffic injury (per 100,000 people)

Mortality from CVD, cancer, diabetes or CRD between exact ages 30 and 70 (%)

Mortality from CVD, cancer, diabetes or CRD between exact ages 30 and 70, female (%)

Mortality from CVD, cancer, diabetes or CRD between exact ages 30 and 70, male (%)

Mortality rate attributed to household and ambient air pollution, age-standardized (per 100,000 population)

Mortality rate attributed to household and ambient air pollution, age-standardized, female (per 100,000 female population)
Mortality rate attributed to household and ambient air pollution, age-standardized, male (per 100,000 male population)
Mortality rate attributed to unintentional poisoning (per 100,000 population)

Mortality rate attributed to unintentional poisoning, female (per 100,000 female population)

Mortality rate attributed to unintentional poisoning, male (per 100,000 male population)

Mortality rate attributed to unsafe water, unsafe sanitation and lack of hygiene (per 100,000 population)

Mortality rate, neonatal (per 1,000 live births)

Mortality rate, under-5 (per 1,000 live births)

Mortality rate, under-5, female (per 1,000 live births)

Mortality rate, under-5, male (per 1,000 live births)

Number of people spending more than 10% of household consumption or income on out-of-pocket health care expenditure
Number of people spending more than 25% of household consumption or income on out-of-pocket health care expenditure
Nurses and midwives (per 1,000 people)

Physicians (per 1,000 people)

Proportion of population spending more than 10% of household consumption or income on out-of-pocket health care expenditure (%)
Proportion of population spending more than 25% of household consumption or income on out-of-pocket health care expenditure (%)

Smoking prevalence, females (% of adults)

W W W W W W W W W W W W W W W W W W W W W W W W W w
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77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100
101
102

Smoking prevalence, males (% of adults)

Suicide mortality rate (per 100,000 population)

Suicide mortality rate, female (per 100,000 female population)
Suicide mortality rate, male (per 100,000 male population)

Total alcohol consumption per capita (liters of pure alcohol, projected estimates, 15+ years of age)

Total alcohol consumption per capita, female (liters of pure alcohol, projected estimates, female 15+ years of age)

Total alcohol consumption per capita, male (liters of pure alcohol, projected estimates, male 15+ years of age)

Adolescents out of school (% of lower secondary school age)

Adolescents out of school, female (% of female lower secondary school age)

Adolescents out of school, male (% of male lower secondary school age)

Children out of school (% of primary school age)

Children out of school, female (% of female primary school age)

Children out of school, male (% of male primary school age)

Children out of school, primary

Children out of school, primary, female

Children out of school, primary, male

Compulsory education, duration (years)

Educational attainment, at least Bachelor's or equivalent, population 25+, female (%) (cumulative)
Educational attainment, at least Bachelor's or equivalent, population 25+, male (%) (cumulative)
Educational attainment, at least Bachelor's or equivalent, population 25+, total (%) (cumulative)
Educational attainment, at least completed lower secondary, population 25+, female (%) (cumulative)
Educational attainment, at least completed lower secondary, population 25+, male (%) (cumulative)
Educational attainment, at least completed lower secondary, population 25+, total (%) (cumulative)
Educational attainment, at least completed post-secondary, population 25+, female (%) (cumulative)
Educational attainment, at least completed post-secondary, population 25+, male (%) (cumulative)

Educational attainment, at least completed post-secondary, population 25+, total (%) (cumulative)
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103
104
105
106
107
108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128

Educational attainment, at least completed primary, population 25+ years, male (%) (cumulative)
Educational attainment, at least completed short-cycle tertiary, population 25+, female (%) (cumulative)
Educational attainment, at least completed short-cycle tertiary, population 25+, male (%) (cumulative)
Educational attainment, at least completed short-cycle tertiary, population 25+, total (%) (cumulative)
Educational attainment, at least completed upper secondary, population 25+, female (%) (cumulative)
Educational attainment, at least completed upper secondary, population 25+, male (%) (cumulative)
Educational attainment, at least completed upper secondary, population 25+, total (%) (cumulative)
Educational attainment, at least Master's or equivalent, population 25+, female (%) (cumulative)
Educational attainment, at least Master's or equivalent, population 25+, male (%) (cumulative)
Educational attainment, at least Master's or equivalent, population 25+, total (%) (cumulative)
Educational attainment, Doctoral or equivalent, population 25+, female (%) (cumulative)

Educational attainment, Doctoral or equivalent, population 25+, male (%) (cumulative)

Educational attainment, Doctoral or equivalent, population 25+, total (%) (cumulative)

Literacy rate, adult female (% of females ages 15 and above)

Literacy rate, adult male (% of males ages 15 and above)

Literacy rate, adult total (% of people ages 15 and above)

Literacy rate, youth (ages 15-24), gender parity index (GPI)

Literacy rate, youth female (% of females ages 15-24)

Literacy rate, youth male (% of males ages 15-24)

Literacy rate, youth total (% of people ages 15-24)

Lower secondary completion rate, female (% of relevant age group)

Lower secondary completion rate, male (% of relevant age group)

Lower secondary completion rate, total (% of relevant age group)

Over-age students, primary (% of enrollment)

Over-age students, primary, female (% of female enrollment)

Over-age students, primary, male (% of male enrollment)
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129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154

Preprimary education, duration (years)

Primary completion rate, female (% of relevant age group)

Primary completion rate, male (% of relevant age group)

Primary completion rate, total (% of relevant age group)

Primary education, duration (years)

Pupil-teacher ratio, lower secondary

Pupil-teacher ratio, preprimary

Pupil-teacher ratio, primary

Pupil-teacher ratio, secondary

Pupil-teacher ratio, tertiary

Pupil-teacher ratio, upper secondary

School enrollment, preprimary (% gross)

School enrollment, preprimary, female (% gross)

School enrollment, preprimary, male (% gross)

School enrollment, primary (gross), gender parity index (GPI)

School enrollment, primary and secondary (gross), gender parity index (GPI)
School enrollment, secondary (gross), gender parity index (GPI)

School enrollment, tertiary (% gross)

School enrollment, tertiary (gross), gender parity index (GPI)

School enrollment, tertiary, female (% gross)

School enrollment, tertiary, male (% gross)

Secondary education, duration (years)

Trained teachers in lower secondary education (% of total teachers)
Trained teachers in lower secondary education, female (% of female teachers)
Trained teachers in lower secondary education, male (% of male teachers)

Trained teachers in preprimary education (% of total teachers)
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155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
173
174
175
176

177

178
179

Trained teachers in preprimary education, female (% of female teachers)

Trained teachers in preprimary education, male (% of male teachers)

Trained teachers in primary education (% of total teachers)

Trained teachers in primary education, female (% of female teachers)

Trained teachers in primary education, male (% of male teachers)

Trained teachers in secondary education (% of total teachers)

Trained teachers in secondary education, female (% of female teachers)

Trained teachers in secondary education, male (% of male teachers)

Trained teachers in upper secondary education (% of total teachers)

Trained teachers in upper secondary education, female (% of female teachers)

Trained teachers in upper secondary education, male (% of male teachers)
Contributing family workers, female (% of female employment) (modeled ILO estimate)
Contributing family workers, male (% of male employment) (modeled ILO estimate)
Female genital mutilation prevalence (%)

Female share of employment in senior and middle management (%)

Firms with female participation in ownership (% of firms)

Firms with female top manager (% of firms)

Nondiscrimination clause mentions gender in the constitution (1=yes; 0=no)
Proportion of seats held by women in national parliaments (%)

Proportion of time spent on unpaid domestic and care work, female (% of 24 hour day)

Proportion of time spent on unpaid domestic and care work, male (% of 24 hour day)

Proportion of women subjected to physical and/or sexual violence in the last 12 months (% of women age 15-49)

Women making their own informed decisions regarding sexual relations, contraceptive use and reproductive health care (% of women

age 15-49)
Women who were first married by age 15 (% of women ages 20-24)

Women who were first married by age 18 (% of women ages 20-24)

[V NV S K N ANV S RV B S AN S 0 S B S O 0" Y~ Y N GO Y NG O U Y O O SO N

()]

78



180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205

Annual freshwater withdrawals, agriculture (% of total freshwater withdrawal)

Annual freshwater withdrawals, domestic (% of total freshwater withdrawal)

Annual freshwater withdrawals, industry (% of total freshwater withdrawal)

Annual freshwater withdrawals, total (% of internal resources)

Annual freshwater withdrawals, total (billion cubic meters)

Level of water stress: freshwater withdrawal as a proportion of available freshwater resources
People practicing open defecation (% of population)

People practicing open defecation, rural (% of rural population)

People practicing open defecation, urban (% of urban population)

People using at least basic drinking water services (% of population)

People using at least basic drinking water services, rural (% of rural population)

People using at least basic drinking water services, urban (% of urban population)

People using at least basic sanitation services (% of population)

People using at least basic sanitation services, rural (% of rural population)

People using at least basic sanitation services, urban (% of urban population)

People using safely managed drinking water services (% of population)

People using safely managed drinking water services, rural (% of rural population)

People using safely managed drinking water services, urban (% of urban population)

People using safely managed sanitation services (% of population)

People using safely managed sanitation services, rural (% of rural population)

People using safely managed sanitation services, urban (% of urban population)

People with basic handwashing facilities including soap and water (% of population)

People with basic handwashing facilities including soap and water, rural (% of rural population)
People with basic handwashing facilities including soap and water, urban (% of urban population)
Renewable internal freshwater resources per capita (cubic meters)

Renewable internal freshwater resources, total (billion cubic meters)
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206
207
208
209
210
211
212
213
214
215
216
217
218

219
220
221

222
223
224
225
226
227
228
229
230

Water productivity, total (constant 2010 US$ GDP per cubic meter of total freshwater withdrawal)

Access to clean fuels and technologies for cooking (% of population)

Access to electricity (% of population)

Access to electricity, rural (% of rural population)

Access to electricity, urban (% of urban population)

Energy intensity level of primary energy (MJ/$2011 PPP GDP)

Renewable electricity output (% of total electricity output)

Renewable energy consumption (% of total final energy consumption)

Account ownership at a financial institution or with a mobile-money-service provider (% of population ages 15+)
Account ownership at a financial institution or with a mobile-money-service provider, female (% of population ages 15+)
Account ownership at a financial institution or with a mobile-money-service provider, male (% of population ages 15+)
Account ownership at a financial institution or with a mobile-money-service provider, older adults (% of population ages 25+)

Account ownership at a financial institution or with a mobile-money-service provider, poorest 40% (% of population ages 15+)

Account ownership at a financial institution or with a mobile-money-service provider, primary education or less (% of population ages
15+)

Account ownership at a financial institution or with a mobile-money-service provider, richest 60% (% of population ages 15+)

Account ownership at a financial institution or with a mobile-money-service provider, secondary education or more (% of population
ages 15+)

Account ownership at a financial institution or with a mobile-money-service provider, young adults (% of population ages 15-24)
Agriculture, forestry, and fishing, value added per worker (constant 2010 USS$)

Children in employment, female (% of female children ages 7-14)

Children in employment, male (% of male children ages 7-14)

Children in employment, total (% of children ages 7-14)

Commercial bank branches (per 100,000 adults)

Employment in agriculture (% of total employment) (modeled ILO estimate)

Employment in agriculture, female (% of female employment) (modeled ILO estimate)

Employment in agriculture, male (% of male employment) (modeled ILO estimate)
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231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256

Employment in industry (% of total employment) (modeled ILO estimate)

Employment in industry, female (% of female employment) (modeled ILO estimate)
Employment in industry, male (% of male employment) (modeled ILO estimate)
Employment in services (% of total employment) (modeled ILO estimate)

Employment in services, female (% of female employment) (modeled ILO estimate)
Employment in services, male (% of male employment) (modeled ILO estimate)

GDP growth (annual %)

GDP per capita (constant 2010 US$)

GDP per person employed (constant 2011 PPP $)

Industry (including construction), value added per worker (constant 2010 USS$)

Informal employment (% of total non-agricultural employment)

Informal employment, female (% of total non-agricultural employment)

Informal employment, male (% of total non-agricultural employment)

New business density (new registrations per 1,000 people ages 15-64)

Services, value added per worker (constant 2010 US$)

Share of youth not in education, employment or training, female (% of female youth population)
Share of youth not in education, employment or training, male (% of male youth population)
Share of youth not in education, employment or training, total (% of youth population)
Unemployment, female (% of female labor force) (modeled ILO estimate)

Unemployment, female (% of female labor force) (national estimate)

Unemployment, male (% of male labor force) (modeled ILO estimate)

Unemployment, male (% of male labor force) (national estimate)

Unemployment, total (% of total labor force) (modeled ILO estimate)

Unemployment, total (% of total labor force) (national estimate)

Unemployment, youth female (% of female labor force ages 15-24) (modeled ILO estimate)

Unemployment, youth female (% of female labor force ages 15-24) (national estimate)
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257
258
259
260
261
262
263
264
265
266
267
268
269
270
271
272
273
274
275
276
277
278
279
280
281
282

Unemployment, youth male (% of male labor force ages 15-24) (modeled ILO estimate)
Unemployment, youth male (% of male labor force ages 15-24) (national estimate)
Unemployment, youth total (% of total labor force ages 15-24) (modeled ILO estimate)
Unemployment, youth total (% of total labor force ages 15-24) (national estimate)

Wage and salaried workers, female (% of female employment) (modeled ILO estimate)
Wage and salaried workers, male (% of male employment) (modeled ILO estimate)
Wage and salaried workers, total (% of total employment) (modeled ILO estimate)

Air transport, freight (million ton-km)

Air transport, passengers carried

CO2 emissions (kg per 2010 US$ of GDP)

CO2 emissions (kg per 2011 PPP § of GDP)

CO2 emissions (kg per PPP $ of GDP)

CO2 emissions (metric tons per capita)

Manufacturing, value added (% of GDP)

Manufacturing, value added (current US$)

Medium and high-tech Industry (including construction) (% manufacturing value added)
Railways, goods transported (million ton-km)

Railways, passengers carried (million passenger-km)

Research and development expenditure (% of GDP)

Researchers in R&D (per million people)

Annualized average growth rate in per capita real survey mean consumption or income, bottom 40% of population (%)
Annualized average growth rate in per capita real survey mean consumption or income, total population (%)
Average transaction cost of sending remittances from a specific country (%)

Average transaction cost of sending remittances to a specific country (%)

Net official development assistance received (constant 2015 USS$)

Net official development assistance received (current USS)
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283
284
285
286
287
288
289
290
291
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307
308

PM2.5 air pollution, mean annual exposure (micrograms per cubic meter)

PM2.5 air pollution, population exposed to levels exceeding WHO guideline value (% of total)
PM2.5 pollution, population exposed to levels exceeding WHO Interim Target-1 value (% of total)
PM2.5 pollution, population exposed to levels exceeding WHO Interim Target-2 value (% of total)
PM2.5 pollution, population exposed to levels exceeding WHO Interim Target-3 value (% of total)
Population living in slums (% of urban population)

Urban population

Urban population (% of total population)

Urban population growth (annual %)

Adjusted net savings, excluding particulate emission damage (% of GNI)

Coal rents (% of GDP)

Forest rents (% of GDP)

Mineral rents (% of GDP)

Natural gas rents (% of GDP)

Oil rents (% of GDP)

Total natural resources rents (% of GDP)

Aquaculture production (metric tons)

Capture fisheries production (metric tons)

Total fisheries production (metric tons)

Forest area (% of land area)

Forest area (sq. km)

Terrestrial and marine protected areas (% of total territorial area)

Terrestrial protected areas (% of total land area)

Battle-related deaths (number of people)

Bribery incidence (% of firms experiencing at least one bribe payment request)

Completeness of birth registration (%)

11
11
11
11
11
11
11
11
11
12
12
12
12
12
12
12
14
14
14
15
15
15
15
16
16
16
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309
310
311
312
313
314
315
316
317
318
319
320
321
322
323
324
325
326
327
328
329
330
331
332
333
334

Completeness of birth registration, female (%)

Completeness of birth registration, male (%)

Completeness of birth registration, rural (%)

Completeness of birth registration, urban (%)

Firms expected to give gifts in meetings with tax officials (% of firms)
Intentional homicides (per 100,000 people)

Intentional homicides, female (per 100,000 female)

Intentional homicides, male (per 100,000 male)

Primary government expenditures as a proportion of original approved budget (%)
Debt service (PPG and IMF only, % of exports of goods, services and primary income)
Exports of goods and services (% of GDP)

Foreign direct investment, net inflows (% of GDP)

Foreign direct investment, net inflows (BoP, current US$)

GDP (constant 2010 US$)

GDP (constant LCU)

GDP (current LCU)

GDP (current US$)

GDP, PPP (constant 2011 international §)

GDP, PPP (current international $)

GNI (constant 2010 US$)

GNI (constant LCU)

GNI, PPP (constant 2011 international $)

GNI, PPP (current international §)

Individuals using the Internet (% of population)

Investment in energy with private participation (current US$)

Investment in transport with private participation (current USS)

16
16
16
16
16
16
16
16
16
17
17
17
17
17
17
17
17
17
17
17
17
17
17
17
17
17
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335
336
337
338
339
340
341
342
343
344
345
346
347
348
349
350
351

Investment in water and sanitation with private participation (current US$)

Methodology assessment of statistical capacity (scale 0 - 100)

Net official development assistance and official aid received (current US$)

Patent applications, nonresidents

Patent applications, residents

Periodicity and timeliness assessment of statistical capacity (scale 0 - 100)

Personal remittances, received (% of GDP)

Source data assessment of statistical capacity (scale 0 - 100)
Statistical Capacity score (Overall average)

Tariff rate, applied, simple mean, all products (%)

Tariff rate, applied, simple mean, manufactured products (%)
Tariff rate, applied, simple mean, primary products (%)

Tariff rate, applied, weighted mean, all products (%)

Tariff rate, applied, weighted mean, manufactured products (%)
Tariff rate, applied, weighted mean, primary products (%)

Tax revenue (% of GDP)

Tax revenue (current LCU)

17
17
17
17
17
17
17
17
17
17
17
17
17
17
17
17
17
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Index
23
25
26
27
28
38
45
48
49
50
51
53
54
55
57
58
60
61
62
63
65
66
67
76
77

Table A-2. The 147 identified principal indicators.

SDG indicator

Cereal yield (kg per hectare)

Prevalence of anemia among women of reproductive age (% of women ages 15-49)
Prevalence of HIV, female (% ages 15-24)

Prevalence of HIV, male (% ages 15-24)

Prevalence of HIV, total (% of population ages 15-49)

Prevalence of undernourishment (% of population)

Adolescent fertility rate (births per 1,000 women ages 15-19)

Immunization, DPT (% of children ages 12-23 months)

Immunization, HepB3 (% of one-year-old children)

Immunization, measles (% of children ages 12-23 months)

Incidence of HIV (per 1,000 uninfected population ages 15-49)

Incidence of tuberculosis (per 100,000 people)

Maternal mortality ratio (modeled estimate, per 100,000 live births)

Mortality caused by road traffic injury (per 100,000 people)

Mortality from CVD, cancer, diabetes or CRD between exact ages 30 and 70, female (%)
Mortality from CVD, cancer, diabetes or CRD between exact ages 30 and 70, male (%)

Mortality rate attributed to household and ambient air pollution, age-standardized, female (per 100,000 female population)
Mortality rate attributed to household and ambient air pollution, age-standardized, male (per 100,000 male population)

Mortality rate attributed to unintentional poisoning (per 100,000 population)

Mortality rate attributed to unintentional poisoning, female (per 100,000 female population)

Mortality rate attributed to unsafe water, unsafe sanitation and lack of hygiene (per 100,000 population)

Mortality rate, neonatal (per 1,000 live births)
Mortality rate, under-5 (per 1,000 live births)
Smoking prevalence, females (% of adults)

Smoking prevalence, males (% of adults)

SDG

W W W W W W W W W W W W W W W W W W W NN NN NN

86



78

79

80

87

90

93

123
124
126
127
129
130
132
133
136
140
141
143
144
145
146
147
148
149
150
166

Suicide mortality rate (per 100,000 population)

Suicide mortality rate, female (per 100,000 female population)
Suicide mortality rate, male (per 100,000 male population)
Children out of school (% of primary school age)

Children out of school, primary

Compulsory education, duration (years)

Lower secondary completion rate, female (% of relevant age group)
Lower secondary completion rate, male (% of relevant age group)
Over-age students, primary (% of enrollment)

Over-age students, primary, female (% of female enrollment)
Preprimary education, duration (years)

Primary completion rate, female (% of relevant age group)
Primary completion rate, total (% of relevant age group)

Primary education, duration (years)

Pupil-teacher ratio, primary

School enrollment, preprimary (% gross)

School enrollment, preprimary, female (% gross)

School enrollment, primary (gross), gender parity index (GPI)

School enrollment, primary and secondary (gross), gender parity index (GPI)

School enrollment, secondary (gross), gender parity index (GPI)
School enrollment, tertiary (% gross)

School enrollment, tertiary (gross), gender parity index (GPI)
School enrollment, tertiary, female (% gross)

School enrollment, tertiary, male (% gross)

Secondary education, duration (years)

Contributing family workers, female (% of female employment) (modeled ILO estimate)
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167
172
173
186
187
188
189
190
191
192
193
194
195
207
208
209
210
211
212
213
223
227
230
231
232
233

Contributing family workers, male (% of male employment) (modeled ILO estimate)
Nondiscrimination clause mentions gender in the constitution (1=yes; 0=no)
Proportion of seats held by women in national parliaments (%)

People practicing open defecation (% of population)

People practicing open defecation, rural (% of rural population)

People practicing open defecation, urban (% of urban population)

People using at least basic drinking water services (% of population)

People using at least basic drinking water services, rural (% of rural population)
People using at least basic drinking water services, urban (% of urban population)
People using at least basic sanitation services (% of population)

People using at least basic sanitation services, rural (% of rural population)

People using at least basic sanitation services, urban (% of urban population)
People using safely managed drinking water services (% of population)

Access to clean fuels and technologies for cooking (% of population)

Access to electricity (% of population)

Access to electricity, rural (% of rural population)

Access to electricity, urban (% of urban population)

Energy intensity level of primary energy (MJ/$2011 PPP GDP)

Renewable electricity output (% of total electricity output)

Renewable energy consumption (% of total final energy consumption)

Agriculture, forestry, and fishing, value added per worker (constant 2010 USS)
Commercial bank branches (per 100,000 adults)

Employment in agriculture, male (% of male employment) (modeled ILO estimate)
Employment in industry (% of total employment) (modeled ILO estimate)
Employment in industry, female (% of female employment) (modeled ILO estimate)

Employment in industry, male (% of male employment) (modeled ILO estimate)
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235
236
237
238
239
240
244
245
249
251
255
259
261
262
264
265
266
268
270
271
272
281
283
284
285
286

Employment in services, female (% of female employment) (modeled ILO estimate)
Employment in services, male (% of male employment) (modeled ILO estimate)

GDP growth (annual %)

GDP per capita (constant 2010 US$)

GDP per person employed (constant 2011 PPP §)

Industry (including construction), value added per worker (constant 2010 USS$)

New business density (new registrations per 1,000 people ages 15-64)

Services, value added per worker (constant 2010 US$)

Unemployment, female (% of female labor force) (modeled ILO estimate)

Unemployment, male (% of male labor force) (modeled ILO estimate)

Unemployment, youth female (% of female labor force ages 15-24) (modeled ILO estimate)
Unemployment, youth total (% of total labor force ages 15-24) (modeled ILO estimate)

Wage and salaried workers, female (% of female employment) (modeled ILO estimate)

Wage and salaried workers, male (% of male employment) (modeled ILO estimate)

Air transport, freight (million ton-km)

Air transport, passengers carried

CO2 emissions (kg per 2010 US$ of GDP)

CO2 emissions (kg per PPP $ of GDP)

Manufacturing, value added (% of GDP)

Manufacturing, value added (current US$)

Medium and high-tech Industry (including construction) (% manufacturing value added)

Net official development assistance received (constant 2015 USS$)

PM2.5 air pollution, mean annual exposure (micrograms per cubic meter)

PM2.5 air pollution, population exposed to levels exceeding WHO guideline value (% of total)
PM2.5 pollution, population exposed to levels exceeding WHO Interim Target-1 value (% of total)
PM2.5 pollution, population exposed to levels exceeding WHO Interim Target-2 value (% of total)
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287
289
290
291
292
293
294
295
296
297
298
299
300
301
302
303
304
305
318
319
320
321
322
323
324
328

PM2.5 pollution, population exposed to levels exceeding WHO Interim Target-3 value (% of total)
Urban population

Urban population (% of total population)

Urban population growth (annual %)

Adjusted net savings, excluding particulate emission damage (% of GNI)
Coal rents (% of GDP)

Forest rents (% of GDP)

Mineral rents (% of GDP)

Natural gas rents (% of GDP)

Oil rents (% of GDP)

Total natural resources rents (% of GDP)

Aquaculture production (metric tons)

Capture fisheries production (metric tons)

Total fisheries production (metric tons)

Forest area (% of land area)

Forest area (sq. km)

Terrestrial and marine protected areas (% of total territorial area)
Terrestrial protected areas (% of total land area)

Debt service (PPG and IMF only, % of exports of goods, services and primary income)
Exports of goods and services (% of GDP)

Foreign direct investment, net inflows (% of GDP)

Foreign direct investment, net inflows (BoP, current US$)

GDP (constant 2010 US$)

GDP (constant LCU)

GDP (current LCU)

GNI (constant 2010 US$)

11
11
11
11
12
12
12
12
12
12
12
14
14
14
15
15
15
15
17
17
17
17
17
17
17
17
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329
330
331
332
336
337
338
340
341
342
343
344
346
347
348
349
350
351

GNI (constant LCU)

GNI, PPP (constant 2011 international $)

GNI, PPP (current international §)

Individuals using the Internet (% of population)

Methodology assessment of statistical capacity (scale 0 - 100)

Net official development assistance and official aid received (current US$)
Patent applications, nonresidents

Periodicity and timeliness assessment of statistical capacity (scale 0 - 100)
Personal remittances, received (% of GDP)

Source data assessment of statistical capacity (scale 0 - 100)

Statistical Capacity score (Overall average)

Tariff rate, applied, simple mean, all products (%)

Tariff rate, applied, simple mean, primary products (%)

Tariff rate, applied, weighted mean, all products (%)

Tariff rate, applied, weighted mean, manufactured products (%)

Tariff rate, applied, weighted mean, primary products (%)

Tax revenue (% of GDP)

Tax revenue (current LCU)

17
17
17
17
17
17
17
17
17
17
17
17
17
17
17
17
17
17
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Country or region

Afghanistan
Albania

Algeria
American Samoa
Andorra

Angola

Antigua and Barbuda

Argentina
Armenia
Aruba
Australia
Austria
Azerbaijan
Bahamas, The
Bahrain
Bangladesh
Barbados
Belarus
Belgium

Belize

Benin
Bermuda
Bhutan

Bolivia

Table A-3. Average missing rate of indicators for each country or region.

Average missing rate
of all indicators
63.40%

49.20%
51.80%
90.90%
79.40%
59.90%
71.60%
47.20%
46.40%
76.70%
54.60%
50.30%
47.50%
59.10%
59.20%
44.10%
58.20%
46.00%
50.40%
49.30%

55.10%
77.50%
53.40%
47.80%

Average missing rate of | Country or region

principal indicators
32.10%

17.30%
18.40%
79.90%
64.80%
24.90%
47.00%
14.20%
18.60%
61.10%
26.60%
21.80%
20.00%
31.10%
32.00%
18.20%
29.70%
14.50%
21.00%
15.80%

20.10%
62.70%
22.00%
18.40%

Latvia
Lebanon
Lesotho
Liberia
Libya
Liechtenstein
Lithuania

Luxembourg

Macao SAR, China

Madagascar
Malawi
Malaysia
Maldives

Mali

Malta

Marshall Islands
Mauritania
Mauritius
Mexico

Micronesia, Fed.
Sts.
Moldova

Monaco
Mongolia

Montenegro

Average missing rate
of all indicators
46.50%

62.10%
53.50%
60.10%
70.40%
84.80%
47.90%
50.80%
57.50%
53.50%
54.00%
47.00%
58.00%
51.40%
53.20%
76.20%
54.90%
49.10%
38.90%
80.20%

41.80%
86.00%
45.20%
57.90%

Average missing rate of

principal indicators
17.70%

29.90%
19.50%
30.20%
42.60%
71.60%
19.60%
20.00%
39.10%
17.90%
20.70%
14.10%
27.20%
19.40%
23.80%
52.30%
23.60%
13.00%
12.40%
59.90%

13.00%
72.90%
17.00%
29.80%
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Bosnia and
Herzegovina
Botswana

Brazil

British Virgin Islands
Brunei Darussalam
Bulgaria

Burkina Faso
Burundi

Cabo Verde
Cambodia
Cameroon

Canada

Cayman Islands

Central African
Republic
Chad

Channel Islands
Chile

China

Colombia
Comoros

Congo, Dem. Rep.
Congo, Rep.
Costa Rica

Cote d'Ivoire
Croatia

Cuba

54.90%

54.60%
45.50%
87.50%
60.30%
45.80%
49.10%
55.00%
52.20%
48.10%
53.20%
57.70%
84.30%
62.10%

57.70%
89.60%
46.90%
53.70%
38.20%
63.10%
58.30%
57.30%
44.60%
52.90%
48.20%
52.20%

27.40%

19.30%
19.80%
78.30%
29.70%
15.20%
16.10%
22.40%
18.20%
17.50%
19.70%
27.70%
78.30%
29.70%

26.20%
80.10%
16.30%
23.40%
13.80%
30.40%
28.30%
21.70%
16.30%
21.40%
15.60%
24.50%

Morocco

Mozambique
Myanmar
Namibia
Nauru

Nepal
Netherlands
New Caledonia
New Zealand
Nicaragua
Niger

Nigeria

North Macedonia

Northern Mariana
Islands
Norway

Oman

Pakistan

Palau

Panama

Papua New Guinea
Paraguay

Peru

Philippines

Poland

Portugal

Puerto Rico

48.10%

50.50%
53.90%
62.00%
82.70%
49.70%
51.80%
86.30%
55.80%
53.10%
49.30%
52.80%
49.00%
91.50%

49.80%
57.60%
44.30%
78.20%
45.00%
64.60%
45.80%
42.00%
44.60%
45.80%
48.10%
71.00%

13.20%

17.70%
23.20%
29.60%
66.50%
16.10%
22.40%
73.10%
24.00%
22.40%
19.10%
21.40%
16.80%
80.80%

18.40%
24.10%
16.30%
56.00%
17.00%
31.50%
16.70%
14.60%
15.30%
19.50%
19.20%
52.70%
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Curacao
Cyprus

Czech Republic
Denmark
Djibouti
Dominica

Dominican Republic

Ecuador

Egypt, Arab Rep.
El Salvador
Equatorial Guinea
Eritrea

Estonia

Eswatini

Ethiopia

Faroe Islands
Fiji

Finland

France

French Polynesia
Gabon

Gambia, The
Georgia
Germany

Ghana

91.70%
50.10%
48.60%
51.00%
62.00%
68.80%
41.10%

40.10%
48.20%
42.00%
65.00%
59.50%
48.50%
55.30%

51.90%
91.90%
60.30%
48.30%
48.70%
86.40%
62.50%
56.10%
47.50%
50.30%
46.90%

83.10%
20.10%
17.90%
19.20%
33.10%
47.70%
17.80%

16.50%
16.30%
14.70%
34.70%
33.00%
16.00%
21.90%

20.40%
82.10%
27.90%
17.20%
18.10%
73.80%
28.10%
23.90%
16.60%
20.10%
18.40%

Qatar

Romania

Russian Federation
Rwanda

Samoa

San Marino

Sao Tome and
Principe
Saudi Arabia

Senegal
Serbia
Seychelles
Sierra Leone
Singapore

Sint Maarten
(Dutch part)
Slovak Republic

Slovenia

Solomon Islands
Somalia

South Africa
South Sudan
Spain

Sri Lanka

St. Kitts and Nevis
St. Lucia

St. Martin (French
part)

57.00%
43.70%
51.00%
52.10%
61.90%
84.60%
61.50%

58.70%
47.30%
46.70%
68.50%
56.90%
56.30%
93.90%

45.40%
47.90%
65.30%
75.10%
46.10%
77.50%
48.20%
49.40%
72.70%
56.30%
98.40%

30.80%
14.90%
21.00%
20.30%
29.40%
70.30%
31.90%

30.40%
17.00%
22.10%
42.50%
26.90%
30.50%
86.80%

14.40%
20.00%
35.60%
52.60%
18.00%
58.90%
18.20%
17.60%
51.10%
25.00%
96.40%
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Gibraltar

Greece
Greenland
Grenada
Guam

Guatemala

Guinea
Guinea-Bissau
Guyana

Haiti

Honduras

Hong Kong SAR,
China

Hungary

Iceland

India

Indonesia

Iran, Islamic Rep.

Iraq
Ireland
Isle of Man

Israel

Italy
Jamaica

Japan

90.10%

50.60%
85.40%
70.00%
83.10%
47.30%

56.60%
63.40%
58.10%
62.70%
47.40%
60.70%

45.30%

54.30%
50.30%
42.60%
49.60%

61.00%
52.90%
92.50%
50.00%

49.40%
52.10%
59.00%

82.00%

21.70%
72.10%
46.20%
66.40%
16.70%

24.50%
31.60%
26.50%
30.30%
19.30%
38.50%

15.50%

21.50%
18.80%
15.40%
17.30%

36.30%
19.30%
84.70%
16.40%

18.00%
19.10%
31.10%

St. Vincent and the
Grenadines
Sudan

Suriname
Sweden
Switzerland
Syrian Arab
Republic
Tajikistan
Tanzania
Thailand
Timor-Leste
Togo

Tonga
Trinidad and

Tobago
Tunisia

Turkey
Turkmenistan

Turks and Caicos
Islands
Tuvalu

Uganda
Ukraine

United Arab
Emirates
United Kingdom

United States
Uruguay

62.70%

58.60%
57.40%
49.10%
53.00%
62.90%

52.10%
50.70%
50.00%
61.40%
53.60%
64.30%

61.40%

50.90%
42.20%
67.40%
90.10%

79.20%
52.10%
48.10%
62.80%

51.70%
50.30%
45.20%

32.00%

24.90%
25.70%
20.90%
20.90%
35.70%

19.90%
19.00%
19.20%
31.60%
19.40%
32.20%

34.80%

16.00%
22.10%
40.60%
81.10%

61.90%
19.70%
15.30%
35.30%

22.20%
24.40%
18.40%
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Jordan
Kazakhstan
Kenya

Kiribati

Korea, Dem. People's
Rep.

Korea, Rep.
Kosovo

Kuwait

Kyrgyz Republic
Lao PDR

49.10%
48.30%
52.70%
75.90%
76.10%

54.10%

87.20%
51.80%
44.20%
47.90%

15.50%
15.60%
20.30%
53.40%
56.00%

24.40%

80.90%
26.90%
13.50%
17.30%

Uzbekistan
Vanuatu
Venezuela, RB
Vietnam

Virgin Islands
(U.S.)

West Bank and
Gaza

Yemen, Rep.

Zambia

Zimbabwe

51.50%
63.00%
54.70%
48.10%
84.00%

48.80%

58.90%
56.50%
58.00%

19.30%
28.40%
27.80%
19.50%
68.20%

30.30%

26.10%
22.50%
27.10%
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Appendix B. Supporting Information for Chapter 3
Supplementary Note B-1: Example of scale-independent comparison.

The development of nations is measured by a variety of economic, social, and
environmental indicators. Many of these indicators that characterize the size of stocks in a
country, such as gross domestic product (GDP), are often normalized by population to compare
among countries. Whether such comparison using population-normalized indicators is
appropriate, however, has long been debated '?!- 122, The underlying assumption that warrants the
comparison using population-normalized indicators is that those indicators scale linearly with
population. For some indicators, this assumption may not be valid because it ignores the
aggregation effect resulting from non-linear interactions in socioeconomic systems 2> ¢, To
better evaluate and monitor the development of countries, it is imperative to understand how
some of the stock indicators scale non-linearly with population and develop adjusted

normalization approaches to taking into account the non-linear relationship.

I re-rank countries using scale-independent GDP (Methods) and compare the ranking
using GDP per capita. The results show distinct differences for most countries in the two
rankings (Table S3). Note that China has the largest improvement using scale-independent GDP
(53th) from the ranking using per-capita GDP (77th), and Nauru owns the largest decline (113th
from 78th). These results provide important insights on how a country performs in national

development compared to what it should be given its population.
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Figure B-1. Histogram of f for socioeconomic activity indicators and individual need indicators in countries from
10,000 simulations.

Median value of the simulated § for socioeconomic activity (red) and individual need (grey) indicators are 0.89 and
0.99, respectively. Distribution of parameters is uniform.
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Figure B-2. Empirical scaling exponents for indicators of socioeconomic activities, public health, and individual needs for highly urbanized countries.

Dash line shows the linear scaling (5= 1).
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Figure B-3. Histogram of simulated f for socioeconomic activity indicators and individual need indicators from 10,000 simulations.

Distributions of parameters in is uniform. (A) result for highly urbanized countries. (B) result for all countries with only urban population.

100



B=1.06 o P! B=1.00
Adjusted R2=0.69 ‘ Adjusted R2=0.97

Log Employment
2 ®

—
N
1

T

12 14 16 18 20 12 14 16 18 20
Log Population

Log Population

Figure B-4. Scaling relations in countries with only cities.
Solid line shows the best-fit relation, dash line shows the linear scaling, and dotted line shows the scaling in cities. (A) GDP vs. population in 2019. (B)
employment vs. population in 2019. Data are from Oxford Economics database .
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Afghanistan
Albania
Algeria
Andorra
Angola
Antigua and Barbuda
Argentina
Armenia
Aruba
Australia
Austria
Azerbaijan
Bahamas, The
Bahrain
Bangladesh
Barbados
Belarus
Belgium

Belize

Benin
Bermuda
Bhutan
Bolivia

Bosnia and
Herzegovina
Botswana

Brazil

British Virgin Islands
Brunei Darussalam
Bulgaria

Burkina Faso
Burundi

Cabo Verde
Cambodia

Cameroon

Canada

Table B-1. List of 213 countries and regions.

Dominican Republic
Ecuador

Egypt, Arab Rep.
El Salvador
Equatorial Guinea
Eritrea

Estonia

Ethiopia

Faroe Islands

Fiji

Finland

France

French Polynesia
Gabon

Gambia, The
Georgia

Germany

Ghana

Gibraltar

Greece
Greenland
Grenada
Guam

Guatemala

Guinea
Guinea-Bissau
Guyana

Haiti

Honduras

Hong Kong SAR, China

Hungary
Iceland
India
Indonesia

Iran, Islamic Rep.

Lesotho

Liberia

Libya
Liechtenstein
Lithuania
Luxembourg
Macao SAR, China
Macedonia, FYR
Madagascar
Malawi
Malaysia
Maldives

Mali

Malta

Marshall Islands
Mauritania
Mauritius

Mexico

Micronesia, Fed. Sts.

Moldova
Monaco
Mongolia
Montenegro

Morocco

Mozambique
Myanmar
Namibia
Nauru

Nepal
Netherlands
New Caledonia
New Zealand
Nicaragua
Niger
Nigeria

Sao Tome and Principe
Saudi Arabia

Senegal

Serbia

Seychelles

Sierra Leone

Singapore

Sint Maarten (Dutch part)

Slovak Republic
Slovenia

Solomon Islands
Somalia

South Africa
South Sudan
Spain

Sri Lanka

St. Kitts and Nevis
St. Lucia

St. Vincent and the
Grenadines
Sudan

Suriname
Swaziland
Sweden

Switzerland

Syrian Arab Republic
Tajikistan

Tanzania

Thailand
Timor-Leste

Togo

Tonga

Trinidad and Tobago
Tunisia

Turkey
Turkmenistan
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Cayman Islands

Central African
Republic
Chad

Chile

China

Colombia
Comoros

Congo, Dem. Rep.
Congo, Rep.
Costa Rica

Cote d'Ivoire

Croatia

Cuba

Curacao
Cyprus

Czech Republic
Denmark
Djibouti

Dominica

Iraq
Ireland

Isle of Man
Israel

Italy
Jamaica
Japan
Jordan
Kazakhstan
Kenya
Kiribati

Korea, Dem. People’s

Rep.
Korea, Rep.

Kosovo

Kuwait

Kyrgyz Republic
Lao PDR

Latvia

Lebanon

Northern Mariana
Islands

Norway

Oman

Pakistan

Palau

Panama

Papua New Guinea
Paraguay

Peru

Philippines
Poland

Portugal

Puerto Rico

Qatar

Romania

Russian Federation
Rwanda

Samoa

San Marino

Turks and Caicos Islands
Tuvalu

Uganda

Ukraine

United Arab Emirates
United Kingdom
United States
Uruguay

Uzbekistan

Vanuatu

Venezuela, RB

Vietnam

Virgin Islands (U.S.)
Yemen, Rep.
Zambia

Zimbabwe
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Socioeconomic
activities

Table B-2. Summary of empirical exponents for national development indicators.

National development indicator (unit)

GDP (constant 2010 US$)

GNI (constant 2010 US$)

Gross fixed capital formation (constant 2010 US$)
Net national income (constant 2010 US$)

Gross saving (constant 2010 USS$)

Net taxes on products (constant 2010 US$)
Total reserves (constant 2010 US$)

Goods imports (constant 2010 US$)

Goods exports (constant 2010 US$)

Services, value added (constant 2010 USS$)
Final consumption expenditure (constant 2010 US$)
Household expenditure (constant 2010 USS$)
Gross national expenditure (constant 2010 US$)
Education expenditure (constant 2010 USS$)
Healthcare expenditure (constant 2010 USS)
ATMs (number)

Commercial bank branches (number)
Individuals using the Internet (number)

Access to electricity (person)

Access to clean fuels (person)

Access to drinking water (person)

Urban agglomerations (person)

Total energy consumption (kg)

CO2 emissions (kg)

CO2 emissions from transport (kg)

Exponent
0.88
0.92
0.85
0.92
0.87
0.78
0.85
0.77
0.94
0.83
0.86
0.88
0.88
0.86
0.87
0.91
0.88
0.94
0.96
0.92
0.93
0.89
0.82
0.88
0.74

90% CI
[0.76, 0.96]
[0.77, 1.03]
[0.74, 0.96]
[0.80, 1.04]
[0.74, 0.99]
[0.69, 0.87]
[0.75, 0.95]
[0.66, 0.88]
[0.80, 1.04]
[0.72, 0.94]
[0.75, 0.97]
[0.77, 0.99]
[0.78, 0.98]
[0.76, 0.96]
[0.79, 0.95]
[0.82, 1.00]
[0.82, 0.94]
[0.90, 0.98]
[0.94, 0.98]
[0.85, 0.99]
[0.89, 0.97]
[0.81, 0.97]
[0.73, 0.91]
[0.80, 0.96]
[0.64, 0.84]

Adj-R?

0.64
0.58
0.51
0.52
0.51
0.55
0.55
0.53

0.5
0.53
0.52
0.54
0.58
0.53

0.6
0.66
0.77
0.89
0.95
0.69
0.93
0.75
0.65
0.66
0.57

Observation
183
138
144
131
145
171
153
138
138
158
137
146
145
175
181
142
142
205
211
186
106
121
134
200
140

Year

2019
2019
2018
2018
2018
2018
2018
2019
2019
2019
2019
2019
2018
2018
2018
2019
2019
2019
2018
2016
2017
2019
2014
2016
2014
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Public health

Individual
needs

CO2 emissions from liquid fuel (kg)
CO2 damage (constant 2010 US$)
People with obese (person)

Fish and seafood consumption (kg)
Nurses and midwives (person)
Hospital beds (number)

Primary teachers (person)

Secondary teachers (person)

Total prisoner (person)

Intentional homicides (number)
Armed forces personnel (person)
Incidence of tuberculosis (person)
New cases of HIV (person)

Deaths from tuberculosis (person)
Infant deaths (person)

Deaths from neonatal disorders (person)
Deaths from unsafe water

Deaths from diarrheal diseases

Deaths from hepatitis (person)
Primary pupils (person)
Secondary pupils (person)

Mobile cellular subscriptions (number)
Smoking prevalence (person)

Death from secondhand smoke (person)
Death from tobacco smoking (person)

Prevalence of depression (person)

0.76
0.93
0.88
0.87
0.88
0.93
0.94
0.94
0.92
0.92
0.93
1.13
1.05
1.15
1.05
1.07
1.16
1.17
1.09
1.01
1.01
0.99
0.98
0.97
0.97
1.01

[0.70, 0.82
[0.85, 1.01
[0.84, 0.92
[0.80, 0.94
[0.80, 0.96
[0.87, 0.99
[0.92, 0.96
[0.90, 0.98
[0.90,0.94]
[0.81, 1.03]
[0.86, 0.99]
[1.06, 1.20]
[0.95, 1.15]
[1.06, 1.24]
[0.97, 1.13]
[0.99, 1.15]
[1.03, 1.29]
[1.07, 1.27]
]
]
]
]
]
]
]
]

]
]
]
]
]
]
]
]

[1.02, 1.16
[0.99, 1.03
[0.99, 1.03
[0.97, 1.01
[0.93, 1.03
[0.94, 1.01
[0.92, 1.03
[1.00, 1.02

0.67
0.67
0.84
0.72
0.78
0.84
0.97
0.94
0.84
0.65
0.71
0.75
0.62
0.68
0.69
0.71
0.51
0.66

0.8
0.96
0.98
0.96

0.9
0.91
0.85
0.99

199
188
178
169
111
100
130
111
144
111
165
201
189
189
189
189
189
186
186
143
128
206
141
189
186
187

2016
2018
2016
2017
2018
2017
2018
2018
2014
2017
2018
2019
2017
2017
2019
2017
2017
2017
2017
2018
2018
2019
2018
2017
2017
2017
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Death from self-harm
Annual caloric supply (kc)
Annual fat supply (g)
Annual protein supply (g)
Egg consumption (kg)
Employment (person)

Labor force (person)

0.97

0.97

1.02

0.99
0.99

[0.94, 1.01]
[0.99, 1.01]
[0.94, 1.00]
[0.98, 1.02]
[0.95, 1.08]
[0.98, 1.00]
[0.98, 1.00]

0.92
0.99
0.95
0.98
0.77
0.98
0.98

190
169
167
171
169
183
183

2017
2013
2013
2017
2017
2019
2019

106



Table B-3. Rankings of countries by scale-independent GDP and GDP per capita in year 2019.

Country

Norway

United States
Luxembourg
Switzerland
Ireland

Japan

Australia
Denmark
Germany
Canada
Netherlands
Sweden

France
Singapore
United Kingdom
Qatar

Bermuda
Austria

Belgium
Finland

Italy

United Arab Emirates
Spain

Macao SAR, China
Hong Kong SAR, China
New Zealand
Israel

Iceland

Korea, Rep.
Kuwait
Andorra
Portugal

Czech Republic

Puerto Rico

Rank based on scaling-
independent GDP

O 0 N N W A W N

W W W W W N NN NN N NN NN e e e e e e e
A W N = O O 0NN N N R WNNRE OO NN RN WD - o

Rank based on GDP
per capita

11

18
10

20
14
12

22

23

16
19
17
27
24
29
13
26
25
28
15
34
30
21
37
38
35

Difference



Greece

Saudi Arabia
Slovenia

Brunei Darussalam
Malta

Poland

Bahamas, The
Slovak Republic
Turkey

Cyprus

Hungary

Bahrain

Russian Federation
Estonia

Chile

Lithuania

Brazil

Croatia

China

Malaysia

Oman

Mexico

Latvia

Romania

Uruguay
Kazakhstan
Trinidad and Tobago
Argentina

Panama

Barbados
Colombia

St. Kitts and Nevis
Costa Rica
Antigua and Barbuda
South Africa
Seychelles

Bulgaria

35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71

39
44
36
31
32
47
33
41
54
40
46
42
60
43
55
45
65
50
77
59
56
67
49
61
58
64
53
69
63
51
83
48
68
52
84
57
74
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Mauritius
Thailand
Dominican Republic
Libya

Gabon

Iran, Islamic Rep.
Peru

Equatorial Guinea
Serbia

Botswana
Belarus

Iraq

Indonesia
Montenegro
Maldives
Azerbaijan

St. Lucia
Suriname

Palau

Algeria

Lebanon

Bosnia and Herzegovina
Ecuador
Grenada
Paraguay
Namibia

North Macedonia
Guyana

Albania

Tunisia

Georgia
Philippines

Sri Lanka
Jamaica

Armenia

St. Vincent and the Grenadines

Morocco

72
73
74
75
76
77
78
79
80
81
82
&3
84
85
86
&7
88
&9
90
91
92
93
94
95
96
97
98
99
100
101
102
103
104
105
106
107
108

66
&9
82
79
73
93
90
71
85
80
88
98
108
75
76
94
70
81
62
106
95
91
101
72
99
96
97
92
100
109
102
121
113
103
105
&7
119
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Egypt, Arab Rep.
Dominica
India
Mongolia
Nauru
Ukraine
Kosovo
Guatemala
Fiji

Angola

El Salvador
Nigeria
Jordan
Moldova
Uzbekistan
Belize

Cabo Verde
Vietnam
Bolivia
Tonga
Papua New Guinea
Samoa
Bhutan
Honduras
Ghana
Congo, Rep.
Myanmar
Cote d'Ivoire
Vanuatu
Sudan
Bangladesh
Tuvalu
Zambia
Lao PDR
Pakistan
Cameroon

Senegal

109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145

126

86
134
111

78
125
107
120
104
124
118
131
122
117
130
112
115
135
128
110
129
116
123
132
136
133
144
142
127
147
151
114
143
137
156
146
145
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Nicaragua
Mauritania
Kenya
Cambodia
Benin

Solomon Islands
Haiti

Zimbabwe
Tanzania
Uganda

Lesotho
Tajikistan
Kiribati

Kyrgyz Republic
Comoros

Nepal

Guinea

Rwanda
Burkina Faso
Chad

Mali

Sao Tome and Principe
Ethiopia
Timor-Leste
Yemen, Rep.
Gambia, The
Togo
Afghanistan
Mozambique
Niger

Malawi
Madagascar
Congo, Dem. Rep.
Guinea-Bissau
Liberia

Sierra Leone

Central African Republic

146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182

139
140
155
152
153
141
154
157
162
161
149
158
138
159
148
165
163
164
166
168
169
150
173
160
172
167
170
175
174
176
177
179
181
171
178
180
182

111



Burundi 183 183 0
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Appendix C. Supporting Information for Chapter 4

SDG 1:Poverty headcount ratio at $3.20/day (% of population) -

SDG 2:Prevalence of undermourishment (% of population) <

SDG 3:Neonatal mortality rate (per 1,000 live births) 4

SDG 3:Life expectancy at birth (years) 4

SDG 3:Suicide mortality rate (per thousand people) 4

SDG 3:Mortality rate attributed to unintentional poisoning (per million people) 4
SDG 3:Subjective well-being (worst 0-10 best) 4

SDG 3:Physicians (per thousand people) 4

SDG 4:Children out of school, primary (million people) 4

SDG 6:People using safely managed drinking water services (% of population) -
SDG 6:People using safely managed sanitation services (% of population)
SDG 6:People using at least basic sanitation services (% of population) 4
SDG 7:Access to clean fuels and technologies for cooking (% of population) 4
SDG 7:Access to electricity (% of population)

SDG 8:Services, value added per worker (thousand constant 2010 US$) 4
SDG 8:GDP per person employed (thousand constant 2017 PPP §$)+

SDG 8:Wage and salaried workers, total (% of total employment) -

SDG 8:Automated teller machines per 100,000 adults (number) 4

SDG 9:Air transport, freight (billion ton-km) <

SDG 9:Air transport, passengers carried (billion people) 4

SDG 9:Logistics Performance Index (worst 1-5 best) 4

SDG 9:Manufacturing (thousand constant 2010 US$/capita) 4

SDG 9:Researchers in R&D (per thousand people) 4

SDG 9:Triadic patent families filed (per million population) 4

SDG 10:Labour (thousand constant 2010 US$/capita) 4

SDG 11:Access to improved water source, piped (% of urban population) 4
SDG 12:Forest rents (thousand constant 2010 US$/capita) 4

SDG 12:Total material footprint (kg/capita) 4

SDG 12:Electronic waste generated (kg/capita) 4

SDG 13:Energy-related CO, emissions (tCOy/capia)

SDG 14:Total fisheries production (kg/capita) 4

SDG 15:Forest area as a proportion of total land area (%) -

SDG 16:Corruption Perception Index (worst 0-100 best) 4

SDG 17:Tax revenue (thousand constant 2010 US$/capita) 4

SDG 17:Domestic budget funded by domestic taxes (thousand constant 2010 US$/capita) -
SDG 17:Government spending on health and education (thousand constant 2010 US$/capita) -
SDG 17:Volume of remittances (constant 2010 US$/capita) 4

SDG 17:Foreign direct investment inflows (constant 2010 US$/capita) -

SDG 17:Fxed Internet broadband subscriptions, by ANY speed (billion) 4

SDG 17:Exports of goods and services (thousand constant 2010 US$/capita) -

SDG indicator
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Figure C-1. R? of SDG indicators on test sets at the global level.
In each box plot, the central rectangle box spans the first quartile to the third quartile; the central line segment inside the rectangle represents the median value.
Note that indicators “SDG 8: GDP growth (%)” and “SDG 8:GDP per capita (thousand constant 2010 USS$)” are not included in this plot as they are model inputs
based on the IMF prediction %%,
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SDG 1:Poverty headcount ratio at $3.20/day (% of population) -

SDG 2:Prevalence of undernourishment (% of population) -

SDG 3:Neonatal mortality rate (per 1,000 live births) -

SDG 3:Life expectancy at birth (years)

SDG 3:Suicide mortality rate (per thousand people) -

SDG 3:Mortality rate attributed to unintentional poisoning (per million people) -
SDG 3:Subjective well-being (worst 0-10 best)

SDG 3:Physicians (per thousand people) -

SDG 4:Children out of school, primary (million people) -

SDG 6:People using safely managed drinking water services (% of population)
SDG 6:People using safely managed sanitation services (% of population) -
SDG 6:People using at least basic sanitation services (% of population) -

SDG 7:Access to clean fuels and technologies for cooking (% of population) -
SDG 7:Access to electricity (% of population) <

SDG 8:Services, value added per worker (thousand constant 2010 US$) -

SDG 8:GDP per person employed (constant 2017 PPP $) -

SDG 8:Wage and salaried workers, total (% of total employment) -

SDG 8:Automated teller machines per 100,000 adults (number) -

SDG 9:Air transport, freight (billion ton-km) -

SDG 9:Logistics Performance Index (worst 1-5 best) 4

SDG 9:Manufacturing (thousand constant 2010 US$/capita) -

SDG 9:Researchers in R&D (per thousand people) -

SDG 9:Triadic patent families filed (per million population) -

SDG 10:Labour (thousand constant 2010 US$/capita) -

SDG 11:Access to improved water source, piped (% of urban population) -
SDG 12:Forest rents (constant 2010 US$/capita) -

SDG 12:Total material footprint (kg/capita) -

SDG 12:Electronic waste generated (kg/capita) -

SDG 13:Energy-related CO; emissions (tCOy/capia) 4

SDG 15:Forest area as a proportion of total land area (%) -

SDG 16:Corruption Perception Index (worst 0-100 best) -

SDG 17:Tax revenue (thousand constant 2010 US$/capita) -

SDG 17:Domestic budget funded by domestic taxes (thousand constant 2010 US$/capita) -
SDG 17:Volume of remittances (constant 2010 US$/capita)4 GG e e

SDG 17:Foreign direct investment inflows (thousand constant 2010 US$/capita) -
SDG 17:Fxed Internet broadband subscriptions, by ANY speed (billion) 4

SDG 17:Exports of goods and services (thousand constant 2010 thousand US$/capita){ I e
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Figure C-2. Relative importance of the predictors used in the prediction models for each SDG indicator.
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Figure C-3. Sample of prediction comparison between global and country level.
(A) R? of SDG16-1 “Corruption Perception Index (worst 0-100 best)” on a test set. (B) R? of indicator “Corruption Perception Index (worst 0-100 best)” on the
same test set with a specific range (25 < True value < 55). (C) Comparison of the prediction and true value at the global level.
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Figure C-4. Re-normalization of the indicator “GDP growth (%)”.

(A) Normalized performance of the indicator “GDP growth (%)” under the COVID-19 and no-COVID-19 scenarios.
(B) Normalized performance of SDG 8 under the COVID-19 and no-COVID-19 scenarios. (C) Re-normalized
performance of the indicator “GDP growth (%)” under the COVID-19 and no-COVID-19 scenarios. (D) Re-
normalized performance of SDG 8 under the COVID-19 and no-COVID-19 scenarios. (E) Piecewise function for re-
normalizing the SDG indicator performance.
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SDG indicator
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SDG 3:Neonatal mortality rate (per 1,000 live births
SDG 3.Life expectancy at birth (years
SDG 3:Suicide mortality rate (per thousand people
SDG 3:Mortality rate attributed to unintentional poisoning (per million people
SDG 3:Subjective well-being (worst 0-10 best
SDG 3:Physicians (per thousand people; |
SDG 4:Children out of school, pnimary (million people
SDG 6:People using safely managed drinking water services (% of population)
SDG 6:People using safely managed sanitation services (% of population;
SDG 6:People using at least basic sanitation services (% of population
SDG 7:Access to clean fuels and technologies for cooking (% of population;
SDG 7:Access to electricity (% of population
SDG 8:GDP growth rate (%) 1+ @
SDG 8:GDP per capita (thousand constant 2010 US$
SDG 8:Services, value added per worker (thousand constant 2010 US$
SDG 8:GDP per person employed (thousand constant 2017 PPP §
SDG 8:Wage and salaried workers, total (% of total employment
SDG 8:Automated teller machines per 100,000 adults (number
SDG 9:Air transport, freight (billion ton-km
SDG 9:Air transport, passengers carried (billion people L
SDG 9:Logistics Performance Index (worst 1-5 best
SDG 9:Manufacturing (thousand constant 2010 US$/capita
SDG 9:Researchers in R&D (per thousand people
SDG 9:Triadic patent families filed (per million population) -
SDG 10:Labour (thousand constant 2010 US$/capita; [ B¥ )
SDG 11:Access to improved water source, piped (% of urban population) -
SDG 12:Forest rents (constant 2010 US$/capita
SDG 12:Total material footprint (kg/capita
SDG 12:Electronic waste generated (kg/capita;
SDG 13:Energy-related CO, emissions (kg/capia
SDG 14:Total fisheries production (kg/capita) -
SDG 15:Forest area as a proportion of total land area (%
SDG 16:Corruption Perception Index (worst 0-100 best) -
SDG 17:Tax revenue (thousand constant 2010 US$/capita)
SDG 17:Domestic budget funded by domestic taxes (thousand constant 2010 US$/capita
SDG 17:Government spending on health and education (thousand constant 2010 US$/capita
SDG 17:Volume of remittances (constant 2010 US$/capita
SDG 17:Foreign direct investment inflows (thousand constant 2010 US$/capita
SDG 17:Fxed Internet broadband subscriptions, by ANY speed (billion
SDG 17:Exports of goods and services (thousand constant 2010 US$/capita)
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Figure C-5. Comparison of SDG indicator performances in 2020 between the COVID-19 and no-COVID-19 scenarios at the global level.
Note that SDG performance in 2019 is 100.
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Figure C-6. Comparison of SDG indicators between the three COVID-19 and no-COVID-19 scenarios at the global level from 2019 to 2024.
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SDG 1:Poverty headcount ratio at $3.20/day (% of population) -

SDG 2:Prevalence of undernourishment (% of population) -

SDG 3:Suicide mortality rate (per thousand people) -

SDG 3:Physicians (per thousand people) 4

SDG 4:Children out of school, primary (million people) 4

SDG 6:People using safely managed sanitation services (% of population) -
SDG 7:Access to clean fuels and technologies for cooking (% of population) -
SDG 8:GDP per person employed (thousand constant 2017 PPP $) -

SDG 8:Wage and salaried workers, total (% of total employment) -

SDG 9:Air transport, freight (billion ton-km) 4

SDG 9:Air transport, passengers carried (billion people) -

SDG 9:Manufacturing (thousand constant 2010 US$/capita) -

SDG 9:Researchers in R&D (per thousand people)

SDG 10:Labour (thousand constant 2010 US$/capita) -

SDG 11:Access to improved water source, piped (% of urban population) -
SDG 12:Forest rents (constant 2010 US$/capita)

SDG 12:Electronic waste generated (kg/capita) -

SDG 13:Energy-related CO, emissions (kg/capita) -

SDG 14:Total fisheries production (kg/capita)

SDG 17:Tax revenue (thousand constant 2010 US$/capita) -

SDG 17:Domestic budget funded by domestic taxes (thousand constant 2010 US$/capita
SDG 17:Government spending on health and education (thousand constant 2010 US$/capita
SDG 17:Volume of remittances (constant 2010 US$/capita

SDG 17:Foreign direct investment inflows (thousand constant 2010 US$/capita

SDG 17:Exports of goods and services (thousand constant 2010 thousand US$/capita) -

SDG indicator

— — — ~—

R2

Figure C-7. R? of SDG indicators on test sets for the EMDE countries.
In each box plot, the central rectangle box spans the first quartile to the third quartile; the central line segment inside the rectangle represents the median
value. Note that indicators “SDG 8: GDP growth (%) and “SDG 8:GDP per capita (thousand constant 2010 USS$)” are not included in this plot as they are model
inputs based on the IMF prediction®® %,

119



SDG 2:Prevalence of undernourishment (% of population) - —{ It
SDG 9:Air transport, freight (billion ton-km) - —l T}
SDG 9:Air transport, passengers carried (billion people) 1 T
SDG 9:Manufacturing (constant 2010 thousand US$/capita) - . I °
— SDG 9:Researchers in R&D (per thousand people) 4 . .
je’ SDG 9:Triadic patent families filed (per million population){ ——| Nl - 5
8 SDG 10:Labour (thousand constant 2010 US$/capita) - — I
Eo) SDG 11:Access to improved water source, piped (% of urban population) - o7
£ SDG 12:Forest rents (constant 2010 US$/capita) - . —
Q] SDG 12:Electronic waste generated (kg/capita) 1 o. o0
(m) SDG 13:Energy-related CO, emissions (tCO,/capia) - o g ]
2] SDG 17:Tax revenue (thousand constant 2010 US$/capita) - —l—
SDG 17:Domestic budget funded by domestic taxes (thousand constant 2010 US$/capita) e R
SDG 17:Government spending on health and education (thousand constant 2010 US$/capita) - —
SDG 17:Fxed Internet broadband subscriptions, by ANY speed (billion) - —
SDG 17:Exports of goods and services (thousand constant 2010 US$/capita) - .
0.7 0.8 0.9 1.0
R2

Figure C-8. R? of SDG indicators on test sets for AE countries.
In each box plot, the central rectangle box spans the first quartile to the third quartile; the central line segment inside the rectangle represents the median
value. Note that indicators “SDG 8: GDP growth (%)” and “SDG 8:GDP per capita (thousand constant 2010 US$)” are not included in this plot as they are model
inputs based on the IMF prediction ** %,
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Table C-1. List of SDG indicators included in this study, their data sources, and the best model prediction model.
Note that XGBoost is short for extreme gradient boosting, RF means random forest and SVR means support vector regression.

SDG indicator (unit)

SDG 1:Poverty headcount ratio at $3.20/day (% of population)

SDG 2:Prevalence of undernourishment (% of population)

SDG 3:Neonatal mortality rate (per 1,000 live births)

SDG 3:Life expectancy at birth (years)

SDG 3:Suicide mortality rate (per thousand people)

SDG 3:Mortality rate attributed to unintentional poisoning (per million people)
SDG 3:Subjective well-being (worst 0-10 best)

SDG 3:Physicians (per thousand people)

SDG 4:Children out of school, primary (million people)

SDG 6:People using safely managed drinking water services (% of population)
SDG 6:People using safely managed sanitation services (% of population)
SDG 6:People using at least basic sanitation services (% of population)

SDG 7:Access to clean fuels and technologies for cooking (% of population)
SDG 7:Access to electricity (% of population)

SDG 8:GDP growth rate (%)

SDG 8:GDP per capita (thousand constant 2010 US$)

SDG 8:Services, value added per worker (thousand constant 2010 US$)

SDG 8:GDP per person employed (thousand constant 2017 PPP §)

SDG 8:Wage and salaried workers, total (% of total employment)

SDG 8:Automated teller machines per 100,000 adults (number)

SDG 9:Air transport, freight (billion ton-km)

SDG 9:Air transport, passengers carried (billion people)
SDG 9:Logistics Performance Index (worst 1-5 best)

SDG 9:Manufacturing (thousand constant 2010 US$/capita)

Target

Target 1.2
Target 2.1
Target 3.2
Target 3.4
Target 3.4
Target 3.9
Target 3.b
Target 3.c
Target 4.1
Target 6.1
Target 6.2
Target 6.2
Target 7.1
Target 7.1
Target 8.1
Target 8.2
Target 8.2
Target 8.2
Target 8.5

Target
8.10
Target 9.1

Target 9.1
Target 9.1
Target 9.2

Index

SDG1-1
SDG2-1
SDG3-1
SDG3-2
SDG3-3
SDG3-4
SDG3-5
SDG3-6
SDG4-1
SDG6-1
SDG6-2
SDG6-3
SDG7-1
SDG7-2
SDG8-1
SDGS-2
SDG8-3
SDG8-4
SDG8-5
SDG8-6

SDGY-1
SDG9-2
SDG9-3
SDG9-4

Data source

SDR2020 (Sachs et al., 2020a)
UN (United Nations, 2020a)
UN (United Nations, 2020a)
SDR2020 (Sachs et al., 2020a)
UN (United Nations, 2020a)
UN (United Nations, 2020a)
SDR2020 (Sachs et al., 2020a)
WD (World Bank, 2020)

WD (World Bank, 2020)

UN (United Nations, 2020a)
UN (United Nations, 2020a)
WD (World Bank, 2020)

WD (World Bank, 2020)

UN (United Nations, 2020a)
UN (United Nations, 2020a)
WD (World Bank, 2020)

WD (World Bank, 2020)

WD (World Bank, 2020)

WD (World Bank, 2020)

UN (United Nations, 2020a)

WD (World Bank, 2020)

WD (World Bank, 2020)
SDR2020 (Sachs et al., 2020a)
UN (United Nations, 2020a)

Best
model

XGBoost
XGBoost
RF
RF
RF
XGBoost
RF
XGBoost
XGBoost
XGBoost
RF
XGBoost
RF
XGBoost

I EEBE
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SDG 9:Researchers in R&D (per thousand people)
SDG 9:Triadic patent families filed (per million population)
SDG 10:Labour (thousand constant 2010 US$/capita)

SDG 11:Access to improved water source, piped (% of urban population)
SDG 12:Forest rents (constant 2010 US$/capita)

SDG 12:Total material footprint (kg/capita)

SDG 12:Electronic waste generated (million tons)

SDG 13:Energy-related CO: emissions (kg/capita)

SDG 14:Total fisheries production (kg/capita)

SDG 15:Forest area as a proportion of total land area (%)

SDG 16:Corruption Perception Index (worst 0-100 best)

SDG 17:Tax revenue (thousand constant 2010 US$/capita)

SDG 17:Domestic budget funded by domestic taxes (thousand constant 2010

USS$/capita)

SDG 17:Government spending on health and education (thousand constant

2010 US$/capita)
SDG 17:Volume of remittances (constant 2010 US$/capita)

SDG 17:Foreign direct investment inflows (thousand constant 2010 US$/capita)

SDG 17:Fxed Internet broadband subscriptions, by ANY speed (billion)

SDG 17:Exports of goods and services (thousand constant 2010 US$/capita)

Target 9.5
Target 9.a

Target
10.4
Target
11.2
Target
12.2
Target
12.2
Target
12.4
Target
13.2
Target
14.4
Target
15.1
Target
16.5
Target
17.1
Target
17.1
Target
17.1
Target
17.3
Target
17.3
Target
17.6
Target
17.11

SDG9-5
SDG9-6
SDG10-2

SDG11-1

SDG12-1

SDG12-2

SDG12-3

SDG13-1

SDG14-1

SDG15-1

SDG16-1

SDG17-1

SDG17-2

SDG17-3

SDG17-4

SDG17-5

SDG17-6

SDG17-7

UN (United Nations, 2020a)
SDR2020 (Sachs et al., 2020a)
WD (World Bank, 2020)

SDR2020 (Sachs et al., 2020a)
WD (World Bank, 2020)

UN (United Nations, 2020a)
UN (United Nations, 2020a)
SDR2020 (Sachs et al., 2020a)
WD (World Bank, 2020)

UN (United Nations, 2020a)
SDR2020 (Sachs et al., 2020a)
WD (World Bank, 2020)

UN (United Nations, 2020a)
SDGR2020 (Sachs et al.,
2020a)

UN (United Nations, 2020a)
WD (World Bank, 2020)

UN (United Nations, 2020a)

UN (United Nations, 2020a)

RF
XGBoost
XGBoost

XGBoost
XGBoost
RF
XGBoost
RF

SVR

RF
XGBoost
RF

RF

SVM
XGBoost
RF

RF

XGBoost
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Country and region
Australia

Austria

Belgium

Canada

China, Hong Kong Special Administrative Region

China, Macao Special Administrative Region

Cyprus
Czechia
Denmark
Estonia
Finland
France
Germany
Greece
Iceland
Ireland
Israel

Italy

Japan

Latvia
Lithuania
Luxembourg
Malta
Netherlands
New Zealand

Table C-2. List of 187 countries and regions.

Group
AE
AE
AE
AE
AE
AE
AE
AE
AE
AE
AE
AE
AE
AE
AE
AE
AE
AE
AE
AE
AE
AE
AE
AE
AE

Country and region

Cabo Verde
Cambodia
Cameroon

Central African Republic
Chad

Chile

China

Colombia

Comoros

Congo

Costa Rica

Coéte d'Ivoire
Croatia

Democratic Republic of the Congo
Dominica
Dominican Republic
Ecuador

Egypt

El Salvador
Equatorial Guinea
Eritrea

Eswatini

Ethiopia

Fiji

Gabon

Group
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE

Note that AE means advanced economy and EMDE means emerging market and developing economy.

Country and region

Montenegro
Morocco
Mozambique
Myanmar

Namibia

Nauru

Nepal

Nicaragua

Niger

Nigeria

North Macedonia
Oman

Pakistan

Palau

Panama

Papua New Guinea
Paraguay

Peru

Philippines

Poland

Qatar

Republic of Moldova
Romania

Russian Federation

Rwanda

Group
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
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Norway
Portugal
Puerto Rico

Republic of Korea
San Marino
Singapore
Slovakia

Slovenia

Spain

Sweden
Switzerland

United Kingdom of Great Britain and Northern
Ireland
United States of America

Afghanistan
Albania
Algeria
Angola
Antigua and Barbuda
Argentina
Armenia
Aruba
Azerbaijan
Bahamas
Bahrain
Bangladesh
Barbados

Belarus

AE
AE
AE

AE
AE
AE
AE
AE
AE
AE
AE
AE

AE

EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE

Gambia
Georgia
Ghana

Grenada
Guatemala
Guinea
Guinea-Bissau
Guyana

Haiti
Honduras
Hungary

India

Indonesia

Iraq

Islamic Republic of Iran
Jamaica

Jordan

Kazakhstan

Kenya

Kiribati

Kuwait

Kyrgyzstan

Lao People's Democratic Republic
Lesotho

Liberia

Libya

Madagascar

EMDE
EMDE
EMDE

EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE

EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE

Saint Kitts and Nevis
Saint Lucia

Saint Vincent and the
Grenadines
Samoa

Sao Tome and Principe

Saudi Arabia
Senegal

Serbia
Seychelles
Sierra Leone
Solomon Islands
South Africa

Sri Lanka
Sudan
Suriname
Tajikistan
Tanzania
Thailand
Timor-Leste
Togo

Tonga
Trinidad and Tobago
Tunisia
Turkey
Turkmenistan
Tuvalu

Uganda

EMDE
EMDE
EMDE

EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE

EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
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Belize

Benin

Bhutan

Bolivia (Plurinational State of)
Bosnia and Herzegovina
Botswana

Brazil

Brunei Darussalam

Bulgaria

Burkina Faso

Burundi

EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE

Malawi
Malaysia
Maldives
Mali
Marshall Islands
Mauritania
Mauritius
Mexico
Micronesia
Moldova
Mongolia

EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE

Ukraine

United Arab Emirates
Uruguay

Uzbekistan

Vanuatu

Viet Nam

Yemen

Zambia

Zimbabwe

Zimbabwe

EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
EMDE
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Table C-3. Formula of calculating performance for SDG indicator.
Where x is the value of a given SDG indicator in a given year, x2019 stands for value of the indicator in 2019, and “direction” means the directional
relationship between the indicator and its performance (i.e., “negative” means higher indicator value yields lower indicator performance).

SDG indicator (unit)

SDG 1:Poverty headcount ratio at $3.20/day (% of population)

SDG 2:Prevalence of undernourishment (% of population)

SDG 3:Neonatal mortality rate (per 1,000 live births)

SDG 3:Life expectancy at birth (years)

SDG 3:Suicide mortality rate (per thousand people)

SDG 3:Mortality rate attributed to unintentional poisoning (per million people)
SDG 3:Subjective well-being (worst 0-10 best)

SDG 3:Physicians (per thousand people)

SDG 4:Children out of school, primary (million people)

SDG 6:People using safely managed drinking water services (% of population)
SDG 6:People using safely managed sanitation services (% of population)
SDG 6:People using at least basic sanitation services (% of population)
SDG 7:Access to clean fuels and technologies for cooking (% of population)
SDG 7:Access to electricity (% of population)

SDG 8:GDP growth rate (%)

SDG 8:GDP per capita (thousand constant 2010 US$)

SDG 8:Services, value added per worker (thousand constant 2010 US$)
SDG 8:GDP per person employed (thousand constant 2017 PPP §)

SDG 8:Wage and salaried workers, total (% of total employment)

SDG 8:Automated teller machines per 100,000 adults (number)

SDG 9:Air transport, freight (billion ton-km)

SDG 9:Air transport, passengers carried (billion people)

SDG 9:Logistics Performance Index (worst 1-5 best)

SDG 9:Manufacturing (thousand constant 2010 US$/capita)

SDG 9:Researchers in R&D (per thousand people)

Index

SDG1-1
SDG2-1
SDG3-1
SDG3-2
SDG3-3
SDG3-4
SDG3-5
SDG3-6
SDG4-1
SDG6-1
SDG6-2
SDG6-3
SDG7-1
SDG7-2
SDGS-1
SDGS-2
SDGS-3
SDGS8-4
SDGS-5
SDGS-6
SDG9-1
SDG9-2
SDG9-3
SDG9-4
SDG9-5

Direction
Negative
Negative
Negative
Positive
Negative
Negative
Positive
Positive
Negative
Positive
Positive
Positive
Positive
Positive
Piecewise
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive

Positive

Formula for performance
x2019/x*100
x2019/x*100
x2019/x*100
X/X2019*100
x2019/x*100
x2019/x*100
X/X2019*100
X/X2019*100
x2019/x*100
X/X2019*100
X/X2019*100
X/X2019*100
X/X2019*100
X/X2019*100
(x/x2019%100-100)/3+100
X/X2019*100
X/X2019*100
X/X2019*100
X/X2019*100
X/X2019*100
X/X2019*100
X/X2019*100
X/X2019*100
X/X2019*100

X/X2019%100
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SDG 9:Triadic patent families filed (per million population)
SDG 10:Labour (thousand constant 2010 US$/capita)

SDG 11:Access to improved water source, piped (% of urban population)
SDG 12:Forest rents (constant 2010 US$/capita)

SDG 12:Total material footprint (kg/capita)

SDG 12:Electronic waste generated (million tons)

SDG 13:Energy-related CO: emissions (kg/capita)

SDG 14:Total fisheries production (kg/capita)

SDG 15:Forest area as a proportion of total land area (%)
SDG 16:Corruption Perception Index (worst 0-100 best)
SDG 17:Tax revenue (thousand constant 2010 US$/capita)

SDG 17:Domestic budget funded by domestic taxes (thousand constant 2010
USS$/capita)

SDG 17:Government spending on health and education (thousand constant 2010
USS$/capita)

SDG 17:Volume of remittances (constant 2010 US$/capita)

SDG 17:Foreign direct investment inflows (thousand constant 2010 US$/capita)
SDG 17:Fixed Internet broadband subscriptions, by ANY speed (billion)
SDG 17:Exports of goods and services (thousand constant 2010 US$/capita)

SDG9-6

SDG10-2
SDG11-1
SDG12-1
SDG12-2
SDG12-3
SDG13-1
SDG14-1
SDG15-1
SDG16-1
SDG17-1
SDG17-2

SDG17-3

SDG17-4
SDG17-5
SDG17-6
SDG17-7

Positive
Positive
Positive
Negative
Negative
Negative
Negative
Negative
Positive
Positive
Positive

Positive
Positive

Positive
Positive
Positive

Positive

X/X2019*100
X/X2019*100
X/X2019*100
x2019/x*100
x2019/x*100
x2019/x*100
x2019/x*100
x2019/x*100
X/X2019*100
X/X2019*100
X/X2019*100

X/X2019%100

X/X2019%100

X/X2019%100
X/X2019%100
X/X2019%100

X/X2019%100
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