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Executive summary 
Measuring and mapping the spatial distribution of poverty is of critical importance to effectively 
allocate resources to needy populations. But measuring poverty is difficult. Traditional measures 
rely on census or household surveys that can miss more micro-level assessments of the 
distribution of resources. This brief includes a strategic review of the field of poverty mapping, 
which has grown out of the necessity to capture changes in living conditions between censuses 
to improve policy targeting.  

This study introduces a new composite measure of living conditions called the Uganda Living 
Conditions Index. This measure includes information on demographics, asset ownership, 
infrastructure access, and vulnerability for the districts of Uganda, and it can be used to explore 
differential living conditions throughout Uganda.  

Finally, this research reveals that nighttime lights data exhibit a strong relationship with the 
Uganda Living Conditions Index (R2 = 0.72). Similar to many other indicators in Uganda, there is 
a strong concentration of positive development outcomes and night lights in Central Uganda 
(Kampala and Wakiso, in particular), as shown in Figure 1.  

Figure 1. (left) Map of nighttime lights data, (right) Map of Uganda Living Conditions Indexi 

 

These findings are consistent with similar poverty mapping studies and provide additional 
evidence for the value of nighttime lights data to track changes in poverty and living conditions 

                                                        
i Note: at the time of this analysis, only 102 districts had available data to build the Uganda Living Conditions Index. 
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at small geographic scales. This shows that nighttime lights data can aid in the study of the 
geographic distribution of poverty in a more frequent, granular, and cost-effective manner than 
census-based estimates. This brief will proceed as follows: 

• Section 1 outlines the motivation for this work, focusing on the ability of satellite 
technology to augment traditional data. 

• Section 2 surveys the state of poverty measurement and mapping, explaining the 
objectives and limitations of the most common methods in the field.  

• Section 3 explains the data used in this analysis.  
• Section 4 explains the methodology used to create the Uganda Living Conditions Index 

(ULCI) – a new composite score of district-level living conditions. 
• Section 5 demonstrates the results of the ULCI and its correlation with nighttime lights 

data and census data. This highlights the utility of nightlights data in tracking changes in 
living conditions over time and at a small geographic scale. 
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Section 1: Motivation 
Traditional poverty estimates are often based on censuses, which are costly and have large 
temporal gaps. Additionally, questions often change between census, and the methods used to 
evaluate them have some conceptual limitations. Satellite imagery offers an alternative way 
forward. 

To be sure, censuses are an indispensable analytical tool for understanding the distribution and 
living conditions of a population in a territory. Geospatial data can complement census data to 
improve our ability to map poverty subnationally. The Uganda Bureau of Statistics’s (UBOS) 
Area Specific Profiles are a rich source of district-level data on the living conditions across 
Uganda, which can be used to study the many dimensions of poverty, including educational 
attainment, ownership of goods, access to public services, household building materials, and 
more. This research connects the geospatial policy field with the district-level information on 
living conditions throughout Uganda.  

In a previous research brief entitled, Estimating District GDP in Uganda, we demonstrated that 
nighttime lights (NTL) data can be used as a proxy for estimating the size of district economies. 
This research brief explores the use of NTL data for understanding the spatial distribution of 
poverty in Uganda. By demonstrating the relationship between NTL and multi-dimensional 
poverty, we achieve: 

• An enhanced understanding of how poverty is geographically distributed, which can aid 
in targeted poverty reduction strategies; 

• A significantly cheaper alternative to censuses for analyzing changes in human well-being; 
• A method for producing more frequent estimates of poverty subnationally, which can 

more closely track changes in living conditions over time.  

Section 2: The state of poverty measurement and mapping 
Household poverty estimates are often derived from complex survey data that attempt to 
estimate income from individual responses to questions about consumption and expenditures. 
These estimates adjust for cross-national living standards (using cost-of-living) and the 
demographic makeup of the household.1 These surveys have proven to be exceptionally useful 
in helping us understand the distribution of poverty around the world. 

However, surveys do have issues that make consistency across time and place problematic. 
Questions are not held constant across surveys, methodologies vary over time and geography, 
and surveys are infrequent and costly to conduct.2 Christiaensen et al (2012) noted that only 18 
of the 48 countries in Sub-Saharan Africa have conducted more than one national household 
consumption survey since 1995, which makes tracking income poverty over time extremely 
difficult.3  

There are specific challenges to measuring poverty in Uganda. The consumption-expenditure 
approach misses non-monetary activity, such as bartering, home improvement, and subsistence 
agricultural production.4,5,6 Additionally, the cost-of-living adjustments that consumption-based 
measurements rely upon are typically based on prices in major cities and do not reflect the 
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reality of rural areas. In Uganda’s case, this cost-of-living is established from a uniform basket of 
goods, which masks important variations in regional diets.7 Finally, this basket of goods was 
defined in 1992, which has likely changed in the intervening quarter century.8 In response to 
these measurement challenges, poverty researchers have pursued alternatives to consumption-
expenditure based estimates. 

Asset ownership and poverty 

Development economists are increasingly using some form of asset ownership as a 
complementary indicator in poverty analysis. Studying asset ownership has several key 
advantages to consumption-based metrics. First, survey respondents are far more likely to 
accurately recall the ownership of goods than how much they have consumed over a given 
period. Second, informal economic participants may engage in bartering that does not easily 
translate into consumption estimates. Finally, asset ownership indicates information about 
household stability and resilience, because assets can accumulate over time and are 
exchangeable.9  

There is conflicting evidence on whether asset poverty has improved at a similar pace to 
consumption-based estimates produced by the Government of Uganda. Daniels and Minot 
(2015) found that the asset-based approach to evaluating poverty shows that poverty in Uganda 
has fallen, but significantly more slowly than official poverty data suggest.10 Alternatively, a 
recent World Bank report concluded that asset poverty fell at a rate that is consistent with 
government poverty estimates.11  

Poverty mapping and targeting 

Poverty mapping is the application of statistical and geospatial techniques to disaggregate 
information on poverty to subnational administrative units.ii These techniques estimate the 
number of people in poverty or evaluate the determinants of poverty with more geographic 
precision.12 This allows for more geographically-targeted poverty reduction strategies to bring 
the greatest good to the most people. 

There are a variety of poverty mapping techniques – each with different data requirements, 
statistical techniques, and associated costs for implementation. The decision on which technique 
to use includes an array of criteria, including data availability, the frequency of mapping needs, 
and whether the map will be used for multivariate analysis.13 The following sections outline the 
two most common poverty mapping approaches. 

Small Area Estimation 

A typical national census aims to have a sample size large enough to make inferences about 
some subnational geographic units. However, to do this for many small geographic units – or 
even 116 district unitsiii in Uganda – requires a prohibitively large and costly census to conduct 

                                                        
ii Davis (2003) and Henninger and Snell (2002) provide excellent overviews of the field of poverty mapping. 
iii This research uses 116 districts and not the current 122-district alignment, because the data that were used to 
produce the Uganda Living Conditions Index follow the 116-district alignment. 
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with any frequency. Small area estimation (SAE) is a statistical technique that addresses this 
issue by “exploiting similarity” by drawing upon available information to make estimations about 
a population.14 The purpose of SAE is to fill estimates for small areas in which census sampling 
does not adequately meet traditional statistical thresholds for inference. 

With respect to poverty analysis, SAE combines infrequent census data with more frequent 
intermediate survey data to estimate changes in poverty over time.15,16 It is a technique used to 
create data where it is missing at a subnational scale.17A limitation of SAE is that it depends 
upon calibrating census and survey data to generate disaggregated estimates, meaning that 
annual estimates are impractical.18  

Composite index creation 

Researchers have deployed methods that estimate poverty using data on household living 
conditions, which have fewer methodological and conceptual deficiencies than consumption-
based measures.19,20,21 This approach quantitatively summarizes a variety of poverty-related data 
into one composite score, including indicators such as educational attainment, household 
building materials, ownership of durable goods, and distance from urban centers.iv The resulting 
index serves as a proxy for relative poverty.  

The composite index approach has been adopted to analyze poverty in a variety of contexts. 
Fujii (2008) compared the use of SAE and composite index creation in Cambodia and found the 
index produced reasonably similar results and can be updated more rapidly than SAE.22 Perhaps 
the most high-profile use of this approach is the Mexican Government’s Oportunidades poverty 
alleviation program that began in 1997. This index included indicators across a range of issues, 
including the demographic composition of households and their education level, household 
infrastructure, and ownership across a variety of assets.23  

The composite index approach also has limitations. This approach does not generate explicit 
poverty estimates; rather, it produces an index score of living conditions that can be used to 
generate poverty rankings that can be mapped to the subnational unit. 

Why nightlights? 

Nightlights data offer a frequent, low-cost complement to survey-based data to measure 
changes in global human activity over time. Researchers have found nightlights to be an effective 
subnational proxy for presence of poverty24, income distribution25, informal economic activity 
and remittances26,27, and the Human Development Index.28 

Researchers have also established the relationship between nighttime lights and multi-
dimensional poverty. Wang et al (2012) produced an index of monetary and non-monetary 
indicators of poverty for the provinces of China, including GDP per capita, electricity 
consumption per capita, life expectancy, urbanization and illiteracy rates, beds in healthcare 
facilities, and more. This index was found to have a highly significant relationship with the 

                                                        
iv This approach can involve a variety of statistical or qualitative techniques and goes by many names in the 
literature, including multivariate weighted basic-needs index (MWBI), asset-based index approach, multidimensional 
poverty index, and an integrated poverty index (IPI).  
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province’s average nighttime light index (R2 = 0.85).29 Noor et al (2008) also took a composite 
index approach to measuring changes in multi-dimensional poverty in 37 countries (338 
subnational political units) in Africa. This analysis found that nighttime lights demonstrate a 
strong correlation with the poverty index in the top and bottom quintiles, while the middle 
three quintiles exhibited less distinct results.30 The methodologies of this research brief are 
inspired by these nightlights-poverty analyses. 

Section 3: Data 
For the construction of the Uganda Living Conditions Index, this research relies on data from 
the Uganda Bureau of Statistics’s (UBOS) Area Specific Profile Series.31 This survey product 
includes district-level data across many dimensions of poverty, including: demographics, housing 
conditions, household assets, household-based agricultural activities, economic activity and 
employment, literacy and education, access to community services, and household heath. For 
this analysis, 148 indicators were generated from this source.v The methodology section that 
follows explains the variable selection process. 

For the spatial poverty analysis, this research obtained nighttime lights data from the Visible 
Infrared Imaging Radiometer Suite (VIIRS).32 VIIRS is a stable, cloud-free satellite imagery data 
source produced by the National Oceanic Atmospheric Administration (NOAA) and the 
National Aeronautics and Space Administration (NASA). Each square kilometer grid contains 
relative digital number (DN) values from 0 to 214, which indicates the intensity of nighttime 
lights. Researchers are beginning to use VIIRS with increased frequency for analyzing a range of 
socioeconomic phenomena from a distance. VIIRS represents an advancement in remote 
sensing technology for three reasons: 1) it captures high-radiance images, meaning that dimmer 
lights are more completely recorded, 2) it gathers information at roughly 0.5km2 level, and 3) 
its dynamic range is approximately 260 times more precise than the previous satellite-based 
nightlights technology.33 Summary statistics were generated for the 116 Ugandan districts from 
VIIRS for this analysis. 

 

  

                                                        
v Only 102 Area Specific Profiles were available from the website at the time of this analysis. 
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Section 4: Methodology 
The Area Specific Profiles provide abundant data that relate to the overall living conditions of 
district populations in Uganda. Principal component analysis (PCA) is used to distill which 
indicators explain the most variation from this large dataset. PCA is a technique that reduces a 
many-indicator dataset down to the linear combinations of indicators that explain the maximum 
variance of the data into one or a few principal components. This is similar to minimizing 
residuals in regression analysis, but it goes much further: while regression analysis generates 
residuals with respect to a single dependent variable, the residuals from a principal component 
analysis are in relation to all other variables in the analysis. That is why PCA is a useful tool for 
weighting indicators and creating a composite index.34 

The application of PCA to poverty analysis is intuitive. If a certain indicator of poverty – such as 
building materials of one’s household – has a high correlation with other forms of living 
conditions – such as the distance of the home to a health facility or whether they possess a 
bank account – then PCA can identify which variables are relatively more important for 
explaining variability in the data.  

Extant literature provides a conceptual backdrop for building multi-dimensional poverty indices. 
Davis (2003) provides a framework for the inclusion of variables in a multi-dimensional poverty 
index.35 This analysis suggest four broad categories related to poverty: economic, social, 
demographic, and vulnerability. Etang and Tsimpo’s (2017) multi-dimensional poverty analysis 
has a slightly different framing, and includes housing, infrastructure services, physical capital, and 
human capital.36  

The variables obtained from UBOS’s Area Specific Profiles fit nicely into these frameworks. See 
Appendix A for a complete list of the variables included in this analysis. Appendix B includes the 
output from the principal component analysis. 

Many indicator combinations were tested. The goal was to test a variety of indicators that 
represent poverty across the broad categories (mentioned above). The variables included in the 
final Uganda Living Conditions Index are: 

• Households living in temporary dwelling units 
• Households that are 5 km or more to the nearest health facility, whether public or 

private 
• Households that depend on subsistence farming as a main source of livelihood 
• Households that have access to electricity 
• Households that own a bicycle37,38 
• Households where any member possesses a bank account 
• Households without any toilet facility 
• Persons aged 10 years and above that own at least one mobile phone 
• Persons aged 18 years and above who are literate 
• Persons aged 20 years and above whose highest level of education completed is “A” 

level (S.6) 
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Section 5:  The Uganda Living Conditions Index 

Index creation 

The PCA results produce the variable weights for the Uganda Living Conditions Index. Table 1 
should be interpreted as follows: “As variable X increases, living conditions are likely to…”. A 
negative value suggests poorer living conditions, and positive values indicate better living 
conditions. These results show that subsistence farming and distance to healthcare facilities are 
the most negative contributing variables to the index, while completion of upper secondary 
education and electricity access are the largest positive contributors. Put another way, the 
proportion of subsistence farming households indicator has the most negative weight to the 
index.  

Figure 2. Variable weights from PCA for Uganda Living Conditions Indexvi 

 

These index weights then construct composite scores for the Uganda Living Conditions Index 
(see Appendix C for an example). These scores are a measure of relative living conditions – the 
composite score does not have an inherent interpretation.vii See Appendix D for a complete 
results table. 

                                                        
vi The bicycle ownership result may seem counter-intuitive, but it is supported by similar poverty analyses around 
the world. Bicycle ownership has been found to have a positive correlation with variables that are associated with 
poverty (see McKenzie (2005) and Gwatkin et al (2007)). 

vii An example may help convey this notion of inherent interpretation. For instance, Gulu district produces a ULCI 
score of 56.79. That value does not have meaning on its own, but meaning can be drawn from it in two ways: 1) 
that value relative to other districts (Gulu ranks 9th among districts in ULCI), and 2) by decomposing the variables 
that make up the score to understand how Gulu performs across individual indicators. 



10 
 

Comparison between district poverty estimates and ULCI 

The results of the Uganda Living Conditions Index were then regressed against the district-level 
poverty headcount data from the Profiles of Higher Local Governments 2014. This illustrates the 
degree to which the Uganda Living Conditions Index captures the information contained in the 
traditional consumption poverty estimate. The index can explain over half of the variation 
(Adjusted R2 = 0.57) in the district-level poverty headcount estimates, meaning that the ULCI 
shares strong similarities to consumption poverty estimates but contains other information 
about the living conditions experienced in Uganda (see Table 1 for the indicators in the ULCI). 
Additionally, as consumption poverty declines, most districts generally improve in the Living 
Conditions Index. It should be noted that the ULCI is expected to share similarities with 
consumption poverty estimates. It is an index of indicators related to different dimensions of 
poverty, and it can complement consumption-based estimates of poverty.   

Figure 3. Poverty headcount estimates vs. the Uganda Living Conditions Index 

 

Poverty, ULCI, and nightlights 

Finally, district consumption poverty estimates and the Uganda Living Conditions Index were 
regressed against the sum of nightlights by district and the mean value of nightlights per district. 
These results show that, regardless of which nightlights indicator is used, nightlights data explain 
more of the variation in the Uganda Living Conditions Index than the consumption poverty 
estimates. The sum of nightlights shows a strong quadratic fit (Adjusted R2 = 0.72). The linear 
model fit between the Living Conditions Index and the sum of nightlights or the mean of 
nightlights is also moderately strong (Adjusted R2 of 0.63 and 0.56, respectively). 
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Figure 4. Model fit between nightlights, the Uganda Living Conditions Index, and poverty headcount 

 

 

This analysis shows a stronger non-linear relationship with nightlights in Uganda, which follows 
the distributional pattern of many indicators in Uganda, where development is concentrated in 
Central Uganda (Kampala and Wakiso, in particular). In short, a strong non-linear fit suggests 
that positive development outcomes are concentrated in a small minority of Uganda’s districts. 

This shows that nightlights does a poor job of discriminating between consumption poverty 
estimates, but does very well at multidimensional poverty estimates. These results are in line 
with the conclusions of Noor et al (2008), which found a comparable relationship (R2 = 0.49) in 
Sub-Saharan Africa between the mean NTL value and an asset-based index created using PCA. 
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In a similar analysis conducted in China, Wang et al (2012) found a much stronger linear 
relationship (R2 = 0.85) between mean nightlights and a PCA-constructed poverty index.  

Section 6: Limitations 
The variables included in the final Living Conditions Index were chosen due to their relevance 
across dimensions of poverty. However, this testing was not exhaustive, and an extended 
analysis of indicators should be undertaken. In addition, the weights of the Uganda Living 
Conditions Index are generated statistically and should be interpreted with caution. For 
instance, the weight of electricity access (0.88) is twice that of adult literacy (0.44). This does 
not imply that electricity is twice as important as literacy for development; rather, electricity 
explains twice as much of the variability in the dataset.  

Sharker et al (2014) studied the use of PCA for producing asset-based indices for poverty 
analysis among social scientists.viii This study found that there is a significant risk of 
misclassification among wealth quintiles if the first principal component explained less than 30% 
of the variance in the dataset. The Uganda Living Conditions Index constructed for this analysis 
exceeds that threshold (37% of the variance is explained) and is at a level similar to previous 
poverty studies using PCA. 

Conclusion 
The Uganda Living Conditions Index is a new composite measure of living conditions at 
the district level. This research reveals that nightlights data can serve as an effective proxy for 
changes in living conditions in Uganda, which can complement more traditional sources of 
poverty data. The sum of nighttime lights per district showed a strong relationship (Adjusted R2 
= 0.72) with the Uganda Living Conditions Index. This demonstrates a low-cost, geographically-
granular alternative to traditional measurements of poverty, and it can be estimated on an 
annual basis.  

Although nighttime lights data are used more than ever before in social science, it is still not 
(and will never be) a panacea for measuring and evaluating socio-economic progress. Censuses 
are an indispensable analytical tool for understanding poverty or the living conditions of a 
population, but their limitations – including cost, infrequency, and inconsistency between 
surveys – expose a need for a proxy measure of changes in living conditions. 

  

                                                        
viii The Uganda Living Conditions Index does not depend solely on asset ownership information, but Sharker et al 
(2014) is still applicable. 
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Appendix A: Variables tested 
 
The Area Specific Profiles provided data on nearly 150 variables of demographics, asset 
ownership, infrastructure access, and vulnerability. This analysis explored the inclusion of many 
variables in the Uganda Living Conditions Index (listed below, variables in bold are in the final 
ULCI). The evaluation of which variables to include was not done in a systematic, or 
randomized fashion, because the number of combinations would have been computationally 
taxing and without an obvious purpose. A goal of this approach was to include variables that are 
statistically sound and conceptually relevant to multidimensional poverty, as seen in studies 
around the world. See Section 4 for a description of this methodology and Section 6 for a 
discussion of its limitations. 
 

• Population aged 15 Years and Over 
• Children 0-17 years who have lost at least a parent (total number of orphans) 
• Children 0-17 years who have lost both parents 
• Households headed by children (aged 10-17 years) 
• Households headed by females 
• Females aged 10-19 years who have ever been married 
• Persons aged 18 years and above who were working 
• Youths (Persons aged 18-30 years) who were neither working nor in school 
• Households that depend on subsistence farming as a main source of livelihood 
• Households with at least one member engaged in a non-agricultural household based enterprise 
• Households engaged in either crop growing or livestock farming 
• Households engaged in coffee growing 
• Households that own a bicycle 
• Households that own a computer 
• Households that own a radio 
• Households that own a television 
• Households that have access to electricity 
• Households without any toilet facility 
• Persons aged 10 years and above that own at least one mobile phone 
• Persons aged 10 years and above that use internet 
• Households living in temporary dwelling units 
• Households that are 5 km or more to the nearest health facility, whether public or 

private 
• Households where any member possesses a bank account 
• Households where (members aged 5 years and above) consume less than two meals in a day 
• Persons aged 15 years and above whose highest level of education completed is below S.4 
• Persons aged 18 years and above whose highest level of education completed is "O" level (S.4) 
• Persons aged 20 years and above whose highest level of education completed is “A” 

level (S.6) 
• Persons aged 18 years and above who are literate 
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Appendix B: PCA results 
Principal component analysis requires a correlation matrix as an input. The correlation matrix 
plot below illustrates the relationship between the variables used in the final index. PCA 
compresses these variables into a “loading”, or a variable weight for the resultant index. 

Figure 5. Correlation matrix of variables in the Uganda Living Conditions Index 

 

This use of PCA follows index creation standards set by the European Commission and the 
Organization for Economic Cooperation and Development.39 First, it is common to use the 
“varimax” rotation on variables for improved interpretability of PCA results. This analysis 
follows that practice. Second, there are several “stopping rules” to assist in choosing the 
number of principal components to include, but the most common is the Kaiser criterion. This 
stopping rule has the analyst keep any component with an eigenvalue greater than 1; the 
rationale is that any component with a value greater than 1 explains more variation in the 
dataset than any one individual indicator. This rule suggests that three principal components is a 
statistically reasonable approach. Finally, this analysis follows the “rule of 10”, which states that 
there should be at least 10 cases (or observations) for each indicator included in a PCA. Since 
this research collected data for roughly 100 districts, 10 indicators is an appropriate maximum 
number to include in the ULCI.  
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Figure 6. Scree plot of eigenvalues of principal components 

 

The principal component weights, or “loadings” are below. Following the approach by Noor et 
al (2008), the first principal component loadings are used to construct the composite index. 
The first principal component explains 37% of the variation in the dataset. 

Table 1. Results of principal component analysis 

Variable PC1 PC2 PC3 
Households living in temporary dwelling units -0.16 -0.79 0.52 
Households that are 5 km or more to the nearest health 
facility, whether public or private -0.36 -0.49 0.29 
Households that depend on subsistence farming as a main 
source of livelihood -0.79 0.08 0.45 

Households that have access to electricity 0.88 0.26 -0.09 

Households that own a bicycle -0.19 0 0.92 

Households where any member possesses a bank account 0.76 0.32 -0.08 

Households without any toilet facility -0.07 -0.93 -0.09 
Persons aged 10 years and above that own at least one 
mobile phone 0.67 0.6 -0.27 

Persons aged 18 years and above who are literate 0.44 0.8 0.25 
Persons aged 20 years and above whose highest level of 
education completed is "A" level (S.6) 0.92 0.22 -0.09 
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Summary Statistic PC1 PC2 PC3 
Sum of squared loadings 3.66 2.94 1.58 
Proportion Variance 0.37 0.29 0.16 
Cumulative Variance 0.37 0.66 0.82 
Proportion Explained 0.45 0.36 0.19 
Cumulative Proportion 0.45 0.81 1 

The principal component plot visualizes the variables and the eigenvectors between them. 
Principal component one consolidates the variables that explain the most variation in the data; 
component two explains the variance that is most orthogonal to component one, and so on. 
This demonstrates that mobile phone ownership, households with bank accounts and 
electricity, and secondary education “move together”, while temporary dwellings that are more 
than 5 km from a health facility moves orthogonal to those variables. Said another way, 
individuals that live in distant, temporary dwellings are unlikely to have a secondary education 
or own a mobile phone, for instance. 

Figure 7. Principal component plot for Living Conditions Index 
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Appendix C: Sample calculation of ULCI score 
The principal component analysis generated component weights for the Uganda Living 
Conditions Index. The product of each component weight was multiplied by its corresponding 
district-level data to arrive at a component score. The sum of these component scores is the 
district-level Living Conditions Index score. Table 3 demonstrates this process for Butambala 
district. 

Table 2. Demonstration of ULCI construction for Butambala district 

Variable 

ULCI 
component 

weight 

Data (% of 
population) 
from UBOS 
Area Specific 

Profiles Component score 
Persons aged 20 years and above 
whose highest level of education 
completed is "A" level (S.6) 0.92 2.3 2.12 
Households that have access to 
electricity 0.88 18.9 16.63 
Households where any member 
possesses a bank account 0.76 10.9 8.28 
Persons aged 10 years and above 
that own at least one mobile phone 0.67 45.6 30.55 
Persons aged 18 years and above 
who are literate 0.44 82 36.08 
Households without any toilet 
facility -0.07 1.6 -0.11 
Households living in temporary 
dwelling units -0.16 1.3 -0.21 

Households that own a bicycle -0.19 24.9 -4.73 
Households that are 5 km or more 
to the nearest health facility, 
whether public or private -0.36 10.1 -3.64 
Households that depend on 
subsistence farming as a main 
source of livelihood -0.79 74 -58.46 

This example shows that Butambala district has a ULCI score of 26.52, which ranks 20th among 
districts with data. 
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Appendix D: Results table 
 

Table 3. Results of nightlights and Uganda Living Conditions Index (arranged by rank of ULCI). Note: at 
the time of this analysis, only 102 districts had available data to build the ULCI. 

District 

Rank 
of 

ULCI ULCI 

Rank 
of 

Sum 
NTL 

Sum 
NTL 

Rank 
of 

Mean 
NTL 

Mean 
NTL 

Rank of 
GDP 
per 

capita 
(VELIM 
model) 

GDP 
per 

capita 
(VELIM 
model) 

Poverty 
Headcount 

(% of 
Population) 

Rank of 
Poverty 

Headcount 
Kampala 1 216.57 1 6,279 1 10.47 1 $3,860 4.00% 1 

Wakiso 2 165.06 2 4,497 2 2.54 2 $2,671 13.06% 4 

Masaka 3 90.15 9 270 8 1.01 8 $698 20.06% 17 

Jinja 4 87.21 4 663 3 1.72 5 $1,376 28.48% 30 

Mukono 5 85.12 3 1,097 4 1.67 4 $1,689 16.29% 7 

Mbarara 6 80.46 5 502 7 1.09 6 $1,272 13.20% 5 

Kalangala 7 69.46 68 8 84 0.22 101 $46 7.74% 2 

Buikwe 8 64.98 7 385 9 0.98 9 $659 18.79% 12 

Gulu 9 56.79 21 93 12 0.92 19 $362 68.86% 92 

Bushenyi 10 50.85 22 90 32 0.49 26 $284 15.12% 6 

Mbale 11 48.11 8 361 20 0.67 10 $540 34.89% 43 

Mpigi 12 47.05 6 470 5 1.22 3 $2,543 19.53% 15 

Mityana 13 43.29 19 97 30 0.5 40 $213 16.57% 8 

Sheema 14 41.03 35 39 47 0.35 43 $207 13.00% 3 

Kabarole 15 38.77 23 87 33 0.48 14 $414 28.82% 31 

Kalungu 16 31 32 49 53 0.31 33 $234 19.80% 16 

Nakaseke 17 28.5 36 38 59 0.28 70 $124 24.81% 25 

Kabale 18 28.49 16 105 23 0.63 31 $238 35.02% 44 

Lyantonde 19 27.57 43 29 26 0.56 27 $281 26.53% 28 

Butambala 20 26.52 41 31 67 0.26 67 $126 26.27% 26 

Kasese 21 24.65 10 195 19 0.68 41 $211 48.37% 66 

Iganga 22 24.15 18 99 25 0.6 17 $384 34.41% 38 

Masindi 23 23.56 26 77 18 0.72 53 $176 42.30% 55 

Ibanda 24 20.08 34 39 40 0.42 21 $315 17.13% 9 

Kiboga 25 19.38 40 33 38 0.43 36 $230 34.67% 39 

Ntoroko 26 19.31 79 5 51 0.32 91 $70 27.74% 29 

Lwengo 27 17.5 20 94 48 0.33 28 $278 29.63% 32 

Nakasongola 28 15 44 27 60 0.28 15 $403 24.35% 23 

Hoima 29 14.91 15 116 16 0.75 56 $155 35.20% 45 

Buvuma 30 13.73 85 3 94 0.18 94 $63 97.12% 102 

Rakai 31 13.18 28 63 42 0.4 34 $233 24.25% 22 

Rubirizi 32 11.94 60 12 72 0.23 46 $203 20.50% 18 

Kiruhura 33 11.45 39 33 50 0.33 23 $294 17.91% 10 

Bundibugyo 34 9.47 57 15 49 0.33 83 $85 21.80% 20 
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capita 
(VELIM 
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model) 

Poverty 
Headcount 

(% of 
Population) 

Rank of 
Poverty 

Headcount 
Lira 35 8.86 13 133 10 0.95 29 $277 54.67% 78 

Soroti 36 8.64 24 81 28 0.55 20 $348 46.47% 64 

Mitooma 37 7.43 69 8 82 0.22 50 $193 18.10% 11 

Bukomansimbi 38 5.84 64 9 85 0.21 38 $224 22.30% 21 

Busia 39 5.28 31 55 21 0.65 44 $207 50.41% 69 

Mubende 40 3.65 11 174 27 0.56 12 $510 24.55% 24 

Kayunga 41 3.03 14 117 24 0.61 72 $114 35.89% 48 

Adjumani 42 0.56 71 7 54 0.29 62 $136 68.16% 90 

Moyo 43 -0.44 80 4 63 0.27 102 $31 62.18% 84 

Tororo 44 -0.67 12 162 15 0.78 18 $371 34.67% 39 

Isingiro 45 -2.04 38 34 55 0.29 11 $519 18.98% 14 

Ssembabule 46 -2.4 50 22 58 0.28 24 $294 31.72% 33 

Gomba 47 -2.76 65 9 86 0.21 54 $156 26.27% 26 

Sironko 48 -6.19 33 46 56 0.29 77 $104 32.24% 34 

Kyenjojo 49 -9.39 53 21 69 0.25 64 $135 35.50% 46 

Kisoro 50 -9.68 45 26 43 0.39 59 $145 44.30% 59 

Mayuge 51 -10.11 17 105 11 0.93 45 $204 44.95% 62 

Arua 52 -10.76 25 81 22 0.64 52 $177 52.27% 73 

Kyankwanzi 53 -12.78 74 7 83 0.22 49 $199 34.67% 39 

Bududa 54 -13.04 73 7 65 0.26 47 $202 32.82% 35 

Kamuli 55 -15.08 30 56 34 0.48 63 $136 36.42% 49 

Buhweju 56 -15.27 90 1 87 0.21 37 $227 20.59% 19 

Bulambuli 57 -15.73 52 21 61 0.28 66 $130 34.68% 42 

Buliisa 58 -18.66 58 14 14 0.79 57 $150 33.80% 37 

Manafwa 59 -19.66 27 65 62 0.27 75 $106 33.60% 36 

Bugiri 60 -20.16 42 30 41 0.41 85 $83 50.89% 70 

Kitgum 61 -20.27 46 24 39 0.42 92 $67 74.39% 94 

Kibaale 62 -20.33 81 4 64 0.27 13 $451 35.83% 47 

Nakapiripirit 63 -20.54 78 5 44 0.37 73 $112 85.48% 96 

Kyegegwa 64 -21.03 62 10 76 0.23 42 $208 18.81% 13 

Otuke 65 -22.51 98 0 98 0 87 $73 62.15% 83 

Moroto 66 -23.5 55 19 46 0.37 98 $57 86.91% 98 

Namayingo 67 -25.18 94 1 93 0.18 90 $71 50.89% 70 

Kween 68 -25.94 96 1 95 0.17 71 $120 37.90% 52 

Budaka 69 -29 47 23 57 0.28 96 $61 43.61% 57 

Nebbi 70 -32.23 54 20 17 0.73 68 $125 65.05% 86 

Kumi 71 -32.87 56 16 35 0.47 84 $84 44.60% 61 

Abim 72 -33.26 82 3 74 0.23 79 $100 74.00% 93 
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Namutumba 73 -34.18 76 6 45 0.37 48 $201 37.56% 50 

Ngora 74 -35.58 70 7 80 0.22 86 $78 44.30% 59 

Pallisa 75 -35.89 59 14 52 0.32 78 $103 47.92% 65 

Butaleja 76 -37.18 48 23 66 0.26 69 $125 37.60% 51 

Kaliro 77 -37.57 29 57 6 1.15 30 $255 42.18% 54 

Amolatar 78 -37.74 98 0 98 0 65 $133 56.54% 80 

Kibuku 79 -38.32 61 10 71 0.24 74 $111 48.51% 67 

Nwoya 80 -40.36 51 22 37 0.43 7 $1,074 65.30% 87 

Maracha 81 -42.11 63 9 36 0.43 39 $222 54.05% 77 

Pader 82 -43.65 77 5 77 0.23 89 $73 67.89% 89 

Dokolo 83 -43.65 83 3 75 0.23 61 $143 56.46% 79 

Yumbe 84 -43.68 98 0 98 0 80 $98 62.93% 85 

Zombo 85 -45.04 67 8 29 0.51 55 $155 52.94% 75 

Amuru 86 -45.1 49 22 31 0.49 16 $394 76.45% 95 

Bukedea 87 -45.92 75 7 73 0.23 60 $144 43.77% 58 

Buyende 88 -46.53 86 2 79 0.23 58 $146 40.84% 53 

Kaberamaido 89 -46.69 88 2 92 0.19 81 $95 58.85% 81 

Serere 90 -47.29 87 2 81 0.22 25 $292 49.95% 68 

Kole 91 -47.71 95 1 88 0.2 35 $232 52.53% 74 

Katakwi 92 -47.72 84 3 91 0.19 82 $93 42.37% 56 

Oyam 93 -48.34 37 37 13 0.87 22 $301 53.22% 76 

Lamwo 94 -49.42 98 0 98 0 95 $62 67.11% 88 

Apac 95 -50.36 66 8 68 0.25 32 $234 50.94% 72 

Amuria 96 -51.29 93 1 90 0.2 100 $53 46.00% 63 

Agago 97 -55.87 72 7 70 0.25 88 $73 68.40% 91 

Alebtong 98 -60.51 92 1 78 0.23 97 $60 61.62% 82 

Kotido 99 -64.07 91 1 97 0.16 51 $180 90.00% 100 

Kaabong 100 -66.48 98 0 98 0 93 $66 95.00% 101 

Amudat 101 -70.36 97 0.4 89 0.2 76 $106 85.50% 97 

Napak 102 -74.37 89 1 96 0.16 99 $54 86.91% 98 
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