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Abstract 
 
 This paper examines the use of night light data as a proxy for consumption in Nigeria 
over the period 2010 - 2013.  The performance of night lights as a proxy are assessed through the 
use of multifactor variables, including sectoral and industrial composition.  The paper finds that 
night lights proxy for local level economic activity through a variety of relationships and should 
not be assumed to proxy exclusively for electricity consumption of households.  Instead, 
researchers should be wary about the errors that can result from not accounting for relevant 
variables that can result in systematic bias of economic activity estimates.  This paper suggests 
identifying and implementing methods to account for industry and sectoral characteristics to 
improve the use of night lights as a proxy for economic activity.  The paper explores the use of 
relative performance of night lights and rainfall as a predictor of agriculture-related consumption 
and discusses some of the ways that night lights can inform us of changes within the agricultural 
sector.  The results suggest that night light data could be used jointly with other geospatial 
datasets in order to estimate components of economic activity but should be used with caution 
since luminosity data tends to interact with multiple components of local level activity and 
perform poorly as an estimate for growth rates relative to rainfall. 
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I. Introduction 
 
 Empirical analysis provides insight into complex phenomenon in the world around us; 

however, without proper empirical strategies, understanding of these strategies, and data sources 

this analysis can lead us astray.  This motivates us as researchers to seek higher levels of 

empirical accuracy to draw more informed conclusions.  Due to the limited availability of 

reliable, high quality local level economic data and concerns about the statistical accuracy of 

survey data in specific developing regions, researchers have turned to satellite-based remote 

sensing data as a proxy for estimating economic outcomes in place of standard measurement 

techniques (Chen and Nordhaus 2010).  Researchers have converted abundant geospatial datasets 

initially collected to track global weather patterns and characteristics into night-time luminosity 

data, which is accessible and manageable for socioeconomic applications (Henderson et al. 2012; 

Michalopoulos et al. 2017).  Night light data are the measures of luminosity intensity emitted by 

human-produced settlements or activity as captured and geolocated by satellites from space 

during the night time.  Researchers continue to develop novel methods for using night lights data 

to construct economic assessments of development where no other data exists, from border 

studies using ethnic homeland lines to examining the impact of subnational administrative 

entities (Michalopoulos 2017; Donaldson et al. 2016).  While the majority of this analysis has 

been conducted with regard to national level GDP data, and certain health outcomes using the 

Demographic Health Surveys (DHS), there is limited analysis of the relationship of night lights 

with respect to other household-level economic characteristics. 

This paper intends to examine the relationship between night light estimates and other 

measures of household level characteristics, to further understand how night lights interact with 

economic activity for a country nationally and at the sub-national level.  Nigeria was selected 

due to the geographic and economic diversity of the country.  This study aims to assess how the 

relationship of night lights to these household level characteristics variables impacts the 

interpretation and viability of night lights as a proxy for economic activity.  Using standard 

procedures used in previous literature for compiling and estimating night light intensity 

measures, we compare this luminosity data with comprehensive, local level economic survey 

data from the Living Standards Measurement Survey (LSMS) World Bank project.  Based upon 

the relationship of night lights to household characteristics, including but not limited to 
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consumption, sectoral, agricultural, and geospatial characteristics, we can examine the bias that 

emerges when using night light estimation strategies as a proxy for local level economic activity.   

There is consensus in the literature that biases exist when using luminosity data as a 

predictor of economic characteristics, but the relationship between the economic factors that 

produce biases and night lights have not been examined in detail.  This study makes use of 

household characteristics that allow for the segmentation of the relative performance of night 

lights.  My research question is: What is the relationship between potential sources bias in 

luminosity-based estimation of local economic activity in Nigeria between 2010-2013, and how 

do these biases explain the error that exists in empirical estimation of economic activity when 

night light data is used as a proxy for traditional statistical measures?  The initial hypothesis is 

that night lights will be under-predicting or over-predicting certain economic activity in specific 

areas.  By (1) examining a cross-sectional dataset of economic indicators and (2) panel-data over 

time, this paper seeks to identify systematic biases that are impacting luminosity proxy-based 

empirical estimates.  To assess the source of biases that occur from using night lights data as a 

proxy for economic activity in a developing country setting, I am comparing two datasets: (1) the 

World Bank Living Standards Measurement Survey Panels Wave 1 and Wave 2 for Nigeria, 

which tracks local level economic activity including household consumption, distance to 

economic centers, rainfall, industry characteristics and a host of other variables, and (2) the 

National Oceanographic and Atmospheric Administration (NOAA) Day Night Bands Satellite 

data, which tracks luminosity globally at night.  STATA 14 was used to conduct the empirical 

estimates.  I will assess how variation across communities correlates with luminosity and the 

performance of night light depending on whether relevant characteristics variables are included 

or not.  From these results, I intend to explain conditions in which luminosity data provides 

reliable estimates of economic activity and identify measures of economic activity that are 

misrepresented or require improvements and modifications to the methodology of using night 

lights as a proxy in practice. 

 In Section II. I will provide an overview of previous literature related to the value of 

night light data as a proxy for economic activity.  In Section III. I will present the data sources 

used and the methods used to combine the datasets.  In Section IV. I will present a theoretical 

motivation and explanation of empirical strategies used for analysis.  First, I will discuss the 

relationship between night lights, consumption, and measures of output used in previous 
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research.  Next, I will discuss the use of correlation statistics between night lights and local level 

heterogeneous characteristics as a preliminary look at these relationships.  Then, I will discuss 

what different correlation levels imply about the use of night lights when other factors are 

present in a regression.  I will continue by explaining the relevance of segmenting the data into 

rural and urban areas and discuss the implications of different prediction capabilities in these 

areas.  A further dissection of the data into sub-sector demographics of households will be 

included to further analyze the relevant factors for consumption prediction involving night lights, 

particularly involving the agricultural industry.  I will also examine the impact of other industries 

on the performance of night lights.  I will utilize ratios of autoconsumption to purchased and 

total consumption to determine whether an increase in lights is related to level local market 

development.  Next, I will examine the effect of night light on autoconsumption levels.  Finally, 

a method to compare the power of night lights relative to rainfall statistics in predicting 

individual crop consumption, total autoconsumption, purchased consumption, and the overall 

performance of lights and rainfall will be proposed in the remaining section.  Section V will 

provide the results of empirical analysis and a discussion about their implications following the 

structure of Section IV.  Section VI will provide a discussion of the relevance of the results for 

night light estimation in research and potential additional considerations regarding the paper’s 

results.  Section VII will conclude with the main takeaways of the results and future extensions 

of this project. 
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II. Literature Review 
 

Much of the research published previously shows the correlation between night light data 

and GDP (Henderson et al. 2012).  Henderson et al. (2012) refer to the importance of using GDP 

in the analysis of economic growth.  They suggest that improper measurement of GDP is 

pervasive in developing countries due to the higher percentage of economic activity that occurs 

in the informal economy, the lack of consistency in prices across regions, and less developed 

government statistical agencies (Henderson 2012).  These limitations describe some of the 

challenges of obtaining reliable statistical measures in developing countries, for which night light 

data serves as a viable proxy.  The authors use night lights as a predictor of real income growth 

as measured in national income accounts and determine that inland areas are growing faster than 

coastal regions (Henderson 2012).  This paper provides a foundation that has been utilized for 

empirical analysis by forthcoming publications using night lights.  Their estimation strategy 

involves the relationship xj = βyj+ εxj which rests on the assumption that there is a simple 

constant elasticity relationship between lights (x) and income (y) where β reflects this elasticity 

(Henderson 2012).  According to their analysis, this function form is appropriate.  They argue for 

night lights as a method to augment measures of economic growth, while recognizing that “many 

potential sources of error in using lights growth to measure income growth” (Henderson 

2012).  The work in this thesis will aim at identifying sources that can inform the use of night 

lights in other research. 

Donaldson and Storeygard (2016) discuss the potential validity of night lights as a proxy 

for economic activity when we assume lighting is a normal good.  With stable Engel curves, 

consumption data should be considered as a proxy for income, and lighting serves as a measure 

of consumption in this case.  The authors discuss extensive applications of night light data in 

cases where other data is unavailable, from ethnic boundaries to subnational administrative units 

(Donaldson 2016).  In the case of developing countries, limited statistical data sources warrant 

the need to explore alternative options.  The use of remote sensing offers a great advantage to 

explore economic research problems in novel ways, yet with this comes uncertainty on 

interpreting estimates that result from new methods.  Donaldson and Storeygard state that 

correlations between night lights and income, poverty, and consumption can occur for “different 

and not always explicitly spelled out” reasons (Donaldson 2016).  This warrants caution in using 
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night lights as an estimation strategy and suggests further analysis must be conducted to 

understand the relationship between night light and measures of economic activity. 

The paper Spatial Patterns of Development: A Meso Approach (2017) examine the use of 

satellite luminosity data as a proxy for development for within-country level analysis. 

Michalopoulos and Papaioannou (2017) suggest that luminosity data provides “objectively 

measured” information as there may be error in the data collected by statistical agencies.  The 

use of satellite images does eliminate the issue of human measurement error but relying on 

luminosity data as a proxy for development merits concerns of its own.  Issues regarding 

saturation and ‘blooming’ require corrections in night light data.  There are however multiple 

studies that attempt to correct for measurement error in luminosity data, and methods have been 

developed to correct for saturation, extreme value differences, ‘blooming’ or accentuated light 

values, and adjustment parameters across time (Michalopoulos 2017).  Chen and Nordhaus 

(2015) show that advances in satellite sensor resolution capabilities (from DMSP stable lights to 

VIIRS infrared sensors) have improved estimates of population measures and economic 

measures in low density areas, but still are not suitable enough to serve as a direct measure for 

production output of each location.  They propose that a “synthetic index” of different light 

measures could potentially prove to be a better proxy for other indices such as output.  The most 

recent satellite data from the VIIRS sensors, while accessible, has not been utilized by a majority 

of researchers and will likely require greater inspection and analysis before it becomes widely 

used in the literature. 

Chen and Nordhaus (2010) discuss concerns regarding the use of night lights and offer 

suggestions on sources of misestimation and error.  One is that economic activity occurs during 

the day time and since night light is sampled at night, this makes the relationship noisy.  Another 

is that the sectoral difference in night light usage could vary greatly, although “use of electricity 

per dollar of output in different sectors provides a rough idea of how light-intensities might vary” 

(Chen and Nordhaus 2010).  The authors describe uses of electricity across sectors as different 

by factors up to 200 times each other, and thus the “industrial composition across countries is 

likely to make the output-luminosity relationship” noisy (Chen and Nordhaus 2010).  These 

concerns about noise and error within estimation of economic activity should be expected to 

persist at the subnational level as well.  This paper will examine factors that may results in this 

noise by considering sectoral and community level differences across households.  Other papers 
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recognize the advantages of night lights in cases where official data is unreliable but also suggest 

concerns with the estimation techniques.  Bundervoet et al. (2015) suggest that “the approach 

may underestimate economic activity in sectors that are largely unlit notably agriculture”.  This 

paper will take a close look at the relationship between night light estimation for agricultural 

versus urban areas.  Furthermore, Roger (2018) shows that “the underlying relationship [between 

night light emissions and growth] varies substantially across countries, undermining the 

imposition of a single slope common in the literature”.  Chen and Nordhaus (2010) suggest that 

countries with low statistical grades (without population surveys and with recent civil conflict) 

could benefit from night light data, but that luminosity may be less effective for estimating 

growth rates than economic density.  As such, the specifications of night lights require greater 

dissection when being considered as a proxy for other measures of economic activity. 

While several bodies of work in the literature call for the use of luminosity as a proxy in 

war-torn, statistically-limited countries, the majority of these studies focus primarily on GDP and 

GDP growth (Michalopoulos et al. 2017).  Several studies have begun to explore the relationship 

of luminosity data as a proxy to other factors.  Proville et al. (2017) identified a correlation of 

electricity consumption, CO2 emissions, and GDP with luminosity data, although found that 

regional and temporal trends had significant impacts on the results.  Mellander et al. (2015) use 

the framework in a highly developed country, Sweden, and they suggest that night lights can 

serve as a proxy for population and establishment density, but less so for wages.  Michalopoulos 

and Papaioannou (2013) show there is significant correlation between luminosity and survey-

based well-being measures using Demographic and Health Surveys for Zimbabwe, Tanzania, 

Nigeria, and the DRC.  Bruederle et al. (2018) examine the use of luminosity data as a measure 

of human development based on demographic and health surveys and find that it is a good proxy 

for local human development and is correlated with education, health, and public goods.  

Nevertheless, previous research has not fully examined the cause for noise and bias in the 

relationship between night lights and measures of economic activity.  Considering the growing 

reliance of luminosity data as a source of development measurement --- for example, the use of 

luminosity data to evaluate the accuracy of the Penn World Tables (Pinkovskiy et al. 2016) --- it 

becomes important to identify exactly what is and isn’t captured in this framework.  This paper 

intends to examine the relationships between night lights and economic characteristics which 

have been less measured previously through the meso-level analysis of households in Nigeria. 
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III. Description of the Data 
III.i. DMSP Data 
 

The National Oceanographic and Atmospheric Administration (NOAA) Day Night Bands 

Satellite data tracks luminosity globally at night.  This data was collected through the DMSP 

satellite between the years 1992-2013.  Data are averaged over a year to provide annual estimates 

of light emissions.  These estimates are collected daily between 8:30-10:00pm local time and 

geolocated to 30-arc second pixels, which is approximately equal to a pixel resolution of 0.86 

km2 at the equation.  The data in the stable lights coverages compiled by the NOAA is encoded 

from 0 to 63, where 63 represents the highest luminosity emitted from the earth’s surface 

(Henderson 2012). 

The DMSP-OLS datasets include stable lights, average visible lights, and cloud free 

coverage lights. An article by Huang et al. (2014) show that the most commonly used datasets 

are stable lights and radiance-calibrated lights.  Stable lights were developed to identify long-

lasting light emissions from ephemeral and short-term lights, while radiance-calibrated lights 

were developed from stable lights to reduce blooming effects, which reduce the diffusion of light 

intensity across neighboring cells and allowed for greater analysis into population density 

(Huang 2014).  This paper utilizes the stable lights dataset due to its design which eliminates the 

majority of ephemeral lighting and does not use radiance-calibrated lights as the paper does not 

aim to estimate population density specifically.  Stable lights eliminate background noise and 

replace with values of zero and scale light values from 0-63.   The analysis of night lights in this 

paper uses DMSP 2010 Version 4 Composites from the F18 satellite.  While VIIRS satellite data 

was considered, it was not selected for this analysis as the optimal methods for selecting and 

utilizing VIIRS data are less developed in the literature since it was released more recently in 

2011. 

 
III.ii. Living Standards Measurement Survey: General Household Survey 2010-2011 

The World Bank Living Standards Measurement Survey General Household Survey 

(GHS) 2010-2011 in Nigeria tracks local level economic activity including household aggregate 

consumption, meal consumption, asset values, and multiple agricultural activities.  The cross-

sectional survey measures various welfare and socioeconomic characteristics from a nationally 

representative subset of 5,000 households.  These households are a randomly selected subset of 
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22,000 GHS sample households which correspond to specific sub-national boundaries in 

Nigeria.  The households are geolocated in blocks of 10 covering each of the 36 states and 

capital region of Abuja (Nigeria 2012).  These correspond with several local government area 

boundaries, although the survey is not fully comprehensive at this level.  Nevertheless, the 

delineation of rural and urban enumeration areas provides information which is useful for 

empirical analysis.  The survey is broken into household, agriculture, and community level 

characteristics.  For the purposes of this project the household level data is used.  Households are 

grouped by Enumeration Area (EA) into sets of ten and geolocated by EA.  The Nigeria Bureau 

of Statistics removed names, addresses, and GPS coordinates of individual households to protect 

the confidentiality of data, however gaining access to this data could improve the validity of 

results generated in this paper.  Relevant characteristics include household geographic variables, 

such as distance to metropolitan area and major highways, sector (rural or urban), total 

consumption, electricity usage, etc.  Consumption values are measured in the local currency 

Nigerian Naira (₦).  The use of autoconsumption, purchased consumption, distance to economic 

centers, and rainfall are used.   

III.iii. Data Compatibility and Integration Methodology 

Data from the 2010 DMSP-OLS V4 composites were imported to ArcGIS Pro as raster 

data.  From this point, the geolocated variables of households from the LSMS were mapped 

simultaneously with the DMSP raster data.  The night light values were merged based on 

household id in the 2010-2011 LSMS dataset.  

Table 1: Sample of Data Characteristics by Household ID 

Household ID Latitude Longitude Night Light Value State Sector Total Consumption Per Capita 

10001 5.535456 7.531536 9.64286 abia urban 271766.5 

10006 5.535456 7.531536 9.64286 abia urban 304446.2 

10009 5.535456 7.531536 9.64286 abia urban 312976.3 

10010 5.535456 7.531536 9.64286 abia urban 234707.4 

10011 5.555554 7.61103 0 abia rural 67715.12 

A sample of data characteristics are show above in Table 1.  Data from the 2012-2013 years were 

merged with household ID and survey period to account for changes across years.  The image 

below details the construction of the night light data geocoded by households in ArcGIS Pro. 
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 A national border with state boundaries for Nigeria is included to give a sense of national 

representation of households.  Each cyan point within the country boundaries represents an 

Enumeration Area where households are blocked in groups of ten.  The white and blue specs 

surrounding this national border and beneath the border are illustrations of the night light values, 

where brighter specs represent higher values.  A buffer zone of 5km for rural and 2km for urban 

households was used, in line with other literature and through the recommendation of the Nigeria 

Bureau of Statistics.  Zonal statistics for the mean of night light values within these buffer zones 

were calculated and exported to Excel, and further to STATA for analysis.   

The compatibility of the data can be preliminarily examined by assessing the correlations 

of three relevant variables: night light, total consumption, and electricity consumption.  One 

potential explanation for the impact of night lights on measuring economic activity is through the 

avenue of consumption.  This paper explores the relationship between night light and 

consumption. 

Table 2: Correlation Statistics 

 Night Light Electricity Total Consumption 

Night Light 1   
Elecricity Consumption 0.2622 1  
Total Consumption 0.1212 0.1332 1 

Urban 0.6452 0.2365 0.082 
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The correlation Table 2 above shows that night light is correlated positively with 

electricity consumption.  Furthermore, we can see that electricity consumption is positively 

correlated with total consumption per capita.  If we consider the requirement of electricity to 

produce night light and electricity consumption as a component of total consumption, then we 

have a potential avenue through which night light proxies for consumption.  This supports the 

combability of the data sources and provides confidence in moving forward with the remaining 

estimates. 
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IV. Empirical Motivation and Strategy 

IV.i. Motivation: Theoretical foundations 
 

 Night lights have served as a proxy for economic activity at a country-wide level, with 

applications regarding output levels, economic density, and growth.  While growth measures 

have been less reliable, and research suggests that luminosity data provides value only for low 

statistical grade countries, night light data allows for new empirical explorations, such as cross-

border studies and for areas without statistical measures, e.g. North Korea.  The abundance of 

research that uses night light data at the meso-level (as discussed in Michalopoulos 2016) 

motivates an exploration of local level economic activity as proxied with night light.   

Furthermore, there are mixed results in the literature about the estimation capabilities of night 

lights in specific zones.  In one study, night lights were used to study district-level GDP in India 

and the authors concluded that “in areas where agriculture and forestry activities are higher, the 

use of night lights in a linear model overestimates the GDP” (Bhandari 2011).  Another recent 

paper discussed how using night lights to estimate growth and sub-national GDP in Kenya and 

Rwanda “may underestimate economic activity in sectors that are largely unlit notably 

agriculture” (Bundervoet 2015).  At the local level in the developed country Sweden, authors 

found the “link between light and economic activity, especially estimated by wages, to be 

slightly overestimated in large urban areas and underestimated in rural areas” (Mellander 2015).  

The lack of congruence on the question of whether night lights over or underestimate economic 

activity implies that researchers do not have a firm grasp on the biases inherent in luminosity 

data.  This type of discrepancy is precisely what this study intends to address.   

 
IV.ii. Building a Relationship between Night Lights and Consumption 

 
As discussed above, the relationship between income and night lights has been most 

thoroughly examined in the literature.  These models rely on assumption about the economic 

characteristics of a region and economic identities that lead to the consideration of night lights as 

a potential proxy for production.  Firstly, to frame our discussion, consider the macroeconomic 

definition of GDP, which stipulates that aggregate output and total income should equal total 

expenditure on final goods and services in an economy.  Thus, by measuring total expenditure, 

we effectively are calculating the amount of income in the country as well.  Following this 

definition, if night lights are able to proxy for expenditure, then they are able to proxy for GDP.     
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Furthermore, at a local microeconomic level, we are interested in this relationship at the 

household level.  Donaldson and Storeygard (2016) cite previous research that has provided 

evidence that consumption can serve a proxy for income when certain conditions are met.  These 

conditions require that Engel curves be stable, or in other words that the expansion path or 

expected increase in demand based on changes in income remain consistent over time 

(Donaldson 2016).  Under the assumption that lighting is a normal good, e.g. that with a rise in 

income, the demand for lights increases, “lights can plausibly be used as a proxy for economic 

activity” (Donaldson 2016).  Thus, using night lights as a normal good that can proxy for 

consumption and consumption as a proxy for income, we are able to specify a relationship 

between income and night lights at both the local and national level. 

While this general framework provides a justification for the relationship between night 

lights as a normal good and consumption, the exact pathways by which night lights proxies for 

consumption are not defined.  This is particularly relevant in the discussion of the effectiveness 

of luminosity data to serve as proxy because if night light estimation of consumption operates 

through multiple avenues, different characteristics of households and regions will lead to 

different estimation results.  One way to think of this is to consider a situation where you are a 

college student that is interested in conserving money and are just about to fly home to your 

university from a conference you attended in Florida.  Say there is only one restaurant, and they 

expect only hungry, busy college students looking for a cheap meal.  Then, consumption will be 

based upon varying levels of hunger of college students, and meal cost and meal preparation time 

will remain fixed.  This could be compared with the assumption that night lights only operate 

through one factor to influence consumption.  For example, assume that night light only proxies 

for consumption by representing electricity consumption of individual households.  While the 

data section shows that there is a relationship between these variables, it also may be the case 

that night light predicts consumption in ways that do not involve electricity consumption.  Now, 

returning to the restaurant analogy, consider the purchases at the restaurant based upon two 

demographic consumers: the hungry, cash-strapped, time-crunched college student and local 

Florida retirees with ample amounts of time and money and small appetites.  While variation 

exists between the customers levels of hunger, it would be a mistake to cater only to these 

customers by adjusting portion sizes of food.  Ignoring that a majority of the patrons as retirees 

are looking for a relaxed, expensive meal would lead to a misestimation of demand and 
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consequently less food consumption since the retirees would have less interest in the restaurant.  

By the same token, misestimation could occur if night lights are treated as homogeneously 

predicting consumption through only one direct, stable pathway such as electricity consumption.  

It is more realistic to assume that night lights are more or less capable of proxying for 

consumption based on specific heterogeneous characteristics of the region and community they 

are in.  For example, if certain industries use two-hundred times as much electricity as others as 

mentioned above by Chen and Nordhaus (2010), but the operations of these large electricity 

users only utilize lights inside underground data center facilities, then we may get a gross 

misestimation of consumption if we do not consider the likelihood of these industrial differences 

being present.  While it is important to note that this example of a specific industrial source of 

misestimation may be extreme and would be difficult to account for in a night light regression 

estimating consumption, there is value in knowing how these different heterogeneous 

characteristics of areas impact night light predictive power.  An example application of this 

could involve a researcher having access to night lights and percentages about industries in local 

communities.  Potentially, the researcher could correct for this underestimation of consumption 

by scaling up the factor used in the relationship between consumption and night lights based on 

whether electronic storage or cyber security is present in the mix of industries.  This example is 

meant to illustrate ability to improve night light estimation of consumption based on additional 

household characteristic information at the local level.  In practice, this example is too fine-tuned 

to be addressed in a proxy-based regression; however, there are other pertinent, accessible 

regional and community characteristics that could lead to this same type of misestimation and 

potential correction of misestimation if they are properly accounted for.  The remainder of this 

paper sets out to identify and assess the relative importance of such characteristics that may 

improve night light estimation strategies. 

 
IV.iii. Examination of Relevant Factor variables in Night Light Prediction 
 

Consumption is composed of household expenditure on subsistence and livelihood needs, 

such as food, water, gas, electricity, and housing, education, communication, and transportation.  

Certain variables play a greater or lesser role relative to each other in consumption characteristics 

of households.  As such, is expected that specific elements of consumption will serve as a greater 

predictor of overall consumption than others.  Other household characteristic variables that may 
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members in agricultural activities, the share of household income that comes from agricultural 

vs. non-farm enterprises, the share of consumed food that is produced within the household 

(autoconsumption) vs. purchased, the amount of mechanized tool use on agricultural plots, and 

other industry related interactions.  There are additional geographical and climate variables that 

can be considered, such as distance to population center and rainfall.  The use of correlation tests 

between each of these variables, night lights, and consumption can provide a first look at the 

different factors that may lead to potential sources of interaction with night lights.  Higher 

correlation between night lights and these household variables may indicate the presence of a 

relationship that interacts with or impacts the estimation of consumption with night lights.  

Similarly, higher correlation between these variables and consumption indicates their potential 

importance in the overall estimation of consumption.  The estimation for correlation coefficients 

uses the standard statistical procedure defined as the covariance = E(X-ux)(Y-uy) divided by the 

standard deviation = �𝑉𝑉𝑉𝑉𝑉𝑉(𝑋𝑋) = �𝐸𝐸[(𝑋𝑋 − 𝑢𝑢𝑥𝑥)2] of each variable multiplied by each other.  

This is shown below: 

𝐶𝐶𝐶𝐶𝑉𝑉𝑉𝑉(𝐻𝐻𝐶𝐶𝑢𝑢𝐻𝐻𝐻𝐻ℎ𝐶𝐶𝑜𝑜𝑜𝑜 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑜𝑜𝐻𝐻,𝑁𝑁𝑉𝑉𝑁𝑁ℎ𝑡𝑡 𝐿𝐿𝑉𝑉𝑁𝑁ℎ𝑡𝑡) =
𝐶𝐶𝐶𝐶𝐶𝐶(𝐻𝐻𝐶𝐶𝑢𝑢𝐻𝐻𝐻𝐻ℎ𝐶𝐶𝑜𝑜𝑜𝑜 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑜𝑜𝐻𝐻,𝑁𝑁𝑉𝑉𝑁𝑁ℎ𝑡𝑡 𝐿𝐿𝑉𝑉𝑁𝑁ℎ𝑡𝑡)
𝜎𝜎(𝐻𝐻𝐶𝐶𝑢𝑢𝐻𝐻𝐻𝐻ℎ𝐶𝐶𝑜𝑜𝑜𝑜 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑜𝑜𝐻𝐻) ∗ 𝜎𝜎(𝑁𝑁𝑉𝑉𝑁𝑁ℎ𝑡𝑡 𝐿𝐿𝑉𝑉𝑁𝑁ℎ𝑡𝑡)

 

 
Each of the household variables will be included to test for correlation with night light.  This 

procedure will be repeated with Total Consumption in the place of Night Light, and also with 

Electricity Consumption in the place of Night Light.  The purpose of including Electricity 

Consumption will be to consider whether Night Light and Electricity Consumption are related to 

these other variables in a similar or different way than each other.  If the correlations are 

different we would expect Night Light and Electricity Consumption to relate to this other 

Household Variables differently. 

 

IV.iv. Segmentation of Night Light Estimation by Sector (Rural/Urban) 

One way to segment the data is by separating rural and urban households and predicting 

consumption with lights while controlling for urban and rural zones.  If night light estimates 

consumption homogeneously across the sample and the rural/urban split plays no role in 

estimation, then we can assume that night lights perform equally well regardless of area of 

residence.  If however the performance of night lights operates different in rural and urban zones, 
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then it raises the question of what is leading to one area performing more than the other.  The 

econometric specification for Model (1) used to examine the relative performance is as follows: 

(1) 𝑇𝑇𝐶𝐶𝑡𝑡𝑇𝑇𝐶𝐶𝑇𝑇𝐻𝐻 =  𝛽𝛽0 + 𝛽𝛽1𝑢𝑢𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇 + 𝛽𝛽2𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡_𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡 +  𝛽𝛽3𝑢𝑢𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇 ∗ 𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡_𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡 + 𝜀𝜀 

Where Totcons = Total Consumption per capita 
Urban = indicator variable for household in urban zone (=1) or not (=0) 
Night_light = averaged value of night lights from the stable lights DMSP satellite years 2010-
2013 with 2km buffer for urban and 5km buffer for rural zones 
Urban*Night_light = interaction term for urban (=1) and night lights  
Rural*Night_light = interaction term for rural (=1) and night lights 

In this first regression, β2 captures rural night lights and β2 + β3 captures urban night lights.  This 

estimation is equivalent to the following functional form of Model (2), except that the 

coefficients are included in one model here. 

(2) 𝑇𝑇𝐶𝐶𝑡𝑡𝑇𝑇𝐶𝐶𝑇𝑇𝐻𝐻 =  𝛽𝛽0 + 𝛽𝛽1𝑢𝑢𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇 + 𝛽𝛽2𝑢𝑢𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇 ∗ 𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡_𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡 + 𝛽𝛽3𝑉𝑉𝑢𝑢𝑉𝑉𝑉𝑉𝑜𝑜 ∗ 𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡_𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡 + 𝜀𝜀 

Running the regressions for Total Consumption predicted by night lights for the entire dataset, 

urban households, and rural households provide another way of interpreting the relative impact 

of urban and rural zones on night light estimation.  These are estimated using the regressions in 

Model (3) – (5) 

(3) 𝑇𝑇𝐶𝐶𝑡𝑡𝑇𝑇𝐶𝐶𝑇𝑇𝐻𝐻 =  𝛽𝛽0 + 𝛽𝛽1𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡_𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡 + 𝜀𝜀 where all households are used 

(4) 𝑇𝑇𝐶𝐶𝑡𝑡𝑇𝑇𝐶𝐶𝑇𝑇𝐻𝐻 =  𝛽𝛽0 + 𝛽𝛽1𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡_𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡 + 𝜀𝜀 where only urban households are used 

(5) 𝑇𝑇𝐶𝐶𝑡𝑡𝑇𝑇𝐶𝐶𝑇𝑇𝐻𝐻 =  𝛽𝛽0 + 𝛽𝛽1𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡_𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡 + 𝜀𝜀 where only rural households are used 

The aim is to compare the coefficient for rural night lights to the coefficient for urban night 

lights.  These coefficients are present in (1), (2), and (4)-(5), while (3) shows the result of night 

light estimation if the rural/urban split is not accounted for.  If one of the rural/urban coefficients 

is greater, this implies that this greater coefficient has greater predictive power and night lights 

serve as a better proxy for consumption in this area.  All regressions use robust standard errors 

and are clustered at the enumeration area level which blocks households into sets of ten. 

IV.v.a. Prediction with Night Light with Industry Characteristics in Urban, Rural, Overall Zones 

 While rural zones may often be associated with agriculture and urban zones with other 

industries, such as professional services and finance, the variation within these industries is 

likely to have separate effects on the performance of night lights in comparison to the rural/urban 

split.  In order to understand industry and sectoral differences, we use summary statistics to 
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assess the relative composition of industry at the rural, urban, and overall using summary 

statistics.  Our prior is that agriculture will be higher in rural zones, but that enough variation 

will exist to support additional segmentation based upon industry characteristics.  If industry 

composition varies enough across rural and urban segments but is not perfectly correlated with 

these regions, e.g. that agriculture is the majority but below one-hundred percent of rural 

markets.  Assuming enough variation exists in the data, we will assess the relative predictive 

power of night lights on consumption by using the percentage of households with one or more 

members whose main work activity is in the agricultural industry.  Following the methodology 

proposed in Bundervoet et al. (2015), we use the mean percentage as a cutoff to assess this 

relationship for rural, urban, and overall zones. 

The following econometric model is used: 
(1) − (6) ln (𝑇𝑇𝐶𝐶𝑡𝑡𝑇𝑇𝐶𝐶𝑇𝑇𝐻𝐻) =  𝛽𝛽0 + 𝛽𝛽1ln (𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡_𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡) + 𝜀𝜀 

For each model, different segmentation is used to assess the predictive power of night lights on 
consumption involving the following specifications: 

(1) percent agriculture is above the overall mean and all households are included  
(2) percent agriculture is below the overall mean and all households are included 
(3) percent agriculture is above the mean in urban zones and only urban households are included 
(4) percent agriculture is below the mean in urban zones and only urban households are included 
(5) percent agriculture is above the mean in rural zones and only rural households are included 
(6) percent agriculture is below the mean in rural zones and only rural households are included 

These specifications allow us to examine the importance of agriculture in misestimating 

consumption levels using night lights with the additional consideration of sectoral split.  If the 

coefficients in these zones are significantly different, this implies that lights have different 

predictive capabilities depending on the amount of agricultural industry surrounding individual 

households.  In particular, if the coefficient for lights in above the cutoff households is greater 

than its relative coefficient for below the cutoff households in the same zone, this implies that a 

percentage of agriculture leads to greater predictive power.  Similarly, if below the cutoff 

households lead to a greater coefficient in the same zone, then a lower percentage of agriculture 

leads to greater predictive power. 

 
IV.v.b. INDUSTRY SECTION EXPANSION: 
 

While the agricultural composition of industry may be more feasible to implement in 

night light estimation, there are other industry characteristics that are relevant in estimating the 
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over and underestimation of night lights on consumption.  I examine the effects of night lights, 

urban households, and a combination of fourteen industry characteristics on total consumption.  

The relationship between industry characteristics and their impact on night light values is 

included for consideration on the relationship between industry and light values. The following 

equations are estimated as following using robust errors and are clustered by enumeration area: 

(1) ln(𝑇𝑇𝐶𝐶𝑡𝑡𝑇𝑇𝐶𝐶𝑇𝑇𝐻𝐻) = 𝛽𝛽0 + 𝛽𝛽1 ln(𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡_𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡) + 𝛽𝛽𝑘𝑘𝐼𝐼𝑇𝑇𝑜𝑜𝑢𝑢𝐻𝐻𝑡𝑡𝑉𝑉𝑡𝑡𝑘𝑘 ∗ 𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡 𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡 + 𝛽𝛽16+𝑘𝑘𝐼𝐼𝑇𝑇𝑜𝑜𝑢𝑢𝐻𝐻𝑡𝑡𝑉𝑉𝑡𝑡𝑘𝑘 + 𝜀𝜀 

(2) ln(𝑇𝑇𝐶𝐶𝑡𝑡𝑇𝑇𝐶𝐶𝑇𝑇𝐻𝐻) = 𝛽𝛽0 + 𝛽𝛽1 ln(𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡_𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡) + 𝛽𝛽𝑘𝑘𝐼𝐼𝑇𝑇𝑜𝑜𝑢𝑢𝐻𝐻𝑡𝑡𝑉𝑉𝑡𝑡𝑘𝑘 ∗ 𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡 𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡 + 𝛽𝛽16+𝑘𝑘𝐼𝐼𝑇𝑇𝑜𝑜𝑢𝑢𝐻𝐻𝑡𝑡𝑉𝑉𝑡𝑡𝑘𝑘 + 𝛽𝛽31𝑢𝑢𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇

+ 𝛽𝛽32𝑢𝑢𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇 ∗ 𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡_𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡 + 𝜀𝜀 

Where βk = the coefficient for industry variable for k ϵ (2,…,15) 

Industryk = Agriculture for k = 2     = Buying and selling for k = 9 
  = Mining for k = 3     =Finance, insurance, real estate for k=10 
  = Manufacturing for k = 4    = Professional services for k = 11 
  = Professionals, sciences and technology for k = 5 = Education for k = 12 
  = Utilities (electricity, water, gas, waste) for k = 6 = Health for k = 13 
  = Construction for k = 7    = Public administration for k = 14 
  = Transportation for k = 8    = Other industry (clergy, etc.) for k = 15 

 

The resulting coefficients on the interaction terms will demonstrate how night lights perform 

based on households exhibiting industry characteristics.  If industries conclusively have an 

impact on night light estimation, this implies that systematic bias exists in night light estimation 

strategies. 

 
IV.vi. Autoconsumption to Purchased and Total Consumption Ratios 
 
 As we might expect market-oriented local economies to have a greater share of night 

lights, we turn to the ratio of autoconsumption to purchased consumption and ratio of 

autoconsumption to total consumption as indicators.  To estimate the relationship between night 

lights, consumption variables and these ratios we use the following specifications: 

(1) Totcons = 𝛽𝛽0 + 𝛽𝛽1𝑉𝑉𝑢𝑢𝑡𝑡𝐶𝐶 𝑝𝑝𝑢𝑢𝑉𝑉𝑇𝑇ℎ𝑉𝑉𝐻𝐻𝐻𝐻 𝑉𝑉𝑉𝑉𝑡𝑡𝑉𝑉𝐶𝐶 + 𝛽𝛽2𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡 𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡 + 𝛽𝛽3𝑉𝑉𝑢𝑢𝑡𝑡𝐶𝐶 𝑝𝑝𝑢𝑢𝑉𝑉𝑇𝑇ℎ𝑉𝑉𝐻𝐻𝐻𝐻 𝑉𝑉𝑉𝑉𝑡𝑡𝑉𝑉𝐶𝐶 ∗ 𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡 𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡 + 𝜀𝜀 

(2) Totcons = 𝛽𝛽0 + 𝛽𝛽1𝑉𝑉𝑢𝑢𝑡𝑡𝐶𝐶 𝑝𝑝𝑢𝑢𝑉𝑉𝑇𝑇ℎ𝑉𝑉𝐻𝐻𝐻𝐻 𝑉𝑉𝑉𝑉𝑡𝑡𝑉𝑉𝐶𝐶 + 𝛽𝛽2𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡 𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡 + 𝛽𝛽3𝑉𝑉𝑢𝑢𝑡𝑡𝐶𝐶 𝑝𝑝𝑢𝑢𝑉𝑉𝑇𝑇ℎ𝑉𝑉𝐻𝐻𝐻𝐻 𝑉𝑉𝑉𝑉𝑡𝑡𝑉𝑉𝐶𝐶 ∗ 𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡 𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡
+ 𝛽𝛽4𝑈𝑈𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇+ 𝛽𝛽5𝑢𝑢𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇 ∗ 𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡 𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡 + 𝛽𝛽6𝑉𝑉𝑢𝑢𝑡𝑡𝐶𝐶 𝑝𝑝𝑢𝑢𝑉𝑉𝑇𝑇ℎ𝑉𝑉𝑉𝑉𝐻𝐻 𝑉𝑉𝑉𝑉𝑡𝑡𝑉𝑉𝐶𝐶 ∗ 𝑢𝑢𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇 + 𝛽𝛽7𝑢𝑢𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇
∗ 𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡 𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡 ∗ 𝑉𝑉𝑢𝑢𝑡𝑡𝐶𝐶 𝑝𝑝𝑢𝑢𝑉𝑉𝑇𝑇ℎ𝑉𝑉𝐻𝐻𝐻𝐻 𝑉𝑉𝑉𝑉𝑡𝑡𝑉𝑉𝐶𝐶 + 𝜀𝜀 

(3) Education Expenditure = 𝛽𝛽0 + 𝛽𝛽1𝑉𝑉𝑢𝑢𝑡𝑡𝐶𝐶 𝑝𝑝𝑢𝑢𝑉𝑉𝑇𝑇ℎ𝑉𝑉𝐻𝐻𝐻𝐻 𝑉𝑉𝑉𝑉𝑡𝑡𝑉𝑉𝐶𝐶 + 𝛽𝛽2𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡 𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡 + 𝛽𝛽3𝑉𝑉𝑢𝑢𝑡𝑡𝐶𝐶 𝑝𝑝𝑢𝑢𝑉𝑉𝑇𝑇ℎ𝑉𝑉𝐻𝐻𝐻𝐻 𝑉𝑉𝑉𝑉𝑡𝑡𝑉𝑉𝐶𝐶 
∗ 𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡 𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡 + 𝛽𝛽4𝑈𝑈𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇+ 𝛽𝛽5𝑢𝑢𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇 ∗ 𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡 𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡 + 𝛽𝛽6𝑉𝑉𝑢𝑢𝑡𝑡𝐶𝐶 𝑝𝑝𝑢𝑢𝑉𝑉𝑇𝑇ℎ𝑉𝑉𝑉𝑉𝐻𝐻 𝑉𝑉𝑉𝑉𝑡𝑡𝑉𝑉𝐶𝐶
∗ 𝑢𝑢𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇 + 𝛽𝛽7𝑢𝑢𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇 ∗ 𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡 𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡 ∗ 𝑉𝑉𝑢𝑢𝑡𝑡𝐶𝐶 𝑝𝑝𝑢𝑢𝑉𝑉𝑇𝑇ℎ𝑉𝑉𝐻𝐻𝐻𝐻 𝑉𝑉𝑉𝑉𝑡𝑡𝑉𝑉𝐶𝐶 + 𝜀𝜀 
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(4) Yam Autoconsumption = 𝛽𝛽0 + 𝛽𝛽1𝑉𝑉𝑢𝑢𝑡𝑡𝐶𝐶 𝑝𝑝𝑢𝑢𝑉𝑉𝑇𝑇ℎ𝑉𝑉𝐻𝐻𝐻𝐻 𝑉𝑉𝑉𝑉𝑡𝑡𝑉𝑉𝐶𝐶 + 𝛽𝛽2𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡 𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡 + 𝛽𝛽3𝑉𝑉𝑢𝑢𝑡𝑡𝐶𝐶 𝑝𝑝𝑢𝑢𝑉𝑉𝑇𝑇ℎ𝑉𝑉𝐻𝐻𝐻𝐻 𝑉𝑉𝑉𝑉𝑡𝑡𝑉𝑉𝐶𝐶 
∗ 𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡 𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡 + 𝛽𝛽4𝑈𝑈𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇+ 𝛽𝛽5𝑢𝑢𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇 ∗ 𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡 𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡 + 𝛽𝛽6𝑉𝑉𝑢𝑢𝑡𝑡𝐶𝐶 𝑝𝑝𝑢𝑢𝑉𝑉𝑇𝑇ℎ𝑉𝑉𝑉𝑉𝐻𝐻 𝑉𝑉𝑉𝑉𝑡𝑡𝑉𝑉𝐶𝐶
∗ 𝑢𝑢𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇 + 𝛽𝛽7𝑢𝑢𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇 ∗ 𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡 𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡 ∗ 𝑉𝑉𝑢𝑢𝑡𝑡𝐶𝐶 𝑝𝑝𝑢𝑢𝑉𝑉𝑇𝑇ℎ𝑉𝑉𝐻𝐻𝐻𝐻 𝑉𝑉𝑉𝑉𝑡𝑡𝑉𝑉𝐶𝐶 + 𝜀𝜀 

These regressions (1) – (4) will be repeated as shown above with the autoconsumption to total 

consumption ratio (auto total ratio) replacing every instance of auto purchase ratio above.  Of 

particular interest are the coefficients on the interaction terms for the ratios times night lights as 

they will indicate whether the predictive capacity of lights is impact by these ratios. 

 
IV.vii.a. Autoconsumption of Crops Predicted by Night Lights and Rainfall 
 
 Consumption relies on a multitude of factors, which night lights are capable of proxying 

for due to reasons that are difficult to fully capture.  Through a similar vein, rainfall has been 

used to proxy for agricultural variables as it is easily measured, and the vast majority of 

agriculture relies precipitation for productive growth.  As a result, we would expect 

autoconsumption levels of households to increase when rainfall levels are high.  Further, we 

could expect that purchased levels of consumption are higher with high rainfall levels if 

increased rainfall stimulates a local economy and leads to greater trading of food in markets.  To 

consider this relationship we apply the following econometric specifications: 

(1) 𝐴𝐴𝑢𝑢𝑡𝑡𝐶𝐶𝑇𝑇𝐶𝐶𝑇𝑇𝐻𝐻𝑢𝑢𝐴𝐴𝑝𝑝𝑡𝑡𝑉𝑉𝐶𝐶𝑇𝑇_𝐶𝐶𝑉𝑉𝐶𝐶𝑝𝑝𝑘𝑘  = 𝛽𝛽0 + 𝛽𝛽1𝑉𝑉𝑉𝑉𝐶𝐶𝐶𝐶𝐻𝐻_𝑉𝑉𝐶𝐶𝑁𝑁_𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇𝑟𝑟𝑉𝑉𝑜𝑜𝑜𝑜 + 𝜀𝜀 

(2) 𝐴𝐴𝑢𝑢𝑡𝑡𝐶𝐶𝑇𝑇𝐶𝐶𝑇𝑇𝐻𝐻𝑢𝑢𝐴𝐴𝑝𝑝𝑡𝑡𝑉𝑉𝐶𝐶𝑇𝑇_𝐶𝐶𝑉𝑉𝐶𝐶𝑝𝑝𝑘𝑘  = 𝛽𝛽0 + 𝛽𝛽1𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇𝑟𝑟𝑉𝑉𝑜𝑜𝑜𝑜 + 𝜀𝜀 

Where Autoconsumption_Cropk is a list of outcome variables that are each estimated using the 

two functional forms: sorghum, millet, maize, rice, yam, cassava-gari, cereal, bread, tubers, 

poultry, meats, fish, dairy, oils, fruits, vegetables, beans, sugars, beverages (non-alcoholic), 

alcoholic beverages, and other. 

 These estimates prime us for the relative ability of rainfall to proxy for autoconsumption-

related variables.  When expanding this analysis to include night lights, we would expect that 

rainfall performs much more strongly as a proxy and predictor of autoconsumption-related 

variables.  This is because of the identified link between agricultural productivity and 

precipitation conditions.  While night lights may not directly increase productivity yields like 

rainfall, it will be interesting to consider whether night lights have predictive power in this 

domain and potential avenues through which night lights impact agricultural yields.  To estimate 

the output variables related to crop autoconsumption, specifications including night lights, 

rainfall and controls for household size and sector are used: 
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(1) 𝐴𝐴𝑢𝑢𝑡𝑡𝐶𝐶𝑇𝑇𝐶𝐶𝑇𝑇𝐻𝐻𝑢𝑢𝐴𝐴𝑝𝑝𝑡𝑡𝑉𝑉𝐶𝐶𝑇𝑇_𝐶𝐶𝑉𝑉𝐶𝐶𝑝𝑝𝑘𝑘 = 𝛽𝛽0 + 𝛽𝛽1𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡_𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡 + 𝛽𝛽2𝑢𝑢𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇 + 𝛽𝛽3ℎ𝐶𝐶𝑢𝑢𝐻𝐻𝐻𝐻ℎ𝐶𝐶𝑜𝑜𝑜𝑜𝐻𝐻𝑉𝑉𝑜𝑜𝐻𝐻 + 𝛽𝛽4𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇𝑟𝑟𝑉𝑉𝑜𝑜𝑜𝑜 + 𝜀𝜀 

Where autoconsumption_Cropk is the same list of outcome variables as in the previous two 

regression specifications. 

 The resulting estimates should explain whether night lights are capable of proxying for 

autoconsumption-related variables or not.  This process is repeated with purchased consumption 

variables in the same categories as listed for autoconsumption.  To check for overall effects, total 

autoconsumption and total purchased consumption are estimated with the same variables, with 

and without lights to see the difference in estimation when lights are not present. 
(1) 𝐴𝐴𝑢𝑢𝑡𝑡𝐶𝐶𝑇𝑇𝐶𝐶𝑇𝑇𝐻𝐻𝑢𝑢𝐴𝐴𝑝𝑝𝑡𝑡𝑉𝑉𝐶𝐶𝑇𝑇 = 𝛽𝛽0 + 𝛽𝛽1𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡_𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡 + 𝛽𝛽2𝑢𝑢𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇 + 𝛽𝛽3ℎ𝐶𝐶𝑢𝑢𝐻𝐻𝐻𝐻ℎ𝐶𝐶𝑜𝑜𝑜𝑜𝐻𝐻𝑉𝑉𝑜𝑜𝐻𝐻 + 𝛽𝛽4𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇𝑟𝑟𝑉𝑉𝑜𝑜𝑜𝑜 + 𝜀𝜀 

(2) 𝐴𝐴𝑢𝑢𝑡𝑡𝐶𝐶𝑇𝑇𝐶𝐶𝑇𝑇𝐻𝐻𝑢𝑢𝐴𝐴𝑝𝑝𝑡𝑡𝑉𝑉𝐶𝐶𝑇𝑇 = 𝛽𝛽0 + 𝛽𝛽1𝑢𝑢𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇 + 𝛽𝛽2ℎ𝐶𝐶𝑢𝑢𝐻𝐻𝐻𝐻ℎ𝐶𝐶𝑜𝑜𝑜𝑜𝐻𝐻𝑉𝑉𝑜𝑜𝐻𝐻 + 𝛽𝛽3𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇𝑟𝑟𝑉𝑉𝑜𝑜𝑜𝑜 + 𝜀𝜀 

(3) 𝑃𝑃𝑢𝑢𝑉𝑉𝑇𝑇ℎ𝑉𝑉𝐻𝐻𝐻𝐻𝑜𝑜𝐶𝐶𝐶𝐶𝑇𝑇𝐻𝐻𝑢𝑢𝐴𝐴𝑝𝑝𝑡𝑡𝑉𝑉𝐶𝐶𝑇𝑇 = 𝛽𝛽0 + 𝛽𝛽1𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡_𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡 + 𝛽𝛽2𝑢𝑢𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇 + 𝛽𝛽3ℎ𝐶𝐶𝑢𝑢𝐻𝐻𝐻𝐻ℎ𝐶𝐶𝑜𝑜𝑜𝑜𝐻𝐻𝑉𝑉𝑜𝑜𝐻𝐻 + 𝛽𝛽4𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇𝑟𝑟𝑉𝑉𝑜𝑜𝑜𝑜 + 𝜀𝜀 

(4) 𝑃𝑃𝑢𝑢𝑉𝑉𝑇𝑇ℎ𝑉𝑉𝐻𝐻𝐻𝐻𝑜𝑜𝐶𝐶𝐶𝐶𝑇𝑇𝐻𝐻𝑢𝑢𝐴𝐴𝑝𝑝𝑡𝑡𝑉𝑉𝐶𝐶𝑇𝑇 = 𝛽𝛽0 + 𝛽𝛽1𝑢𝑢𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇 + 𝛽𝛽2ℎ𝐶𝐶𝑢𝑢𝐻𝐻𝐻𝐻ℎ𝐶𝐶𝑜𝑜𝑜𝑜𝐻𝐻𝑉𝑉𝑜𝑜𝐻𝐻 + 𝛽𝛽3𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇𝑟𝑟𝑉𝑉𝑜𝑜𝑜𝑜 + 𝜀𝜀 

Where householdsize = the number of individuals per household and output variables are consumption totals. 

 

IV.vii.b. Rainfall, Night Lights, and Growth Rates 

Another use case for night lights has been the capability of lights to proxy for growth 

rates.  While lights have been shown to predict GDP, previous research has argued that  

“the underlying relationship varies substantially across countries, undermining the imposition of 

a single slope common in the literature” (Roger 2018).  As stated by Chen and Nordhaus (2011), 

“luminosity has more value added for economic density estimates than for time-series growth 

rates”.  There is concern that night lights are less effective at predicting growth trends, and thus 

motivates and requires an assessment of the predictive power of lights on growth rates at the 

local level.  This assessment will be produced alongside rainfall estimates so as to provide an 

estimate of relative performance between lights and rainfall, which is particularly relevant in an 

agricultural setting.  To estimate this relationship, we use outcome variables of autoconsumption, 

purchased consumption, total consumption with the following specifications: 
(1) 𝑡𝑡𝑉𝑉𝐴𝐴_𝑇𝑇ℎ𝑉𝑉𝑇𝑇𝑁𝑁𝐻𝐻 = 𝛽𝛽0 + 𝛽𝛽1𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇_𝑇𝑇ℎ𝑉𝑉𝑇𝑇𝑁𝑁𝐻𝐻 + 𝛽𝛽2𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡𝐻𝐻_𝑇𝑇ℎ𝑉𝑉𝑇𝑇𝑁𝑁𝐻𝐻 + 𝜀𝜀 

(2) 𝐻𝐻𝐶𝐶𝑉𝑉𝑁𝑁ℎ𝑢𝑢𝐴𝐴_𝑇𝑇ℎ𝑉𝑉𝑇𝑇𝑁𝑁𝐻𝐻 = 𝛽𝛽0 + 𝛽𝛽1𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇_𝑇𝑇ℎ𝑉𝑉𝑇𝑇𝑁𝑁𝐻𝐻 + 𝛽𝛽2𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡𝐻𝐻_𝑇𝑇ℎ𝑉𝑉𝑇𝑇𝑁𝑁𝐻𝐻 + 𝜀𝜀 

(3) 𝑡𝑡𝐶𝐶𝑡𝑡𝑇𝑇𝐶𝐶𝑇𝑇𝐻𝐻_𝑇𝑇ℎ𝑉𝑉𝑇𝑇𝑁𝑁𝐻𝐻 = 𝛽𝛽0 + 𝛽𝛽1𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇_𝑇𝑇ℎ𝑉𝑉𝑇𝑇𝑁𝑁𝐻𝐻 + 𝛽𝛽2𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡𝐻𝐻_𝑇𝑇ℎ𝑉𝑉𝑇𝑇𝑁𝑁𝐻𝐻 + 𝜀𝜀 

(4) 𝑉𝑉𝑢𝑢𝑡𝑡𝐶𝐶_𝑇𝑇𝐶𝐶𝑇𝑇𝐻𝐻_𝑇𝑇ℎ𝑉𝑉𝑇𝑇𝑁𝑁𝐻𝐻 = 𝛽𝛽0 + 𝛽𝛽1𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇_𝑇𝑇ℎ𝑉𝑉𝑇𝑇𝑁𝑁𝐻𝐻 + 𝛽𝛽2𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡𝐻𝐻_𝑇𝑇ℎ𝑉𝑉𝑇𝑇𝑁𝑁𝐻𝐻 + 𝜀𝜀 

(5) 𝑝𝑝𝑢𝑢𝑉𝑉𝑇𝑇ℎ_𝑇𝑇𝐶𝐶𝑇𝑇𝐻𝐻_𝑇𝑇ℎ𝑉𝑉𝑇𝑇𝑁𝑁𝐻𝐻 = 𝛽𝛽0 + 𝛽𝛽1𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇_𝑇𝑇ℎ𝑉𝑉𝑇𝑇𝑁𝑁𝐻𝐻 + 𝛽𝛽2𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡𝐻𝐻_𝑇𝑇ℎ𝑉𝑉𝑇𝑇𝑁𝑁𝐻𝐻 + 𝜀𝜀 

Where  Rain_change = the percentage change from annual precipitation between 2010 and 2010 
 Lights_change = the percentage change between 2012 and 2010 night light values 
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 Totcons_change = the percentage change between 2012 and 2010 total consumption 
 Auto_cons_change = the percentage change between 2012 and 2010 autoconsumption 
 Purch_cons_change = the percentage change between 2012 and 2010 purchased consumption 
 Yam_change = the percentage change between 2012 and 2010 of yam autoconsumption. 

 Sorghum_change = the percentage change between 2012 and 2010 of sorghum autoconsumption 

The purpose of this comparison is to estimate whether rainfall or night lights are able to 

effectively proxy for these changes.  While previous research suggests heterogeneity across 

countries, the heterogeneity that exists at a local level may impact estimates for the prediction of 

growth.  If lights and rainfall changes are significant, then they should be considered potential 

proxies for consumption growth.  If they are insignificant, this cast doubt on their ability to proxy 

for local level consumption-based changes. 

 In addition to these estimates, the levels of yam and sorghum autoconsumption, total 

consumption, autoconsumption, and purchased consumption will be estimated including change 

in rainfall and change in lights as independent variables.  The following specification is used: 
(1)− (5) 𝐶𝐶𝑢𝑢𝑡𝑡𝑇𝑇𝐶𝐶𝐴𝐴𝐻𝐻 𝐶𝐶𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑜𝑜𝐻𝐻 = 𝛽𝛽0 + 𝛽𝛽1𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡 𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡 + 𝛽𝛽2𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇𝑟𝑟𝑉𝑉𝑜𝑜𝑜𝑜 + 𝛽𝛽3𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇𝑟𝑟𝑉𝑉𝑜𝑜𝑜𝑜 ∗ 𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡 𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡

+ 𝛽𝛽4𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇 𝑇𝑇ℎ𝑉𝑉𝑇𝑇𝑁𝑁𝐻𝐻 + 𝛽𝛽5𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡 𝑇𝑇ℎ𝑉𝑉𝑇𝑇𝑁𝑁𝐻𝐻 + 𝛽𝛽6𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇 𝑇𝑇ℎ𝑉𝑉𝑇𝑇𝑁𝑁𝐻𝐻 ∗ 𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡 𝑇𝑇ℎ𝑉𝑉𝑇𝑇𝑁𝑁𝐻𝐻 + 𝜀𝜀 

Where the outcome variables are (1) yam autoconsumption, (2) sorghum autoconsumption,  

(3) total consumption, (4) autoconsumption, and (5) purchased consumption. 

Both sets of (1)-(5) regressions will be estimated in overall, urban, and rural zones. 

 

IV.vii.c. Performance of Lights in Above and Below Average Rainfall Zones 
 
The performance of night lights based on rainfall characteristics can be examined as well.  Using 

the methodology discussed in IV.iii, we estimate the performance of night lights based upon 

households in above average rainfall zones or below average rainfall zones for the year 2010.  A 

third regression to check the significance of this discrepancy is included. 
(1) 𝑇𝑇𝐶𝐶𝑡𝑡𝑇𝑇𝐶𝐶𝑇𝑇𝐻𝐻 =  𝛽𝛽0 + 𝛽𝛽1𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡_𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡 + 𝜀𝜀 for above average rainfall zones 

(2) 𝑇𝑇𝐶𝐶𝑡𝑡𝑇𝑇𝐶𝐶𝑇𝑇𝐻𝐻 =  𝛽𝛽0 + 𝛽𝛽1𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡_𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡 + 𝜀𝜀 for below average rainfall zones 

(1) 𝑇𝑇𝐶𝐶𝑡𝑡𝑇𝑇𝐶𝐶𝑇𝑇𝐻𝐻 = 𝛽𝛽0 + 𝛽𝛽1𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡_𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡 + 𝛽𝛽2𝑉𝑉𝑉𝑉𝐶𝐶𝐶𝐶𝐻𝐻_𝑉𝑉𝐶𝐶𝑁𝑁_𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇𝑟𝑟𝑉𝑉𝑜𝑜𝑜𝑜 + 𝛽𝛽3𝑉𝑉𝑉𝑉𝐶𝐶𝐶𝐶𝐻𝐻_𝑉𝑉𝐶𝐶𝑁𝑁_𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇𝑟𝑟𝑉𝑉𝑜𝑜𝑜𝑜 ∗ 𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡_𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡 + 𝜀𝜀 

As with the previous method, the zone with the higher coefficient has greater predictive power 

when using lights as a proxy for consumption. 

 
IV.vii.d. Distance to Population Center and Interaction between Rainfall and Night Lights 
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The relationship between lights and rainfall is nearly as difficult to define as the avenues 

through which rainfall or lights operate as a proxy for consumption.  Nevertheless, we can 

examine the relationship of lights and rainfall to each other and other characteristics.  To 

estimate the relationship between night lights and rainfall we utilize the regression: 
 (1) 𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇𝑟𝑟𝑉𝑉𝑜𝑜𝑜𝑜 =  𝛽𝛽0 + 𝛽𝛽1𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡_𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡 + 𝜀𝜀  

If this estimate is significant, this implies that these variables may be related in some systematic 

way.  One way to check for the source of this potential relationship is through interaction with 

another variable.  While it is difficult to identify the avenue through which night lights and 

rainfall could be related, previous research has discussed the capabilities of night lights at 

predicting persistence and economic density.  Under the assumption that individuals have settled 

in fortuitous locations, the assumption could be made that areas with increased levels of rainfall 

were likely to become population centers.  By this logic, both night lights and rainfall should 

increase when households are located closer population centers.  This hypothesis can be tested 

using the following functional form:  
(1) 𝐷𝐷𝑉𝑉𝐻𝐻𝑡𝑡_𝑝𝑝𝐶𝐶𝑝𝑝𝑢𝑢𝑜𝑜𝑉𝑉𝑡𝑡𝑉𝑉𝐶𝐶𝑇𝑇𝑇𝑇𝐻𝐻𝑇𝑇𝑡𝑡𝐻𝐻𝑉𝑉 =  𝛽𝛽0 + 𝛽𝛽1𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇𝑟𝑟𝑉𝑉𝑜𝑜𝑜𝑜 + 𝛽𝛽2𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡_𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡 + 𝛽𝛽3𝑉𝑉𝑉𝑉𝑉𝑉𝑇𝑇𝑟𝑟𝑉𝑉𝑜𝑜𝑜𝑜 ∗ 𝑇𝑇𝑉𝑉𝑁𝑁ℎ𝑡𝑡_𝑜𝑜𝑉𝑉𝑁𝑁ℎ𝑡𝑡 + 𝜀𝜀  

Where Dist_populationcenter = Household Distance in (KMs) to Nearest Population Center with +20,000 

By examining the coefficients on rainfall, night light, and their interaction term we can determine 

whether the theory that night lights and rainfall both predict areas with higher population density 

holds evidence or not. 
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V. Results and Interpretation 

V.i. Correlation Statistics Section (Variables and Night Lights) 
The correlation statistics between night lights and a host of potentially relevant factor 

variables are included in Table 3. 
Table 3: Correlation Statistics 

         Night Light Total Consumption Electricity Consumption Rainfall 
Area of residence (Urban) 0.6428125 0.0969917 0.2391099 0.1084903 
Majority agriculture -0.4601922 -0.0916432 -0.1666632 -0.0361284 
Percent agriculture by EA -0.5983996 -0.1161499 -0.2137834 -0.0475659 
Rainfall 0.2541019 0.0776663 0.1030701 1 
Above avg. rainfall 0.224038 0.0313456 0.0700442 0.0219902 
Autoconsumption (food) -0.0925687 0.3047156 -0.0129169 0.034478 
Purchased consumption (food) 0.0745704 0.924986 0.0679253 0.0177876 
Total food consumption 0.0419195 0.9678512 0.0593936 0.0274345 
Total consumption per capita 0.1182752 1 0.1369484 0.0776663 
Household Identification 0.1396795 0.0270305 0.0016537 -0.2252431 
Number of people in household -0.1274609 -0.1589851 -0.1961013 -0.1904779 
Electricity 0.2621761 0.1369484 1 0.1030701 
Gas      0.1208571 0.1276401 0.1407718 0.0533378 
Petrol   0.1543802 0.1721561 0.1527863 0.0900917 
Diesel   0.0179855 0.0690166 0.0366451 0.0029875 
Communication (postal and 
telephone) 

0.1871842 0.189826 0.2422634 0.1071675 

Other insurance excluding 
education and health 

0.0276624 0.0804188 0.0642847 0.0085437 

Actual and imputed rent for 
missing households - method 1 

0.2759978 0.2519083 0.3401309 0.1646419 

HH Distance in (KMs) to 
Nearest Major Road 

-0.3454776 -0.1425452 -0.1245523 -0.321916 

HH Distance in (KMs) to 
Nearest Population Center with 
+20,000 

-0.392142 -0.1873057 -0.1553741 -0.2919275 

HH Distance in (KMs) to 
Nearest Market 

-0.3378833 -0.0507434 -0.1155141 -0.0505117 

HH Distance in (KMs) to 
Capital of State of Residence 

-0.4250816 -0.0580095 -0.1405214 -0.2731147 

Percent agriculture within 
approx. 1 km buffer 

0.5300946 0.0611684 0.1713108 0.1625089 

Annual Precipitation (mm) 0.2493507 0.0911073 0.0838011 0.8213058 
Fares    0.2658495 0.1561245 0.1241319 0.179418 
Total monetary value of 
education 

0.2430245 0.1556543 0.109988 0.1726444 

Night Light Value from 
Satellite 

         0.1182752 0.2621761 0.2541019 
     

Observations 19502 19502 19502 19502 
Correlation statistics for Night Light values, Total Consumption per household, and Electricity Consumption by 
Household 
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The correlations shown between night lights these variables are displayed for Total Consumption 

per capita and Rainfall as the relationship between these variables is explored in subsequent 

sections.  Electricity Consumption correlations serves as relative level of correlation through an 

avenue through which we expect night lights to proxy for consumption.  Table 1 shows that night 

lights have strong correlations with Area of Residence and Percentage of Agriculture by EA 

(enumeration area, which blocks households into local groups of ten).  This suggests that lights 

are related to both the urban-rural sectoral split and amount of agriculture industry present 

around households.  This motivates a further analysis on the performance of night lights based on 

a segmentation of the data using these characteristics. As expected, consumption variables are 

positively correlated with night lights, which suggests that an increase in lights increases 

consumption.  This holds for food consumption variables as well as other expenses, such as rent, 

gas, communication, education, etc.  Negative correlation between lights and the distance 

variables imply that luminosity is lower further away from areas with higher infrastructure levels 

and economic density. 

Total consumption is positively correlated with lights and electricity consumption, albeit 

at a moderately lower level.  As total consumption is the output variable used for much of the 

analysis in the paper, the limited correlation of this relationship should be considered.  This will 

be discussed later in the paper.  Nonetheless, if the relationship between lights and consumption 

is strong enough it may still be possible to consider the proxy of lights for consumption as valid.  

Total consumption is positively related with food and other expenses, increased rainfall, and 

urban areas, and negatively correlated with the amount of agricultural industry and the distance 

to economic and infrastructural areas. 

The relative difference in correlations between night lights and electricity for each 

variable suggests that lights and electricity are not related to the other variables in equivalent 

ways.  As a result, we might expect night lights to proxy through other avenues in addition 

simply to electricity consumption.  Still the sign of these correlations are equivalent across the 

variables considered.  Similarly, rainfall and lights have equivalent correlation signs across 

variables, except in relation to autoconsumption. 
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V.ii. Performance of Night Light by Sector (Rural/Urban) 

Table 4: Performance of Night Light by Sector 
         Total Consumption    

      
Area of residence (Urban) 38364.36*** 38364.36***                                     

         (8513.005) (8513.005)                                     
Night Light Value from 

Satellite 3477.421***             1654.746*** 822.4554*** 3477.421*** 
         (717.7972)             (184.1784) (240.7941) (718.1144) 

Urban * Night Lights  -2654.966*** 822.4554***                                     
         (758.7276) (240.3065)                                     

Rural * Night Lights             3477.421***                                     
                     (717.7972)                                     

Constant 85661.45*** 85661.45*** 94610.53*** 124025.8*** 85661.45*** 
         (3071.245) (3071.245) (2908.556) (7940.332) (3072.602) 

      
Observations 18920 18920 18920 5887 13033 

Notes: Robust standard errors clustered by Enumeration Area in brackets.  *** p<0.01, ** p<0.05, * p<0.1 
 
Models (1) – (5) are displayed from left to right in Table 4.  The performance of night 

light as a predictor of consumption is broken down into rural, urban, and overall zones.  The 

coefficient on night lights in (1) implies that in a rural zone (where Urban =0), a 1 unit increase 

in night lights leads to a 3,477.42₦ increase in the value of total consumption as measured by the 

local currency Nigerian Naira (NGN).  Using the average of 2010-2013 annual average 

conversion rates of 149.06 Nigerian Naira (₦) to $1.00 USD, this comes to a $23.33 USD.  The 

mean of total consumption per capita is 112845.90₦ ($757.05 USD) and the median is 76,657.20 

₦ ($514.27 USD).  Thus, a 1-unit increase in night light values leads to a 3.08% increase in 

consumption at the mean or a 4.54% increase at the median. 

Taking this estimation relative to the increase in total consumption per capita for urban 

areas, we see a stark difference in the prediction performance of lights.  As estimated by Model 

(1), the effect of lights in urban zones is the sum of Night Lights and the interaction of Night 

Lights * Urban 3477.421 - 2654.966 = 822.455, which is equivalent to the Model (2) interaction 

for Night Lights * Urban (=1) by construction.  This suggests that a 1-unit increase in night light 

leads to an 822.46₦ ($5.52 USD) increase in total consumption, or a 0.73% increase at the mean 

and 1.07% increase at the median in urban zones.  These values are estimated equivalently in 

Models (4) and (5) by segmenting the data by rural and urban. 
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The interaction term Night Lights * Urban shows the discrepancy between the 

performance of rural and urban night light prediction.  With a coefficient of -2654.966₦ (-$17.81 

USD), this implies that a 1-unit increase in night lights leads to a discrepancy of -2.35% at mean 

and -3.46% at median when the rural-urban split is not accounted for in the estimation of 

consumption.  In particular, it is possible to compare the estimate (1654.746) for overall 

prediction of consumption using lights without any controls in Model (3) to the use of lights in 

rural (3477.421) and urban (822.455) zones.  Night lights estimate consumption in urban areas 

by 1654.746 - 822.45 = 832.296₦ ($5.58 USD) below the overall estimate for consumption that 

does not account for the urban and rural sector split.  Night lights estimate consumption in rural 

areas by 3477.421 - 1654.746 = 1822.67₦ ($12.23 USD) above the overall estimate for 

consumption that does not account for the urban and rural sector split.  If we take the estimate for 

overall lights on consumption as the ground truth, this suggests that night lights underestimate 

consumption in urban areas and overestimate consumption in rural areas.  However, it is more 

likely that the overall estimate for lights misestimated as it doesn’t account impact of estimating 

in different sectors. 

Since the coefficient for rural zones is higher, this implies that night lights have greater 

predictive power and can thus better proxy for consumption in rural zones than in urban zones.  

As seen from Appendix Table 1 and Appendix Image 1-3, there is more variation in lights for 

urban areas, although they are more concentrated at the upper and lower ends of the spectrum.  

For rural zones, luminosity values are concentrated on the lower end of the spectrum with a large 

number of households having zero night light emissions averaged over the 5km around their 

respective enumeration area.  This suggests, as was proposed by Chen and Nordhaus (2010), that 

stable light values produced by the NGDC (now NCEI) may not represent lights on the 

extremely low end of the spectrum and thus constructing a separate light value coding system is 

likely required to prepare the satellite data to better capture these households.  The elevated 

performance of night lights in rural areas is likely to the estimates capturing the different 

between zero light and positive light households.  As urban zones have a high presence of lights, 

this may lower the predictive capabilities of luminosity data in urban zones.  The continuous 

variation in urban areas, while more evenly distributed, may not be capturing as intense variation 

as in rural areas between zero and nonzero luminosity households.  In any case, the discrepancy 

between the prediction capabilities of night lights in rural and urban zones exemplifies the 
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problem of misestimating consumption using night lights without accounting for sectoral 

differences. 

 
V.iii.a. Performance of Night Light by Based on Percent Agriculture for Rural, Urban, Overall 

Table 5: Summary Statistics for Industry in Urban Rural and Overall Zones 
 Mean Variance Standard Deviation 
 Urban Rural Overall Urban Rural Overall Urban Rural Overall 

Agriculture 0.1980 0.6978 0.5408 0.1589 0.2109 0.2484 0.3987 0.4593 0.4984 
Mining 0.0042 0.0055 0.0051 0.0042 0.0055 0.0051 0.0648 0.0738 0.0711 
Manufacturing 0.1046 0.1025 0.1033 0.0938 0.0921 0.0927 0.3062 0.3034 0.3044 
Professional 
Science and Tech 0.0541 0.0164 0.0283 0.0512 0.0162 0.0275 0.2262 0.1272 0.1657 

Utilities 0.0112 0.0035 0.0060 0.0111 0.0035 0.0059 0.1054 0.0595 0.0770 

Construction 0.0660 0.0316 0.0424 0.0617 0.0306 0.0406 0.2484 0.1750 0.2015 
Transportation 0.0906 0.0390 0.0552 0.0824 0.0375 0.0522 0.2871 0.1937 0.2284 

Buying and Selling 0.4803 0.2712 0.3369 0.2498 0.1977 0.2234 0.4998 0.4447 0.4727 

Finance insurance 
Real estate 0.0211 0.0016 0.0077 0.0206 0.0016 0.0077 0.1437 0.0401 0.0876 

Professional Services 0.2093 0.0913 0.1283 0.1656 0.0830 0.1118 0.4069 0.2880 0.3344 
Education 0.1096 0.0493 0.0682 0.0976 0.0469 0.0636 0.3124 0.2166 0.2521 
Health 0.0379 0.0219 0.0269 0.0365 0.0215 0.0262 0.1911 0.1465 0.1619 
Public administration 0.1208 0.0480 0.0709 0.1063 0.0458 0.0659 0.3260 0.2139 0.2566 
Other industry 0.0379 0.0210 0.0263 0.0365 0.0205 0.0256 0.1911 0.1433 0.1600 

          

Observations 1424 3101 4530 1424 3101 4530 1424 3101 4530 

 

As seen in Table 5, the means of multiple industries differ by zones.  The rural-urban 

difference for agriculture in particular is pronounced with a .198 average in urban areas to a .698 

average in rural areas.  The variance is considerable for agriculture as well, suggesting that the 

rural-urban split does not directly account for differences in the agricultural industry.  

Furthermore, in Appendix Table 2 the percentage of agriculture by enumeration area shows 

variation between the urban-rural split as well.  The percentage of agriculture in rural areas is 

higher than in urban areas, but the differential is not so extreme that we expect percentage 

agriculture and sector have the same impact on night lights.  This motivates a further 

segmentation of lights performance by percentage of agriculture. 
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This discrepancy occurs for certain industries more than others.  Buying and selling, 

public administration, and professional, science and technology-related activates have higher 

correlations in urban zones and considerable variation.  Other industries have lower differences 

in correlation, such as manufacturing.    Means are different by zone, but not 100% so not 

identical to rural urban split.  This suggests that several industries have variation across the 

sectoral rural-urban split and could interact with night lights in a different way than described in 

section V.ii. 

 

Table 6: Performance of Night Light based on Majority Agriculture and Overall Urban Rural Zones 
         ln (Total Consumption per Capita) 

 Overall Urban Rural 
 (1) (2) (3) (4) (5) (6) 

         

Above 
Average 
Share of 

Agriculture 

Below 
Average 
Share of 

Agriculture 

Above 
Average 
Share of 

Agriculture 

Below 
Average 
Share of 

Agriculture 

Above 
Average 
Share of 

Agriculture 

Below 
Average 
Share of 

Agriculture 
ln (Night Light) .0941794*** .1307093*** .1521007*** .0924078**  .0818732*** .1101672*** 
         (0.0167097) (0.0143647) (0.034497) (0.0452344) (0.0203138) (0.0217667) 
Constant 11.16051*** 11.23573*** 11.12084*** 11.39996*** 11.14307*** 11.22713*** 
         (0.0289953) (0.0427218) (0.0847274) (0.1580563) (0.0327459) (0.0405857) 

       

Observations 4990 7571 2288 3275 3263 3735 
Notes: Robust standard errors clustered by Enumeration Area in brackets.  *** p<0.01, ** p<0.05, * p<0.1 

 

In areas with below average shares of agriculture, the coefficient is higher.  This implies 

that the association between lights and consumption is stronger.  This is consistent with the 

results in Bundervoet et al. (2015).  When there is a greater percentage of agriculture, the 

coefficient on lights is lower, which implies that night lights serve as a weaker proxy for 

consumption.  This could be due to limited lighting required by agricultural-related activities 

relative to other industries, although this assumption would have to be further validated.  In 

zones with less agriculture, more sources of consumption must be present that are picked up by 

lights data than in higher agriculture zones.  This suggests that controlling for agricultural 

industry characteristics could improve night light estimation at the local level.   

For the urban case, the higher share of agriculture leads to a higher coefficient.  This 

means that in urban areas, the greater the percentage of agriculture the higher the coefficient and 

thus correlation.  Thus, the greater the percentage of agriculture the better night lights are at 

predicting consumption.  Since agriculture is assumed to be the reason there are less lights in the 
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previous result, and this holds in rural and overall cases, it is unintuitive to see a higher 

percentage agriculture leading to better predictability in an urban zone.  A potential explanation 

is that there could be more mechanized agricultural plots in urban areas that emit light for 

processing crops and agricultural production.  Another explanation could be through a synergy 

effect, e.g. if urban zones with more agriculture have more integrated economies generally and 

there is a strong relationship between urban locations having strong industry performance in 

other sections if agriculture is highly developed in the area.  This result should be taken with a 

grain of salt however as lights decrease when percentage of agricultural industry increases, even 

when controlling for rural-urban zones as seen in Table 7 below. 

 
Table 7: Lights on Agriculture Share with Sectoral Characteristics 

         Night Light 
 Overall  Urban Rural 

Percent Agriculture by EA -.3110701*** -.1837935***  -.4508124*** -.0748096*** 
         0.0204114 0.0196875  0.0448252 0.0175031 
Urban             16.19851***                          
                     1.72851                          
Constant 27.47076*** 15.54572***  38.49177*** 8.230501*** 
         1.546627 1.505665  1.960355 1.411115 

      

Observations 18918 18918   5885 13033 
notes here      

 
In the rural case as with the overall case, the lower share of agriculture leads to a higher 

coefficient and thus greater predictive power.  In rural zones, the elevated performance of night 

lights performance in low percentage agriculture areas is likely due to lights proxying for other 

sources of consumption that are present. 

 
V.iii.b. Performance of Night Light by Industry Interactions with and without Urban Control  

 The following table examines the effect of industry interactions with the log of night 

lights on the log of total consumption.   
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Table 8: industry interactions 

         Ln(Total Consumption)  Ln(Total Consumption) 
 No Control Urban Control  No Control Urban Control 

Ln(Night Light) .1459127***  .122792*** Constant 11.43775*** 11.45717*** 
         0.0208031 0.024097          0.0555598 0.0549073 
Agriculture * Ln(Night 
Light) -.0384752*   -0.0164804 Agriculture -.1812087*** -.1979544*** 

         0.0228792 0.0228967          0.0485983 0.0476306 
Mining * Ln(Night 
Light) .2168853**  .2136405**  Mining -.926494*** -.8992382*** 

         0.091214 0.0904404          0.2644289 0.276034 
Manufacturing * 
Ln(Night Light) -.0359834*   -.0369706*   Manufacturing -.1880426*** -.1951059*** 

         0.0215859 0.0216933          0.0548936 0.0552016 
Professional Science 
Tech * Ln(Night Light) 0.022983 0.0155429 Professional Science 

Tech -0.1001803 -0.088666 

         0.029077 0.0288387          0.0847789 0.0839975 
Utilities * Ln(Night 
Light) .1446844**  .1281566**  Utilities -0.2759446 -0.2398818 

         0.0662298 0.0632111          0.2300197 0.2181754 
Construction * Ln(Night 
Light) 0.0466518 0.0419082 Construction -0.1446682 -0.132654 

         0.0379417 0.0377621          0.1083927 0.1082079 
Transportation * 
Ln(Night Light) -0.0549147 -0.0592771 Transportation 0.0470493 0.0505709 

         0.0407912 0.04007          0.1207788 0.1184218 
Buying and Selling * 
Ln(Night Light) -.0482299*** -.0514695*** Buying and Selling -0.0775286 -0.0741269 

         0.0179315 0.0179493          0.0493175 0.049431 
Finance Insurance Real 
Estate * Ln(Night Light) 0.0362744 0.0003922 Finance Insurance 

Real Estate 0.0581785 0.1508394 

         0.1217147 0.1192431          0.4104833 0.4020692 
Professional Services * 
Ln(Night Light) 0.0010514 -0.0017748 Professional Services -.1911474*** -.1912288*** 

         0.0215034 0.0211713          0.0617806 0.061075 
Education * Ln(Night 
Light) -.0582126**  -.0584347**  Education .1506406**  .1482546**  

         0.0269852 0.0273721          0.0689264 0.0702199 
Health * Ln(Night Light) -0.0165827 -0.012226 Health   .2261809*** .2216784*** 
         0.0270633 0.0265389          0.0736762 0.075246 
Public Administration * 
Ln(Night Light) -.0475057*   -.0539754*   Public Administration .2056417**  .2178413**  

         0.0286987 0.0286431          0.0895928 0.0896429 
Other Industries * 
Ln(Night Light) 0.0566929 0.053826 Other Industries -.2701449**  -.2766897*** 

         0.0368522 0.0367059          0.1061208 0.1056352 
   Urban                -.1852505**  
                        0.0926218 

   Urban * Ln(Night 
Light)             .0811484**  

                0.0323586 
Observations 3086 3086   3086 3086 
Notes: Robust standard errors clustered by Enumeration Area in brackets.  *** p<0.01, ** p<0.05, * p<0.1 
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 Using the interaction of night light and industry involvement of individual households, 

we are able to determine whether other industries are correlated with the estimation of 

consumption using night light.  As seen in Table 8, the interaction term for Buying and Selling * 

Ln(Night Light) is significant and negative.  This holds both in the specification with and 

without urban controls.  This implies that for households where buying and selling activities are 

higher, night lights will be less capable of capturing their consumption characteristics.  In other 

words, night lights perform better when households are less involved in the buying and selling 

industry.  This result suggests that night lights are less capable of proxying for certain forms of 

informal activity, such as trading.  In some ways this makes sense as individuals selling in open 

air markets will not produce luminosity emissions that would be picked up at night.  Although 

night light data is capable of measuring activity in ways that are unavailable otherwise, e.g. in 

areas not defined by administrative units, they may be leaving out important details that occur at 

the local level. 

Mining and utilities industries have positive and significant interactions with night lights 

for both specifications with and without urban controls.  This suggests that lights are better at 

proxying for consumption characteristics in zones with higher mining or utilities-related 

operations.  This supports the characterization of night lights as proxying for infrastructure-

related activity.  As mining operations and utility-related plants likely have some above ground 

activity, we could assume that the luminosity data is proxying for the presence of these industries 

in the estimation of consumption.  It is possible that the mining-related activity is picking on gas 

flares at production plants, which could be further corrected for in the data. 

Education-affiliated appear to be poorly represented by night lights relative to non-

education affiliated households.  The interaction term between education and lights is significant 

and negative, suggesting that lights perform worse when a household has a member that works in 

education.  The reason for this is not immediately obvious from and could be a result of 

educators being paid less and thus living in less economically favorable areas or a variety of 

other factors.  Still, educational-affiliated impacts the performance of night lights as a proxy for 

consumption. 

Using a Wald test to test the joint hypothesis that the interaction terms are zero yields an 

F-statistic (14, 305) = 2.46.  This implies a probability > F = 0.0027 so we reject the null 

hypothesis that the interaction terms are jointly equal to zero at the greater than one percent 
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significance level.  Therefore, the interaction terms are required to estimate consumption 

properly in this case.  This implies that the correlation between night lights varies 

systematically across industries.  As controlling for each of these industry characteristics 

assumes a strong understanding of local level characteristics, it may be difficult to implement 

controls for this type of misestimation, especially if there is not survey data available for a 

region. 

 

V.iv.a Ratio of Autoconsumption to Purchased Consumption 

 
Table 9: Total Consumption on lights and auto/purchase ratio interactions 

         
Total 

Consumption 
Total 

Consumption 
Education 
Expenses 

Yam 
Autoconsumption 

     

Auto/Purchased Consumption Ratio 8273.678**  8894.321**  2.539222 255.7745*** 
         3420.475 3522.773 13.82291 83.15002 
Night Light 1838.637*** 3983.403*** 395.0963*** -92.09932*** 
         203.4821 801.8537 76.44506 19.42127 
Auto/Purchased Consumption Ratio 
* Lights -171.296 -585.2835 -44.78406*** 8.748133 

         223.095 580.8349 16.13258 16.7878 
Urban             46742.38*** 2778.976*** -1995.567*** 
                     9081.212 1069.364 339.6051 
Urban * Lights             -3139.236*** -190.7658**   78.1764*** 
                     838.7277 85.52605 19.81479 
Auto/Purchase Ratio * Urban             -5178.893 -687.8176**  1503.844*** 
                     7426.618 343.5887 435.4002 
Auto/Purchase Ratio * Urban * 
Lights             585.127 53.32351**  -55.7819**  

                     623.7559 22.64299 23.6577 
Constant 86841.22*** 76060.83*** 2790.949*** 3035.149*** 
         4082.689 4601.253 233.0225 290.0043 

     

Observations 18876 18876 18876 18876 
Notes: Robust standard errors clustered by Enumeration Area below coefficient estimates.  *** p<0.01, ** 
p<0.05, * p<0.1 

 As seen in Table 9 above, the interaction between the auto to purchased consumption 

ratios and lights is not significant except in the case of educational expenditures by household.  

Nevertheless, the negative relationship for this interaction term in the first two regressions is in 

line with the intuition that as the auto to purchased consumption ratio falls and local economies 

become more market-oriented, night lights increase and become more strongly correlated with 
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consumption.  As these estimates are not significant it is not possible to fully verify this intuition.  

However, we can look at educational expenses as a normal good and yam autoconsumption as an 

inferior good.  In this context, when education expenses as a normal good increase, we expect 

night lights to increase.  As the interaction term between lights and the ratio is significant and 

negative, lights perform better in low auto to purchased consumption households.  Thus, when 

households are more market-oriented and purchasing normal goods, such as education, night 

lights will perform better.  While the yam autoconsumption regression does not yield significant 

results on this interaction, it does not counteract the case shown with educational expenditure.  

The strong negative coefficient on lights also suggest that yam autoconsumption occurs in areas 

with limited night lights. 

 

V.iv.b Ratio of Autoconsumption to Total Consumption 

 
Table 10: Total Consumption on Lights and Auto/Total Ratio Interactions 

         Total 
Consumption 

Total 
Consumption 

Education 
Expenses 

Yam 
Autoconsumption      

Auto/Total Consumption 
Ratio -2600.434 29904.28*   -3923.726*** 16707.86*** 

         15254.11 17176.66 710.1242 1529.16 
 
Night Light 1667.394*** 4266.624*** 403.4494*** 30.75461*** 

         218.7659 903.9972 88.48762 8.956566 
Auto/Total Consumption 
Ratio * Lights -1084.715 -7186.646**  -605.0514*** -225.556**  

         1178.6 3077.843 230.7173 114.5677 
Urban             48455.83*** 2674.265**  639.1935*** 
                     10754.85 1281.389 203.8662 
Urban * Lights             -3495.296*** -205.7348**  -29.37122*** 
                     943.0305 97.79171 9.401626 
Auto/Total Ratio * Urban             -61797.83 -4326.899 -1555.315 
                     41957.43 3573.703 3252.579 
Auto/Total Ratio * Urban 
* Lights             6702.295**  195.1346 168.3622 

                     3333.916 292.2913 150.9944 
Constant 95455.29*** 79222.39*** 3761.561*** -629.2228*** 

 4849.517 5697.675 358.8883 166.2614 
             

Observations 18920 18920 18920 18920 

Notes: Robust standard errors clustered by Enumeration Area below coefficient estimates.  *** p<0.01, ** 
p<0.05, * p<0.1 
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Similar to the previous ratio, the autoconsumption to total consumption ratio measures the 

relative amount of autoconsumption that a household participates in.  In this case, Table 10 

shows significant and negative coefficients for the ratio and lights interaction term across three 

of the regressions.  This implies that for high auto to total consumption ratio houses, lights 

perform worse at estimating total consumption, educational expenditure, and yam 

autoconsumption.  This suggests that the less market-oriented the local economy, the less light 

lights are correlated to the outcome variables.  This is in line with the theory that more market-

oriented economies have more lights and greater correlation between lights and consumption. 

 

V.v.a. Rainfall and Night Light Results beginning with Autoconsumption 
 
 
 
 
 

Table 11: Autoconsumption Variables Predicted by Rainfall 

         sorghum millet maize rice yams cassava cereal bread 
above average 
rainfall -174 175.3   -624.9***   -449.5***  -1151.4***  -3497.6*** -50.48   -68.70**  

         145.4 133 120.3 127.1 306.4 453.9 45.99 31.5 
Constant    925.0***    532.8***   1024.7***    769.1***   2406.8***   4140.1***    95.48**     83.42*** 
         82.53 70.2 93.89 104.3 207.7 440.3 38.4 31.25 
Observations 9772 9772 9772 9772 9772 9772 9772 9772 

         
 tubers poultry meat fish dairy fats fruit veges 

above average 
rainfall  -1286.2*** -141.7    166.4**  452.6 95.48   -763.5*** -30.16   -418.5*** 

         240.5 144.6 79.7 334.3 65.38 241.2 94.21 88.54 
Constant   1724.4***    505.6***    133.6***    370.7***    121.2***   1370.6***    408.7***    739.9*** 
         222.7 117.5 28.15 118.7 31.13 176.9 62.46 70.83 
Observations 9772 9772 9772 9772 9772 9772 9772 9772 

         
 beans sweets beverages alcohol other    

above average 
rainfall   -113.3**  127.6    55.70***   -96.44**  2.712    

         56.16 110.5 21.51 47.52 2.006    
Constant    415.8***    15.65***    27.09***    128.6***    2.824***    
         43.16 4.447 7.558 45.73 0.844    
Observations 9772 9772 9772 9772 9772    

         
 sorghum millet maize rice yams cassava cereal bread 

rainfall   -2.271***   -2.662***   -0.516***   -0.311***    2.747***    5.244*** 0.0764   0.0799*** 
         0.185 0.269 0.137 0.117 0.378 0.494 0.0585 0.0242 
Constant   4073.9***   4329.0***   1509.1***   1135.7***  -1233.4***  -4387.2*** -35.58 6.697 
         293.3 427.6 198.7 167.2 457.7 521.1 66.83 32.28 
Observations 19107 19107 19107 19107 19107 19107 19107 19107 
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 tubers poultry meat fish dairy fats fruit veges 

rainfall    2.907*** 0.161    0.279**  -0.1  -0.0996**  -0.141    0.968***    0.592**  
         0.272 0.122 0.11 0.268 0.0475 0.834 0.118 0.292 
Constant  -2427.5***    334.1**  84.8   1140.1*      306.8*** 1753.9   -626.9*** 451.5 
         273.5 149.2 124.2 609.3 76.78 1239.6 120.3 384.2 
Observations 19107 19107 19107 19107 19107 19107 19107 19107 

         
 beans sweets beverages alcohol other    

rainfall   -1.036*** -0.0801    0.181*      0.103***    0.111**     
         0.112 0.0724 0.103 0.025 0.0441    
Constant   1960.7*** 172.3 -92.16 -37.12   -87.40**     
         178.3 108.4 112.5 38.67 41    
Observations 19107 19107 19107 19107 19107       

notes here         

 
 

 Of the estimates in Table 11, the variables for alcohol, non-alcoholic beverage, beans, 

vegetables, fats, meat, tubers, bread, cassava-gari, yams, rice, and maize are significantly 

correlated with rainfall and above average rainfall for the year 2010.  These items are all 

components of autoconsumption of households, and together make up total autoconsumption.    

Alcohol, beans, vegetables, fats, tubers, bread, cassava, yams, rice, and maize have significant 

negative relationships while meat and non-alcoholic beverages have significant positive 

correlations. 

 
V.v.b. Autoconsumption predicted by Rainfall and Night Light Results and Other Controls 
 

Table 12: Autoconsumption Variables Predicted by Lights and Rainfall 

         sorghum millet maize rice yam cassava cereal 
Night Light -11.62767*** -1.961282 -14.53047*** -9.840826**  -66.8734*** -71.90657*** -0.5086721 

         2.992658 2.791351 2.281705 4.303706 7.262512 8.898912 0.6142801 
Urban -833.4926*** -739.4822*** -568.8441*** -148.6512 -1018.931*** -1330.358*** -40.88233*   
         141.1304 144.5264 104.2367 172.5655 285.1505 324.1533 21.69298 

HH Size 18.32847 -1.36125 19.89085 -28.13892**  -225.2344*** -137.9846*** -2.461329 
         14.67584 25.96246 20.92331 12.43678 38.69671 38.29446 4.025513 

rainfall -2.00526*** -2.551863*** -0.2441478 -.2189667*   3.318192*** 6.048794*** 0.0847279 
         0.1756101 0.2432808 0.1565238 0.1323992 0.3991156 0.4966829 0.0689818 

Constant 4013.478*** 4448.638*** 1378.654***  1333.97*** 363.7154 -3435.93*** -13.97135 
         315.1555 391.3752 259.5975 215.115 582.3485 551.0698 91.90783 

Observations 18919 18919 18919 18919 18919 18919 18919 
        

 bread tubers poultry meat fish dairy fats 
Night Light -0.7900443 -46.12881*** -8.598536*** -10.45922*** -11.18992 -0.7166471 -39.78012*** 

         0.5378241 8.192254 2.357101 3.234889 8.765974 0.8268371 10.66387 
Urban -39.72253 291.6237 -363.6758*** -112.8705 -415.6386 -91.07029**  -315.1544 
         28.0835 377.6416 107.0232 141.4612 439.2553 35.60844 676.5533 

HH Size -23.6344*** -164.013*** -24.28747 -80.31336*** 49.36291 -14.86023**  -262.7648*** 
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         5.482925 27.85246 20.56625 22.02259 115.306 6.587474 83.86397 
rainfall .0600508*** 3.150543*** .2731554**  .2940171**  0.1641656 -.1033286**  -0.0480006 
         0.0222431 0.2854096 0.1355053 0.11622 0.1985111 0.0490441 0.9226508 

Constant 170.4386*** -1399.668*** 537.8322**  671.2384*** 770.6521*   432.4528*** 3672.081**  
         41.59999 297.1846 242.2943 214.4003 456.1269 99.63804 1771.389 

Observations 18919 18919 18919 18919 18919 18919 18919 
        

 fruit veges beans sweets beverages alcohol other 
Night Light -13.71264*** -20.43116*** -3.001782*   -0.8971642 -0.2546314 -3.611652*   -1.19234*** 

         2.669322 3.411793 1.648838 1.786671 0.6709852 1.96597 0.2494349 
Urban -172.5787 -762.0538 -419.6468*** 138.5797 -82.22606 59.12046 -4.428962 
         236.3482 468.8688 81.53559 99.65827 64.57266 85.38741 10.39185 

HH Size -111.3699*** -161.8557 -33.77235*** -8.912625 -7.228032 -4.113842 -4.147883*** 
         39.53497 99.41125 9.307365 6.08321 6.47064 6.762229 1.4548 

rainfall .9812659*** .6815334**  -1.002958*** -0.1012582 .1847928*   .1316617*** .0759231*** 
         0.1188025 0.2860057 0.1115183 0.0647834 0.1080294 0.0319098 0.0143363 

Constant 197.3907   1723.6*   2273.956*** 217.8045**  -27.60402 -30.7791 -20.82575 
         397.0589 1006.159 218.1005 88.86146 93.19051 63.64328 20.36287 

Observations 18919 18919 18919 18919 18919 18919 18919 

 
 
 Table 12 shows that as night lights increase, all autoconsumption variables with 

significant estimates decrease across the board.  This negative relationship between lights and 

autoconsumption suggest that households with greater levels of autoconsumption exhibit 

characteristics that lead to lower light values.  Table 12 shows that autoconsumption variables 

decrease in urban areas.  This explanation for these relationships is that urban areas are more 

likely to purchase items for consumption than to auto-consume as agriculture has a lesser share 

of industry in these zones.  An increase in household size leads to lower autoconsumption.  This 

could be explained by the assumption that higher household size proxies for lower prosperity of 

households as some larger household units are formed to combat poverty, although this would 

have to be validated further.  Further, we see that rainfall increases autoconsumption.  This 

suggests that rainfall as a proxy leads to higher cultivation and yields of crops that individual 

farming households can benefit from.  This holds across all variables, with the exception of 

sorghum, but sorghum is a subsistence crop that does not require much water to grow (Charles 

2013). 
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V.v.c.i. Overall Case: Auto and Purchased Consumption with Rainfall and Night Light  
 

Table 13: Autoconsumption and Purchased Consumption Predicted by Lights and Rainfall 

         Autoconsumption Purchased Consumption 

 
    

Night Light -338.0136***             699.4648***             

         31.07153             238.9303             

Urban -6970.384*** -14769.45*** 8622.374 24845.28*** 

         1452.459 1271.804 8392.143 4575.031 

HH Size -1208.872*** -1196.262*** -6658.811*** -6740.944*** 

         225.5056 226.8868 540.9798 535.081 

Rainfall  9.17304***  6.30341*** -9.800358 -3.903959 

         1.573693 1.66404 5.949852 6.728819 

Constant 17277.12*** 19737.18*** 101783.1*** 97116.01*** 

         2831.817 2958.539 8339.026 8783.683 

 
    

Observations 18919 19107 18919 19107 

Notes: Robust standard errors clustered by Enumeration Area below coefficient estimates.  
*** p<0.01, ** p<0.05, * p<0.1 

 
Table 13 estimates night light and rainfall on total autoconsumption and purchased 

consumption, which are the sum of variables from each autoconsumption category.  As expected 

from above, total autoconsumption decreases significantly as night light values increase.  Similar 

to the previous Table 12, urban areas and larger household sizes significantly lead to a decrease 

in autoconsumption.  The rationale for these effects should be consistent with those described 

above for individual autoconsumption categories.  Furthermore, the effect of rainfall on total 

autoconsumption is significant and positive, which implies that rainfall increases yields for self-

producing households. 

For purchased consumption, rainfall is no longer significant.  Night lights are significant, 

which suggests that lights can proxy for purchased consumption while rainfall should not be used 

as a proxy here.  Household size remains significant and negative, suggesting that larger 

households exhibit some characteristic that leads to lower consumption levels.  As urban and 

night lights are both included in Model (3), urban loses significance.  This may imply that the 

urban sector and night lights are capturing some degree of similar variation in purchased 

consumption. 
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V.v.c.ii. Urban Case: Auto and Purchased Consumption with Rainfall and Night Light 

 

Looking at the urban case, the coefficients for night light remain significant and negative 

for autoconsumption and significant and positive for purchased consumption.  This implies that 

autoconsumption decreases and purchased consumption increases when lights increase for urban 

households.  The effect of household size is significant and negative across all regressions 

implying that higher household capacity is correlated to lower economic standing.  Rainfall is no 

longer significant for autoconsumption in urban areas, but it is significant for purchased 

consumption.  Based on the results of Table 14, we expect urban areas with higher rainfall lower 

levels of purchased consumption.  Since autoconsumption is not significantly increasing due to 

rainfall, the regressions do not lead us to the explanation that these households substitute self-

produced crops for purchased consumption when there is higher rainfall.  Thus, the intuition for 

the effect of rainfall on purchased consumption is not immediately clear. 

 
Table 14: Urban Autoconsumption and Purchased Consumption Predicted by Lights and Rainfall 

         Urban 
 Autoconsumption Purchased Consumption 
     

Night Light -214.8496***             374.9393***             
         29.59462             118.7437             
HH Size -847.7482*** -868.8215*** -8349.42*** -8399.797*** 
         268.4656 273.3643 895.8326 875.0104 
Rainfall 2.856237 -1.055356 -39.70439*** -32.84952**  
         3.051055 3.139004 12.43235 12.94103 
Constant 13708.85**  13314.86**  168542.9***   169861*** 
         5417.906 5545.036 20725.9 20099.62 

     

Observations 5886 6013 5886 6013 
Notes: Robust standard errors clustered by Enumeration Area below coefficient estimates.  *** p<0.01, ** p<0.05, * 
p<0.1 
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V.v.c.iii. Rural Case: Auto and Purchased Consumption with Rainfall and Night Light  
Table 15: Rural Autoconsumption and Purchased Consumption Predicted by Lights and Rainfall 

         Rural 
         Autoconsumption Purchased Consumption 

     
Night Light -767.1332***             2448.401***             
         119.6147             784.6006             
HH Size -1388.924*** -1338.045*** -5939.914*** -6145.84*** 
         293.3798 296.1628 636.2711 642.132 
Rainfall 12.82254*** 8.708081*** -7.621173 5.472422 
         1.769412 1.858274 6.197396 7.48049 
Constant 15097.45*** 17530.41*** 89078.93*** 81614.85*** 
         3156.505 3307.757 8217.956 9385.732 
Observations 13033 13094 13033 13094 
Notes: Robust standard errors clustered by Enumeration Area below coefficient estimates.  *** p<0.01, ** 
p<0.05, * p<0.1 

Looking at the rural case, we see the same trend where higher night light decreases 

autoconsumption and increases purchased consumption significantly.  Higher household size 

continues to lower autoconsumption and purchased consumption significantly.  Rainfall provides 

the same results as seen in the overall case where more rainfall leads to higher autoconsumption 

and is ambiguous about purchased consumption.  These results fit with what was expected as 

rural areas are more likely to benefit from rainfall as they have a greater share of agricultural 

activity. 

V.v.d.i. Overall Case: Rainfall Night Lights, Consumption Levels and Growth Rates 
Table 16: Change in Consumption Predicted by Change in Lights and Change in Rainfall 

         Change in Yam 
Autoconsumption 

Change in Sorghum 
Autoconsumption 

Change in Total 
Consumption 

Change in 
Autoconsumption 

Change in 
Purchased 

Consumption 

 
     

Change in 
Rainfall -89.69416 4.34163 1.227837*** -5.163392 1.706856*** 

         83.42265 2.655054 0.3042652 10.72571 0.4542165 

Change in 
Lights -0.2462225 -.0154792*   0.0001871 -0.0846791 0.0085006 

         0.2924004 0.0089109 0.004179 0.0813466 0.0086531 

Constant 8.179963 0.2583353  .448524*** 10.86847**  .7080643*** 
         7.87728 0.2853865 0.0295298 5.307126 0.0482322 

 
     

Observations 

1886 1218 12229 6704 12211 

Notes: Robust standard errors clustered by Enumeration Area below coefficient estimates.  *** p<0.01, ** p<0.05, * p<0.1 
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 Table 16 shows that the only significant effects are the change in total consumption and 
the change purchased consumption as a result of the change in rainfall.  This implies that that 
rainfall can proxy for total consumption and purchased consumption, but not for changes in 
autoconsumption or individual autoconsumption crops.  More importantly, none of the effects for 
change in night lights are significant at the five percent level.  This suggests that although lights 
may proxy well for consumption levels, including autoconsumption and purchased consumption, 
luminosity data does not proxy well for changes over time.  This leads to the concern that night 
lights are not the best source of data for estimating growth rates of economic variables at the 
local level.  This is in line with previous statements in the literature that express concern about 
night lights ability to effectively proxy for growth rates, especially given a short time horizon.  
This is likely due to variation in night lights over the years predicted.  Without more consistent, 
long-term data, time differencing of night lights is likely to prove ineffective at estimating 
growth rates.  Now we look at the effect of the change in rainfall and the change in lights on 
consumption levels. 

Table 17: Change in Autoconsumption Levels and Rates 

         Yam 
Autoconsumption 

Sorghum 
Autoconsumption 

Total 
Consumption Autoconsumption Purchased 

Consumption 
Night Light  42.7543*** -102.0248*** 144.8733 -111.6839 -214.7475 
         16.24195 14.75393 882.6104 92.76306 781.4899 
Rainfall 3.258751*** -2.333868*** 15.28523 11.92845*** -19.04937 
         0.4139202 0.2593079 16.11341 2.46604 14.46786 
Night Light 
* Rainfall -.0662186*** .0594267*** 0.7471816 -.1826866*** 0.6789126 

         0.0115935 0.0092569 0.6544029 0.0619529 0.5994222 
Change in 
Rainfall -1668.597*** 1558.914*** 51167.95**  -1347.602 61218.84*** 

         314.2536 274.0453 21237.4 5012.444 18322.37 
Change in 
Lights -12.71156**  -3.964043*   -334.7827*   -91.90333*** -117.7663 

         5.070852 2.229698 202.2179 34.21489 156.4021 
Rain Change 
* Lights 
Change 

5.363613 -4.122356 -877.3749*   -18.54843 -700.1213*   

         15.49253 6.653047 458.3849 113.5375 402.998 
Constant -1919.341*** 3989.445*** 87361.62*** 3409.011    84298*** 
         498.6616 406.2056 21747.86 3327.299 19492.09 

Observations 12229 12229 12229 12229 12229 

Notes: Robust standard errors clustered by Enumeration Area below coefficient estimates.  *** p<0.01, ** 
p<0.05, * p<0.1 
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 As Table 17 shows, a change in rainfall drastically lowers yam autoconsumption and 

raises sorghum autoconsumption.  Considering that yams are a rain-dependent crop and sorghum 

grows regardless of rainfall levels, these effects are expected as variability of rainfall increases.  

As variability in rainfall is shown to increase total consumption and purchased consumption here 

but not autoconsumption, this suggests that households may be purchasing food items more in 

zones with high rainfall variability.  This will be explored further in the following urban and 

rural sections.  A change in lights leads to lower autoconsumption of both yam and sorghum 

crops, lower total consumption, and lower autoconsumption with significance.  The high 

significance at the greater than one percent level of the effect of the change in lights on 

autoconsumption implies that areas that gain lights will consequently have lower levels of 

autoconsumption.  Although this may be the case, as seen in the previous table, autoconsumption 

does not change significantly so this relationship does not imply a direct growth of lights to 

decline in autoconsumption relationship.  It simply suggests that places where lights are likely to 

grow may have less autoconsumption already. 

 

V.v.d.ii. Urban Case: Rainfall Night Lights, Consumption Levels and Growth Rates 
  

Table 18: Change in Consumption Predicted by Change in Lights and Change in Rainfall (Urban Case) 

 Urban 

         Change in Yam 
Autoconsumption 

Change in 
Sorghum 

Autoconsumption 

Change in Total 
Consumption 

Change in 
Autoconsumption 

Change in 
Purchased 

Consumption 

 
     

Change in 
Rainfall 

0.0922968 19.28385  .893904*   -7.352487 1.586079**  

         0.3986801 12.70859 0.457018 22.85782 0.7214342 
Change in 
Lights 

-.0046286**  -0.0178902 0.0027102 -0.0548921 0.0090634 

         0.0018635 0.0307113 0.0045724 0.0383827 0.0089499 
Constant -.6029609*** 1.866303 .4353572*** 6.459126 .6949243*** 
         0.071351 2.07776 0.046453 4.056928 0.0792108 

 
     

Observations 469 187 5293 1951 5285 
Notes: Robust standard errors clustered by Enumeration Area below coefficient estimates.  *** p<0.01, ** p<0.05, 
* p<0.1 

 While Table 18 shows that a positive change in lights leads to a negative change in yam 

autoconsumption over the same period, this result is not significant across any of the other 

regressions in the table.  This shows that changes in lights have some relationship to changes in 
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local level activity, but these assessments may not boil up to the rates of change in overall 

consumption levels needed to use night lights as a proxy.  Still, the relationship to yam 

autoconsumption at the five percent significance level suggests that lights can provide insight 

into local level changes if we can better understand the mechanisms through which luminosity 

data operates.  As before, an increase in rainfall change is correlated with higher consumption 

growth and purchased consumption growth rates. 

 

Table 19: Change in Autoconsumption Levels (Urban Case) 
 Urban 

         Yam 
Autoconsumption 

Sorghum 
Autoconsumption 

Total 
Consumption Autoconsumption Purchased 

Consumption 
      

Night Light 49.46708*** -45.35495*** -1877.29 10.4204 -1793.298*   
         13.50831 13.48808 1205.507 151.593 962.5852 
Rainfall 2.649169*** -1.33387*** -31.75723 7.838004 -64.70197**  
         0.6301008 0.338464 33.06542 6.066032 25.97361 
Night Light * 
Rainfall -.0546395*** .0277398*** 1.793465**  -0.1609079 1.503394**  

         0.0122838 0.0084095 0.8248333 0.1093138 0.6480791 
Change in 
Rainfall -838.2499**  529.8406**  41881.43 1920.447 59135.31**  

         413.0349 235.3604 32466.53 6775.707 23497.27 
Change in Lights -4.687422*** -1.580594*   -245.4416 -39.69547*** -73.76456 
         1.419364 0.8764578 173.6926 11.92661 134.783 
Rain Change * 
Lights Change 0.635682 -0.6727085 -450.2796 -1.05665 -320.999 

         4.183472 2.406058 353.1343 38.56729 302.7867 
Constant -1972.306*** 2160.794*** 171596.4*** 2832.722 160096.8*** 
         629.863 533.8912 46860.1 8139.995 37636.29 

      

Observations 5293 5293 5293 5293 5293 
Notes: Robust standard errors clustered by Enumeration Area below coefficient estimates.  *** p<0.01, ** p<0.05, * 
p<0.1 

 Table 19 shows that a change in rainfall leads to lower yam autoconsumption and higher 

sorghum autoconsumption.  This shows that autoconsumption crops follow the same patterns in 

urban areas in overall areas.  Purchased consumption levels increase as rainfall changes, which is 

consistent with the overall case.  A change in night lights is associated with lower levels of yam, 

sorghum, and total autoconsumption in urban zones which is consistent with the overall case as 

well. 
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V.v.d.iii. Rural Case: Rainfall Night Lights, Consumption Levels and Growth Rates 
 

Table 20: Change in Consumption Predicted by Change in Lights and Change in Rainfall (Rural Case) 

         Rural 

 
Change in Yam 

Autoconsumption 
Change in 
Sorghum 

Autoconsumption 

Change in 
Total 

Consumption 

Change in 
Autoconsumption 

Change in 
Purchased 

Consumption 
      

Change in 
Rainfall -128.125  1.61918*** 1.443807*** -3.719844  1.78489*** 

         118.0897 0.3181201 0.4035341 12.95998 0.5910076 
Change in 
Lights -3.571199 -.0650005*   -.0728657*** -0.2622171 -0.0069954 

         3.365394 0.0361832 0.0191959 2.02124 0.0495217 
Constant 10.52663 0.034999 .4649017*** 12.69624*   .7193518*** 
         9.98251 0.0966234 0.0402594 7.4753 0.0617133 

      

Observations 1417 1031 6936 4753 6926 

Notes: Robust standard errors clustered by Enumeration Area below coefficient estimates.  *** p<0.01, ** 
p<0.05, * p<0.1 
 

 The rural case shows that higher rainfall changes lead to higher sorghum 

autoconsumption, total consumption and purchased consumption.  Changes in autoconsumption 

remains insignificant.  This suggests that the amount of auto-consumed foods is fairly 

consistent year to year regardless of rainfall; however, when additional rainfall hits, which 

may consequently lead to greater crop yields, farmers may use their excess production to 

trade for other items and thus this would increase purchased consumption and total 

consumption.  Furthermore, since sorghum is a crop that has higher yields when it receives 

greater rainfall, the increase in rate of sorghum autoconsumption due to a higher rainfall change 

is expected.  Lights significantly predict a decrease in total consumption, which suggests 

that lights may be capturing adverse effects of local development and not simply increases 

in consumption. 
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Table 21: Change in Autoconsumption Levels (Rural Case) 
         Rural 

 Yam 
Autoconsumption 

Sorghum 
Autoconsumption 

Total 
Consumption Autoconsumption Purchased 

Consumption 
      

Night Light 43.16006 -234.2451*** -522.5968 -642.2636*   -1499.135 
         84.15958 31.19368 2970.208 364.7099 2792.5 
Rainfall 3.602394*** -2.832437*** 22.87117 12.85049*** -14.42358 
         0.5824796 0.3236947 18.42483 2.953658 17.85078 
Night Light * 
Rainfall -.0961082*   .1337417*** 2.023277 0.0222435 2.463905 
         0.0571483 0.018989 2.177438 0.2641067 2.138021 
Change in 
Rainfall -2321.736***  2197.46*** 59300.16**  -3758.181 66598.08**  
         448.7166 390.6782 28793.5 6909.694 27379.63 
Change in 
Lights -215.2758*** -57.83874 -3830.911*** -1304.387*** -2048.888*** 
         81.67013 38.56201 1148.342 459.0974 782.7921 
Rain Change * 
Lights Change 514.1757 105.5702 -9867.248 803.2816 -10638.62**  
         348.131 315.1391 7330.972 3021.695 5389.743 
Constant -1937.658*** 4892.833*** 65454.06*** 4842.455 67538.99*** 
         717.3384 501.5648 23083.95 3811.255 22317.4 

      
Observations 6936 6936 6936 6936 6936 
Notes: Robust standard errors clustered by Enumeration Area below coefficient estimates.  *** p<0.01, ** p<0.05, * 
p<0.1 

 In Table 21, a higher change in rainfall leads to lower yam autoconsumption and higher 

sorghum autoconsumption, which is consistent with the urban and overall cases.  Total and 

purchased consumption levels are higher as well, which is consistent with the urban and overall 

case.  The coefficient for change in rainfall estimating autoconsumption remains insignificant.  

This supports the hypothesis that change in rainfall impacts the amount of production yield 

available for trading and thus consumption through purchase.  Night lights changes are 

associated with lower levels of total consumption, autoconsumption, and purchased consumption 

in rural zones.  This is counterintuitive when we expect an increase in lights to proxy for higher 

consumption levels, e.g. we expect areas with higher consumption already to be most susceptible 

to having an increase in night light emissions if lights proxy for development of local economies.  

This is in line with the proposition that night lights may be capturing adverse effects of 

development for households in addition to capturing local economic development.  This implies 

that growth in lights could be predicting increasing or decreasing consumption, which is 

problematic if lights are simply expected to positively correlate with consumption.  As a 
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result, understanding clearly how night lights is capturing local level economic changes is 

vital to the use of night lights as a proxy for consumption. 

 

V.v.e. Performance of Lights in Above and Below Average Rainfall Zones 
 

Table 22: Performance of Lights in Above and Below Average Rainfall Zones 

 (1) (2) (3) 

 Total Consumption Total Consumption Total Consumption 
 Above Average Below Average With interactions 

Night Light 1302.562*** 1977.574*** 1977.574*** 
         168.1324 186.6495 186.58 
Above Average Rainfall                         1216.2 
                                 4112.563 
Above Average Rainfall * 
Night Light 

                        -675.012*** 

                                 251.2955 
Constant 81403.93*** 80187.73*** 80187.73*** 
         3464.578 2303.784 2302.927 

    

Observations 3061 6711 9772 
Notes: Robust standard errors clustered by Enumeration Area below coefficient estimates.  *** p<0.01, ** 
p<0.05, * p<0.1 

 Table 22 examines the performance of night lights based on rainfall characteristics.  The 

coefficient estimates from night light is higher for Model (2) than for Model (1).  As Model (2) 

segments households by below average rainfall, this implies that night lights perform better in 

below average rainfall zones.  The interaction term from Model (3), Above Average Rainfall * 

Night Light, implies there is a -675.01₦ (-$4.53 USD) change in consumption due to not 

accounting for rainfall zones in night light estimation of total consumption within this model.  

Although Above Average Rainfall is not significant by itself, the interaction term is, suggesting 

that there is some unexplained relationship between these variables in estimating total 

consumption.  While identifying the source of this relationship is not straightforward, this 

result shows that night lights are involved in a variety of potentially unexpected 

relationships that both lead to the strong predictive power of night lights and the high 

likelihood of missing an important effect of night light estimation that may bias the 

outcome variable prediction.   
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V.v.f. Distance to Population Center and Interaction between Rainfall and Night Lights 
 

Table 23: Relationship between Rainfall, Lights, and Population Centers 

         Rainfall Distance to Population Center 

   
Night Light  5.69661*** -1.360043*** 
         (0.7125679) (0.195598) 
Rainfall             -.0142845*** 
                     (0.0024758) 
Rainfall * Night Light             .0006689*** 
                     (0.000123) 
Constant 1238.223*** 42.05903*** 
         (19.73443) (3.495797) 

   
Observations 18919 9772 
Notes: Robust standard errors clustered by Enumeration Area below coefficient estimates.  *** p<0.01, ** p<0.05, 
* p<0.1 

 While it is difficult to explain the relationship between lights and rainfall, on potential 

avenue for this interaction is the proximity to established economic areas and infrastructure.  

Table 23 shows that there is a strong, positive, and significant relationship between night lights 

and rainfall.  To examine this further, the coefficients on Night Lights, Rainfall, and their 

interaction were used to predict the distance to population centers.  As we can see, night lights 

and rainfall are both significant and negatively related to this proximity variable.  This implies 

that further away from population centers, households have lower levels of rainfall and lower 

night light values.  The interaction term is significant, which further reinforces the interpretation 

from Model (1) that night lights and rainfall could be proxying for other variables through 

similar avenues.  A potential explanation for this phenomenon is that locations with higher 

rainfall developed more fully due to favorable climatic conditions that initially supported the 

establishment of economic centers.  Due to persistence of economic centers over time, rainfall 

may serve as a proxy for locations of high economic density.  Similarly, night lights serve as a 

proxy for economic establishments due to the nature of lights capturing human produced light, 

which likely indicates some form of human settlement or industrial operations.  While rainfall 

and night lights are proxying for economic density through different avenues, this is one 

potential explanation for the ways in which they both have predictive power for the same 

economic outcome variables. 



 49 

VI. Discussion 
 
This paper has shown that night lights likely are interacting with a variety of local level factors 
when predicting economic outcome variables like consumption.  Thus, it is worth understanding 
how not accounting for some of these interactions can impact the use of night light data as a 
proxy.  Building off of Section V.ii. and V.iii., we can construct a series of regressions that 
provide coefficients based on the interactions of night lights and sectoral and agriculture 
industry-based differences of households.  These regressions are shown below in Table 24. 

Table 24: Effects on estimate results based on not accounting for factors 
         Total Consumption  

(1) (2) (3) (4) (5) (6) (7) 
Urban 50157.32***                         38364.36***             43367.01***             
         6036.474                         8513.005             10866.58             
Night Light             1654.746***             3477.421*** 808.9206*** 3904.974*** 1977.574*** 
                     184.1784             717.7972 263.8917 509.1403 186.58 
Percent 
Agriculture                         -826.834***             -585.088*** -318.1643***             

                                 85.20565             116.6428 85.29106             
Urban * 
Night Lights                                      -2654.966***             -3593.022***             

                                             758.7276             550.8985             
Percent 
Agriculture 
* Night 
Light 

                                                 14.8615**  -19.97505**              

                                                         6.824168 9.216123             
Urban * 
Percent 
Agriculture 

                                                            -359.8611*               

                                                             206.5315             
Urban * 
Night Light 
* Percent 
Agriculture 

                                                            27.60432**              

                                                                     11.83135             
Above 
Average 
Rainfall 

                                                                        1216.2 

                                                                                 4112.563 
Night Light 
* Above 
Average 
Rainfall 

                                                                        -675.012*** 

                                                                                 251.2955 
Constant 97058.51*** 94610.53*** 156884.8*** 85661.45*** 131957.8*** 108767.8*** 80187.73*** 
         3336.432 2908.556 6313.068 3071.245 9250.975 6362.633 2302.927 
Observations 19110 18920 18933 18920 18918 18918 9772 
Notes: Robust standard errors clustered by Enumeration Area below coefficient estimates.  *** p<0.01, ** p<0.05, * p<0.1 
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 Each of these regressions estimate the effect of individual variables or variables with 

interaction terms on total consumption.  Regression (1)-(3) are simple regressions of each 

independent variable on total consumption.  Regression (4) was estimated in Section V.ii. and 

Regression (5) is based on the regression in Section V.iii. except it adds the interaction of 

agriculture share and lights.  Regression (6) estimates the impact when all of these variables are 

included and interacted: night lights, urban, and percent agriculture.  Regression (7) is included 

to examine the impact of rainfall as a reference.  Summary statistics for these variables has been 

included in Appendix Table 3. These estimates allow for comparison on the performance of 

night lights across key groups, including percent agriculture and sectoral split. These results are 

shown in Table 25 below. 
Table 25: Comparison of Magnitudes of Effects across Key Groups 

 

Magnitude of 
Effect (Rural) 

Magnitude of 
Effect (Urban) 

Difference in 
Effect (Rural vs. 

Urban) 

Percent 
Change 

Magnitude of 
Effect 

(Overall) 
Night Light Effect 3477.421 822.455 +2654.966 76.35%  

      

Night Light Effect with 1 
standard deviation increase in 
percent agriculture 

3232.422 568.827 +2663.595 82.40% 1309.302 

Night Light effect with 0% 
percent agriculture 

3904.974 311.952 +3593.022 92.01% 808.921 

Difference in Effect (1 standard 
deviation vs. 0% agriculture) 

-672.552 +256.875   +500.381 

 -20.81% 45.16%   38.22% 
            

      

Different in Effect (1 standard 
deviation increase and Urban 
and 0% agriculture to Rural) 

+2920.47 90.35%    

Different in Effect (Rural and 
0% agriculture to Urban and 1 
standard deviation increase) 

+3336.147 85.43%    

            
      

 

Magnitude of 
Effect (Above 

Average 
Rainfall) 

Magnitude of 
Effect (Below 

Average 
Rainfall) 

Difference in 
Effect (Above 

vs. Below 
Average 
Rainfall) 

Percent 
Change 

 

Night Light Effect 1302.562 1977.574 -675.012 -51.82%   
Notes: The first row of results uses regression (4) from Table 24. The column furthest to the right uses regression (5) 
from Table 24.  The Rainfall Regression in the lower half of the table uses regression (7) from Table 24.  All other 
results use regression (6) from Table 24. 
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From Table 25, we can see that the difference in the magnitude of the effect of night lights in 

rural and urban areas is large leading to a 76% change in the predictive effect of lights on 

consumption.  Similarly, the overall effect of a standard deviation increase in agricultural 

industry leads to a 38% different in the performance of night lights.  As we can see, when 

combining these effects, a standard deviation in percent agriculture leads to a 21% difference in 

night light performance in rural zones.  This is in contrast to a 45% difference in urban zones in 

the predictive effect of lights due a standard deviation change of percent agriculture.  The 

different magnitudes of estimates remain above 75% for the rural urban split regardless of the 

amount of agriculture present.  We can see that the effect of both a 1 standard deviation change 

in percent agriculture and a sectoral split lead to approximately an 85% change in the effect of 

night lights.  Rainfall is included for reference and shows that accounting for rainfall could lead 

to a 50% change in the magnitude of the night light effect. 

 These results show that not accounting for sectoral and industry differences can lead to 

drastically different consumption estimates when using luminosity data as a proxy.  As a result, 

we suggest including some measure of rural-urban split and share of industry if possible when 

using lights data to measure economic activity variables.  The misestimation bias that occurs 

with night lights can be both positive and negative.  Thus, the assumption proposed by 

Henderson et al. (2012) that there is a simple constant elasticity relationship between lights and 

total income (or in this case consumption) does not hold.  While this has been shown to be the 

case for cross-country heterogeneity, this paper shows that this issue persists in within country 

borders at the local level.  Instead, it would be valuable to include a measure of rural-urban split 

and percent agriculture if possible when using lights data to measure economic activity variables.   

 Previous authors have suggested the use of rainfall and vegetation data to better estimate 

agricultural sector activity (Bundervoet 2015).  This paper shows that rainfall and lights capture 

different elements of activity, in particular regarding total and purchased consumption.  Thus, 

while rainfall and lights seem to be correlated in certain ways, using both proxies may provide 

more reliable estimates.  

While the correlation between night lights and total consumption and electricity to total 

consumption is strong and precise, the magnitudes of these effects are small.  Thus, the 

relationships estimated may not be capturing all of the relevant interactions between night lights 

and other variables.  This motivates the use of additional datasets to examine the relationship 
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between night lights and consumption, and possibly to other economic activity variables, such as 

income and output. 

 
VII. Conclusion 

 
This paper has taken a look at the use of night lights as a proxy for local level economic 

activity in Nigeria.  The link between night lights is clear.  Total consumption, autoconsumption, 

and purchased consumption have significant and positive relationships with luminosity values at 

the local level.  Although night lights are able to predict levels of these consumption variables, 

luminosity data performs poorly at estimating changes in consumption over time.  This shows 

that night lights must require clear and consistent trends over a long period of time if they are to 

estimate growth rates effectively.  Nonetheless, the heterogeneity of local level households is a 

beast that night lights are unable to capture fully.  The paper shows that night lights are 

correlated with a host of different economic indicators, from expenditure on education to 

proximity to economic centers.  This raises the question both of: (1) through which avenues night 

lights proxies for consumption, and (2) how ineffectively night lights perform when these other 

variables are not properly accounted for in night light estimation strategies.  As this paper has 

shown, the difference in rural-urban sector performance of night lights to a significant and large 

change in the estimation of consumption.  Industry differences are relevant as well, in particular 

the percentage of agriculture in areas surrounding individual households.  The effects of the 

agricultural industry are relevant in addition to the rural-urban split.  While it is unlikely for 

researchers to have access to fine-tuned industry composition data for most night lights 

applications, these biases lead to significant changes in estimated results.  Thus, accounting for 

corrections based on rural-urban zones, as well as zones with a majority of agricultural industry 

if possible, should lead to improved sub-national estimation results of economic activity. 

The complex nature of luminosity data makes it difficult to estimate relationships 

between night lights and other local level characteristics and growth trends.  As a result, there 

may be errors in the estimated models used in this paper that are not accounted for.  Another 

relationship that as not fully examined in the paper was one between agricultural household sales 

and non-farm related sales, which was insignificant.  Although these results are not included in 

the analysis section of the paper, they underscore the complex nature of local level activity and 

the difficulty of night lights to capture these relationships. 
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While the relationship between consumption and night lights was the primary exploration 

of this paper, the results show that night lights operate through many avenues beyond simply 

proxying for electricity consumption.  While identifying the sources of these interactions is not 

straightforward, the paper suggests a potential explanation for the relationship between night 

lights and rainfall.  Namely, night lights and rainfall both proxy for distance to areas with high 

population density due to the persistence of economic establishments over time.  The difficulty 

in establishing definitive avenues through which proxies such as night light operate pose a 

challenge for formulating for biases that emerge from these estimation strategies.  While this 

paper does not seek to claim any of the discussed potential avenues are certain, the results of the 

paper show that not accounting for the interaction of a proxy with other variables can lead to 

drastic misestimation.  As a result, researchers should use caution when using proxies such as 

night lights without accounting for heterogeneous characteristics that might impact the reliability 

of their outcome estimates. 

Further extension of this project could involve exploring the heterogeneous effects on 

light performance in other countries with limited statistical accuracy.  Greater analysis on within 

country heterogeneous effects could be explored in more detail, such as the impact of 

agricultural technology and other types of agricultural and nonfarm related activities.  

Furthermore, the improvement in satellite imagery resolution may improve estimates.  While the 

VIIRS data was not explored as a baseline for night light values in this project, VIIRS data has 

been identified as potentially more accurate than stable lights data due to increased resolution 

quality, so this may serve as an extension of this project in the future (Chen and Nordhaus 2015).  

Nonetheless, it is unlikely that the local level heterogeneous interactions will disappear with 

improved resolution quality.  As a result, incorporating other characteristic variables, including 

climate, industry, infrastructure and other relevant variables that can be measured indirectly 

through satellite data could be incorporated to produce more wholistic and unbiased results.  

With consideration for the impact of the variability of luminosity data based upon characteristics, 

we can improve the performance of night light data as a proxy for economic statistics and better 

capture economic activity at the local level. 

This paper has shown that variation exists in the predictive power of night lights as a 

proxy for consumption.  As a result, the use of night lights as a proxy should include careful 

delineation of the factors that influence the resulting estimation strategies used in other papers.  
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This paper serves as a starting point in examining the relationship between night light data with 

other economic activity indicators at the regional level.  Further analysis could be done to 

identify the exact relationships between nightlights and local level indicators to inform the use 

and validity of night light data in other contexts. 
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Appendix 
 
 

 
Appendix Table 1: Summary Statistics for lights in Urban and Rural Zones 

Night Light Value from Satellite Urban Rural 
   

mean 27.09698 3.209129 
variance 445.0381 51.15502 
standard deviation 21.09593 7.152274 
min 0 0 
max 63 62.60215 
percentile: 1% 0 0 
percentile: 25% 8.466666 0 
percentile: 50% 21.6 0.1333333 
percentile: 75% 45.86666 3.183333 
percentile: 99% 63 38.31915 

   
N 5887 13033 

 
 
 

Appendix Table 2: Summary Statistics for Percent Agriculture in Urban Rural and Overall Zones 
 Mean Variance Standard Deviation 
 Urban Rural Overall Urban Rural Overall Urban Rural Overall 

Percent 
Agriculture by 
EA 

25.237 67.114 54.549 713.743 789.992 1133.643 26.716 28.107 33.670 

N 5896 13037 19322 5896 13037 19322 5896 13037 19322 
 
 

Appendix Table 3: Summary Statistics for relevant factors  
Mean Median Variance Standard Deviation Minimum Maximum        

Total consumption 112845.9 76657.2 5.77E+10 240171.2 1783.319 1.84E+07 
Night Light 10.68327 1.789474 297.7127 17.25435 0 63 
Urban 0.3147567 0 0.2156962 0.464431 0 1 
Percent Agriculture 
by EA 54.54857 57.89474 1133.643 33.66962 0 100 

Above Average 
Rainfall 0.3135611 0 0.2152625 0.4639639 0 1 

Observations 19499           
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Appendix Image 1: Frequency of Lights Overall 
 

 
 
Appendix Image 1: Frequency of Lights in Urban Zones 
 

 
 
Appendix Image 1: Frequency of Lights in Rural Zones 
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