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 A B S T R A C T

Accurately estimating household electricity expenditures is essential for assessing energy poverty and informing 
subsidy and affordability policies. This study combines household survey data with administrative utility 
billing records for households in Rwanda to examine the extent and nature of misreporting in self-reported 
electricity spending, using a sample size of 650 households. We find systematic over-reporting among poorer 
households, primarily due to mismatches between survey recall periods and the irregular, prepaid nature of 
electricity purchases. To correct for this bias, we adjust reported expenditures using empirical distributions of 
monthly purchase frequency derived from utility data. Additionally, for unmatched households, we develop 
predictive models based on household characteristics, though these perform less reliably in data-sparse settings. 
Extending the analysis to Uganda, we apply both the frequency-based correction and predictive models. Across 
countries, adjusted estimates suggest electricity burdens for most households lie between 0.5% and 2.5% of 
total household expenditure across all wealth groups. These findings underscore the limitations of relying 
solely on household surveys to measure electricity spending in prepaid systems. They highlight the value 
of integrating administrative utility data with statistical correction methods to produce more accurate and 
policy-relevant assessments of electricity affordability.
Introduction

In many developing countries, particularly across Sub-Saharan
Africa (SSA), access to electricity remains both limited and uneven (Ga-
mette et al., 2024). However, rising household incomes and ongoing 
electrification efforts are rapidly increasing access and transforming 
energy consumption patterns (Mugyenyi et al., 2025). As new house-
holds gain access to the electricity grid, a critical policy question 
arises: how does the share of household expenditure allocated to 
electricity evolve as household income increases? Traditional Engel 
curve theory suggests that the budget share for necessities like food and 
energy should decline as income rises (Lewbel, 2008). Yet, empirical 
evidence often reveals more complex and context-specific patterns, 
especially in low-income and transitioning economies where affordabil-
ity constraints and limited access to alternative energy sources play a 
significant role (Wang et al., 2024; Winkler et al., 2011).

Several studies have identified a U-shaped relationship between 
household income and electricity budget shares, where both the poor-
est and wealthiest households allocate a larger share of their bud-
gets to electricity, with a dip among middle-income groups. For ex-
ample, Hasan and Mozumder (2017) analyze data from the 2010 
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Bangladesh Household Income and Expenditure Survey and find that 
as household income rises, the share of income spent on electricity 
initially declines, reaching a minimum at middle-income levels, before 
increasing again among higher-income households. This pattern sug-
gests that at low income levels, electricity is treated as a necessity, 
with consumption rising slowly as basic needs are met. However, as 
incomes grow further, households increase their spending on electric-
ity, likely driven by the acquisition and use of more energy-intensive 
appliances and services. Similar findings by Nsabimana et al. (2022) 
support this view, indicating that while electricity remains essential for 
poorer households, consumption at higher income levels becomes more 
discretionary and appliance-driven.

A substantial body of research supports the classical prediction of 
Engel’s law: as household income increases, the share of expenditure 
devoted to electricity tends to decline. This inverse relationship is 
particularly evident across Sub-Saharan Africa (SSA). Using nationally 
representative household surveys from 22 SSA countries conducted be-
tween 2008 and 2013, Kojima et al. (2016) find that among households 
with non-zero electricity expenditures, the median share of total spend-
ing allocated to electricity is approximately 3%. Despite lower absolute 
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consumption, poorer households consistently devote a larger portion of 
their limited budgets to electricity, a pattern especially pronounced in 
urban areas; in 15 of the 22 countries studied, low-income urban house-
holds spend a higher share on electricity than wealthier ones, reflecting 
both affordability constraints and limited substitution options. The 
financial burden is particularly acute in countries such as Botswana, 
Mozambique, Sierra Leone, and Swaziland, where the poorest quintiles 
allocate between 7% and 10% of their total expenditure to electricity. 
By contrast, Malawi and Niger exhibit uniformly low electricity budget 
shares across income groups, largely due to limited grid access. On 
average, the poorest households in the region spend about 3.7% of 
their budgets on electricity, compared to 2.9% among the richest. 
Country-specific studies reinforce this broader pattern: in Angola, the 
poorest quintile allocates 4.3% of total expenditure to electricity—
nearly double the share spent by the richest households (Coady et al., 
2006); in Uganda, electricity budget shares decline steadily with rising 
income (Lee, 2013); and in Morocco, households in the lowest expendi-
ture quintile spend an average of 4.4% of their budgets on electricity, 
compared to just 2% among the wealthiest (Kettani & Sanin, 2022). 
Similar disparities are reported in South Africa, where low-income 
households pay a disproportionately high share of their budgets for 
electricity (Kambule & Nwulu, 2021; Lesala et al., 2024).

Evidence from outside Africa also reveals similar regressive spend-
ing patterns, where poorer households bear a disproportionately high 
electricity cost burden relative to their income. Heltberg (2003) report 
this trend in Nepal, Brazil, and Guatemala, where the poorest electricity 
users consistently spend a higher share of their income on electricity 
than wealthier households. Interestingly, India stands out as an excep-
tion. Electricity expenditure shares in India remain relatively stable 
across income groups; about 3%–4% in urban areas and 2%–3% in 
rural areas. This stability is attributed to India’s tiered pricing system 
and targeted subsidies that help low-income households manage basic 
electricity expenses effectively.

In Latin America and the Middle East, the regressive burden of 
electricity spending is also well documented. Mori and Yepez-Garcia 
(2020) find that in a pooled sample of 13 Latin American countries, 
the poorest households allocate approximately 5% of their budgets to 
electricity, compared to just 2.3% among the richest. In Iran, electricity 
remains a notable budget item for low-income households, who spend 
around 1.22% of their incomes on electricity, while the wealthiest 
spend only 0.75% (Weltbank, 2013). Similarly, Jiménez and Yepez 
(2021) shows that electricity burdens in Latin America are consistently 
higher among poorer and rural households, with wealthier groups 
devoting a smaller share of their budgets to electricity.

Importantly, this regressive pattern is not confined to developing 
economies. In high-income countries such as the United Kingdom, Ad-
vani et al. (2013) show that lower-income households allocate a larger 
share of their budgets to electricity. This disparity is driven by fac-
tors such as poorly insulated housing, greater reliance on electric 
heating, and the widespread use of costly prepayment meters among 
low-income households. Similar patterns are observed in the United 
States, where Bell-Pasht (2024) find that lower-income households 
spend a disproportionately large share of their budgets on electricity, 
underscoring the persistence of energy affordability challenges even in 
wealthy nations.

While much of the literature aligns with Engel’s law predictions, 
other studies present more mixed results, highlighting the critical role 
of energy subsidy structures, access constraints, and location-specific 
factors in shaping household electricity expenditure patterns. Coady 
et al. (2006) demonstrates how subsidy effectiveness and electricity 
access influence spending patterns in countries such as Jordan, Sri 
Lanka, and Mali. In Jordan, the poorest households allocate 3.1% of 
their budgets to electricity, compared to 1.8% for the richest quintile, 
reflecting a higher burden on the poor despite their lower absolute con-
sumption. This regressive burden is largely attributed to poorly targeted 
subsidies, which disproportionately benefit wealthier households who 
2 
consume more electricity overall. In contrast, Sri Lanka exhibits the 
opposite trend: the poorest households spend only 0.8% of their bud-
gets on electricity, while the richest allocate 2.1%. Although wealthier 
households receive the majority of subsidies due to their higher con-
sumption levels, they also spend a larger share of their budgets on 
electricity, driven by widespread ownership of energy-intensive appli-
ances and higher usage for cooling and lighting. This illustrates how 
even regressive subsidy structures may not always translate into higher 
relative burdens for the poor when absolute consumption remains low. 
In Mali, limited electricity access results in negligible expenditures 
among poorer households, with the lowest quintile spending virtually 
nothing on electricity, while the richest quintile allocates only 1.5%. 
A similar pattern is observed in Madagascar, where access constraints 
severely limit electricity consumption. According to Andriamihaja et al. 
(2008), the poorest quintile in Madagascar spends just 0.1% of their 
budgets on electricity, compared to 1.2% for the richest, highlighting 
how lack of access, not affordability, suppresses electricity spending 
among the poor.

Urban–rural disparities further complicate these patterns. Bacon 
et al. (2010) analyze household electricity spending across a diverse set 
of developing countries and reveal significant variation by location. In 
rural areas, electricity budget shares generally decline as income rises, 
particularly in Bangladesh, Cambodia, India, Thailand, and Uganda. 
However, this declining pattern is less pronounced in Vietnam and In-
donesia, where electricity budget shares remain relatively stable across 
income groups, and is even reversed in Kenya, where higher-income 
rural households allocate a greater share of their budgets to electricity. 
In Uganda and Pakistan, electricity expenditures impose a substantial 
financial burden on the poorest rural households, consuming 6.9% 
and 4.8% of their budgets, respectively, before declining for wealthier 
groups. In urban areas, the relationship between income and electricity 
spending is less consistent. India again emerges as an exception, where 
urban households exhibit a clear decline in electricity budget shares 
as income rises. This finding contrasts with the more uniform budget 
shares across rural and urban India across income groups observed 
by Heltberg (2003), illustrating studies can report contrasting results 
from the same country.

Although the existing literature provide important insights, much of 
it is based on household survey data, which may not accurately capture 
electricity expenditures, particularly in contexts with prepaid electricity 
systems. Prepaid systems, which are common in SSA (Klug, 2021), 
introduce substantial challenges for expenditure measurement. Infre-
quent and irregular purchasing patterns can lead to substantial misre-
porting in surveys, as households either omit purchases or exaggerate 
their typical expenditures when purchases are made.

Our study addresses this critical measurement gap by directly com-
paring self-reported electricity expenditures from household surveys 
with administrative utility billing data in Rwanda, and extending these 
findings to Uganda using predictive modeling and frequency adjust-
ments. To our knowledge, this is the first such study in SSA to quantify 
and correct for the biases introduced by prepaid electricity purchasing 
behaviors.

We find that in both Rwanda and Uganda, surveys consistently show 
higher electricity burdens for poorer households, with median budget 
shares exceeding 3%. However, after adjusting for the infrequent and 
irregular purchasing behaviors of these households, we find that the 
true electricity burdens are lower and more comparable to those of 
wealthier households, between 0.5% and 2.5%. This result challenges 
the conventional interpretation of survey-based expenditure data in 
SSA and underscores the importance of integrating utility data and 
adjusting for purchasing frequency to more accurately assess energy 
poverty.

The rest of the paper is structured as follows. ‘‘Context in Sub-
Saharan Africa’’ section examines electricity expenditure patterns across
different SSA countries. ‘‘Data’’ section describes the datasets used. 
‘‘Methodologies’’ section presents descriptive and predictive analyses of 
discrepancies between survey-reported and utility-measured electricity 
use. ‘‘Findings and Discussion’’ section contextualizes our findings 
within the broader literature, and finally, the ‘‘Conclusion’’.
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Context in Sub-Saharan Africa

This section examines the financial burden of electricity consump-
tion across different household income groups in SSA, using the more 
recent nationally representative household survey data from seven 
countries: Benin, Ethiopia, Malawi, Tanzania, Uganda, Rwanda, and 
Togo.1 The analysis focuses on how the share of household budgets 
allocated to electricity varies across expenditure levels, providing in-
sights into the affordability of electricity and the degree of financial 
strain faced by poorer households. All monetary values are expressed 
in constant 2015 U.S. dollars, adjusted using purchasing power parity 
(PPP) conversion factors to ensure cross-country comparability.2

Fig.  1 illustrates this relationship through two complementary vi-
sualizations. Fig.  1(a) presents Engel curves, which plot the share 
of household budgets allocated to electricity against total household 
expenditure. These curves provide empirical evidence of how electricity 
spending burdens evolve across the income distribution.3

Several key patterns emerge. In most countries, the electricity bud-
get share declines as household expenditure increases, consistent with 
Engel’s law, which posits that as income rises, the proportion of spend-
ing on necessities declines. This suggests that electricity is perceived 
as a necessary good, but one that imposes a disproportionate financial 
burden on poorer households. However, important non-linearities are 
also observed. In Togo and Malawi, the curves exhibit a distinct U-
shaped pattern: lower-income households allocate a high share of their 
budgets to electricity, middle-income households experience a relative 
decline, and higher-income households again show an increasing share. 
This pattern may indicate increased appliance ownership and higher 
consumption among wealthier households in these countries.

In contrast, Ethiopia presents a unique case. The curve initially rises 
before declining steadily, suggesting that even the poorest households 
allocate a relatively low share of their budget to electricity, likely due 
to highly subsidized electricity tariffs and historically low residential 
electricity prices (Foster & Dominguez, 2011; Moolman, 2017). This is 
consistent with Ethiopia’s policy environment, where extensive subsi-
dies have maintained low tariff prices, reducing the relative financial 
burden on low-income households.

Fig.  1(b) complements this analysis by showing the distribution 
of total household expenditures using kernel density estimates. These 
distributions help contextualize the affordability analysis. For example, 
Rwanda has a high concentration of households at the lower end of the 
expenditure spectrum, suggesting widespread vulnerability to afford-
ability challenges. In contrast, Benin displays a broader distribution, 
indicating a relatively wealthier survey population.

In the following sections, we explore why households in the lowest 
expenditure quintiles allocate a larger share of their budgets to electric-
ity than wealthier households. Using Rwanda as a case study, we utilize 
household survey data and utility billing data to compare how what 
households report in surveys as their electricity consumption compares 
to their billing data from the distribution utility.

Data

Our analysis combines two main data sources: the Fifth Integrated 
Household Living Conditions Survey (EICV5, 2016/17), conducted by 
the National Institute of Statistics of Rwanda (NISR), and administrative 
electricity billing data from the Rwanda Energy Group (REG), which 
captures prepaid electricity transactions for residential customers.4

1 Survey data sources are provided in the Appendix
2 Conversion factors are obtained from the World Bank (Sherouse, 2025)
3 In this study, we use household income and total expenditure 

interchangeably as proxies for economic status.
4 Access to these confidential datasets was secured through institutional 

partnerships with REG and NISR. The data-matching process was conducted 
on-site at NISR headquarters in Kigali to comply with strict confidentiality and 
data protection protocols.
3 
Representative household survey data

EICV5 is a nationally representative household survey based on 
a stratified two-stage sampling design, covering all 30 districts of 
Rwanda. The survey includes 14,580 households and collects detailed 
information on housing, energy use, education, health, labor, and 
expenditures (NISR, 2017). For our analysis, we focus on survey mod-
ules capturing grid connectivity status, reported electricity expendi-
tures, and total monthly household expenditures (in nominal Rwandan 
Francs).

Among the 3,600 households reporting grid access, we restrict the 
sample to 3,245 that report non-zero electricity expenditures. House-
holds with zero reported spending, typically poorer and concentrated in 
the lower expenditure brackets (see Appendix Figure A6), are excluded 
to focus the analysis on active users. While this exclusion may introduce 
some bias by omitting grid-connected but non-consuming households, 
it allows for a clearer assessment of electricity expenditure patterns.

Utility data

The REG administrative dataset includes prepaid transaction histo-
ries for residential customers from 2013–2019, recording kilowatt-hour 
purchases, billed amounts, and tariff rates, along with customer identi-
fiers, connection dates, and district-level geographic data. Because the 
data capture transactions rather than meter readings, there can be a 
mismatch between actual consumption and payment timing.

To mitigate this, we apply a smoothing algorithm following Mu-
gyenyi et al. (2025), which distributes each payment evenly over the 
days between transactions to estimate daily electricity consumption. 
These estimates are then aggregated into monthly values to better 
reflect household usage patterns. A detailed analysis of electricity 
consumption behavior in Rwanda is provided in the companion study 
by Mugyenyi et al. (2025).

Matching survey to utility data

To link household survey data to utility billing records, we collab-
orated with NISR to obtain detailed locational identifiers for EICV5 
households, including village-level administrative units, GPS coordi-
nates, and household head names. The REG dataset includes roughly 
800,000 residential accounts, of which about 430,000 contain both GPS 
coordinates and account holder names.

We conducted matching using a combination of spatial and name-
based criteria. Names were matched using the fuzzywuzzy library (Co-
hen & contributors, 2011), with a similarity threshold of 80 applied 
to both first and last names. A match was confirmed when both name 
similarity exceeded the threshold and the GPS coordinates of the house-
hold and electricity meter fell within 100 m. Although REG guidelines 
require meters to be within 40 m of households, we expanded the 
threshold to 100 m to account for potential measurement errors and 
variations in installation practices (Rwanda Energy Group, 2022). An 
example of the spatial matching process is illustrated in Appendix 
Figure A1.

Using these criteria, we matched 790 households. When relaxing 
the distance constraint beyond 100 m, the match count increased to 
1,151, though at the cost of increased false positive risk. To maintain 
consistency in electricity usage, we further restricted the sample to 
households that both reported electricity purchases in the survey and 
had corresponding utility payments in the same month. This yielded a 
final matched sample of 650 households.

Table  1 compares descriptive statistics between the full sample and 
the matched subset. Matched households tend to be slightly older, live 
in larger households, and report higher asset ownership (e.g., mobile 
phones, fridges, TVs) (see Appendix). However, electricity spending 
levels remain comparable, suggesting that the matched sample remains 
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(a) Electricity budget share (%) as a function of monthly household expenditure

(b) Kernel density estimates of household monthly expenditure. 

Fig. 1. Household electricity expenditure patterns across selected Sub-Saharan African countries. 
Table 1
Descriptive Statistics for Main vs. Subset Samples.
 Variable All HHs (N=3600) Matched HHs (N=650)
 Mean SD Mean SD  
 Household Head Age (years) 41.21 13.83 45.92 12.73  
 Household Head years in school 7.87 4.29 7.53 4.11  
 Reported Electricity Payment(RWF) 2810.91 4594.46 3061.63 4825.53  
 Household Size 4.54 2.40 5.63 2.23  
 Number of Rooms 3.78 1.59 4.64 1.35  
 Total Monthly Expenses (RWF) 156,431.6 196,955.8 184,013.4 221,303.5  

broadly representative of payment behavior despite demographic and 
economic differences.

To ensure comparability between survey and utility data, we align 
survey-reported four-week electricity expenditures with the smoothed 
monthly utility payments from REG. Specifically, we use the month 
and year of the household’s survey report to extract the corresponding 
utility billing data.

Methodologies

Descriptive analysis of survey-reported and utility billing data

This section compares household electricity expenditures as re-
ported in the EICV5 survey with administrative billing records from the 
utility, using a matched sample of 650 households. We proceed in four 
steps: (1) classify households by expenditure quintile; (2) assess round-
ing behavior (‘‘heaping’’) in survey responses; (3) examine purchase 
frequency; and (4) quantify misreporting relative to utility data.
4 
Table 2
Monthly Expenditure Quintiles (RWF; 2015 PPP USD).
 Quintile RWF range USD Range N (Matched HH) 
 Poor 6,553–48,138 21.0–154.5 130  
 Q2 48,139–80,377 154.5–257.9 130  
 Q3 80,378–129,617 257.9–415.9 130  
 Q4 129,618–229,850 415.9–737.5 130  
 Rich 229,851–3,402,860 737.5–10,919.1 130  

Quintile classification
We partition monthly household expenditures into five welfare 

quintiles – Poor, Q2, Q3, Q4, and Rich – using 2015 PPP-adjusted USD 
for cross-household comparability (Table  2).

Heaping in survey data
Nearly all residential electricity customers in Rwanda use prepaid 

meters, paying through mobile money apps, USSD,5 or in-person ven-
dors. Because the smallest coin is 100 RWF and banknotes begin at 500 
RWF, households often round payments to these denominations.

Fig.  2 shows evidence of digit preference: survey-reported payments 
cluster at 500, 1,000, and 2,000 RWF, particularly among poorer house-
holds. As shown in Fig.  2, self-reported electricity expenditures heavily 
reflect these denominations, exhibiting classic heaping behavior (Zinn 
& Würbach, 2016). Heaping introduces potential biases in analyses that 
rely on survey data.6

5 USSD (Unstructured Supplementary Service Data) is a mobile communi-
cation protocol that works without internet access.

6 Heaping refers to the tendency of respondents to report expenditures at 
preferred rounded values rather than providing precise figures.
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Fig. 2. Survey-reported electricity payments by expenditure quintile.

Table 3
Distribution of Reported and Utility Electricity Payments (RWF) for Matched 
Households.
 Payment bin (RWF) Survey (%) Most recent utility Matched smoothed  
 prepaid payment(%) utility payment (%) 
 0–200 0.2 10.5 7.7  
 200–500 0.3 24.6 16.0  
 500 12.9 27.2 3.2  
 500–1000 1.8 4.4 15.8  
 1000 26.0 19.0 2.9  
 1000–2000 5.5 5.6 13.8  
 2000 18.5 3.3 1.5  
 2000–5000 18.5 2.3 19.5  
 5000 4.9 1.6 1.4  
 5000+ 11.4 1.6 18.0  
 Aggregate 100 100 100  

Table  3 compares the distribution of household electricity pay-
ments in predefined payment bins using three sources: (i) self-reported 
payments from household surveys, (ii) the most recent prepaid trans-
action recorded in utility logs near the survey date, and (iii) smoothed 
monthly totals calculated from matched utility billing data (see the 
‘‘Data’’ section for details). Several key patterns emerge, highlighting 
systematic differences between reported and metered expenditure val-
ues. Survey data show strong heaping (e.g., 26% of reports at exactly 
1,000 RWF), while utility records show many small-value top-ups 
(e.g., over 60% of recent payments below 1,000 RWF). This divergence 
reflects both recall bias and the episodic nature of prepaid purchases.

Purchase frequency
Survey-based estimates often assume regular monthly spending (Mar

& Eltrop, 2017), but utility data reveal irregular purchasing, especially 
among low-income households. Fig.  3 shows that poor households typ-
ically make purchases in fewer than 8 months per year, whereas richer 
households purchase electricity almost every month. This irregularity 
contributes to misreporting and suggests that surveys may overstate 
actual monthly spending for poorer households.

Extent of misreporting
We calculate misreporting as the percentage deviation between 

self-reported and utility-recorded monthly expenditure:

𝛿𝑖 =
Survey𝑖 − Utility𝑖

Utility𝑖
× 100%.

Fig.  4 plots this deviation against the number of recorded trans-
actions, revealing that poor households tend to over-report, while 
rich households’ reports are more accurate or slightly under-reported. 
5 
Fig. 3. Average number of months with at least one electricity purchase 
(2016–2017), by expenditure quintile.

Figures A3 and A2 in the Appendix provide additional detail on the 
distribution of misreporting across expenditure categories.

Electricity budget shares: Survey vs. Utility data
Fig.  5 compares electricity budget shares (as a percent of house-

hold expenditures) across quintiles using both survey and utility data. 
Among poorer households, survey-based shares are significantly higher, 
suggesting over-reporting. Among richer households, survey and utility 
estimates converge.

These results highlight the need for administrative data when as-
sessing energy affordability, particularly for low-income households.

Accounting for intermittent purchases
Households with prepaid meters typically purchase electricity when 

financial resources are available. Because standard expenditure ques-
tionnaires ask for ‘‘monthly spending,’’ respondents may extrapolate 
these sporadic lump-sum purchases into a notional monthly figure, 
overstating what they actually spend in a typical month.

Benchmark against utility data. Fig.  5 compares survey-reported 
electricity budget shares with those calculated directly from utility 
billing records. The survey data imply a regressive pattern: the poorest 
quintile appears to devote the largest fraction of its budget to elec-
tricity, with wide dispersion. Utility records, however, tell a different 
story; median shares are lower, revealing systematic overstatement in 
self-reported data.

Frequency adjustment for contexts without billing records. In 
contexts where utility billing data are unavailable, but information 
on electricity purchase frequency is available, a simple correction can 
be applied. Specifically, the reported monthly spending can be scaled 
by the share of months in which the household made a purchase.7
Fig.  6 illustrates the impact of this adjustment. After applying the 
frequency-based correction (orange boxplots), two effects are apparent: 
(1) The median electricity budget shares for the bottom two quintiles 
fall substantially, and interquartile ranges narrow, bringing them closer 
in line with the utility-derived estimates (green boxplots). (2) Despite 
this improvement, adjusted medians for the poorest quintiles remain 
slightly above the utility medians, suggesting perhaps that residual 
recall error and denomination-based rounding (e.g., to 500 or 1,000 
RWF) still contribute to bias.

Scaling by purchase frequency offers a low-cost, intuitive method 
to mitigate overstatement in survey data when billing records are 
unavailable. However, this adjustment alone does not fully correct 

7 Formally, the adjusted monthly payment is 𝐸̃𝑖 = 𝑚𝑖

12
𝐸survey

𝑖 , where 𝐸survey
𝑖

is the monthly reported electricity expenditure and 𝑚𝑖 ≤ 12 is the number of 
months in which any purchase was made in a year.
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Fig. 4. Misreporting percentage deviation versus number of transactions (2016–2017), highlighting poor (blue circles) and rich (purple squares) households.
Fig. 5. Comparison of Household Electricity Budget Shares from Survey and Utility Data Across Expenditure Quintiles.
for misreporting, particularly among poorer households. Additional 
techniques, such as applying predictive correction models, may be 
required to obtain unbiased estimates of electricity affordability at the 
bottom of the income distribution.

Can machine learning predict expected utility-measured spending?

A key limitation of this study is the inability to match all surveyed 
households to corresponding utility billing records. To overcome this 
constraint and extend the analysis, we develop predictive models to es-
timate expected utility-measured spending for unmatched households. 
These predictions could help in more accurately estimating electricity 
budget shares and, by extension, informing policies that target energy 
affordability and access.

Feature selection and predictive relevance
We begin by identifying a set of explanatory variables from the 

household survey data that are both theoretically grounded and empir-
ically associated with electricity consumption. These include income 
proxies, appliance ownership, housing characteristics, and education 
levels. A detailed summary is provided in the appendix.

We conduct a correlation analysis to gauge the strength of associa-
tion between each feature and utility-measured electricity consumption 
(see Appendix Figure A4). As expected, electricity expenditure is posi-
tively correlated with survey-reported electricity spending (0.73) and, 
total household expenditure (0.69) aligning with prior studies linking 
6 
income to energy use (Alberini et al., 2011; Hussain & Asad, 2012; 
Salari & Javid, 2017; Wallis et al., 2016).8

Asset ownership is also predictive: refrigerators (0.59), televisions 
(0.41), and mobile phones (0.36) all show meaningful correlations, on 
par with literature that emphasize the role of appliances as a proxy for 
electricity demand Genjo et al. (2005), Halvorsen and Larsen (2001), 
Krishnamurthy and Kriström (2015). Rural residence is negatively asso-
ciated with electricity consumption (−0.36), reflecting persistent access 
and affordability gaps. Additional variables such as the number of 
rooms (0.19) and education level (0.42) further inform our modeling, 
drawing on prior work on housing and education as drivers of energy 
use (Khanna et al., 2016; Longhi, 2015; Taale & Kyeremeh, 2019).

Predictive modeling framework and methods
To estimate expected utility-measured spending, we implement a 

comprehensive machine learning framework. Linear regression serves 
as the baseline model, and we extend this with regularized linear 
models, including Ridge, Lasso, and ElasticNet, to address overfitting 
and improve generalization. Given the skewed nature of electricity 
consumption data and the prevalence of outliers, we also apply robust 
regression methods, specifically the HuberRegressor and Theil–Sen es-
timator, which mitigate the influence of extreme values by using robust 
loss functions or rank-based estimators.

8 Correlations are shown in parentheses ()
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Fig. 6. Distribution of monthly electricity budget shares (%) by expenditure quintile. Boxplots compare three series: survey-reported payments (blue), utility-
recorded payments (green), and survey payments re-scaled by each household’s monthly payment frequency (orange). Whiskers extend to the 5th–95th percentiles; 
outliers are omitted.
To capture complex non-linear relationships between household 
characteristics and electricity consumption, we additionally employ 
tree-based ensemble models, including Random Forest, Gradient Boost-
ing, Extra Trees, and XGBoost. Alternative non-parametric models such 
as K-Nearest Neighbors (KNN) and Support Vector Regression (SVR) are 
also evaluated for comparative purposes.

Model performance is assessed using 5-fold cross-validation. Mean 
Absolute Error (MAE) and the coefficient of determination (R2) serve 
as the primary evaluation metrics. Figure A5 (see appendix) sum-
marizes the cross-validation results. The HuberRegressor outperforms 
other models, achieving the lowest MAE and the highest R2 during 
cross-validation.

On the test set, the HuberRegressor attains an R2 of 0.42 and 
an MAE of $5.34 (2015 USD, PPP-adjusted). This moderate explana-
tory power most likely reflects both data limitations and unobserved 
household characteristics not captured in the survey.

Although tree-based models demonstrate competitive predictive ac-
curacy, they exhibit a tendency to overfit higher consumption house-
holds, limiting their effectiveness for the primary policy interest group, 
low-income households. SVR and KNN models yield relatively poor 
predictive performance. Based on its robust performance and resistance 
to the influence of outlier values, the HuberRegressor is selected as 
the final model to predict expected utility-measured spending among 
unmatched households.9

Prediction results
Fig.  7 compares electricity budget shares derived from predicted 

utility consumption to those based on self-reported survey data, dis-
aggregated by household expenditure quintile.

The model aligns closely with observed patterns among lower-
income households. Predicted electricity budget shares for these groups 
fall within an interquartile range of 0.8%–2.2%, noticeably lower than 
survey-reported shares, which range from 1.8%–3.8%. This supports 
earlier findings (see Fig.  5) that poorer households tend to overstate 
electricity expenditures in surveys.

9 Details about hyperparameter tuning can be found in the Appendix
7 
For higher-income households, model predictions exhibit less vari-
ation, likely a result of the Huber loss function’s tendency to down-
weight outliers. While this enhances robustness, it also limits the 
model’s sensitivity to the greater heterogeneity in electricity use among 
wealthier households.

Although the HuberRegressor provides useful insights into how 
household characteristics relate to electricity expenditure shares, its 
predictive performance is constrained. The modest 𝑅2 and sizeable 
mean absolute error (MAE) reflect limitations stemming from both the 
restricted set of predictors and the relatively small sample size.

Machine learning models can be valuable tools for estimating utility, 
equivalent consumption from survey data, particularly for identifying 
over-reporting among low-income groups, but are less reliable for 
capturing precise usage across the full distribution. For policy appli-
cations requiring high accuracy, especially at the upper end of the 
consumption spectrum, supplementary data or matched utility records 
remain essential.

Do similar patterns of electricity use and reporting biases hold in Uganda?

Thus far, our analysis has focused on Rwanda, where we benefit 
from uniquely matched household survey and utility billing data. We 
now extend the investigation to Uganda to examine whether similar 
patterns of electricity expenditure and reporting bias emerge in a 
comparable East African context.

Unlike in Rwanda, matched survey–utility data are unavailable 
in Uganda. To address this, we apply predictive models trained on 
Rwandan data and incorporate purchase frequency information from 
Ugandan utility records to interpret household survey responses. This 
approach enables us to approximate expected electricity expenditures 
and assess discrepancies in self-reported spending, contributing to a 
broader understanding of energy affordability and reporting behavior 
in Uganda.

Data sources in Uganda: Surveys and utility records
We use two primary sources. First, the Uganda National House-

hold Survey (UNHS) 2019/2020, conducted by the Uganda Bureau 
of Statistics (UBOS) (UBOS, 2020), provides nationally representa-
tive data on 13,732 households, covering socioeconomic characteris-
tics and detailed expenditure reporting. Second, administrative data 
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Fig. 7. Comparison of Predicted and Self-Reported Electricity Budget Shares Across Household Expenditure Quintiles.
from the Uganda Electricity Distribution Company Limited (UEDCL) 
include monthly billing and consumption records for 152,000 cus-
tomers between 2019 and 2023. The dataset includes customer lo-
cation, tariff category, connection date, and aggregated transaction 
records. Appendix Figure A8 shows the geographic representativeness 
of this dataset. Companion studies provide further insights into the 
state of residential electricity consumption in Uganda (Mugyenyi et al., 
2024a, 2024b, 2025b).

Cross-country comparison with rwanda
Survey-reported electricity expenditures. To compare expenditures across 
countries, we convert all survey-reported electricity spending to 2015 
PPP-adjusted USD. Fig.  8 shows Ugandan households report higher 
electricity spending than Rwandan households. In Rwanda, over 75% 
of households report monthly expenditures below $6, while in Uganda, 
the distribution centers around $7.50 with a longer right tail. These dif-
ferences align with broader spending patterns (see Fig.  1(b)), reflecting 
Uganda’s higher income levels.

Both countries maintain similar tariff structures. In Rwanda, the 
lifeline rate (up to 15 kWh/month) is $0.26/kWh, while in Uganda it is 
$0.18/kWh. Beyond the lifeline tier, both countries charge comparable 
rates (approximately $0.56–0.62/kWh).10 Despite lower base rates in 
Uganda, households still report higher expenditures, consistent with 
greater purchasing power.
Utility-recorded purchase frequency. Without matched survey–utility
data in Uganda, we proxy income by average monthly electricity 
consumption from utility billing data. Households are grouped into 
quintiles based on this metric, following established links between 
electricity use and income (ul Husnain et al., 2021; Pachauri & Spreng, 
2004). Figure A9 in the appendix illustrates the resulting distribution.

Table  4 summarizes differences in purchasing frequency and con-
sumption levels between countries. Ugandan households consume more 
electricity across all quintiles, yet those in the lower quintiles purchase 
less frequently, indicating lumpier usage patterns.

Broader socioeconomic difference
Table  5 compares household characteristics. Ugandan households 

have higher average monthly expenditures, higher electricity spending, 
and more years of schooling. Rwandan households, by contrast, report 
more rooms per dwelling. These structural differences shape electricity 
usage and survey reporting behaviors.

10 Tariff data retrieved from official utility websites and adjusted to 2015 
PPP USD.
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Statistical tests (Appendix Tables A4–A5) confirm that differences 
in education, electricity spending, and expenditures are significant (𝑝 <
0.001), while household size is not. Appliance ownership is significantly 
higher in Uganda. These contrasts underscore the need to account 
for country-specific structures when applying predictive models across 
contexts.

Furthermore, it is important to acknowledge that the Rwandan 
EICV5 survey was conducted in 2016/2017, while Ugandan UNHS data 
were collected in 2019/2020. This temporal mismatch, coupled with 
possible differences in the timing of utility data, introduces additional 
sources of potential bias. Changes in tariffs, electricity access, infras-
tructure, or broader macroeconomic conditions over time could plausi-
bly affect household energy consumption patterns, further complicating 
cross-country comparisons.

Applying rwanda insights to Uganda

Survey-reported expenditures implicitly assume consistent monthly 
purchases. For prepaid customers, especially in low-income house-
holds, sporadic lump-sum purchases are often misinterpreted as regular 
monthly spending, leading to overstated budget shares.

To correct this, we apply a frequency-adjusted correction based 
on Ugandan utility records. Households in both the utility and sur-
vey datasets are divided into 20 quantiles (based on monthly con-
sumption and expenditure, respectively). For each utility quantile, we 
estimate the empirical distribution of active purchase months (i.e., 
months with at least one transaction) and assign this distribution to 
the corresponding survey quantile.

For each survey household 𝑖, we simulate 100 draws 𝑀 (𝑠)
𝑖  from 

the relevant purchase distribution and compute frequency-adjusted 
expenditures:

𝑃 (𝑠)
𝑖 = 𝑃𝑖 ⋅

𝑀 (𝑠)
𝑖

12
,

where 𝑃𝑖 is the reported monthly spending. This correction scales 
reported values to reflect actual purchasing frequency.

Fig.  9 shows budget shares before and after adjustment. The largest 
corrections occur among poorer households, whose adjusted budget 
shares drop significantly. Among wealthier households, corrections are 
smaller and medians converge near 1–1.5%.

We also apply the predictive model trained in Rwanda to Ugandan 
households. While useful for benchmarking, its performance is limited: 
it underestimates electricity use for high-expenditure households and 
does not capture low-income irregularities (Appendix Figure A7). This 
underscores the challenge of cross-country generalizability.
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Fig. 8. Distribution of survey electricity-payment responses in Uganda (red) and Rwanda (blue), in 2015 PPP-adjusted USD.
Table 4
Average Months with Electricity Purchase and Monthly Consumption by Quintile.
 Expenditure quintile Uganda Rwanda

 Months Avg. monthly consumption (kWh) Months Avg. monthly consumption (kWh) 
 Poor 5.0 4.69 8.5 3.99  
 Q2 8.0 10.27 10.5 5.82  
 Q3 10.0 17.18 11.5 10.94  
 Q4 11.0 28.76 12.0 17.48  
 Rich 12.0 59.11 12.0 35.77  
Fig. 9. Electricity budget shares vs. household expenditure (2015 USD). Red: survey-reported. Blue: frequency-adjusted. Shaded area: 95% CI.
Table 5
Descriptive Statistics for Households in Rwanda and Uganda.
 Variable Rwanda (N=3,602) Uganda (N=1,723)

Mean SD Mean SD  
Household Head Age (years) 41.2 13.8 42.1 14.5  
Years of Schooling (HH Head) 7.9 4.3 9.5 4.5  
Electricity Payment (USD, PPP) 8.3 13.6 15.4 16.6  
Household Size (members) 4.5 2.4 4.6 2.7  
Number of Rooms 3.8 1.6 2.1 1.2  
Monthly Expenditure (USD, PPP) 464.1 584.3 804.9 969.0  

ross-country comparison of budget shares
Fig.  10 displays boxplots of household electricity budget shares 

cross expenditure quintiles for Uganda and Rwanda. The left panel 
9 
illustrates self-reported (unadjusted) budget shares derived directly 
from household survey data, while the right panel presents budget 
shares adjusted for electricity purchase frequency using utility data.

Each boxplot compares countries within the same expenditure quin-
tile, from the poorest households (‘‘Poor’’) to the richest (‘‘Rich’’). Red 
dashed lines at 1% and 2% indicate the range expected for household 
electricity spending as a share of total expenditure

In the unadjusted data (left), lower-income households have sub-
stantially higher and more variable electricity budget shares, often 
exceeding the 2% threshold, indicating possible over-reporting due to 
infrequent, lump-sum electricity purchases. After adjustment (right), 
median budget shares decrease, particularly among poorer households, 
and the distributions narrow, suggesting improved consistency and 
plausibility of the adjusted estimates. These results underscore the 
importance of correcting for prepaid usage patterns when assessing 
electricity affordability in survey-based studies.
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Fig. 10.  Comparison of self-reported and frequency-adjusted electricity budget shares across expenditure quintiles in Uganda and Rwanda. 
Findings and discussion

Our findings offer important insights into the challenges of measur-
ing electricity expenditures in low-income, prepaid electricity contexts, 
common across much of Sub-Saharan Africa (SSA). In Rwanda, we 
find that poorer households systematically over-report their electricity 
spending relative to matched utility billing records. This misreporting 
appears to stem primarily from two sources: (1) the mismatch between 
survey recall periods and the irregular nature of prepaid purchases, and 
(2) the tendency to round expenditures to familiar denominations such 
as 500 or 1,000 RWF.

Interestingly, similar behaviors have been documented in high-
income contexts. For example, Advani et al. (2013) show that low-
income households using prepayment meters in the United Kingdom 
often purchase electricity infrequently due to tight budget constraints, 
resulting in distorted survey responses. Their study, which applies 
a Tobit model to correct for these biases, highlights that infrequent 
purchasing and lump-sum top-ups pose measurement challenges that 
transcend geographic settings. Our findings extend this literature by 
demonstrating that these same challenges are present in SSA, despite 
substantial differences in living standards, infrastructure, and energy 
policy. This suggests that the difficulty of capturing electricity expen-
ditures in prepaid contexts is an issue wherever prepayment systems 
are widespread.

Our analysis also underscores the value of integrating administra-
tive utility data to correct for misreporting. By comparing self-reported 
expenditures to billing records, we show that survey-based measures 
can systematically overstate the financial burden of electricity for 
low-income households. Without appropriate corrections, such over-
statements may distort assessments of energy affordability and lead to 
poorly targeted subsidies or misinformed social protection programs. 
For contexts lacking matching billing records, we show that simple 
adjustments, such as scaling survey-reported spending by the number 
of months in which electricity was actually purchased, can partially 
reduce bias. However, even this approach does not fully correct for 
rounding errors or residual recall inaccuracy, especially among the 
poorest households. More sophisticated methods, including predictive 
modeling, may help further reduce error, though their performance can 
be limited in data-sparse settings.

Extending the analysis to Uganda reinforces the robustness of these 
findings. Despite Uganda’s higher average living standards compared 
to Rwanda, poorer Ugandan households also exhibit infrequent pur-
chasing and substantial discrepancies between reported and frequency-
adjusted electricity expenditures. The consistency of these patterns 
across two countries with different economic profiles strengthens the 
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generalizability of our conclusions and highlights the widespread na-
ture of misreporting in prepaid electricity systems.

These insights are especially relevant for researchers and practition-
ers who rely on survey data to estimate household electricity demand 
in low-access or low-income settings. Several studies (Fobi et al., 2022; 
Marathe & Eltrop, 2017; Mugyenyi et al., 2025c; Vetter-Gindele et al., 
2023) rely on self-reported electricity expenditures to project electricity 
usage or combine them with satellite data to model demand. Our 
findings suggest that such self-reports are prone to systematic bias, par-
ticularly for the poor, potentially leading to inflated demand estimates. 
Similarly, traditional load forecasting methods based on appliance 
ownership surveys often overestimate consumption due to aspirational 
reporting and unrealistic usage assumptions (Allee et al., 2021; Blodgett 
et al., 2017; Hartvigsson & Ahlgren, 2018; Pandyaswargo et al., 2020; 
Sandwell et al., 2016). Our results support this critique and suggest that 
comprehensive household expenditure surveys offer a promising alter-
native for inferring electricity demand. In particular, observed budget 
shares of electricity spending, typically around 1%–2% of total house-
hold expenditure, can provide behaviorally grounded benchmarks for 
modeling consumption in contexts where direct measurement is not 
feasible.

That said, our approach has limitations. First, survey-reported total 
household expenditures, used as the denominator for calculating elec-
tricity budget shares, may themselves be misreported. Errors in this 
measure can amplify or obscure affordability metrics, depending on 
whether over- or under-reporting affects the numerator and denomi-
nator asymmetrically. Second, in Uganda, the lack of household-level 
linkage between surveys and utility data required us to rely on a 
quantile-matching assumption, wherein higher household expenditures 
are assumed to correspond to higher electricity consumption. While 
supported by general patterns in the literature, this assumption may 
not hold uniformly across all contexts, particularly where income is 
informal or appliance ownership is not tightly correlated with expendi-
ture. Future work should explore alternative strategies to better align 
datasets in such cases.

Despite these limitations, our study offers a practical framework for 
estimating household electricity demand, a critical input for infrastruc-
ture planning and energy policy. Expenditure patterns can help identify 
where solar home systems (SHSs) may be more appropriate (e.g., low-
demand, dispersed communities) and where grid extension is likely to 
be cost-effective (e.g., high-income or high-expenditure clusters). This 
demand-side perspective complements traditional supply-side planning 
and can help guide more targeted and efficient electrification invest-
ments.
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Finally, our findings emphasize the importance of accounting for 
the irregularity of prepaid electricity purchases, especially among low-
income households. Conventional survey methods that assume regular 
monthly spending risk overstating electricity burdens and misrepre-
senting energy poverty. Addressing this challenge will enable more 
accurate demand assessments and improve the design of subsidies 
and infrastructure, supporting more equitable and cost-effective energy 
access.

Conclusion

This study highlights the challenges of accurately measuring elec-
tricity expenditures among prepaid customers in low-income con-
texts. By comparing survey-reported data with utility billing records in 
Rwanda and extending these insights to Uganda, we reveal consistent 
patterns of over-reporting among poorer households. These findings 
underscore the importance of accounting for the episodic and irregular 
nature of electricity purchases when analyzing survey-based energy 
expenditure data.

We show that simple adjustments, such as scaling reported ex-
penditures by the actual number of purchase months, can partially 
mitigate these biases. However, residual rounding errors and recall 
biases remain, especially among the poorest households. While machine 
learning predictive models can help correct these biases, they face limi-
tations in fully capturing the diverse and complex purchasing behaviors 
across different welfare levels. Moreover, their effectiveness depends 
on access to sufficiently large and high-quality matched datasets, which 
are often unavailable or difficult to obtain in many Sub-Saharan African 
contexts.

Our analysis provides valuable insights for policymakers and energy 
development practitioners, highlighting the need to incorporate admin-
istrative data wherever possible and to design measurement strategies 
that account for the nuances of prepaid electricity purchasing behavior. 
Such improvements are needed for developing more effective and equi-
table energy access policies that genuinely address the energy burdens 
faced by low-income households.
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