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Abstract
Hundreds of indicators are available to monitor progress of countries and regions towards the
Sustainable Development Goals (SDGs). However, the sheer number of indicators poses
unprecedented challenges for data collection and compilation. Here we identify a subset of SDG
indicators (principal indicators) that are relatively easy to collect data for and also are
representative for all the indicators by considering the complex interrelationship among them. We
find 147 principal indicators that 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. Our results can guide future investment in building the data
infrastructure for SDG monitoring to give priorities to these principal indicators for global
comparison.

1. Introduction

TheUnitedNations (UN) set 17 SustainableDevelop-
ment Goals (SDGs) in 2015 as a universal call to elim-
inate poverty, protect the environment, and ensure
peace and prosperity for all people (United Nations
2016). To monitor the progress towards achieving
the SDGs, the 17 goals are underpinned by 169 tar-
gets which are measured by an even larger num-
ber of indicators (Espey 2019). These indicators are
tracked at the national level by various agencies and
organizations.

Collecting data to regularly monitor the SDG
indicators is not an easy task (Hsu et al 2014, Liu
et al 2015, Fritz et al 2019). Such efforts need
significant investment of institutional and finan-
cial resources and engagement with a vast number
of stakeholders. For example, over 1200 stakehold-
ers worldwide have contributed to data collection
for SDG indicators, including governments, NGOs,

research institutions, multilateral organizations, and
private sectors (Global Partnership for Sustainable
Development Data). 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
(Open DataWatch 2016), more than the UN’s annual
expenditure in 2016 (United Nation System 2017).
Despite many achievements, it is still challenging, if
not impractical, to annually update the sheer num-
ber of SDG indicators for all countries and regions
(Lyytimäki 2019, Xu et al 2020). This challenge calls
for alternative approaches to monitor the SDGs at a
lower cost.

In general, there are three strategies to address
the data challenge for SDG monitoring: (a) develop
and improve the institutional capacity for SDGmon-
itoring across all countries and regions (Fritz et al
2019); (b) use novel technologies or systems such
as remote sensing (Watmough et al 2019, Yeh et al
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2020), citizen science (Fritz et al 2019), and volun-
teered geographic information (Hsu et al 2014); and
(c) reduce the amount of data needed for SDG
monitoring using data-driven or statistical methods.
The first two strategies can generate high-quality
data, but require significant investment of institu-
tional and financial resources (Open Data Watch
2016). There are already reports on declining fin-
ancial investment in sustainable development, par-
ticularly in developing countries (OECD 2019). The
deep global recession triggered by COVID-19 even
further deteriorates future investment (World Bank
2020). Moreover, most of the proposed new techno-
logies and systems as mentioned above are only being
tested; little is known about the requirements of scal-
ing up (Open Data Watch 2016). Given these chal-
lenges, the third strategy—reducing data demand—
becomes more feasible and practical for immediate
implementations. As there are only ten years left to
achieve the SDGs, it is an urgent need to develop
a method to reduce the demand for data but still
provide sufficient information for monitoring the
SDG progress across countries and regions.

One solution of reducing data demand for SDG
monitoring is to identify a subset of SDG indicat-
ors as ‘principal indicators’, so that the changes of
these principal indicators can sufficiently represent
the changes of all indicators. Therefore SDG progress
can be monitored by only using these principal indic-
ators with less cost and efforts, rather than relying
on all indicators. Identifying such a subset of prin-
cipal indicators from a whole set is generally known
as dimensionality reduction in which the number
of variables of a dataset is reduced by removing
some variables without losing valuable information
(i.e. variance) (Fodor 2002). Dimensionality reduc-
tion requires strong correlations between variables.
Indeed, many studies as well as our analysis (supple-
mentary figure S1 (available online at stacks.iop.org/
ERL/16/124015/mmedia)) have shown that the SDG
goals, targets, and indicators are highly correlated
with each other (Nilsson et al 2016, Haines et al 2017,
Liu et al 2018, Nerini et al 2019). Such correlation
indicates that, with appropriate methods, it is pos-
sible to extract a small number of principal indicators
so that their variations can sufficiently represent the
variations of the entire set of SDG indicators.

The central question we aim 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 the minimal effort of data col-
lection. To identify the principal indicators, we apply
dimensionality reduction to examine a time-series
data of SDG indicators. Two primary methods of
dimensionality reduction are principal component
analysis (PCA) (Slonim 2002, Ringnér 2008, Brosch
et al 2018, Kashiwagi et al 2019, Spake et al 2019)
and factor analysis (FA) (Elder et al 2018, Eisenberg

et al 2019, Sandbrook et al 2019). 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 (Joliffe and Morgan 1992).
For example, the research by Jiang et al (2018) found
the first principal component can explain up to 85%
variation of a set of 28 sustainable development indic-
ators. FA is a statistical method used to reduce the
observed and correlated variables into a lower num-
ber of unobserved variables called factors plus error
terms (Rummel 1988). For instance, Laurett et al
(2021) concentrated 25 sustainable development-
related variables into three factors including natural
agriculture, innovation and technology, and environ-
mental aspects using FA. Both PCA and FA identify
a smaller number of new variables respectively called
principal components and factors, which are lin-
ear combinations of all the original variables, to
explainmost of the variance of the dataset (Joliffe and
Morgan 1992). However, monitoring these new vari-
ables does not reduce the work needed to collect the
whole set of indicators. Therefore, our goal here is to
find a subset of the original variables rather than new
variables as principal indicators. Studies have already
proposed qualitative criteria, such as cost effective-
ness, feasibility, indispensability, and relevance, to
select essential SDG variables (Reyers et al 2017), cli-
mate variables (World Meteorological Organization
2016) and biodiversity-related variables (Pereira et al
2013). In this study, we quantitatively identify the
principal indicators from the whole set of SDG indic-
ators using a hybrid approach by combining PCA and
multiple regression (section 2) (Cadima and Jolliffe
2001, Steinmann et al 2016).

We examine a World Bank dataset of 351 SDG
indicators for 217 countries and regions from 2000 to
2017 (section 2) to find principal indicators that can
explain a sufficiently large amount of variance of all
SDG indicators. Specifically, this dataset is approxim-
ately 42% complete with the portion of missing data
ranging from 1% to 98% for individual SDG indicat-
ors and 38% to 98% for countries and regions (sup-
plementary figure S2 and table S1).We first determine
how to select the best training set from the historical
data for identifying the principal indicators for future
SDG progress. Next we identify principal indicators
that can represent at least 90% of the variance—a
benchmark criterion we choose—of all SDG indicat-
ors in the past (2000–2017) and are expected to do so
in the future (2018–2030) with the lowest difficulty of
data collection measured by the share of missing data
(section 2).

2. Method

We adopted the 351 World Bank indicators rather
than 231 UN indicators for the following two reas-
ons and advantages. First, the two organizations have
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deeply collaborated with each other on the SDGs
(World Bank 2021), and their two sets of indicators
highly overlap with each other (Lusseau and Mancini
2019). Second, compared with UN database, com-
pared with the UN dataset, the World Bank data-
set has a more diverse set of indicators which help
minimize collinearity issues in subsequent analyses
(Lusseau and Mancini 2019).

We use the World Bank dataset of SDG indicat-
ors obtained in July 2020 which includes 358 indicat-
ors for the 17 SDGs from 1990 to 2017 for 217 coun-
tries and regions (non-state entities such as Hong
Kong, SAR, China) and 46 country groups (e.g. the
Euro area, OECD members, and Least Developed
Countries). In this research, we only use data from
2000 to 2017 because data in other years are sub-
stantially incomplete (supplementary figure S3). We
also exclude seven indicators due to lack of data for
2000–2017 (supplementary table S2). Lastly we only
consider data for countries or regions excluding data
for country groups. As a result, we 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 (supplementary table
S3). We use the portion of missing data of an indic-
ator (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, pos-
sibly 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.

Using this dataset, we first calculate pairwise Pear-
son correlation coefficients for the 351 SDG indic-
ators and generate a 351-by-351 correlation matrix.
This is a non-positive-semidefinite (PSD) correla-
tion 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 indic-
ators on the entire dataset, which requires a PSD cor-
relationmatrix (Jolliffe 2011), we calculate the nearest
PSD correlation matrix using ‘nearPD’ function in R
(Thomas 2015). The explained variance can be con-
sidered as the goodness of fit (R2) of the multivari-
ate multiple regression model in which the subset
indicators are predictors and all the 351 indicators are
responses.

Next, we calculate the explained variance of the
subset of k indicators on the entire dataset (X) using
the following equation (Cadima and Jolliffe 2001):

EP(k,X) = [corr(X,PkX)]
2
=

tr
([

S2
]
(k)
S−1
k

)
tr(S)

where corr denotes the matrix correlation, tr is the
trace of matrix,Pk is the matrix of orthogonal projec-
tions on the subspace spanned by given k indicators,
S is the PSD correlation matrix from the above step,
and Sk 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
(Cadima et al 2004). These k indicators are defined
as the principal indicators with size k. We then can
identify the smallest number (m) of indicators for any
threshold of explained variance (90% in this study).
In practice, we use the ‘improve’ function from the R
package ‘subselect’ (Cadima et al 2012) to achieve the
largest explained variance. We then select the prin-
cipal indicators for different missing rate thresholds.
Note that we need to select all 351 SDG indicators as
principal indicators if we want to represent all SDGs.

We compare the explained variances on the entire
dataset between using the identified principal indic-
ators and using randomly selected subsets of indicat-
ors with the same size to demonstrate the uniqueness
of the principal indicators (supplementary figures
S4 and S5). We also provide the marginal explained
variance to validate the selection of the principal
indicators.

To validate that the selected principal indicat-
ors are good proxy for the entire dataset, we exam-
ine the marginal explained variance of the principal
indicators and non-principal indicator. We calculate
the marginal explained variance of each individual
principal indicator i on the entire dataset (MEP(i,X)),
which is the difference between the explained vari-
ance of all principal indicators (EP(k,X)) and the
explained variance of the principal indicators except
the target one (EP(k−1,X)):

MEP(i,X) = EP(k,X) − EP(k−1,X).

Similarly, the marginal explained variance of each
non-principal indicator j can also be calculated. We
first rank the k 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 we calculate the explained
variance of the set of indicators including the set u
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(j,X)):

MEP(j,X) = EP(v,X) − EP(u,X).

An example of validation for 77 principal indicators
that can explain 90% of the variance for the entire
dataset when we do not consider difficulty of data
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Figure 1. Explained variances of the 100 principal indicators identified from various training sets on a test set. Each plot indicates
a fixed period between the test set year and the last year of the training set (∆T). (A)–(F) are results of selecting principal
indicators from indicators with missing rate less than 100%, 90%, 80%, 70%, 60%, and 50%, respectively.

collection (missing rate threshold = 100%) is shown
in supplementary figures S6 and S7. Note that these
77 principal indicators can only represent 90% of the
variance of the entire dataset rather than data for each
year, whichwill need 94 principal indicators, whenwe
do not consider the difficulty of data collection (miss-
ing rate threshold= 100%).

3. Best training set

We first examine how much future variance of the
SDG indicators can be explained by principal indicat-
ors identified from various training sets. Specifically,
we 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, we
measure how much variance 100 principal indicators
can explain for each corresponding test set as a bench-
mark. Then we vary the number of principal indicat-
ors to examine the impact on the explained variance.

Figure 1 shows the explained variance of selec-
ted principal indicators in each data split. Each
panel (figures 1(A)–(F)) selects principal indicators
only from indicators with data missing rate lower
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Figure 2. (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.

than a threshold. Therefore the threshold of 100%
(figure 1(A)) means all indicators will be considered
as candidates for principal indicators, implying that
we 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 figures 1(B)–(F), the entire historical dataset is
the best training set if we consider the difficulty of
data collection (missing rate threshold ̸= 100%). For
example, figure 1(F) shows that, when we only select
principal indicators from indicators with less than
50% missing rate, the longer the training set period
is, themore variance can be explained for the test sets.
We can find similar results when varying the num-
ber of principal indicators (supplementary figure S8).
Therefore we 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.

4. Principal indicators for past and future
SDG progress

Using the entire historical dataset, we select prin-
cipal 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.
We 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 cri-
terion simultaneously considers both the number of
principal indicators and the portion ofmissing 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 indic-
ators in the past. Since we select these principal indic-
ators 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(A), when the missing rate
threshold is low, we have less candidate indicators to
select from and thus more principal indicators are
needed to explain at least 90% of the annual vari-
ances of the SDG indicator data in the past. We need
94 principal indicators to explain at least 90% of the
variances when we do not 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 (supplementary figure S9). Note that it is
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Figure 3. The 147 principal indicators highlighted among the full set of 351 SDG indicators (supplementary table S5).

not possible to explain at least 90% of the variances
anymore when the missing rate threshold is less than
48% (not enough candidate indicators).

Figures 2(B)–(E) shows that 147 principal indic-
ators identified under the 50%missing rate threshold
(each principal indicator with no more than 50%
data missing) have the lowest total number of miss-
ing data points (6832). In addition, these 147 prin-
cipal indicators also have lowmaximum, average, and
median missing rates compared to other sets of prin-
cipal indicators identified under other missing rate
thresholds (supplementary table S2). As a result, we
consider these 147 indicators as the best set of prin-
cipal indicators that are able to explain at least 90% of
the annual variances of the SDG indicators in the past
(2000–2017), are expected to explain themost annual
variances in the future (2018–2030) (supplement-
ary figure S10), and has the lowest difficulty of data
collection.

Figure 3 highlights the 147 principal indicators
among all SDG indicators (supplementary table S5).
These principal indicators belong to 14 of the 17
SDGs. No indicators in three SDGs—Goal 1 ‘No
Poverty’, Goal 13 ‘Climate Action’, andGoal 16 ‘Peace,
Justice and institutions’—are selected as principal
indicators.

For SDG 1 (No Poverty), data for its indicators are
largely missing (missing rate >85%). As a result, SDG
1 indicators are excluded as candidateswhen themiss-
ing rate threshold is lower than 85%. More import-
antly, 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 is
associated with poverty (Carter and Danert 2003,
Capps et al 2016). 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)’.

We expect the SDG 13 (Climate Action) to have
close relationship with many other SDGs, especially
those related to the environment and quality of life
(Hamdi et al 2020). However, there are only two
indicators for SDG 13 and both do not have any data.
Even if data were available for these SDG 13 indicat-
ors, they may still not be selected as principal indic-
ators because many existing principal indicators are
closely related to SDG 13 and 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 reduc-
tion 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 indic-
ators 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 san-
itation and lack of hygiene (per 100 000 population)’
is highly correlated (Pearson correlation coefficient:
−0.91) with SDG 16 indicator ‘Completeness of birth
registration (%)’.

5. Discussion and policy implications

We identify 147 principal indicators that can repres-
ent 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
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the full set of 351 SDG indicators many of which have
highly incomplete data, these 147 principal indicat-
ors are sufficient to evaluate andmonitor the progress
of countries and regions towards SDGs. The identi-
fied principal indicators are for better cross-country
(region) comparison at the global scale. In addition,
individual country/region can use the identified prin-
cipal indicators tomonitor their SDG performance as
these indicators generally have better data availability
than non-principal indicators.

The UN identifies invisibility and inequality as
the two big global challenges for the current state of
SDG data (United Nations 2015) which are primarily
due to the large amount of data to collect (high cost)
and declining finance (inadequate resources) (Open
Data Watch 2016, OECD 2019). Our results can help
address these challenges. Specifically, we identify a
small set of principal indicators to represent thewhole
SDG indicator set. There are two novelties in our
work. First, we identify the principal indicators using
a quantitative approach, while prior work does so
qualitatively. Second, we select the principal indic-
ators from the original set of indicators rather than
creating new indicators like previous work does. As
a result, the principal indicators in our work tend to
have better data availability and can sufficiently mon-
itor SDG progress, thus reducing the amount of data
needed for effective SDGmonitoring. Moreover, with
limited and even declining financial resources, invest-
ment in SDGdata infrastructure needs to be strategic.
The principal indicators can be considered as priorit-
ies in making such investment, especially for devel-
oping countries or regions with substantial data chal-
lenges (supplementary table S1).

Our results do not necessarily recommend to stop
tracking non-principal indicators, as established sys-
tems might already exist to collect data for those
indicators for other purposes. However, our method
is based on minimizing the difficulty of data col-
lection; therefore indicators with established systems
across countries and regions (thus likely low missing
rate) are highly likely to be selected as principal indic-
ators. Indeed, the 147 principal indicators generally
have better data availability than non-principal indic-
ators, with the average and median missing rates of
21.4% and 15.7%, respectively. In contrast, the aver-
age 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. Most
of the countries and regions in our dataset have very
similar ‘pattern’ of missing data rates across indic-
ators during the study period, as 90% of them (194
out of 217) are correlated (correlation coefficients
>0.5) with the missing ‘pattern’ of the indicators of
all countries of the latest year (supplementary figure
S11). 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) compar-
ison, as they have low missing data rates in the past
and the difficulty of future data collection is low. Note
that some data aremissing because the corresponding
indicators are not relevant for some countries/regions
(e.g. indicators about marine resources for land-
locked countries/regions). However, these indicators
in theory should not be considered as principal indic-
ators anyways because they are not representative for
all countries/regions.

We also recommend to examine the principal
indicators for every couple of years. Principal indicat-
ors are identified based on the historical correlations
between individual indicators. However, some correl-
ations may change over time. For example, poverty
and food security are often correlated strongly with
each other; but it is possible that poverty is allevi-
ated by growing cash crops which may worsen food
security. Therefore reexamining the principal indic-
ators every couple of years is necessary to identify
those changed correlations and update the principal
indicators. But we do not expect the changed cor-
relations will happen very often and dramatic. Our
results show that the average difference between the
explained variance of the 147 selected principal indic-
ators with less than 50% missing rate on the training
set and that on the test sets is only 2.5% (figure S10),
which validates the statement.

To ensure the representativeness of the principal
indicators for all SDGs, we can force to select at least
one indicator from each SDG as principal indicat-
ors for countries or regions with relatively abundant
expenditure. 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) (supplementary figures S12 and
S13). Therefore we recommend to select the indicat-
ors ‘Poverty headcount ratio at national poverty lines
(% of population)’ and ‘Intentional homicides (per
100 000 people)’, because they have the lowest miss-
ing rates among all indicators in SDG 1 (85%) and
SDG 16 (55%), respectively.

For future work, building on the principal indic-
ators, we 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 (Xu et al 2020). 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.

We set explaining at least 90% of the variance
as the benchmark criterion to select the principal
indicators. In practice, this criterion needs to be fur-
ther refined to consider the preference of stakehold-
ers. In addition, our method is based on the correl-
ations between SDG indicators without considering
causality. Thus our results are not intended to direct
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investment on SDGs themselves, but to guide invest-
ment on data infrastructure to monitor SDGs.
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