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Abstract

Nighttime illumination can serve as a proxy for economic variables in particular in developing countries, where data
are often not available or of poor quality. Existing research has demonstrated this for coarse levels of analytical
resolution, such as countries, administrative units or large grid cells. In this article, we conduct the first fine-grained
analysis of night lights and wealth in developing countries. The use of large-scale, geo-referenced data from the
Demographic and Health Surveys allows us to cover 39 less developed, mostly non-democratic countries with a total
sample of more than 34,000 observations at the level of villages or neighborhoods. We show that light emissions are
highly accurate predictors of economic wealth estimates even with simple statistical models, both when predicting
new locations in a known country and when generating predictions for previously unobserved countries.
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Introduction In order to overcome this problem, researchers have
resorted to alternative data sources. When it comes to
economic data, nighttime illumination observed from
satellites has been proposed as an alternative measure-
ment approach. So far, however, these attempts have
mostly been limited to coarse resolutions; we know, for
example, that night light patterns track economic growth
at the national level. How far can we increase the reso-
lution of this approach? Is it possible to predict economic
wealth at the village or the neighborhood level solely
from the level of nighttime illumination? In this article,
our aim is to show that it is. Our approach is different in
several ways from the majority of works on conflict pre-
diction, and therefore also from most of the other con-
tributions to this special issue. First, rather than
predicting violence or war, we predict a covariate that
is frequently required in conflict studies: economic

In many developing countries, official economic statis-
tics are either not available or of poor quality (Jerven,
2013). This may create problems for cross-national
research on political violence that has established strong
links between economic conditions and civil war (Hegre
& Sambanis, 2006). These limitations, however, may be
much more serious in disaggregated analyses at the sub-
national level, since data requirements are considerably
higher. Are wealthier regions predominantly affected by
conflict? What is the economic damage of violence across
the regions of a country, or the local impact of develop-
ment aid on economic recovery? To reach solid conclu-
sions on these important questions, it is necessary that
empirical researchers base their analyses on reliable
economic datasets with high temporal and spatial resolu-
tion. These statistics are available for many developed
countries — in Europe, for example, via the GEOSTAT
project (EUROSTAT, 2015) — but typically not for those  Corresponding author:
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wealth. Therefore, we see prediction as an improvement
of the data collection process for conflict studies, before
any analyses of the actual outcome of interest are con-
ducted. Second, and more importantly, our innovation
as regards prediction is the use of an alternative data
source, not a new prediction model or methodology.
The latter typically constitutes the focus of current
research in prediction (see for example Beger, Dorft &
Ward, 2014, or other contributions to this special issue).
In contrast, we show that progress can also be made by
using new data in conjunction with simple models.

In our analysis below, we find night lights to be good
predictors of wealth at the local level. Across the countries
we analyzed, the correlation between night light emission
and wealth is on average 0.73, and can be as high as 0.87.
In order to test the accuracy of our predictions out-of-
sample, we set up two prediction tasks. The first is
within-country: given a training set with data on wealth
and night lights for a number of locations in a country,
can we predict the wealth of unseen locations based only
on their night light illumination? Predictive performance
is very high, indicating that night lights data have great
potential for subnational analyses. The second, cross-
national task is to predict subnational wealth for new
countries, training the models on data for other coun-
tries. This task is more difficult, because absolute levels of
night light emissions can vary considerably across coun-
tries (Kyba et al., 2014). However, we show that with a
simple normalization procedure, we can also reach a
reasonable predictive performance in this second task.

Our article starts by briefly reviewing the literature
on the use of night lights in the social sciences, before
describing our data and methodology. We then present
our results, starting with simple descriptives and moving
on to our two prediction tasks, within-country and
across-country. Last, we summarize our findings and
outline ways in which they can be used in actual research.

Existing work

The use of night lights as a proxy for economic variables
typically assumes that nighttime illumination corre-
sponds to wealth through one of at least three channels.
First, access to the power grid (or a power generator)
requires financial investment, which is likely to be made
by people with the necessary resources. Second, night
lights indicate economic activity, which can lead to
higher levels of wealth for the people involved (Hender-
son, Storeygard & Weil, 2011). Third, nighttime illu-
mination (street lamps) can be a result of preferential
treatment by the state for certain societal groups (Hodler

& Raschky, 2014). Whatever mechanism we assume,
high light emissions should be correlated with high
levels of wealth. This assumption, however, is not unpro-
blematic. For example, economic activity may not ben-
efit the people living at the location where it occurs —
bright commercial centers in cities may be inhabited by
poor people. Also, the amount of light emitted by eco-
nomic activity may not scale directly with the benefits it
generates for the local population: oil refineries, for
example, are typically illuminated at night, but require
few staff and do not coincide with residential areas.

Therefore, the question of whether night lights corre-
late with wealth is an empirical one. Existing analyses
have tried to assess the use of these data at different levels
of analysis. Early work conducted at the country level
reveals a clear correlation between the area illuminated at
night and economic output (Elvidge et al., 1997). This
correlation alone, however, does not tell us whether
night lights track economic activity, since the correlation
could simply be due to country size — on average, larger
countries have larger economies, but also emit more light
at night. This is why subsequent work has examined this
relationship further. Henderson, Storeygard & Weil
(2011) show that changes in night lights track economic
growth, which provides strong support for the night
lights—wealth relationship.

Similar results hold for economic output of subna-
tional units of analysis (states or provinces), which have
been approximated using night light patterns. An article
by Sutton, Elvidge & Ghosh (2007) conducts such an
analysis for four countries (China, India, Turkey, and
the USA), showing that night lights track economic out-
put also at this finer level of resolution. More recently,
Chen & Nordhaus (2011) present a global study that
compares night light emissions to economic output mea-
sured at the level of 1-degree (approx. 100 km by
100 km) grid cells. One of the most detailed analyses
so far was carried out by Mellander et al. (2013) for
Sweden using fine-grained official socio-economic data
on businesses and individuals. This study clearly shows
the limitations of night lights-based analyses, in particular
in developed countries. In these countries, a key problem
of night light measurement — top-coding (see below) —
makes these data much less useful as a predictor of wealth.

Because of the number of promising results, night
lights data have seen some adoption in the social sciences
and conflict research in order to approximate economic
variables. Shortland, Christopoulou & Makatsoris
(2013) use fine-grained data on night light emission to
estimate the economic impacts of violence in Somalia. A
number of works on inequality rely on night lights data,



due to the fact that economic data from other sources are
not available at a global scale. Most of these works com-
bine the night lights data with geographic data on ethnic
settlement regions, making it possible to link illumina-
tion to particular groups. For example, Alesina, Micha-
lopoulos & Papaioannou (forthcoming) construct an
indicator for inequality between ethnic groups based
on these data. Cederman, Weidmann & Bormann
(2015) employ a similar approach, but triangulate the
night lights data with other sources in order to compen-
sate for some of their weaknesses. Kuhn & Weidmann
(2015) demonstrate how this approach can be adapted to
yield estimates of intragroup inequality. Finally, Hodler
& Raschky (2014) use nighttime illumination to study
ethnic favoritism.

Despite the adoption of night light data as an alter-
native data source at the subnational level, there have
been few attempts to validate these data at high levels
of analytical resolution. While many of the above works
assume that night lights are good predictors of wealth at
the local level, this has not been thoroughly tested. An
article by Min et al. (2013) describes an attempt to infer
electrification at the local level from nighttime lights,
using a survey conducted in Senegal and Mali. The
results show that night lights seem to track electric infra-
structure reasonably well, but cannot tell whether the
frequent assumption that they proxy wealth actually
holds. An approach close to our analysis below is pre-
sented in Michalopoulos & Papaioannou (2013). They
show that night light emissions closely correlate with
wealth as measured by the Demographic and Health
Surveys (DHS), which we also use below. Their analysis
is limited to four countries. Most importantly, however,
they do not examine performance when predicting out of
sample. Below, we expand our set of countries signifi-
cantly and show that simple changes to the computation
of the night lights-based indicator compared to Micha-
lopoulos & Papaioannou (2013) lead to considerable
improvements in its predictive power.

Data and prediction models

We use times-series data on night light emissions from
the Defense Meteorological Satellite Program’s Opera-
tional Linescan System (DMSP-OLS), provided by the
US National Oceanic and Atmospheric Administration.
The data are provided as annual rasters with a resolution
of 30 arc seconds, which corresponds to approximately
1 km. We use the ‘stable lights’ version of the data,
which has non-stable light sources such as forest fires
removed (National Geophysical Data Center, 2014a).
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For each raster point, the dataset provides a so-called
‘digital number’ (DN) between 0 and 63 that encodes
the level of radiation. Since our units of observation have
different sizes (see below), we compute the radiation per
square km emitted from these units. Note that when
comparing night light emissions across time, it is neces-
sary to calibrate the data in order to eliminate variation
due to atmospheric noise or sensor drift (Wu et al.,
2013). However, since our comparisons are exclusively
cross-sectional, we use uncalibrated data.

Night lights data suffer from a number of potential
problems that we can discuss only briefly here. One of
these problems is ‘overglow’, or the fact that light can
spill over from one cell to adjacent cells (Doll, 2008).
This leads to a loss of precision in the night lights
data — for example, it is difficult to detect a dark
neighborhood in a city due to the spillover of light
from bright neighborhoods nearby. In our applica-
tion, however, this measurement error works against
us. If we achieve high prediction accuracy despite
overglow, this suggests that accuracy should be even
higher if we were able to correct this problem. Two
other related problems concern the limited scale that
is used for encoding the light emissions. As stated
above, the DN is limited to values between 0 and
63. This can result in top-coding (different high val-
ues end up at the top of the scale) or bottom-coding
(low emissions are recorded as 0). This problem can
only be addressed by using a radiance-calibrated ver-
sion of the DMSP-OLS dataset with a larger value
range (National Geophysical Data Center, 2014b).
We repeat some parts of our analysis with this dataset.
However, since the radiance-calibrated dataset includes
non-stationary light sources that have been removed in
our default dataset, it may not be an optimal choice for
our analysis.

The validation data for our prediction analysis are
taken from the Demographic and Health Surveys (DHS),
a comprehensive survey project conducted in developing
countries.” Using a standardized data collection method-
ology across different countries and years, these surveys
provide detailed information on individual and house-
hold characteristics. Importantly for our purpose, the
surveys include a wealth index for the socio-economic
status of a household. Since the estimation of wealth
using only financial income is difficult, the DHS wealth
index is based on assets, for example bikes or radios,
house construction materials, and water access (Rutstein

! See hetp://dhsprogram.com.
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& Johnson, 2004). The wealth index at the household
level is reported as a number from 1 to 5, which corre-
spond to survey quintiles (with 1 corresponding to the
poorest 20%, etc.).

While the asset-based approach of estimating wealth
can circumvent problems of applicability and availability
of conventional measures, it is not without problems. In
particular, asset-based indices seem to capture household
expenditure only imperfectly (Howe et al., 2009). Also,
another problem seems to be that the concept of a
‘household’, and therefore the assets it owns, can vary,
which of course affects the quality of the index (Randall
& Coast, 2015). Still, due to the fact that the DHS index
is essentially the only one available across a large sample
of developing countries and with high spatial resolution,
it is the best choice for our study.

The surveyed households are randomly sampled start-
ing from a survey cluster location (typically, a village or a
neighborhood of a city), which is reported with long-
itude/latitude coordinates. For the vast majority of clus-
ters, the cluster location is measured using GPS, which
guarantees a high level of precision. For some surveys,
however, the location is based on information from
gazetteers, which is not precise enough for our purpose.
Gazetteers typically only include a single point for each
village or city, and are therefore unable to distinguish
between different neighborhoods. We believe that the
considerable uncertainty caused by the use of gazetteers
prevents the use of gazetteer-based cluster locations for a
fine-grained analysis such as ours. For that reason, we
retain only those clusters with coordinates measured by
GPS for our analysis. In order to preserve anonymity, the
cluster locations in the DHS data are randomly distorted
with an artificial error of 2 km in urban locations, and
5 km in rural locations. The type of cluster (urban/rural)
is known, so we can incorporate this locational uncer-
tainty into our analysis. The cluster location allows us to
geo-reference the survey results to a particular location
on the globe and compare it with night light emissions
at that location from the same year the survey was con-
ducted. Since we do not have location information about
the households, we conduct our analysis at the level of
clusters and assign each cluster point the average wealth
level of the households that belong to it.

The amount of night light radiation for that cluster is
calculated by drawing a circular buffer around the cluster
centroid whose radius corresponds to the artificial error
(2 km or 5 km), and by computing the average light
radiation per square km within that buffer for the year
the survey was conducted. This ensures that the real
cluster location is within the buffer. In order to test

whether larger buffer sizes as used, for example, in
Michalopoulos & Papaioannou (2013) improve predic-
tive accuracy, we also used alternative buffer radii of
5 km, 10 km, and 20 km. If, however, night light emis-
sions at the local level are a good predictor of local
wealth, predictive accuracy should decrease as we
increase the buffer size.

We model the relationship between night light emis-
sions and wealth using three simple statistical models.
While more complex models can possibly achieve better
performance, we believe that simplicity is an asset: it
reduces the number of free parameters and therefore alle-
viates the risk of overfitting. In addition, the simple models
we employ are readily implemented in all statistical tool-
kits, so users can generate similar predictions without the
need for specialized software. As we have stated above, the
unit of analysis in all three models is the survey cluster,
using the level of light emissions (per square km) as the
predictor variable, and the average level of household
wealth in the cluster as the response. Our first model is a
simple linear OLS regression model. In our second model,
following earlier work such as Chen & Nordhaus (2011) or
Michalopoulos & Papaioannou (2013), we log-transform
the night lights variable. The third model is a generalized
additive model (GAM), fitted using the standard settings
from the mgev package in R. The GAM computes the
optimal functional form of how night lights relate to wealth
from the data, which in many cases improves prediction
beyond standard parametric approaches.

Results

Our analysis is limited to the years 2003 to 2012 and
includes only those surveys where both geographic infor-
mation and the wealth index were provided. As men-
tioned above, we only use clusters where the location
was measured with a GPS, since alternative sources of
geographic coordinates are not precise enough. Our sam-
ple for this analysis consists of a total of N = 34,047
cases (survey clusters) from 56 surveys in 39 countries

(see Appendix A for details).

Descriptives

We start with a simple example. Figure 1 shows an image
of the 2008 night lights data for Pakistan (left panel). On
the right panel, we enlarge the area around Hyderabad
and add the corresponding survey data. In total, there are
five sampling clusters in the area. The two clusters in the
downtown area of the city (two values at the bottom)
have bright light values, and at the same time have high
wealth scores close to the upper end of the 1-5 scale. As
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Figure 1. Night light emissions for Pakistan and Hyderabad (2008)

Left panel: Night light emissions for Pakistan. The rectangle shows the location of the Hyderabad area. Right panel: Zoom in on the
Hyderabad area. The city corresponds to the bright spot on the left. The lines indicate the locations of the survey clusters and their respective

average household wealth values.
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Figure 2. Scatterplot of night lights and wealth for three countries/surveys

The lines show the smoothed Loess fits.

the poor cluster (1.82) shows, dark areas correspond to
low wealth values. The topmost point indicates that
night lights seemingly capture also intermediate levels
of wealth — a moderately bright spot has an intermediate
level of wealth (3.75) according to the survey data.
Therefore, at least in this initial example, there seems
to be a high correlation between night light emissions
and wealth at the local level.

In order to examine whether this relationship holds
more generally, we provide scatter plots for night light
emissions (using our default buffer sizes of 2 km for
urban and 5 km for rural areas) and wealth for each
survey. Figure 2 shows these plots for a selection of three
countries (Albania, Cameroon, and Liberia). Complete
results are available in Appendix B. The figure provides
two important insights. First, the relation between night

lights and wealth seems to have a characteristic *hockey
stick’ shape, where locations with little to no emissions
are generally in the poorest two quintiles of the distribu-
tion. The plots in the appendix show that this holds
across the vast majority of all countries/surveys examined
in our analysis. Second, while the general shape of the
relationship seems to be comparable across countries, the
absolute levels of night lights are not. For example, in
Albania the richest household clusters emit roughly three
times the amount of night lights as those in Liberia. This
is something to keep in mind when predicting wealth
across countries, as we need to take these differences in
magnitude into account.

Before we proceed to derive precise wealth values
from night lights data, we start with a simple bivariate
test. In particular, we analyze how well we can rank-
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Figure 3. Distributions of rank correlation coefficients across
the 56 surveys

Solid line: all survey clusters; dashed line: only urban clusters; dotted
line: only rural clusters.

order survey clusters with respect to their wealth when
using the night lights they emit. To this end, we com-
pute rank correlations by survey between the night lights
and wealth values. Figure 3 shows the distribution of
correlations across the 56 surveys in our sample, for all
clusters (solid line), and separately for urban (dashed
line) and rural clusters (dotted line).

Figure 3 indicates that night light emissions correlate
highly with wealth at the local level. Using all clusters for
validation, the correlation is on average 0.73 and reaches
values up to 0.87 (solid line). In Appendix C, we list the
rank correlations by survey wave. While it is difficult to
discern a clear pattern, some of the smaller countries in
the sample (Rwanda, Burundi) achieve low correlations,
which could suggest that night lights-based prediction
performs worse in small countries due to denser settle-
ment patterns. Differences between urban and rural loca-
tions account for much, but not all, of the correlation
between night lights and wealth: rural locations typically
have higher levels of poverty but will at the same time
have lower levels of light. Therefore, when analyzing the
sample of urban or rural clusters separately, the correla-
tion between night lights and wealth should be lower as
compared to the full sample, which is what we see in
Figure 3 (dashed and dotted lines). For urban locations,
the correlation is on average only 0.62, whereas it
decreases even further for rural clusters (0.42). Together,
these results suggest that simply rank-ordering locations
in a country according to their night light emissions can
give researchers a good idea of their relative wealth status.
But can we do better? In the next section, we proceed to
modeling wealth as a function of night lights using dif-
ferent types of regression models.

Predicting wealth within countries

Our first task is to predict the wealth of household clus-
ters within countries based on a simple model fitted on
data from the same country. Since this task operates
exclusively with data from the same country for a single
round of prediction, we avoid the problem of different
magnitudes in night light emissions that we describe
above. Our prediction exercise proceeds as follows. For
each survey in our sample, we conduct a ten-fold cross
validation by randomly splitting the survey’s data points
into ten bins. We then perform ten runs where each
time, a single bin is left out for testing purposes, and the
model is estimated on the remaining bins and evaluated
on the test bin. For each of the 56 surveys, we compute
the mean absolute error between the model predictions
and the actual values. Alternative measures of predictive
accuracy are of course possible, but we prefer the mean
absolute error due to its intuitive interpretation.” We use
the three models described above — the linear (LM), log-
linear (LLM), and generalized additive model (GAM) —
as well as the four different buffer sizes for the night lights
(our default choice of 2/5 km, 5 km, 10 km, 20 km). For
comparison, we also include a linear model that includes
only the urban/rural predictor as a dummy variable. Fig-
ure 4 shows the results.

Comparing the different models, the results in
Figure 4 clearly demonstrate that the logarithmic speci-
fication and the semi-parametric one outperform the
linear model. As the figure shows, both achieve consis-
tently lower prediction errors. For our default buffer size
of 2 km (urban areas) and 5 km (rural areas), the average
prediction error decreases by about 20% (from 0.70 to
0.57 for the log-linear model, and 0.55 for the GAM). In
other words, this means that we predict the wealth quin-
tile of a household (cluster) using night lights with a low
error of about half a quintile overall. Across all surveys
examined, in the worst case our predictions would be
about one quintile off for a linear model (0.97), but only
by about 25% less (0.73) when using a GAM. This
analysis shows that night light emissions do not scale
linearly with wealth, since other specifications (log-
linear and GAM) provide much better results.

Buffer size seems to matter a lot. As we increase the
buffer size from the minimum radius of 2/5 km to
20 km, we see a continuous decrease in predictive per-
formance (an increase in the prediction error). This is a

2 For deterministic predictions as in our case, the continuous rank
probability score (CRPS) that is used elsewhere in this special issue is
equivalent to the mean absolute error that we use.
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Figure 4. Predicting wealth from night light emissions, within
country

The figure shows the averages (black lines) and ranges (minimum
maximum, grey bars) of the mean absolute prediction errors across
the 56 surveys in our sample. Lower values indicate better
performance.

clear indication that the local levels of night lights — and
not the emissions across a region — seem to matter for
prediction. This also shows that the arbitrary choice of a
10 km or 20 km buffer size as in Michalopoulos &
Papaioannou (2013) may not be optimal; in fact, we can
increase the resolution considerably and obtain much
better results. Our decision to use different buffer sizes
for urban and rural areas turns out to be a good one — the
2/5 km buffers perform best for prediction if we use
either a log-linear model or a GAM.

Is the quality of our predictions entirely dependent on
night lights picking up differences between urban and
rural areas? To find out, we conduct our prediction exer-
cise also with a simple linear model that only includes the
urban/rural dummy from the DHS (Figure 4, last row).
Compared to the non-linear models based on night
lights, the results are consistently worse. For example,
the mean prediction error across the surveys increases
to 0.62, which is about a 15% increase from the GAM.
Also, a separate prediction analysis of only the urban
clusters reveals the considerable predictive power of the
night lights approach: if we repeat the above analysis for
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urban clusters only, we obtain consistently lower error
rates as compared to the overall sample (see results in
Table D.I in the appendix). Thus, we can conclude that
there is a significant added value when predicting wealth
from night light emissions, and that night lights do not
simply reflect urban/rural divides.

How much does the problem of the top- and bottom-
coded night light values in the standard DMSP-OLS
data affect our predictions? We repeat our within-
country prediction with the radiance-calibrated night
lights dataset (National Geophysical Data Center,
2014b). Due to the more limited temporal coverage of
these data, this reduces our sample to 35 surveys.
Table D.II in the appendix reports the results. For com-
parison, we also report the results when using the stan-
dard night lights time series on the reduced sample. We
see that there is a slight improvement for the radiance-
calibrated data, which achieve slightly lower prediction
errors for all three models. Therefore, if the reduced
temporal coverage of these data is not an issue, these data
can be a better choice in a within-country prediction task.

Predicting wealth across countries
Our first prediction task represents a situation where for
a given country, we have high-resolution data both for
night lights and wealth and can use these data to train a
model and predict wealth for new locations in this country.
For a prediction exercise of this kind, the data require-
ments are still considerable, as we need at least a certain
amount of fine-grained data on wealth for the country we
are interested in. In many cases, this will not be possible.
For that reason, we now explore whether we can use a
prediction model trained on other countries to predict
wealth in a previously unseen country. As we have seen
above, the greatest obstacle to this is the different magni-
tudes of night light emissions we observe across countries,
where the amount of light emitted by people of a certain
socio-economic status can differ by up to a factor of three.
For a new country, we usually do not know what the
typical amount of emissions would be for households
at the center or the upper end of the wealth scale.
Therefore, when generating predictions for new coun-
tries, we can address this question in two ways. The first
and more complex way would be to model the country-
specific magnitude of the night lights emissions expli-
citly. This could be done with a simple multilevel model,
where the intercept or the effect of night lights on wealth
is a function of country attributes. We choose a second
and, we believe, more straightforward way by normal-
izing the night light scores from a country. Rather than
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Figure 5. Predicting wealth from night light emissions, across
countries

The figure shows the averages (black lines) and ranges (minimum
maximum, grey bars) of the mean absolute prediction errors across
the 56 surveys, both for non normalized and normalized night lights
values as predictors. As above, lower values indicate better
performance.

using raw night lights values as above, we use the estimated
percentiles of the respective values in the distribution of all
night light values in the survey. In other words, for our
normalization we take the entire distribution of night light
emission in a survey, and assign each cluster its percentile
(0-100) in this distribution. This is effectively a rank-
ordering of the night light values, which, as we have seen
above, tracks the wealth distribution closely.

In our above analysis, we have seen that the log-linear
and the GAM model using the 2/5 km night light buffers
work best, which is why we restrict this analysis to these
models and buffer sizes. We set up a cross-validation task
similar to the one above. We leave out each survey in
turn and estimate the model on the remaining data,
before predicting the wealth values for the survey that
is left out. This way, we generate predicted values for
each cluster and compute again the mean absolute error
for these values by survey.

Figure 5 shows some interesting results. First, as we
expected, the cross-national prediction task is much
harder than within-country prediction. As we have
shown above, for the latter we can achieve absolute errors
of around 0.5 on the wealth scale. For the former, the
absolute error is 0.7 and higher, regardless of what model
we choose. Second, our proposed night lights normal-
ization seems to work. Prediction using non-normalized
values (upper pair of bars) results in considerably higher
error as compared to normalized values (lower pair). This
is also reflected in the mean values. For the log-linear
model, there is only a very small reduction in the mean
error across surveys, but normalization can reduce the
worst outcomes, reducing the maximum error from 1.19
to 1.07 (a 10% decrease). For the GAM, the decrease is
more pronounced (the average goes down by about 8%
from 0.77 to 0.71, the maximum from 1.18 to 0.97,
about 20%). In sum, this exercise shows that predicting

wealth values in previously unseen countries is possible
with mean errors of around 1 in the worst cases, which
means that our predictions can be up to a quintile off.
Whether this error margin is acceptable or too high
depends on the respective application.

We also repeat the cross-national prediction with the
radiance-calibrated data. As Table E.Iin the appendix shows,
these data reach consistently lower performance as compared
to the standard night lights data. One reason for this may
be that the former do not exclude non-stationary lights,
which could be a potential source of error in our analysis.

Conclusion

In this article, we made one of the first attempts to
predict wealth at the local level from satellite imagery
of night light emissions in developing countries. While
earlier research has been able to demonstrate that night
lights can serve as a useful proxy for economic variables
at the level of large spatial entities (countries or first-tier
administrative units), it has not been tested systemati-
cally whether this approach can also be applied at a
higher geographic resolution. Basing our analysis on the
freely-available DMSP-OLS night lights data, we exam-
ine how the amount of light emitted from a village or a
city neighborhood relates to its wealth. Using wealth
estimations available from survey data for validation,
we find a considerable correlation between the level of
night light emissions and household wealth. Some of this
is due to night lights picking up differences between
urban (bright) and rural (dark) locations, but we have
also shown that night lights add significant predictive
value even when controlling for these differences. Thus,
in short, our analysis demonstrates that local wealth can
be predicted with reasonable accuracy if only the house-
hold’s location is known. This works both for predicting
new cases in a country where training data is available
and, to a lesser extent, for new countries, training the
prediction model only on data from others.

Our results have at least two implications. First, it is
possible — with a small margin of error — to predict the
wealth of a household if only the household location is
known. When no alternative data sources are available
(as is often the case in developing countries), this is a
powerful and widely applicable approach. For example,
micro-level research on political violence often relies on
events with spatial coordinates, which can be used to
compute night lights emissions as a proxy for wealth.
Also, night lights may prove useful as more social science
data are being collected via mobile devices, where the
device’s location is known (through GSM tower



triangulation or from GPS). Second, our results underline
two important caveats when using night lights: cross-
national differences and functional form. The level of
night lights emissions from ‘rich’ locations varies tremen-
dously across countries. This is an issue that cannot be
ignored in cross-national studies. We have shown that a
simple normalization can alleviate this problem in the
cross-national prediction task, but alternative ways of deal-
ing with it are certainly possible. Also, wealth does not
scale linearly with night lights; rather, we find that a log-
linear model provides the best fit and is able to achieve
much higher predictive accuracy compared to a linear
model.

In this study, however, we have only begun to move
the analysis of night lights to a high resolution. Future
research will have to expand upon this work in at least
two directions. The first, and most important, question is
about selecting locations for measurement. Our results
do not imply that one can choose any location on the
globe and use its level of light emissions to gauge eco-
nomic wealth. For obvious reasons, this would be impos-
sible, as we do not know whether low emissions indicate
low population or low economic wealth (or both). There-
fore, in order to develop an indicator with global applic-
ability, we would have to have precise population density
estimates that allow us to compute a per capita level of
emissions. Existing data sources such as Gridded Popu-
lation of the World (Center for International Earth Sci-
ence Information Network (CIESIN) & Centro
Internacional de Agricultura Tropical (CIAT), 2005) or
the LandScan database (Oak Ridge National Laboratory,
2008) are either too coarse or have been computed partly
using night lights data, in which case they do not give us
much independent information. A second question arises
regarding the predictive methodology we use. Can we
improve predictions by using more powerful models?
Our aim in this study was to start simple and see what
is possible with standard models, but one can likely push
these results even further. In general, however, our
study has shown that the use of night lights data need
not be limited to large geographic units, and holds
tremendous value also for local-level analyses.
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Table A.I shows a list of countries and surveys used for the analysis, along with the number of survey clusters, the
total number of households and their average cluster wealth, and its standard deviation included in each survey. In
total, our analysis includes 56 surveys from 39 countries, with 821,857 households surveyed in 34,047 clusters.

Table A.L. List of countries and surveys included in the analysis

Country DHS wave  No. of clusters  No. of households — Cluster wealth (mean) — Cluster wealth (SD)
Albania 5 450 7,999 3.125 1.249
Angola 6 110 3,708 3.344 1.265
Bangladesh 4 355 10,324 3.050 0.948
Bangladesh 5 361 10,400 3.140 1.023
Bangladesh 6 598 17,086 3.034 0.994
Bolivia 5 998 19,526 3.033 1.246
Burkina Faso 4 390 8,863 2.997 1.132
Burkina Faso 6 505 12,706 3.136 1.120
Burundi 6 376 8,596 3.048 0.980
Cambodia 5 548 14,017 2.942 1.066
Cameroon 4 464 10,413 3.185 1.150
Cameroon 6 577 14,189 3.109 1.217
Colombia 6 4,416 45,249 2.674 1.278
Congo Democratic Republic 5 289 8,563 2.925 1.207

(continued)
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Table A.IL. (continued)

Country DHS wave  No. of clusters  No. of households — Cluster wealth (mean) — Cluster wealth (SD)
Dominican Republic 5 1,414 32,110 2.581 1.059
Egypt 5 2,540 39,440 3.003 1.132
Ethiopia 5 528 13,550 3.171 1322
Ghana 4 410 6,221 3.053 1.259
Ghana 5 404 11,574 2.982 1.230
Guinea 5 291 6,191 3.108 1.195
Guyana 5 284 4,934 2.761 0.996
Haiti 5 332 9,773 2.993 1.195
Honduras 6 1,127 20,967 2.860 1.192
Indonesia 4 1,319 31,393 2.730 1.177
Kenya 4 399 8,542 3.301 1.267
Kenya 5 397 9,033 3.280 1.305
Lesotho 4 378 8,037 2.991 1.119
Liberia 5 425 17,661 2.783 0.949
Liberia 6 148 4,110 2.645 1.178
Madagascar 5 585 17,578 3.053 1.243
Madagascar 6 266 8,066 3.171 1.307
Malawi 4 520 13,649 2.839 0.817
Mali 5 390 12,476 3.129 1.075
Moldova 5 399 11,066 3.324 1.208
Morocco 4 480 11,513 2.967 1.287
Mozambique 5 270 6,097 3.342 1.149
Mozambique 6 609 13,899 3.310 1.219
Namibia 5 491 9,036 3.087 1.156
Nepal 5 260 8,707 3.050 1.182
Nepal 6 289 10,826 3.119 1.228
Nigeria 4 360 7,187 3.143 1.243
Nigeria 5 886 34,070 2.940 1.219
Nigeria 6 239 5,895 3.236 1.244
Pakistan 5 762 7,4659 3.043 1.132
Peru 5 704 19,278 2.180 0.857
Philippines 4 656 10,161 2.988 1.019
Rwanda 5 702 30,139 3.063 0.681
Rwanda 6 492 12,540 2.942 0.938
Senegal 4 366 7,224 2.871 1.139
Senegal 5 267 7,763 2.597 1.200
Senegal 6 358 7,236 2.553 1.141
Swaziland 5 270 4,756 3.391 1.084
Tanzania 4 315 5,927 2.988 1.170
Tanzania 5 466 8,350 3.137 1.091
Tanzania 6 1,023 29,908 3.049 0914
Zimbabwe 5 396 9,234 3.023 1.201
Zimbabwe 6 393 9,442 3.224 1.210
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(B) Scatter plots of night lights and wealth
The three plots in Figures B.1a, B.1b, and B.1c show scatter plots of night lights and wealth, by survey. Each survey is

identified by the country and the wave (in parentheses).
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Figure B.1a. Scatter plots of night lights and wealth (part 1)
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Figure B.1c. Scatter plots of night lights and wealth (part 3)

(C) Rank correlations: Full list of results

Table C.I. List of rank correlations between night lights and ~ Table C.I. (continued)
survey based estimates across all surveys

Country DHS Wave Rank Correlation
Country DHS Wave Rank Correlation
Burkina Faso 4 0.70
Rwanda 5 0.43 Tanzania 4 0.70
Rwanda 6 0.46 Madagascar 5 0.70
Malawi 4 0.48 Ethiopia 5 0.70
Cambodia 5 0.58 Tanzania 5 0.70
Guyana 5 0.59 Bangladesh 5 0.71
Liberia 5 0.60 Madagascar 6 0.72
Burundi 6 0.62 Haiti 5 0.72
Tanzania 6 0.62 Nepal 5 0.73
Morocco 4 0.65 Mali 5 0.73
Egypt 5 0.65 Burkina Faso 6 0.74
Namibia 5 0.66 Kenya 4 0.74
Peru 5 0.68 Bangladesh 6 0.74
Dominican Republic 5 0.68 Lesotho 4 0.75
Bangladesh 4 0.69 Congo Democratic Republic 5 0.76
(continued) (continued)



Table C.I. (continued)

Country DHS Wave Rank Correlation
Swaziland 5 0.77
Nigeria 5 0.77
Philippines 4 0.77
Nepal 6 0.77
Kenya 5 0.78
Liberia 6 0.78
Zimbabwe 5 0.79
Indonesia 4 0.79
Guinea 5 0.79
Colombia 6 0.80
Angola 6 0.80
Zimbabwe 6 0.80
Nigeria 4 0.81
Cameroon 4 0.81
Pakistan 5 0.82
Cameroon 6 0.82
Bolivia 5 0.82
Honduras 6 0.82
Mozambique 5 0.82
Albania 5 0.83
Nigeria 6 0.83
Senegal 6 0.84
Ghana 4 0.84
Senegal 5 0.86
Mozambique 6 0.86
Ghana 5 0.86
Moldova 5 0.86
Senegal 4 0.87

(D) Within-country prediction: Additional results
This section repeats the within-country prediction analy-
sis for urban clusters only. Table D.I shows the averages,
minimum, and maximum values of the mean average
prediction error across all surveys. We use again three
models (LM, LLM, and GAM) and 2/5 km buffers
around the cluster centroids. For comparison, we also
show the values for all clusters that are displayed visually
in Figure 4, top three bars.

Table D.I. Mean absolute prediction error for all clusters (top
panel) and urban clusters only (bottom panel)

LM LLM GAM
All clusters
Min. 0.4806 0.4097 0.4080
Mean 0.7022 0.5717 0.5493
Max. 0.9560 0.8166 0.7258
Only urban clusters
Min. 0.1879 0.1666 0.1296
Mean 0.4614 0.4173 0.4117
Max. 0.8119 0.7431 0.6833
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We also present results using radiance-calibrated
night lights data that remove the problem of top- and
bottom-coding in the standard DMSP-OLS time series
(for all clusters). Table D.II shows again the results using
the standard DMSP-OLS data (top panel) for compari-
son, computed on the same set of surveys for which we
have radiance-calibrated data. The bottom panel reports
the results for the Global Radiance-Calibrated Night-

time Lights time series.

Table D.II. Mean absolute within country prediction error
using the standard DMSP OLS stable lights (top panel) and
the radiance calibrated lights (bottom panel)

LM LLM GAM
DMSP-OLS stable lights
Min. 0.4836 0.4172 0.4133
Mean 0.6988 0.5696 0.5496
Max. 0.9572 0.8014 0.7274
Radiance-calibrated nighttime lights
Min. 0.2522 0.2415 0.2371
Mean 0.5825 0.4840 0.4656
Max. 0.8549 0.6700 0.6684

(E) Cross-national prediction: Additional results
This section repeats the cross-national prediction
radiance-calibrated imagery.
Table E.I shows the results similar to those pre-
sented in Figure 5 in the main paper, but only for
the subset of surveys where we have radiance-
calibrated data (top panel). The bottom panel
shows the prediction errors when using the
radiance-calibrated imagery.

analysis using

Table E.I. Mean absolute prediction error using the standard
DMSP OLS stable lights time series (top panel) and the
radiance calibrated version (bottom panel)

LLM LLM GAM GAM
(raw values) (normalized) (raw values) (normalized)
DMSP-OLS stable lights
Min. 0.5373 0.5536 0.5243 0.5587
Mean  0.7446 0.7354 0.7542 0.6989
Max. 1.2297 0.9973 1.2431 0.8831
Radiance-calibrated nighttime lights
Min. 0.5379 0.4838 0.5297 0.4825
Mean  0.9109 0.7989 0.9022 0.7983
Max. 1.6740 1.2587 1.6911 1.2595
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