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Nighttime lights (NTL) imagery is one of the most commonly used tools to quantitatively study socioeconomic
systems over large areas. In this study we aim to use location-based social media big data to challenge the
primacy of NTL imagery on estimating socioeconomic factors. Geo-tagged tweets posted in the contiguous
United States in 2013 were retrieved to produce a tweet image with the same spatial resolution of the NTL
imagery (i.e., 0.00833° × 0.00833°). Sum tweet (the total number of tweets) and sum light (summed DN value of
the NTL image) of each state or county were obtained from the tweets and the NTL images, respectively, to
estimate three important socioeconomic factors: personal income, electric power consumption, and fossil fuel
carbon dioxide emissions. Results show that sum tweet is a better measure of personal income and electric power
consumption while carbon dioxide emissions can be more accurately estimated by sum light. We further
exploited that African-Americans adults are more likely than White seniors to post geotagged tweets in the US,
yet did not ﬁnd any signiﬁcant correlations between proportions of the subpopulations and the estimation accuracy of the socioeconomic factors. Existence of saturated pixels and blooming eﬀects and failure to remove gas
ﬂaring reduce quality of NTL imagery in estimating socioeconomic factors, however, such problems are nonexistent in the tweet images. This study reveals that the number of geo-tagged tweets has great potential to be
deemed as a substitute of brightness of NTL to assess socioeconomic factors over large geographic areas.

1. Introduction
Remote sensing is not only an eﬀective tool to observe environmental changes but also has an extensive record of successful application by creating proxies for quantitative data of human systems. Since
Croft (1973) ﬁrst recognized the potential of nighttime lights (NTL)
satellite images to monitor emissions of waste gas from oil ﬁelds, NTL
images have been used to detect human activities and their impacts on
natural systems (e.g. Elvidge et al., 1997; Gallo et al., 2004; Imhoﬀ
et al., 1997a; Milesi et al., 2003). Estimating socioeconomic factors
(e.g., gross domestic product, electric power consumption, and fossil
fuel carbon dioxide (CO2) emissions) is an important application aspect
of NTL images (e.g. Chen and Nordhaus, 2010; Doll et al., 2000, 2006;
Ghosh et al., 2009; Ghosh et al., 2010a, 2010b; Henderson et al., 2011;
Letu et al., 2010; Lo, 2002; Oda and Maksyutov, 2011; Sutton et al.,
2007; Zhao et al., 2011; Zhao et al., 2012, 2015). Such applications
became more extensive and reliable after the National Oceanic and
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Atmospheric Administration’s (NOAA) National Centers for Environmental Information (NCEI) (formerly National Geophysical Data Center
(NGDC)) released the Defense Meteorological Satellite Program’s Operational Linescan System (DMSP-OLS) stable light time-series image
products in which ephemeral lights (typically ﬁres) were removed
(Doll, 2008). However, the nature of NTL (e.g. blooming eﬀect) and
drawbacks of the current stable light image products (e.g., existence of
saturated pixels) adversely aﬀect estimation of NTL images on the socioeconomic parameters (Doll, 2008; Letu et al., 2010; Zhao et al.,
2015). Despite these limitations and shortcomings, NTL imagery is still
one of the most widely used tools in quantitatively evaluating socioeconomic systems over large areas given its eﬃciency and economy
(Chen and Nordhaus, 2010).
The advent of the social media big data revolution provides great
opportunities to further understand anthropogenic activities and Earth
changes (Bik and Goldstein, 2013; Sloan and Morgan, 2015). Hundreds
of millions of social media users share their observations on the
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surrounding environments and become numerous individual “citizen
sensors” (Goodchild, 2007; Liu et al., 2015). Moreover, with the extensive uses of smart mobile devices, increasing social media data
contain location information indicating where the data are posted.
Thus, the location-based social media data can reﬂect not only what
activities have happened but also where they occur (Sloan and Morgan,
2015).
A tweet is a brief message digitally transmitted on Twitter. As one of
leading social media platforms, Twitter currently has over 336 million
monthly active users publishing about 500 million tweets daily
(Statista, 2018). Due to the wide uses of smart mobile devices, a massive number of the tweets are geo-tagged with longitude and latitude
information showing the positions of where the Twitter users were
when the tweets were posted (de Bruijn et al., 2018). Geo-tagged tweets
have been used to track human mobility (e.g. Hawelka et al., 2014;
Jurdak et al., 2015, Luo et al., 2016), investigate demographics of population (e.g. Luo et al., 2016; Mislove et al., 2011), analyze urban
patterns (e.g. Ferrari and Mamei, 2011; Frias-Martinez et al., 2012),
and surveille outbreaks of infectious diseases (e.g. Allen et al., 2016;
Broniatowski et al., 2013). Furthermore, geo-tagged tweets with geographic coordinates can be ﬂexibly converted to a space-time data cube
with diﬀerent resolutions (Cao et al., 2015) and easily integrated with
remote sensing images (Klotz et al., 2017).
Despite the recognized potential of what has been termed as “social
sensing” (Liu et al., 2015), geo-tagged tweets were rarely adopted to
estimate socioeconomic factors over large areas. As brightness of NTL
can be a proxy for population density and economic level (Chen and
Nordhaus, 2010; Doll et al., 2000; Sutton et al., 2007), the number of
active twitter users can indicate population and other human activities
(Luo et al., 2016) with geo-tagged tweets accurately indicating positions where the population exists and the activities occur. Thus geotagged tweets should have similar capabilities of NTL images to quantitatively assess socioeconomic factors.
Accordingly, the major objective of this study is to investigate how
eﬀective the number of tweets is used as a proxy of socioeconomic
factors compared to brightness of NTL in the contiguous US. In the
following section we present methods converting massive individual
geo-tagged tweets to a raster image making it possible to estimate
personal income, electric power consumption, and CO2 emissions just
as stable lights image product can do. Section 3 exhibits results of
comparing the number of tweets and brightness of NTL to estimate the
socioeconomic parameters at the state and the county levels. Section 4
discusses strengths and limitations of using Twitter big data and NTL
imagery to assess socioeconomic factors and the prospect of future
applications of geo-tagged tweets with the new generation NTL image
products, namely the Visible Infrared Imaging Radiometer Suite (VIIRS)
Day/Night Band (DNB) image composites, to estimate and map human
socioeconomic activities at ﬁner spatial and temporal resolutions.

A comprehensive dataset on personal income was retrieved by the
Interactive Data Application developed by the US Department of
Commerce’s Bureau of Economic Analysis (BEA) (BEA, 2018). The dataset contains three variables: population, per capita personal income,
and total personal income for 49 states including the District of Columbia and 3057 counties in the contiguous US.
Electric power consumption data were taken from the US Energy
Information Administration (EIA) (The U.S. EIA, 2018), at the statelevel with county-level data unavailable. County-level electricity data
were obtained from the Energy Consumption Data Management System
(ECDMS) of the California Energy Commission (CEC) (CEC, 2018), but
the data are only for the counties in California. State-level CO2 emissions data were also retrieved from the US EIA. However, we did not
ﬁnd any oﬃcial CO2 emissions datasets publicly released and reported
at the county level. Thus, in this study we only compared the capabilities of geotagged tweets and NTL imagery estimating the amount of
CO2 emissions at the state level.
A demographic dataset was retrieved from the US Census Bureau by
the use of a R package namely “censusapi” (Recht, 2018). This demographic dataset includes each county’s subpopulations by races (i.e.
White, Black, Hispanic, and Asian) and age groups (i.e. under 18 years,
18–64 years, and 65 years and over) and was utilized in this study to
examine whether some subpopulations tend to or not to post geo-tagged
tweets, resulting in predictable errors when the geo-tagged tweets were
employed to estimate socioeconomic factors.
2.2. Producing Twitter imagery
Geo-tagged tweets posted between January 1, 2013 and December
31, 2013 were collected by the public Twitter Stream API and archived
to a NoSQL database. To eliminate spam, bot, and cyborg tweets (data
noises) to be used in estimating the socioeconomic factors (Tsou et al.,
2017), we adopted a simple procedure to ﬁlter out the Twitter users if
their geo-tagged tweets were posted in two (or more) far-away
(> 500 km) places within a very short period (< 1 h) (Luo et al., 2016).
Next, an empty frame with an extent of 66.00002–125.00000°W and
24.00003°N–50.00003°N was established to cover the entire contiguous
US and northern regions of Mexico. All geo-tagged tweets located in this
frame were selected from the archive and the frame was further divided
into 22,089,600 cells (3120 rows × 7080 columns) with uniform size of
0.00833° × 0.00833°. We counted the tweets located in each of the
cells and valued the cell with the count. When NTL imagery was used to
estimate or spatially disaggregate the socioeconomic factors, a region’s
brightness of NTL was deemed as a proxy of population density or
economic level of the area while lit area was used to indicate the extent
that human activities reached (Zhao et al., 2017a, 2017b). As the uses
of NTL imagery in estimating the socioeconomic factors, we processed
geo-tagged tweets from two aspects: 1) the number of tweets was used
to indicate population and the number of socioeconomic activities and
thus, we counted multiple tweets reported in one cell by one ID user as
one tweet; 2) locations of the tweets were used to delineate extents of
occurrence of these socioeconomic activities and so multiple tweets
reported in diﬀerent cells by one ID user were counted multiple times
for the individual cells. The valued grid was then cropped by the contiguous US boundary and exported as a 32-bit tweet image. The choice
of 32-bit ensures that the tweet image has a suﬃciently large quantization range to avoid saturation on pixel values. The tweet image was
ultimately populated by 58,272,064 individual tweets after repetitive
tweets reported in one cell by one ID user were removed (see Fig. 1b).

2. Data and methods
2.1. Collecting NTL imagery and oﬃcial socioeconomic data
A version 4 DMSP-OLS stable lights image composite for 2013 was
obtained from NOAA's NCEI (NCEI, 2018). This image product is a
composite of all the available cloud-free DMSP-OLS NTL data for the
2013 calendar year in the NCEI's digital archive with a spatial resolution of 0.00833° × 0.00833° (∼1 km × 1 km). Ephemeral lights such as
ﬁre, lightning, and other background noise have been removed from the
image product. Digital number (DN) values in the annual stable light
image composite vary from 0 to 63 and represent average brightness of
NTL for the year except 63. The maximal DN value, 63, indicates saturated pixels and is not to scale of lower DN values. The saturated
pixels usually exist in urban core areas of the US while gas ﬂaring of
petroleum production can also result in a certain number of saturated
pixels in rural areas (see Fig. 1a).

2.3. Estimating the socioeconomic factors and evaluating the estimate
results
To explore whether the number of tweets has similar capabilities to
brightness of NTL as an indicator of the three socioeconomic factors
(i.e. personal income, electric power consumption, and CO2 emissions),
2
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Fig. 1. The stable lights image product (a) and the tweet image (b) for 2013.

To analyze spatial patterns of estimation errors derived from the
predictors of sum light and sum tweet, we produced two maps (Fig. 2a
and b) showing error rate (ER) of estimated personal income in each
county. The error rate was computed by Eq. (2):

we calculated sum light (summed DN value of the stable lights image)
and sum tweet (summed DN value of the tweet image) of each state and
each county in the contiguous US. The relationships between sum light
and sum tweet were ﬁrst examined at the state and the county levels.
Next, natural logarithms of sum light and sum tweet were regressed on
natural logarithms of the socioeconomic parameters to estimate the
amount of the socioeconomic factors at the state and/or the county
level. The log-log transformations were conducted to make distributions of the data (i.e., sum light/sum tweet and personal income/electric power consumption/CO2 emissions) less skewed (Doll et al., 2000;
Lo 2002; Sutton et al., 2007; Tian et al., 2014). Accuracy of the regression functions and errors of the predictions were evaluated by the
R2 value and the standard error of the estimate (SEE) respectively. The
SEE was calculated by Eq. (1):

 k−Yk )/Yk
ER = (Y

To spatially compare estimate accuracy of the two measures, we
produced another map (Fig. 2c) exhibiting changes in absolute error
rate after sum light was replaced by sum tweet. The change in absolute
error rate (CAER) was calculated by Eq. (3):

CAER = |ERL|−|ERT |

k−Yk )2
∑k = 1 (Y
n

(3)

in which ERL represents error rate with using sum light to estimate
personal income and ERT denotes error rate with using sum tweet to
estimate personal income. Therefore, a county with a positive CAER
value indicates that sum tweet more accurately estimates personal income than sum light for the county; whereas, a negative CAER value
suggests that sum light is a more suitable measure of economy than sum
tweet in that county.
The previous study has demonstrated that African-Americans adults
more like to post tweets than White seniors in the US (Duggan and

n

SEE =

(2)

(1)

k represents the estimated value of one of the logarithmized
where the Y
socioeconomic factors for a state/county k and Y denotes the oﬃcial
amount of the logarithmized socioeconomic factor reported by the BEA,
the US EIA, or the ECDMS.
3
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Fig. 2. Error rates of total personal income estimated by sum light (a) and sum tweet (b), and changes in absolute error rate (c).

(races or age groups) at the county level. In the current study, the geotweet posting rate of a county is equal to the county’s sum tweet divided
by its total population. The subpopulation proportion of a race and/or
an age group in a county is computed through dividing the population

Brenner, 2013). To further investigate whether some particular subsets
of population are more likely to contribute geotagged tweets than the
total population, we calculated the Pearson’s correlation coeﬃcient of
the geo-tweet posting rate with the proportion of each subpopulation
4
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of the race and/or the age group by the total population of the county.
It needs to be particularly declared that in this study we paid more
attention to compare and analyze the estimation errors on total personal income but not the other two factors with the use of sum light and
sum tweet as predictors. That is because compared with electric power
consumption and CO2 emissions, it can obtain more complete data of
personal income at both the state and county levels. Moreover, in
modern societies, economic status of a country or a region greatly affects its amounts of energy consumption and greenhouse gas emissions
(Soytas et al., 2007; Zhang and Cheng, 2009).

3. Results
Sum tweet closely correlates to sum light at either the state
(r = 0.85, p < 0.01) or the county (r = 0.74, p < 0.01) level. Since
brightness of NTL has been substantially demonstrated to be a good
proxy estimating economy, energy use, and greenhouse gas emissions
(Chen and Nordhaus, 2010; Doll et al., 2000, 2006; Ghosh et al., 2009,
2010a, 2010b; Henderson et al., 2011; Letu et al., 2010; Lo, 2002; Oda
and Maksyutov, 2011; Sutton et al., 2007; Zhao et al., 2011; Zhao et al.,
2012; Zhao et al.,2015), the number of tweets also have potential to be
used to assess the socioeconomic factors given the strong correlations
with sum light. Fig. 3a shows that District of Columbia is an apparent
outlier when sum light was used to regress on total personal income at
the state level. After we excluded District of Columbia from the regressions, sum tweet still demonstrates higher prediction accuracy (R2
values) and smaller estimation errors (SEEs) to estimate total personal
income than sum light (see Fig. 3). Fig. 4 illustrates that at the county
level a second order polynomial function best depicts the correlation
between the natural logarithms of sum light and total personal income
while the natural logarithm of sum tweet linearly correlates with the
natural logarithm of total personal income. Additionally, sum tweet
holding the larger R2 value and the smaller SEE, can more accurately

Fig. 4. Regression functions of sum light (a) and sum tweet (b) to total personal
incomes at the county level.

assess total personal income than sum light at the county level. It can be
seen in Table 1 that by using sum light to assess total person income,
most large-economy states (e.g., California and Texas) are considerably
under-estimated while small-economy states such as North Dakota and
South Dakota are likely to be greatly over-estimated. Whereas, with
sum tweet used as the independent variable, such large errors are
markedly decreased. For example, the error rates of −0.39 and −0.12
in California and Texas are reduced to −0.14 and −0.07 respectively.
The large error rates of South Dakota and Vermont are decreased from
0.37 and 0.14 to 0.01 and 0.03 respectively. In 38 of the 48 states
(excluding Alaska, Hawaii, and District of Columbia) absolute error
rates are reduced with sum tweet replacing sum light to estimate personal income, in four states are unchanged (|CAER| < 0.01), and only
in the remaining six states are absolute error rates increased. At the
county level, absolute error rates are decreased in 1688 counties, increased in 1360 counties, and unchanged (|CAER| < 0.0001) in 10
counties after sum tweet replaced sum light to estimate personal income. The null hypothesis of a sign test that estimation accuracy of sum
tweet is equal to that of sum light is rejected with the two values of
1688 and 3058 (1688 + 1360 + 10) input into the sign test. This test
result in conjunction with the higher R2 values and the smaller SEEs
demonstrate that the use of sum tweet can eﬀectively improve estimation accuracy of personal income compared to the established
method using sum light.
At the state level, we found that sum tweet can more accurately
estimate electric power consumption than sum light (see the R2 and the
SSE values in Fig. 5) even after District of Columbia which is an outlier
adversely aﬀecting sum light’s estimation has been removed. At the
county level sum tweet is still a better predictor of electric power
consumption than sum light considering its higher R2 value and smaller
SEE value than those of sum light (see Fig. 6). However, at the state
level sum light is a sounder measure of CO2 emissions with apparently
smaller estimation error than sum tweet (see Fig. 7). Therefore, at
diﬀerent geographic levels and for diﬀerent socioeconomic factors the
comparison results between the two predictors (i.e., sum light and sum

Fig. 3. Regression functions of sum light (a) and sum tweet (b) to total personal
incomes at the state level. Data of District of Columbia were deemed as outliers
and excluded from the regressions.
5
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Table 1
Comparison of error rates of total personal income estimated by sum light and
sum tweet. (The states are sequenced in total personal income from the largest
to the smallest.)
State

California
Texas
New York
Florida
Illinois
Pennsylvania
New Jersey
Ohio
Virginia
Michigan
Massachusetts
Georgia
North Carolina
Washington
Maryland
Minnesota
Tennessee
Indiana
Colorado
Wisconsin
Arizona
Missouri
Connecticut
Louisiana
Alabama
South Carolina
Oklahoma
Kentucky
Oregon
Iowa
Kansas
Nevada
Arkansas
Utah
Mississippi
Nebraska
New Mexico
New Hampshire
West Virginia
Idaho
Maine
Rhode Island
Delaware
Montana
North Dakota
South Dakota
Wyoming
Vermont

Total
personal
income
(billion
dollars)

Error rate
Estimated
by sum
light

Estimated
by sum
tweet

1849.51
1161.13
1055.80
809.66
599.12
588.30
491.87
471.55
404.89
387.98
379.38
375.76
372.03
331.03
312.05
257.06
255.42
251.60
246.45
245.44
243.66
243.59
223.56
188.96
174.88
169.27
161.69
158.24
154.87
135.24
128.31
109.49
108.08
106.07
100.63
86.45
73.57
66.84
65.18
57.48
52.57
48.61
41.47
39.46
39.36
37.86
30.21
28.11

−0.39
−0.12
−0.38
−0.12
−0.13
−0.10
−0.36
−0.03
−0.16
0.03
−0.34
0.03
0.05
−0.25
−0.28
0.15
0.08
0.07
−0.14
0.26
−0.11
0.08
−0.31
0.08
0.25
0.25
0.14
0.13
−0.21
0.34
0.04
−0.17
0.23
−0.02
0.42
0.08
0.16
0.01
0.21
0.23
0.21
−0.32
−0.25
0.43
0.99
0.37
0.28
0.14

−0.14
−0.07
−0.25
0.07
−0.07
−0.05
−0.04
0.03
−0.03
0.05
−0.05
0.10
0.02
−0.19
−0.04
−0.04
0.10
0.02
−0.14
−0.07
0.05
0.00
−0.12
0.03
0.20
0.24
0.09
0.15
−0.11
0.02
0.09
0.27
0.09
−0.06
0.19
−0.02
0.01
0.01
0.21
−0.11
0.04
0.17
0.07
−0.14
−0.04
0.01
−0.20
0.03

Change in
absolute
error rate

Geotweet
posting
rate

0.25
0.04
0.12
0.05
0.06
0.05
0.32
0.00
0.13
−0.02
0.29
−0.07
0.03
0.06
0.24
0.11
−0.02
0.05
0.00
0.19
0.07
0.08
0.19
0.05
0.05
0.01
0.05
−0.02
0.10
0.32
0.05
−0.10
0.14
−0.04
0.23
0.06
0.15
0.00
0.00
0.12
0.17
0.15
0.18
0.29
0.95
0.36
0.08
0.11

0.14
0.17
0.11
0.16
0.14
0.14
0.16
0.16
0.15
0.15
0.17
0.17
0.15
0.10
0.15
0.14
0.16
0.14
0.10
0.11
0.13
0.12
0.13
0.15
0.17
0.17
0.15
0.15
0.10
0.14
0.15
0.21
0.12
0.10
0.13
0.13
0.10
0.12
0.14
0.06
0.10
0.16
0.17
0.06
0.14
0.11
0.08
0.10

Fig. 5. Regression functions of sum light (a) and sum tweet (b) to electric power
consumption at the state level. Data of District of Columbia were deemed as
outliers and excluded from the regressions.

tweet) for estimating the socioeconomic factors all have high correlations but vary in strength.

4. Discussion
4.1. Strengths/limitations of the tweet/NTL image
When sum light is used to estimate total personal income, an apparent spatial pattern of estimation errors is discovered in Fig. 2a. Total
personal incomes of nearly all counties located in core areas of metropolises are highly under-estimated while personal incomes of most
counties located in suburban or rural areas are over-estimated. For
example, the Dallas-Fort Worth metropolis contains 11 counties. Five
(i.e., Denton, Collin, Tarrant, Dallas, and Rockwall) of the 11 counties
are located in core areas of the metropolis with personal incomes all

Fig. 6. Regression functions of sum light (a) and sum tweet (b) to electric power
consumption at the county level.

largely under-estimated. For the other six counties, personal incomes
are highly over-estimated (Fig. 2a). The existence of large amounts of
saturated pixels is a major reason for these large under-estimations. It
can be seen in Fig. 1a that pixels of NTL imagery in the urban core areas
6
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urban areas. Dallas and Tarrant counties are located in the center of the
Dallas-Fort Worth metropolis. In the 2013 stable lights image, 61.47%
of the pixels of the two counties are saturated with DN value of 63 while
in the tweet image DN values of the two counties varied from 1 to
20,206. Although total personal incomes of many counties located in
central areas of metropolises are still under-estimated with using the
tweet image, the under-estimations has been considerably reduced
compared with the use of the NTL image. For example, error rates of the
ﬁve counties of Denton, Collin, Tarrant, Dallas, and Rockwall located in
the central area of the Dallas-Fort Worth metropolis are changed from
−0.022, −0.030, −0.014, −0.021, and −0.033 to −0.010, −0.021,
−0.006, −0.010, and 0.004 respectively with sum tweet replacing sum
light to estimate total personal incomes. Additionally, as stated in the
Method section that in the tweet image each pixel’s DN value actually
represents the number of tweets in this area, one pixel’s DN value
cannot disturb DN values of its adjacent pixels in the tweet image.
Therefore, problems similar to blooming in NTL imagery are nonexistent in the tweet image and personal incomes of most counties located in peripheral areas of metropolises are not largely over-estimated.
For example, in the remaining six counties (outside the ﬁve mentioned
above) located in peripheral areas of the Dallas-Fort Worth metropolis,
the over-estimations of Hunt and Kaufman are mitigated and personal
incomes of Johnson, Parker, and Wise are slightly under-estimated with
the use of the tweet image eliminating the blooming of NTL.
North Dakota is another region that requires special explanation.
With the use of sum light, estimated personal income of North Dakota is
about twice of its actual amount. This notable over-estimation is mainly
generated by a large number of bright pixels in northwestern North
Dakota (see Fig. 1a). It can be seen from Fig. 1b that a small number of
tweets were posted in northwestern North Dakota, indicating small
population and limited human activities in this area. These bright pixels
mostly correspond to gas ﬂaring rather than stable urban NTL. The gas
ﬂaring is associated with year-round oil production and consequently
was not removed from the stable light image product as ephemeral
lights. Moreover, with the eﬀects of blooming, the gas ﬂaring brightens
a large surrounding area (i.e. a large number of pixels in NTL images).
Thus, although the oil production generates considerable amounts of
wealth, the personal incomes in North Dakota are still largely overestimated by sum light. With sum light replaced by sum tweet, personal
income of North Dakota can be accurately estimated with error rate of
−0.04 and absolute error rates of the counties (e.g., Dunn, McKenzie,
Mountrail, and Williams) located in the northwestern North Dakota are
all greatly decreased (see Fig. 2c).

Fig. 7. Regression functions of sum light (a) and sum tweet (b) to CO2 emissions
at the state level.

are nearly all saturated with DN value of 63. However, actual DN values
of these saturated pixels should be much larger than 63 (Doll, 2008;
Letu et al., 2010). Thus, sum lights of counties located in metropolitan
core areas are largely over-estimated, which results in the under-estimations of total personal incomes.
The over-estimations of the counties located in suburban or rural
areas are most probably generated by blooming eﬀects of NTL.
Blooming is a phenomenon noticed in NTL imagery where urban peripheries are brightened by the urban lights (Imhoﬀ et al., 1997b).
Through comparison of oﬃcial built-up area data and MODIS land
cover type image products, Liu et al. (2016) found that less than 5% of
lit area is actually developed in China revealing the blooming eﬀect. It
can be imagined that in the US, a country with more developed commerce and service industries, the blooming eﬀects should be even more
severe than those in China. The existence of the severe blooming eﬀects
in the US have been substantiated by many previous studies (e.g. Imhoﬀ
et al., 1997b; Small et al., 2005; Sutton et al., 2009; Zhou et al., 2015).
Numerous pixels in suburban and rural areas are lit and assigned considerably large DN values in NTL images, but a majority of these pixels
are actually undeveloped and no proportional amounts of wealth is
produced in the areas. Hence, when sum light is used as a measure of
economy, personal incomes of these counties located in suburban or
rural areas are likely to be over-estimated. Limited by the lack of oﬃcial
data, we did not show spatial patterns of errors on using sum light to
estimate electric power consumption and CO2 emissions. Yet, it can be
inferred that similar errors (i.e., under-estimations in urban core areas
and over-estimations in sub-urban or rural areas) will also appear due
to the strong relationships among the three considered socioeconomic
factors (Soytas et al., 2007; Zhang and Cheng, 2009). Moreover, a few
previous studies have revealed similar spatial patterns of errors when
NTL imagery was used to estimate electric power consumption and CO2
emissions (Letu et al., 2010; Zhao et al., 2015).
Blooming and saturation cease to be a problem when tweet data are
used. First, saturated pixels are nonexistent in the 32-bit tweet image.
Fig. 1b shows that DN value of the tweet image varies clearly across the

4.2. Limitations of the tweet image
Adopting tweet data to assess socioeconomic parameters has several
limitations. A few studies have shown that tweets or geo-tagged tweets
are not fairly representative of the US population (Duggan and Brenner,
2013; Jiang et al., 2018). In this study, we further explored that a region’s population composition of races and ages can signiﬁcantly aﬀect
the number of geotagged tweets. If the proportion of African Americans
to the total population of a county is large and especially the proportion
of 18–64 years African Americans is large, then the county is likely to
have relatively large geo-tagged tweet posting rate. On the contrary, if
White and especially 65 years and over White occupy a relatively large
proportion in a county, the county’s geo-tagged tweet posting rate is
likely to be relatively small. The population proportion of total Hispanic
does not signiﬁcantly correlate to the geo-tagged tweet posting rate, yet
a large population proportion of under 18 years Hispanic tends to result
in a relatively small geo-tagged tweet posting rate. Asian population
proportion does not have any signiﬁcant eﬀects on geo-tagged tweet
posting rate at the county level (see Table 2). Thus, it can be expected
that two cities with the same population may have the diﬀerent numbers of geo-tagged tweets if most residents in one city are African
American adults while most residents in the other city are White
7
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Table 2
Pearson’s correlation coeﬃcients between the geo-tweet posting rate and the
subpopulation proportion at the county level.
Race

Total

Under 18 years

18 to 64 years

65 years and
over

White, not
Hispanic
Black or African
American
Hispanic or
Latino
Asian

−0.15
(p < 0.01)
0.32
(p < 0.01)
−0.11
(p = 0.03)
0.03
(p = 0.50)

−0.20
(p < 0.01)
0.31
(p < 0.01)
−0.14
(p < 0.01)
−0.03
(p = 0.51)

−0.06
(p = 0.25)
0.33
(p < 0.01)
−0.09
(p = 0.06)
0.05
(p = 0.26)

−0.28
(p < 0.01)
0.28
(p < 0.01)
−0.10
(p = 0.03)
0.01
(p = 0.77)

Fig. 8. The number of counties with diﬀerent geo-tweet posting rates.

Twitter users limit tweets as a sound predictor of socioeconomic factors
in those countries/regions. Furthermore, access to Twitter is currently
blocked in a few countries such as China and Iran. With the widespread
use of smartphones and the prevalence of wireless communications on a
global scale, major countries nearly all have their own popular social
media platforms even though the platforms may not include Twitter.
Thus, using social media big data to assess socioeconomic factors is
feasible in most countries of the world. For example, although at present Twitter and Facebook are banned in China, massive geotagged
social media data have been extracted from Weibo (the Chinese microblog) to study China’s social and environmental issues (Kay et al.,
2015; Wang et al., 2015; Wu et al., 2016).
Geo-tagged Twitter data suﬀer from various data quality issues (e.g.,
data noises, user biases, and system errors) that are diﬃcult to be addressed in practices (Luo et al., 2016; Tsou et al., 2017). Many twitter
users intentionally fake or spoof their locations for privacy or other
illegal purposes, which has become a noticed issue of using geo-tagged
tweets (or location-based social media data) in geographic studies
(Nara et al., 2018). Although in this study we have tried to remove such
‘faked’ tweets through comparing posted locations and times of multiple tweets from the same ID users, we must acknowledge that such
‘faked’ tweets were not thoroughly eradicated and it is diﬃcult to automatically identify such tweets and quantitatively evaluated errors
generated by the tweets.

elderly. Such diversities in demographic segments increase uncertainties of using geotagged tweets to estimate socioeconomic factors.
However, whatever ages and races persons live in the two cities, they all
need to use lights at night.
We found that at the state level Pearson’s correlation coeﬃcient
between the geo-tweet posting rate and the error rate of personal-income estimation is 0.72 (signiﬁcant at the 0.01 level). The strong positive relationship suggests that the levels of socioeconomic factors are
likely to be over-estimated in the regions with high geo-tweet posting
rates while are highly possible to be under-estimated in the regions with
relatively low geo-tweet posting rates. As we declared in the Result
section that total personal incomes of small-economy states are likely to
be over-estimated by the sum light, Montana and Wyoming’s total
personal incomes are over-estimated by 43% and 28% with sum light as
the predictor. However, with sum tweet as the predictor, the two states’
total personal incomes are under-estimated by 14% and 20%. That is
because Montana and Wyoming’s geo-tweet posting rates are only 0.06
and 0.08 respectively that are far smaller than the average level (0.14)
of all states’ geo-tweet posting rates. On the contrary, Nevada’s total
personal income is under-estimated by sum light and over-estimated by
sum tweet. Moreover, after using sum tweet to replace sum light, absolute error rate of Nevada is increased (see Table 1). Nevada’s geotweet posting rate (0.21) is the largest in the 48 states that are involved
into the regression. In 2013, Nevada’s total personal income is
109.49 billion dollars smaller than half of Colorado’s total personal
income (246.45 billion dollars). However, Nevada’s sum tweet
(587,815) is larger than that of Colorado (539,943). It is found that
87% of Nevada’s geo-tagged tweets were posted in the county of Clark,
where the city of Las Vegas is located. The large number of tourists in
Las Vegas rather than the large proportion of American Americans is
probably the driver of the exceptionally large sum tweet of Nevada.
Additionally, we do not ﬁnd signiﬁcant (at the 0.05 level) correlations
between the proportion of American Americans/White and the error
rate of personal-income estimation at either the state or county level.
At the county level, the error rate of personal-income estimation is
more closely associated with the geo-tweet posting rate (r = 0.90,
p < 0.01). It can be seen in Fig. 2 that with the use of sum tweet to
replace sum light, Ellis County's total personal income was more severely over-estimated. That is because Ellis’s geo-tweet posting rate
(0.22) is much larger than the average level (0.13) of all counties. Although the existence of the exceptionally large or small geo-tweet
posting rate leads to the absolute error rates being increased in a limited
number of states/counties, the overall prediction error is reduced.
Table 1 shows that geo-tweet posting rates of 44 of the 48 states are
located in the range of 0.10–0.17. Fig. 8 exhibits that geo-tweet posting
rates of 90% of the counties are concentrated in the range of 0.01–0.2.
Therefore, the relatively stable geo-tweet posting rates across diﬀerent
areas ensure sum tweet to be a proxy of the socioeconomic factors as
reliable as brightness of NTL.
Limited by political, cultural, and commercial factors, Twitter is not
a popular social media platform in many countries/regions. Insuﬃcient

4.3. Future comparison with new-generation NTL image products
In the spring of 2014, NOAA’s NCEI began to release new-generation NTL image products, i.e. the version 1 VIIRS-DNB image composites. Compared to the DMSP-OLS NTL image products, the VIIRS-DNB
composites have ﬁner spatial (0.00417° vs. 0.00833°) and temporal
(monthly vs. yearly) resolutions. Moreover, the VIIRS has a larger
quantization range than the DMSP-OLS (14 bit vs. 6 bit) with saturated
pixels being thoroughly eradicated. Although at present the annual
stable lights time-series image composites are still the most widely used
NTL image products and the current monthly VIIRS-DNB composites
have many problems (e.g. existence of ephemeral lights, missing data or
low-quality data in high-latitude regions of the northern hemisphere,
and apparent seasonal changes in radiance across the VIIRS-DNB
images) (Levin, 2017; Zhao et al., 2017a, 2017b), the VIIRS-DNB image
composites are gradually replacing the DMSP-OLS stable lights image
products in studying socioeconomic systems due to their inherently
higher quality.
Geo-tagged tweets have exact point-coordinate and time information indicating their posted locations and time and thus can be ﬂexibly
converted to gridded datasets with diﬀerent spatial and temporal resolutions. Using the same method shown in this study, we have produced monthly tweet images with a 0.00417° × 0.00417°
(∼500 m × 500 m) spatial resolution for the year of 2014. This set of
tweet images can be obtained from GitHub (https://github.com/
thestarlab/data). In the future, we will utilize this set of tweet
8
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images, especially in conjunction with the monthly VIIRS-DNB image
composites, to estimate and map socioeconomic activities at the ﬁner
spatial and temporal resolutions than what the DMSP-OLS NTL did.
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5. Conclusions
This study selected Twitter as a representative of social media to
explore potential of location-based social media data for quantitatively
estimate socioeconomic factors. Compared with NTL imagery, currently
a widely used tool in estimating socioeconomic factors for large areas,
geo-tagged tweets can more accurately estimate personal incomes and
electric power consumption but less accurately assess CO2 emissions. A
region’s number of geo-tagged tweets is signiﬁcantly aﬀected by the
composition of races and ages of population, yet we do not ﬁnd any
strong relationships between proportions of the subpopulations and the
estimation accuracy of the socioeconomic factor. Additionally, geotweet posting rates are not changed greatly across diﬀerent areas. All of
these features ensure that the number of geo-tagged tweets can be
treated as a reliable proxy of socioeconomic factors in the US.
More importantly, blooming eﬀects and saturated pixels in the
stable lights image products tend to result in considerable over-estimations in suburban or rural areas and large under-estimations in urban
core areas respectively. However, these problems are nonexistent in the
tweet image. Besides used to estimate socioeconomic factors, NTL
imagery is also extensively used to spatially disaggregate the socioeconomic factors on an administrative scale (e.g., a country or a state/
province) to each pixel (Doll et al., 2000; Ghosh et al., 2010a; Oda and
Maksyutov, 2011; Zhao et al., 2012). It can be expected that the superiorities of the tweet images without blooming eﬀects and saturated
pixels will become more prominent in spatially disaggregating oﬃcial
amounts of socioeconomic factors to a very ﬁne geographic scale (e.g.
each 500 m × 500 m gridded area). In the next study we will display
the use of geo-tagged tweets in conjunction with the newer VIIRS-DNB
image composites for producing ﬁne spatial resolution maps of electric
power consumption.
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