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Résumé

Cette thése de doctorat analyse les impacts économiques et sociaux de I'électrification sur le
continent africain, en mettant I'accent sur les infrastructures décentralisées et centralisées.
Elle propose également de nouveaux outils analytiques pour mieux mesurer et évaluer I'acces
a l'électricité, en particulier dans les contextes marqués par une faible disponibilité des
données. Le travail repose sur trois essais, chacun portant sur une dimension clé de
I'électrification : les mini-réseaux, les plateformes énergétiques multiservices, et les grands
projets d’infrastructure électrique.

Le premier essai évalue I'impact des mini-réseaux sur les communautés rurales a 'aide de
méthodes quasi-expérimentales. Les mini-réseaux améliorent significativement I'accés a
I’électricité et I'activité économique dans les zones hors réseau, mais les résultats varient en
raison de fréquentes pannes techniques, soulignant I'importance d’une conception robuste,
d’un bon entretien et d’une viabilité financiere.

Le deuxieme essai présente les résultats d’'un essai randomisé contrélé sur les plateformes
multiservices « Café Lumiére » a Madagascar. L'adoption des services et les effets
économiques sont positifs, mais les impacts sociaux sont limités, sauf pour I'amélioration des
services de santé. Ces plateformes favorisent I'usage productif de I'énergie, mais leur effet a
plus large échelle dépend de services publics complémentaires.

Le troisieme essai utilise 'apprentissage automatique et la télédétection pour estimer I'acces
a I’électricité en Afrique a haute résolution spatiale. Un modele de foréts aléatoires, basé sur
des enquétes géolocalisées et des données spatiales, permet d’évaluer des projets
d’électrification financés par la Chine et la Banque mondiale. Les résultats montrent des effets
positifs et croissants dans les zones traitées, soulignant I'intérét des données géospatiales
pour le suivi des infrastructures.

Ces trois études montrent que les projets peuvent générer des impacts hétérogenes. La thése
plaide pour des stratégies d’électrification contextuelles, combinant mini-réseaux, extensions
du réseau national et plateformes multiservices. Elle souligne également I'importance d’'une
transparence accrue des données, en particulier la géolocalisation des projets, pour permettre
une évaluation rigoureuse de leurs effets. Enfin, la thése ouvre plusieurs pistes de recherche
: amélioration des modeles prédictifs via des données de plus haute résolution, intégration de
I’électrification aux objectifs de développement plus larges, et analyses comparatives de
porteurs de projets. En mobilisant des expériences de terrain, des méthodes quasi-
expérimentales et des outils d’intelligence artificielle, ce travail apporte de nouveaux
éléments pour concevoir des politiques énergétiques plus efficaces dans les pays en
développement.

Mots clés : Electrification, Mini-réseaux, Accés a I’électricité, Economie du développement,
Afrique, Infrastructures, Energie renouvelable, Essai randomisé contrélé (RCT),
Apprentissage automatique, Télédétection, Evaluation d’impact, Evaluation des politiques.

Classification JEL: 013, 018, Q40, Q41, Q48, C21, C23, C33, C55, 138



Summary

This PhD thesis examines the economic and social impacts of electrification in Africa, focusing
on both decentralized and centralized energy infrastructures. It also develops new tools to
better measure and evaluate electricity access, particularly in data-scarce environments. This
thesis is structured around three essays that each address a key dimension of electrification:
mini-grids, multiservice energy platforms, and large-scale grid infrastructure projects.

The first essay uses quasi-experimental methods to assess the effects of mini-grids in rural
communities. Results show increased electricity access and stimulate economic activity in off-
grid areas, though results vary greatly due to frequent technical failures. About half of the
projects faced reliability issues, highlighting the need for robust design, proper maintenance,
and financial sustainability.

The second essay presents findings from a randomized controlled trial of “Café Lumiere”
multiservice platforms in Madagascar. The intervention led to high adoption and some
economic benefits, but shows limited effects on education, health and safety, aside from
improvements in healthcare services. These platforms show potential for productive energy
use and further economic development but broader impacts rely on complementary public
services.

The third essay applies machine learning and remote sensing to estimate electricity access
across Africa at high spatial resolution. A Random Forest model, trained on geo-located survey
and spatial data, is used to evaluate electrification projects by China and the World Bank. A
difference-in-differences analysis reveals significant, increasing impacts on electricity access
rates in treated areas, showing the value of combining ML to geospatial data for infrastructure
outcomes evaluation.

Together, these essays show that electric infrastructures can yield meaningful benefits, but
the scale and speed of these benefits depend on the implementation model, reliability of
service, and type of investment. The thesis highlights the need for context-specific
electrification strategies that combine multiple energy solutions. It also highlights the
importance of improved data transparency, particularly geolocated project information, to
support rigorous impact evaluation.

Finally, the research points to future research directions: refining machine learning models
with higher-resolution data; integrating electrification with broader development goals; and
conducting comparative studies on financing models. By combining field experiments, quasi-
experimental methods, and machine learning, this thesis contributes new evidence and tools
to inform more effective energy policies in developing countries.

Key words: Electrification, Mini-grids, Energy access, Development economics, Africa,
Infrastructure, Renewable energy, Randomized controlled trial (RCT), Machine learning,
Remote sensing, Impact evaluation, Policy evaluation.

JEL classification: 013, 018, Q40, Q41, Q48, C21, C23, C33, C55, 138
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General introduction

1. Introduction to the Topic and Motivation

1.1 The role of electricity access in economic development

Since the Industrial Revolution, energy, and particularly electricity, has been at the core of
economic transformation, enabling industrialization, modernization of agriculture, expansion
of services, and improvements in health and education. Despite these well-documented
benefits, access to electricity remains unevenly distributed, particularly in low- and middle-
income countries, where large portions of the population still lack reliable and affordable
power.

Electricity has been seen as a catalyst for economic growth and poverty reduction throughout
all the current of developed countries. The relationship between electricity access and
economic development operates through multiple channels. At the macroeconomic level,
electricity availability is strongly correlated with higher GDP per capita, increased industrial
output, and structural transformation (Koscak Kolin et al., 2021). Countries with widespread
electricity access tend to have more developed manufacturing and service sectors,
contributing to employment generation and economic diversification (Deichmann et al.,
2019).

If we focus more at the microeconomic level, access to electricity can improve productivity,
facilitate entrepreneurship and business development and foster human capital development.
Increased productivity is enabled by mechanization in agriculture, automation in industry, and
expansion of digital services, all of which contribute to higher labor productivity and income
growth (Fried & Lagakos, 2023). Entrepreneurship and Business Development can be
improved as Small and Medium-sized Enterprises (SMEs) benefit from electricity for essential
functions such as lighting, refrigeration, and machinery operation. Empirical studies have
shown that electrified households and communities experience increased business activity,
job creation, and higher incomes (Carabajal et al., 2024; Kooijman-van Dijk, 2012; Moore et
al., 2020; Riva et al., 2018). Human capital development can be fostered by extended study
hours for students, improves school environments through direct benefits such as lighting,
computers, or internet connectivity, but also through indirect benefits such as more
attractivity as electrified schools could to attract better teachers and resources. In terms of
health and well-being, electrification of healthcare facilities enables 24/24 hours activity,
refrigeration of vaccines, sterilization of medical equipment, and the operation of life-saving
devices®.

Persistent Electricity Access Gaps in Developing Countries

Despite its importance, electricity access remains a major challenge in many parts of the
world, particularly in Sub-Saharan Africa and South Asia (IEA, 2025). According to the

1 https://www.who.int/news-room/fact-sheets/detail/electricity-in-health-care-facilities ;
https://www.seforall.org/publications/state-of-the-market-report-for-healthcare-facility-electrification
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International Energy Agency (IEA), in 2023, approximately 750 million people worldwide
lacked access to electricity, with about 600 million of them residing in sub-Saharan Africa. This
indicates that sub-Saharan Africa accounts for roughly 80% of the global population without
electricity access. The rural-urban divide is stark: while urban electrification rates have
improved significantly, rural areas still lag behind due to high infrastructure costs, lower
population densities, and logistical challenges?.

Rural electrification faces key barriers to achieving universal electricity access including: high
infrastructure costs, financial constraints, unreliable and intermittent supply, unreliable
supply, affordability and willingness to pay issues and data and monitoring challenges. High
infrastructure costs are due to the remote and sparsely nature of the population in rural areas.
Financial constraints come from Governments and utility companies from developing
countries struggling with financial sustainability due to low electricity tariffs, high distribution
losses, and insufficient investment. Unreliable or intermittent supply are quite often the norm
because of aging production and distribution infrastructures, supply shortages, and poor
maintenance. Affordability and willingness to pay issues is also quite common for many low-
income households, which cannot afford the upfront connection fees or monthly electricity
costs, limiting effective demand for electrification. Finally, data and monitoring challenges are
due to the fact that traditional surveys used to track electricity access are infrequent, costly,
and often fail to capture granular changes, particularly in rural and peri-urban areas.

1.2 The global policy context
The Relevance of this Research to Sustainable Development Goal 7

Recognizing the transformative power of energy in economic and social progress, the United
Nations included universal energy access as a key pillar of its Sustainable Development Goals
(SDGs), under SDG 7: Ensure access to affordable, reliable, sustainable, and modern energy
for all®. This goal reflects a global commitment to ending energy poverty and ensuring that
individuals, households, and businesses worldwide can access electricity that is not only
available but also reliable and sustainable.

Despite considerable progress in expanding energy access over the past two decades, global
efforts remain off track to meet the SDG 7 target by 2030. While countries in South and East
Asia have made remarkable progress in electrification, Africa remains the region with the
largest access gap, where rural populations continue to rely on traditional biomass, kerosene,
or diesel generators for basic energy needs®.

The challenge is not just about extending electricity infrastructure, but also about ensuring
that energy systems are affordable, reliable, and environmentally sustainable. Many of the
world's poorest households cannot afford the cost of grid connections, and even where
electricity is available, supply is often unreliable, with frequent power outages disrupting

2 https://www.seforall.org/data-stories/electrification-urbanrural-divide

3 https://sdgs.un.org/goals/goal7

4 https://www.worldbank.org/en/news/feature/2024/09/19/five-ways-the-world-bank-will-achieve-mission-
300
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businesses or healthcare services as discussed previously. Furthermore, as the world moves
towards decarbonization, ensuring that electrification efforts rely on renewable energy
sources rather than fossil fuels is a growing concern. SDG 7 is therefore closely linked to
climate policy, aligning with global efforts such as the Paris Agreement and national
commitments to reduce greenhouse gas emissions through clean energy transitions.

The Role of International Development Actors in Financing Energy Infrastructure

Achieving universal electricity access requires not only strong national policies but also
significant financial resources. Electrification projects, whether through grid expansion or
decentralized systems, require large-scale, long-term investments that often exceed the
financial capacity of governments in developing countries. As a result, international
development actors, including multilateral institutions, bilateral donors, private investors, and
philanthropic organizations, play a crucial role in financing energy infrastructure (Nicolas et
al., 2019).

Multilateral Development Banks (MDBs) and International Financial Institutions (IFls), such as
the World Bank, African Development Bank (AfDB), and Asian Development Bank (ADB), have
historically been key financiers of electrification projects, providing concessional loans and
grants to support grid expansion and rural electrification programs. The World Bank’s Energy
Sector Management Assistance Program (ESMAP), for example, has financed numerous off-
grid and mini-grid initiatives, particularly in Sub-Saharan Africa and South Asia, where the
electrification gap remains most pronounced. These institutions not only provide funding but
also offer technical assistance, policy guidance, and risk mitigation instruments to attract
additional private sector investment. The same kind of support has been made by most of the
bilateral aid agencies from countries, which have actively supported energy access programs
in low-income countries.

China has also become a major financier of energy infrastructure projects in developing
countries, particularly in Africa, through its Belt and Road Initiative (BRI). Chinese energy
companies and banks, including the China Development Bank (CDB) and Export-Import Bank
of China (Exim Bank), have funded numerous large-scale power generation and transmission
projects, often in partnership with national governments (IEA, 2024c). Although many of these
projects have historically been fossil-fuel-based, raising concerns about their environmental
impact, China has recently signaled a shift toward green energy financing, with increasing
investments in hydropower, solar, and wind projects in Africa and other developing regions
(IEA, 2024a; UNDP, 2024).

The private sector has also emerged as a critical player in the electrification landscape,
particularly in off-grid and renewable energy solutions. Many decentralized electrification
projects rely on Public-Private Partnerships (PPPs) or private investments, especially in the
Solar Home System (SHS) and mini-grid sectors. Large energy companies and impact investors
are increasingly looking at clean energy markets in Africa and Asia as high-growth
opportunities, particularly as technological advancements lower the costs of solar, battery
storage, and digital payment systems.
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Despite the growing role of international development actors, financing gaps remain a major
constraint to achieving universal electricity access. The International Energy Agency (IEA)
estimates that reaching SDG 7 by 2030 would require an annual investment of approximately
$30 billion for off-grid and mini-grid solutions alone, yet current investment levels remain far
below this target (IEA, 2024b).

1.3 The challenge of electrification in developing regions
Grid Expansion vs. Off-Grid Solutions: Trade-offs in Electrification Strategies

The challenge of achieving universal electricity access in developing regions is not only a
matter of infrastructure deployment but also of economic feasibility, geographic constraints,
and policy choices. Broadly, electrification strategies can be now classified into two main
approaches: grid extension and off-grid solutions, each presenting unique trade-offs in terms
of cost, scalability, and long-term sustainability (ESMAP, 2024).

For many countries, grid extension has long been considered the default approach to
electrification, replicating the known model from current developed countries. Large-scale
power plants, whether hydroelectric, fossil-fuel based, or increasingly large renewable plants
(wind and solar), are connected to transmission and distribution networks that reach homes,
businesses, and industries. Extending the grid to urban and peri-urban areas is often the most
cost-effective way to provide stable and high-capacity electricity, supporting economic
growth, industrialization, and the expansion of essential services to a large number of people.
A well-developed national grid facilitates access to diverse energy sources and ensures that
electricity can be distributed efficiently across regions with varying demand levels. However,
this approach has significant limitations, particularly in rural and remote areas. In many
developing countries, extending the grid to sparsely populated regions would be prohibitively
expensive. The costs of infrastructure, maintenance, and energy distribution tend to increase
exponentially as transmission lines stretch over long distances to serve communities with low
and often unpredictable electricity consumption. Many rural electrification projects face low-
cost recovery rates, as households struggle to afford connection fees and monthly tariffs,
making private sector investments in grid expansion less attractive. Furthermore, even in
areas where the grid has been extended, reliability issues persist due to aging infrastructure,
insufficient power generation, and poor maintenance, leading to frequent blackouts and
voltage instability (Andersen & Dalgaard, 2013; Chen et al., 2023; Ghodeswar et al., 2025).

Faced with these challenges, off-grid solutions, including mini-grids, micro-grids, and stand-
alone solar home systems, have gained prominence as an alternative pathway to
electrification and are now an integral part of the electrification strategy of the World Bank
through its Mission 300 initiative®. Technological advancement in renewable energy, such as
solar solutions, have enabled a much more scalable approach to electricity access. Rather than
waiting for the grid to reach them, many communities are now accessing electricity through
decentralized systems that rely on local energy generation, often from renewable sources.
Mini-grids, which serve multiple households and businesses within a localized network, offer

5 https://www.worldbank.org/en/programs/energizing-africa/overview

16



https://www.worldbank.org/en/programs/energizing-africa/overview

a scalable solution that can be tailored to the specific energy needs of a village or rural town.
Powered by solar, small hydro, or hybrid systems, mini-grids can provide reliable electricity
without the need for extensive transmission infrastructure. For even more remote or
dispersed populations, solar home systems (SHS) have become a game-changer, offering
individual households an affordable and accessible way to generate their own electricity
(ESMAP, 2024). These systems, often sold through pay-as-you-go models, allow families to
power basic appliances such as lights, radios, and mobile phones, improving quality of life
while reducing dependence on polluting and expensive alternatives like kerosene lamps.

However, decentralized solutions also come with trade-offs. While mini-grids and stand-alone
solar systems can be deployed more quickly and at lower upfront costs, they often provide
limited production capacity, restricting productive electricity use. Many mini-grids operate
independently from national grids, which means that as demand grows, they may struggle to
scale up effectively. There is also the issue of long-term sustainability, off-grid projects often
rely on subsidies, donor funding, or innovative financing models to remain viable, and the
ability to cover maintenance and operational costs over time depends on proper sizing and
remains uncertain (Duthie et al., 2024). Integrating these systems into national grids in the
future poses another challenge, as many mini-grids have been designed as stand-alone
networks without considering how they might connect to larger power infrastructures.

Policymakers and investors must therefore navigate a complex technical landscape, balancing
the economic, geographic, and technological realities of electrification. In some regions,
extending the grid will remain the most viable solution, particularly where industrial or
commercial electricity demand is high enough to justify investment and insure sufficient
demand and profitability. In others, decentralized systems will provide the fastest and most
cost-effective means of reaching rural populations. Increasingly, hybrid approaches are
emerging, where mini-grids are integrated into national grids over time, ensuring a flexible
and adaptive approach to electrification, or also as a palliative for unreliable grid systems
acting as a form of back up (ESMAP, 2024). This shift reflects a growing recognition that
achieving universal energy access requires not a one-size-fits-all model, but a strategic
combination of grid and off-grid solutions, tailored to the unique needs and constraints of
each region.

The Importance of Reliable, Granular Data to Assess Electricity Access and Infrastructure
Effectiveness

One of the most significant barriers to effective electrification planning in developing regions
is the lack of reliable, high-resolution data on electricity access and infrastructure
performance. Many governments and energy planners rely on national-level statistics and
household surveys to track electrification progress, but these sources have several limitations
such as low frequency, costs and potentially a lack of spatial granularity. The cost and logistical
challenges of conducting large-scale surveys limit their spatial and temporal coverage, making
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it difficult to capture short-term variations or recent electrification efforts. Also, the national-
level electrification rate masks significant disparities between urban and rural areas®.

Remote sensing, and Machine Learning (ML) approaches, can help alleviate some of those
constraints. Satellite-based nighttime lights (NTL) data have for instance emerged as a
powerful alternative for tracking electricity access, providing near real-time, high-resolution
insights into electrification patterns. Also, machine learning models can integrate multi-source
geospatial data (i.e., population density, land use, road networks, etc.) to predict electricity
access at fine spatial scales. This approach enhances impact evaluation by allowing
policymakers to assess whether electrification projects lead to actual improvements in access
and economic activity.

Governments and development organizations need granular, timely, and high-quality data to
prioritize investments and evaluate project effectiveness. Using remote sensing and machine
learning can help address data gaps and provide continuous monitoring of electricity access
trends. By integrating remote sensing and geospatial analytics into energy planning,
policymakers can make evidence-based decisions that maximize the impact of electrification
initiatives, ensuring that investments lead to tangible development outcomes.

2. Research Questions and Objectives of the Thesis

This thesis aims to contribute directly to the SDG 7 objective by exploring the impact of
different electrification pathways, including mini-grids, national grid expansion, and
decentralized energy solutions, on energy access, economic development, and sustainability.
By leveraging remote sensing, it also addresses one of the critical data challenges in tracking
progress toward SDG 7, offering new methodologies to generate high-resolution, real-time
estimates of electricity access. This thesis also engages with financing challenges in two folds.
Firstly, by assessing the impact, or lack thereof, of different types of energy projects on
electricity access. Secondly on focusing on Chinese-funded and World Bank-financed projects
and their cost-effectiveness.

2.1 Key gaps in the literature on the impact of electricity infrastructure

Despite the well-documented benefits of electrification such as in the systematic review by
Moore et al. (2020), significant knowledge gaps remain in understanding how different types
of electricity infrastructure impact access, economic development, and social well-being.
However, rigorous impact evaluations of electrification projects remain scarce, particularly for
decentralized energy solutions such as mini-grids and multi-service energy platforms. Most of
the literature using a proper impact evaluation approach have focused on projects located in
Asia and on SHS solutions with regards to decentralized electrification, leaving mini-grids and
Africa mostly out of the scope of the literature on electrification impacts (Berthelemy &
Millien, 2018). The literature focusing on the African continent have usually mainly covered
grid solutions in countries such as Kenya and South Africa (Dinkelman, 2011; Lee et al., 2016,

6 https://blogs.worldbank.org/en/opendata/access-universal-and-sustainable-electricity-meeting-challenge
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2020b, 2020a). Moreover, tracking electricity access progress at a granular spatial scale, as
needed for impact evaluation of decentralized electrification, is often constrained by data
limitations, making it difficult to assess where energy investments are most effective.

This thesis aims to fill these gaps by investigating the impact of mini-grids, multi-service energy
platforms, and large-scale energy infrastructure projects using a combination of causal
inference methods, experimental evidence, and remote sensing-based data analytics in
countries where research have been scarce. It seeks to answer three fundamental research
guestions: How do mini-grids influence electricity access over time? How effective are multi-
service energy platforms in improving energy availability and socio-economic outcomes? Can
remote sensing and machine learning provide a more accurate and scalable way to track
electrification and assess the impact of infrastructure investments? These questions are
addressed in three distinct but interconnected essays, each contributing to the broader
understanding of electricity access and its development implications.

Evaluating the Causal Effects of Mini-Grids on Electricity Access over Time

Mini-grids have been widely promoted as a cost-effective alternative to grid extension,
particularly in remote rural areas where traditional grid infrastructure is financially unfeasible.
However, the evidence on their actual impact remains limited, partly due to challenges in
measuring access at the local level and isolating causal effects from broader socio-economic
factors. Many existing studies rely on descriptive analyses or case studies as documented in
Berthelemy & Millien (2018), which, while informative, fail to establish robust counterfactuals
to assess what would have happened in the absence of mini-grid interventions. Most studies
show moderate impacts in the short-term (Aklin et al., 2017; Duthie et al., 2024; Kirubi et al.,
2009; Peters et al., 2019). Those moderate impacts might however be explained partially by
high failure rates, as documented in the literature outside of the African continent
(Berthelemy & Maurel, 2021; Duran & Sahinyazan, 2021).

This thesis contributes to the literature by employing a quasi-experimental approach to
measure the causal impact and dynamic of mini-grids on electricity access, leveraging satellite-
based NTL data as a proxy for electricity access. The use of NTL is based on the extensive
literature studying link between electricity access or production and NTL measures (Elvidge et
al., 2020; Falchetta et al., 2019; Min et al., 2024). By comparing areas treated by mini-grid
projects to control areas that remain unelectrified, it provides causal estimates of how mini-
grid deployment influences electricity access over time. In doing so, it offers insights into the
dynamic of the effects, and reliability of mini-grid solutions, helping policymakers determine
whether decentralized electrification can serve as a long-term substitute or merely a
provisional measure before eventual grid integration.

Assessing the Effectiveness of Multi-Service Energy Platforms Using Experimental Evidence

While mini-grids primarily provide electricity, more integrated and multi-functional energy
platforms, which offer additional services such as refrigeration, charging stations or rental of
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electrical equipment, have emerged as a promising approach to expand energy access while
simultaneously addressing other development needs. Unlike traditional electrification efforts
that focus solely on energy provision, these platforms aim to create synergies between
electricity access, productive uses and socio-economic impacts. This approach fits into the
Multi-Tier Framework (MTF) approach developed by the Energy Sector Management
Assistance Program (ESMAP) from the World-Bank (Bhatia & Angelou, 2015), which is
particularly relevant in a rural context where electricity needs and potential to pay are more
limited. The MTF proposes a scale on the level of electricity access based on the uses a
household can make with electricity, reflecting a more qualitative assessment rather than a
binary outcome’.

Despite their potential, empirical evidence on the effectiveness of multi-service energy
platforms remains scarce, and little is known about whether they generate meaningful
economic benefits or improve overall well-being (Duran & Sahinyazan, 2021; Duthie et al.,
2024). This thesis addresses this gap by conducting a randomized controlled trial (RCT), based
on two survey waves, on a multi-service energy platform initiative implemented in
Madagascar. By randomly assigning villages to treatment and control groups, this study
isolates the direct effects of access to multi-service energy platforms on universal access to
basic electric services, improved social services and improved economic development. The
findings from this study will contribute to a growing debate on how to design electrification
initiatives that move beyond mere access to electricity and instead aims at fostering a broader
and sustainable development and what type of impacts we might expect from such energy
solutions platforms.

Leveraging Remote Sensing and Machine Learning to Generate High-Resolution Electricity
Access Data and Evaluate Large-Scale Energy Projects

One of the biggest challenges in evaluating the impact of electrification projects is the lack of
reliable, granular and frequently updated data on electricity access. Traditional household
surveys, while valuable, are conducted infrequently and at different locations, making it
difficult to track changes over time and assess the effectiveness of different electrification
strategies. As a result, policymakers and researchers often rely on national-level statistics that
fail to capture localized disparities in electricity access.

To address this problem, this thesis explores how remote sensing combined with machine
learning can be used to generate high-resolution electricity access data, providing a scalable
and cost-effective alternative to traditional surveys. Based on the latest advances on the
application of machine learning to remote sensing data (Dhorne et al., 2021; Ratledge et al.,
2022; Yeh et al., 2020), this chapter builds a machine learning model trained on geo-
referenced household survey data, nighttime lights, and other geospatial indicators to predict
electricity access across Africa at a fine spatial scale. This approach enables the creation of
annual electricity access maps, which can be used to identify underserved areas, monitor
electrification progress, and evaluate the impact of energy infrastructure projects. Beyond this

7 https://www.esmap.org/mtf multi-tier framework for energy access
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data generation exercise, this study applies the predicted electricity access data to assess the
impact of large-scale electrification investments, particularly those financed by China and the
World Bank. By employing difference-in-differences and matching, it estimates the causal
effect of energy infrastructure projects on electricity access rates and examines whether
different funding models (e.g., Chinese vs. multilateral financing) yield different outcomes.
This provides empirical evidence on the effectiveness of large-scale energy investments,
helping policymakers and development agencies optimize their strategies for achieving
Sustainable Development Goal 7.

We can summarize the thesis around these three main research questions:

o What is the impact of mini-grids on rural electrification and economic development, and
how can nighttime lights data improve impact evaluation?

o How effective are multi-service energy platforms in improving electricity access and
economic activity in remote areas?

o Can machine learning and remote sensing provide reliable, high-resolution data for
tracking electricity access and evaluating large-scale infrastructure projects?

2.2 The central role of remote sensing in electricity access evaluation

As seen previously a major challenge in the study and implementation of electrification
policies is the lack of granular and frequently updated data on electricity access. Traditional
data sources, such as household surveys and national statistics, are often conducted
infrequently and at low spatial resolution, making it difficult to track progress, evaluate
interventions, and identify underserved areas.

To overcome these limitations, satellite imagery and geospatial datasets have emerged as
powerful tools for tracking electrification progress (He et al., 2012; Min et al., 2024), especially
in regions where ground-based surveys are scarce or costly. By leveraging remotely sensed
indicators, such as NTL, land cover, road networks, or population density, it is possible to
generate spatially continuous, high-frequency estimates of electricity access. These methods
provide a crucial complement to traditional surveys, allowing for near real-time monitoring
and impact assessment of electrification projects across vast and remote areas.

This thesis explores how the use of NTL, in particular when combined with other remotely
sensed data can be used as a proxy for electricity access, providing a scalable and cost-
effective approach to measuring electrification at a granular level. To address in part some
limitations of using only remotely sensed data, the third chapter develops a machine learning
model trained on geo-referenced survey data used as ground truth data for calibration. By
integrating multiple data sources, this approach enables the generation of high-resolution
electricity access maps, offering a more accurate and dynamic tool for tracking electrification
efforts and evaluating the impact of energy infrastructure investments. This innovative use of
remote sensing and machine learning represents a significant methodological advancement
in energy access research.
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3. Contribution of the Thesis

3.1 Empirical Contributions

This thesis proposes empirical contributions by employing rigorous impact evaluation
methods to assess the effects of electric infrastructure projects. One of the key challenges in
electrification research is establishing causal relationships between energy infrastructure
investments and socio-economic outcomes. To address this, the thesis utilizes a combination
of quasi-experimental and experimental approaches, respectively difference-in-differences
(DiD) combined with matching techniques and RCTs. By applying these rigorous experimental
frameworks, it provides credible and policy-relevant evidence on the effectiveness of mini-
grids and multi-service energy platforms in improving electricity access and fostering
economic development and how they might affect economic activities, energy consumption
patterns, and household well-being.

Beyond traditional evaluation techniques, this research also advances the use of remote
sensing and machine learning to generate high-frequency, high-resolution electricity access
data across Africa. While the first chapter shows how combining remote sensing sources can
be used to build quasi-experimental samples to conduct causal inference, the third chapter
goes beyond this approach by combining remote-sensing with machine learning to infer
ground-truth data. Satellite-based nighttime lights (NTL) data, combined with geospatial
indicators, with or without machine learning, offer a cost-effective alternative to household
surveys, allowing for more continuous and scalable tracking of electrification progress. By
integrating these datasets into predictive machine learning models, this thesis not only refines
electricity access measurement but also demonstrates how data-driven approaches can
enhance infrastructure planning and impact evaluation at a continental scale.

3.2 Methodological Innovations
This thesis introduces several methodological innovations in the study of electricity access and
impact evaluation.

First, it advances the use of satellite-based NTL data as a proxy for electrification combined
with land-use data to measure causal effects at the village level, assessing its reliability and
limitations in measuring electricity access, particularly in rural settings and applied to
decentralized electrification solutions. While NTL has been widely used in economic research,
this study provides a more refined and localized application, while also integrating project
characteristics to study effects heterogeneity (Chapter 1).

Second, this thesis applies a clustered RCT to evaluate the impact of multi-service energy
platforms on electricity access and socio-economic outcomes in rural Madagascar. Unlike
traditional household-level randomization, this study adopts a clustered design, where entire
communities or villages are randomly assigned to treatment and control groups. This
approach is particularly well-suited for decentralized electrification projects, as electricity
access can generate spillover effects beyond individual households, influencing local
businesses, social interactions, and community-wide development.
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Third, this research develops a machine learning model that combines remote sensing,
geospatial, and survey-based data to predict electricity access at a high spatial resolution
(Chapter 3). This approach moves beyond traditional binary electrification metrics by
providing continuous, data-driven estimations of energy access, capturing both on-grid and
off-grid solutions. The integration of multiple data sources improves granularity and temporal
consistency, offering a scalable alternative to infrequent household surveys.

Finally, this thesis demonstrates applications of remotely sensed data to enhance
infrastructure impact evaluations, for electrification projects implemented at different scales
where survey-based approaches and RCTs design are either unavailable or too costly to
implement. By applying quasi-experimental methods to satellite-derived electricity access
metrics, this research provides a novel framework for assessing the effects of grid expansion
and decentralized electrification projects.

3.3 Policy Relevance

This thesis has important policy implications, particularly in the context of Sustainable
Development Goal 7 (SDG 7), which aims to achieve universal access to affordable, reliable,
sustainable, and modern energy. By introducing new methodologies for tracking electricity
access using remote sensing and machine learning, this research provides policymakers with
scalable and cost-effective tools to monitor electrification progress in real-time. Traditional
survey-based tracking methods are often too costly and impractical to implement, while
satellite-based approaches allow for continuous, high-resolution assessments that can better
inform energy planning and investment strategies.

Beyond measurement, this research generates actionable insights for policymakers by
evaluating the effectiveness of different electrification approaches, including mini-grids,
multi-service energy platforms, and large-scale grid infrastructure investments. The findings
provide evidence-based guidance on what policymakers can expect in terms of impacts and
potentially quantify realistic expectations by deploying different electrification solutions.
Additionally, by analyzing Chinese-financed and World Bank-funded energy infrastructure
projects, this thesis sheds light on how different financing models influence electricity access
outcomes, offering valuable insights for governments, donors, and multilateral institutions
engaged in energy sector investments.

Ultimately, this research contributes to the development of data-driven, evidence-based
electrification policies, ensuring that investments in electricity infrastructure are well targeted
and efficient in delivering expected impacts. By leveraging the power of remote sensing,
causal inference, and experimental methods, this thesis helps bridge the gap between
research and policymaking, providing decision-makers with the tools and evidence needed to
accelerate progress toward universal energy access.

23



4. Overview of the Three Essays and Outline

o Chapter 1: Causal Effects of Mini-Grids in Burkina Faso and Madagascar

The first essay investigates the impact of mini-grids on rural electrification in Burkina Faso and
Madagascar, using a quasi-experimental approach. Mini-grids are increasingly seen as a viable
alternative to grid expansion, particularly in remote areas where traditional electrification is
costly and logistically challenging. Based on a novel dataset of geolocated mini-grids, this study
leverages satellite-based nighttime lights (NTL) data as a proxy for electricity access and,
combined with other remote sensing sources and matching, applies a difference-in-
differences (DiD) methodology to estimate the causal effects of mini-grid deployment on
electrification levels and broader development indicators. By comparing mini-grid sites to
similar but unelectrified control areas, the study provides empirical evidence on whether mini-
grids effectively increase electricity access, support local economic activities, and improve
household well-being. The findings contribute to the debate on whether decentralized
electrification solutions can serve as a sustainable and scalable model for energy access in
developing countries.

o Chapter 2: Experimental Evidence from Multi-Service Energy Platforms in
Madagascar

The second essay evaluates the effectiveness of multi-service energy platforms in improving
rural energy access and fostering local development. Unlike conventional electrification
projects that focus solely on providing electricity, these platforms integrate additional
services, aiming to create a more productive and development-oriented energy ecosystem.
To assess their impact, this study employs a clustered randomized controlled trial (RCT),
randomly assigning villages to treatment and control groups. The analysis examines the effects
of access to multi-service energy platforms on household electricity consumption, business
creation, agricultural productivity, and social welfare. By using a rigorous experimental
framework, this chapter provides causal evidence on how decentralized energy solutions can
extend beyond basic electrification to drive broader economic and social improvements.

e Chapter 3: Machine Learning and Remote Sensing for Electricity Access and
Infrastructure Evaluation

The third essay focuses on the measurement challenge in electricity access research,
addressing the limitations of traditional survey-based approaches. It develops a machine
learning model trained on geo-referenced survey data, remote sensing indicators, and other
geospatial features to predict electricity access at a high spatial resolution across Africa. This
method allows for the generation of continuous, yearly electrification estimates, offering an
alternative to costly and infrequent household surveys. Beyond improving measurement, this
study applies the predicted electricity access data to evaluate energy infrastructure projects
financed by different actors, namely Chinese investments and World Bank-funded
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electrification programs. Using quasi-experimental methods such as difference-in-differences,
the study assesses the effectiveness of these infrastructure projects in expanding electricity
access. By integrating remote sensing, machine learning, and impact evaluation techniques,
this chapter advances new data-driven methodologies for monitoring electrification progress
and evaluating energy sector investments.

e Outline

This thesis is structured into five main parts, beginning with a general introduction that
outlines the motivation, research questions, and key contributions of the study. Following this,
the three core essays each explore a distinct but interconnected aspect of electricity access
and infrastructure evaluation through chapters 1, 2 and 3. The first essay employs a quasi-
experimental approach to assess the impact of mini-grids on rural electrification and socio-
economic outcomes. The second essay takes a randomized controlled trial (RCT) approach to
evaluate the effectiveness of multi-service energy platforms in improving energy access and
fostering economic development. The third essay shifts focus to methodological
advancements, developing a machine learning model trained on remote sensing and survey
data to generate high-resolution electricity access estimates and apply them in the evaluation
of large-scale energy projects. Finally, the thesis concludes with a synthesis of the findings,
discussing their broader implications for energy policy, electrification strategies, and future
research directions in development economics.
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Reaching SDG 7: Shedding a light on the causal effect of mini-grids on rural
electrification.

Abstract

Mini-grids are increasingly becoming a popular solution to electrify rural and remote locations
to reach SDG 7. However, the impact of such solutions has been sparsely studied, in particular
in Africa. Our study examines the impact of 144 mini-grids deployed in Burkina Faso and
Madagascar launched between 2015 and 2020. We mobilize geo-spatial and remote sensing
data to perform a quasi-experimental study. We utilize matching and a difference-in-
differences method with panel data to estimate the impact of mini-grids on the Nighttime
Light (NTL), which is considered a good proxy for electrification. Our results show that mini-
grids have a causal and increasing positive impact on the NTL which is increasingly positive
over the first three years after installation. We then study the heterogeneity of results among
different countries and project characteristics, such as production capacity and technical
solutions employed, including renewable technologies and grid connectivity. Overall mini-
grids seem to be viable solutions to improve electricity access in a rural context, in particular
solutions based on solar energy.

Keywords: electricity access; renewable energy; mini-grids; rural electrification; impact
evaluation; nighttime lights.
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1. Introduction

Access to electricity is widely recognized as a cornerstone of socioeconomic development,
with profound implications for improving living standards and boosting economic
productivity. The centrality of electricity to development has reflected in Sustainable
Development Goal (SDG) 7, which aims to "ensure access to affordable, reliable, sustainable,
and modern energy for all" by 2030'. However, achieving this goal remains a significant
challenge in many parts of the world, particularly in sub-Saharan Africa. Countries such as
Burkina Faso and Madagascar exemplify the struggle to expand electricity access where, as of
2022, only about respectively 3.4% and 11% of rural population had access to electricity?.

The barriers to achieving universal electrification in these regions are numerous and complex.
In rural areas, populations are often dispersed across vast and difficult-to-reach terrains,
making grid expansion both technically and economically challenging. Furthermore, the
existing power grids in these countries are frequently unreliable, suffering from frequent
outages and maintenance issues that further exacerbate the energy access gap. Financial
constraints compound these problems, as both the limited capacity of consumers to pay for
electricity and the chronic underinvestment in energy infrastructure by governments and
private entities create significant hurdles to expanding and modernizing the electricity sector.

In light of these challenges, decentralized energy solutions, stand-alone solutions such as solar
home systems (SHS) as well as mini-grids, have emerged as a promising alternative to
conventional grid-based electrification strategies. Mini-grids, which are small-scale distributed
electricity systems, often based on renewable energy, offer a high degree of flexibility in both
load capacity and technology. This adaptability has led to a growing interest in mini-grid
projects across rural Africa, with significant support from international development agencies
and financial institutions, including the World Bank3.

Despite the increasing reliance on mini-grids, there remains a significant gap in the literature
regarding their long-term impact on electricity access and broader development outcomes.
Much of the existing research on rural electrification has focused on the impacts of national
grid extensions and of SHS, with relatively little attention paid to the specific contributions of
mini-grids. Studies on grid extensions, such as those by Moradi and Schmidt (2022) in Burkina
Faso, have documented substantial benefits in terms of economic development and human
capital improvement. Similarly, research on SHS, which constitutes approximately 70% of the
literature on decentralized electrification according to a meta-analysis by Berthelemy and
Millien (2018), has shown positive effects on household income, employment, and overall
quality of life, while Duthie et al. (Duthie et al., 2024) tend to show more mixed results in

1 https://sdgs.un.org/goals/goal7

2 https://data.worldbank.org/indicator/EG.ELC.ACCS.RU.ZS?locations=MG-BF

3 https://www.worldbank.org/en/topic/energy/publication/mini-grids-for-half-a-billion-people ;
https://blogs.worldbank.org/energy/putting-africa-path-universal-electricity-
access#:~:text=At%20this%20slow%20pace%2C%20263,residents%2C%20have%20access%20to%20electricity
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particular due to low financial sustainability. However, these studies do not fully address the
unique dynamics and potential of mini-grids, particularly in contexts where the grid extension
is not feasible and where SHS may not provide sufficient power load for productive uses.

The high failure rate of mini-grid projects is another critical issue that has been brought to
light in the literature. Berthelemy and Maurel (2024) and Duran and Sahinyazan (2021), report
that up to 50% of mini-grid projects fail within the first five years, often due to technical
breakdowns, inadequate maintenance, or poor financial viability. The literature suggests that
these failures are not just isolated incidents but reflect broader challenges in the design,
implementation, and management of mini-grid projects. For instance, Akinyele et al. (2018)
and lkejemba et al. (2017) emphasize the importance of proper organizational structures and
community engagement in ensuring the long-term success of mini-grid projects. The failure to
address these critical factors can lead to a rapid decline in the reliability and operability of
mini-grids, ultimately undermining their potential to contribute sustainably to rural
electrification and development. Debunking positive impacts that would be only short-lived
requires to monitor over time these impacts.

Given the high stakes and the significant knowledge gaps identified in the literature, there is
a pressing need for more systematic and rigorous evaluations of mini-grid projects,
particularly those that can assess their long-term sustainability and impact on electricity
access, conditioning impact on socio-economic development. Traditional evaluation methods,
which rely heavily on field surveys, are costly, time-consuming, and logistically challenging in
remote areas. They are also hardly implementable on a multi-periods scale, preventing the
tracking of impacts over time. This has led to calls for alternative approaches that can provide
more efficient and scalable assessments. While Nighttime Lights (NTL) data have been used as
a general proxy to measure the impact of aid projects on development at different spatial
scales (Bitzer and Goren, 2024; Khomba and Trew, 2022), it has also been used more directly
as a proxy of local electricity access. NTL data have been successfully correlated with
administrative data on electricity access in rural India (Dugoua et al., 2018) and also in rural
villages of Mali and Senegal (Min et al., 2013). More recently, NTL data have been used
effectively in various contexts to evaluate the effectiveness of policy initiatives aiming at
developing rural electrification, in particular the evaluation of an electrification reform in rural
India (Chindarkar and Goyal, 2023). Berthelemy and Maurel (2024) have also used NTL to
assess impacts of mini-grids on electricity access in a quasi-experimental setting, with a
sample of 48 mini-grids mainly located in Asian countries.

In this paper we focus on a new sample of 144 mini-grids projects implemented since 2015
located in Burkina Faso and Madagascar. We put the emphasis on the dynamics of progresses
in electricity access, tracking changes in electrification levels over several years after project
commissioning, using NTL from the Visible Infrared Imaging Radiometer Suite (VIIRS) data, as
it is the most precise source for measuring electrification in rural and remote areas (Elvidge
et al., 2013; Falchetta et al., 2019).
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This paper contributes to the literature by documenting the impact of mini-grids using remote
sensing data, and in particular the effect dynamics across time. This is also the first paper to
document effects with a large sample of mini-grids located in African countries. We contribute
to the literature on the potential high failure rates of mini-grids in the African context while
also providing heterogeneity analysis around technologies used.

The remainder of the paper is structured as follows. Section 2 presents data and the
methodology used to build the sample and the empirical strategy to estimate the impact of
mini-grids on NTL. Results are presented in section 3 and followed by discussion and
robustness checks in section 4. Finally, section 5 provides conclusions.

2. Data and methods

2.1. Data and sources

Our study covers Madagascar and Burkina Faso for the period 2013-2022. Our evaluation
period is defined by the availability of the NTL data from the VIIRS source which begin in 2013.
We evaluate mini-grid projects implemented in both countries from 2015 to 2020.

i Club-ER mini-grid projects data

Data on mini-grid projects are provided by Club-ER, an association regrouping African rural
electrification agencies, from 32 countries. Given the variations in the nature of information
provided by the members on their respective mini-grids projects, data must be carefully
double-checked and we decided at this stage to retain only Madagascar and Burkina Faso as
they provided the most complete information on locations and dates of implementation,
which are the two main information needed for our study. Location information have been
double-checked by cross referencing region, department, county and village name
information with latitude and longitude provided. Each mini-grid electrifies only one location
and cluster projects (i.e., multiple mini-grids near to each other’s) are registered as their
specific location of implementation. Since we do not possess information at the household
level, we only consider treatment status, and therefore effects, at the village level. With
regards to the starting date of the mini-grids they are not always defined at a monthly scale
in our database. We therefore decided to retain only the years and define T 0 as the year when
the mini-grids are put into service. Our sample consists of 144 mini-grid projects, with 75
located in Burkina Faso* and 69 located in Madagascar. We evaluate only projects that were

4 The dataset provided by Club ER contains 76 mini-grid projects after 2015 but we removed one project due to its specific
location. This project is located in a village next to an industrial mine, Youga Industrial Mine, and was clearly electrified
before the mini-grid implementation.
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launched since 2015, as the NTL VIIRS data series only begin in 2013 and we need at least two
periods before treatment to apply our difference in differences approach®.

As shown in Table 1, most of the mini-grids (65%) were launched after 2018, which will limit
highly our conclusion beyond 3 years after treatment. Burkina Faso and Madagascar share the
same dynamics in project completion with both having most projects launched in the latest
years.

Table 1: Projects by country and year of implementation.

Start Year Country Total

Burkina Faso | Madagascar

2015 1 5 6
2016 2 8 10
2017 24 4 28
2018 3 3 6
2019 30 22 52
2020 15 27 42
Total 75 69 144

Table 2 provides information on projects characteristics. With regards to mini-grid’s capacity,
representing power generation capacity of the installation, the information is mostly lacking
for Burkina Faso. However, it can be noted that from the few projects with available data, a
few are hydroelectric projects with a power output over 1 MW, which bias Burkina Faso’s
average well above the capacity’s measured for Madagascar. Although mini-grids located in
Burkina-Faso may have higher production capacity we cannot draw a clear conclusion from
our sample due to the high number of missing data.

5 Only one project in Madagascar and two in Burkina Faso we launched in 2013 and 2014. No projects were found before
2013.
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Table 2: Projects characteristics.

Characteristic Overall, N = Burkina Faso, Madagascar,
1447 N = 75? N = 691

Technology

Diesel 2 (1.4%) 1(1.3%) 1(1.4%)

Hybrid Solar PV / Diesel 32 (22%) 17 (23%) 15 (22%)

Hydro 26 (18%) 6 (8.0%) 20 (29%)

Réseau 27 (19%) 27 (36%) 0 (0%)

Solar PV 57 (40%) 24 (32%) 33 (48%)
Capacity (in MW)

Mean (SD) 0.28 (0.98) 1.02 (1.89) 0.06 (0.09)

[Min-Max] [0.00, 7.80] [0.01, 7.80] [0.00, 0.66]

Unknown 61 56 5
Peak capacity for solar solutions (in MW)

Mean (SD) 0.07 (0.16) 0.15 (0.30) 0.05 (0.10)

[Min-Max] [0.00, 1.10] [0.01, 1.10] [0.00, 0.66]

Unknown 84 63 21
Tn (%)

With regards to the technology used to provide power to the mini-grids, 62% of the projects
rely on solar PV, either solely or partially like diesel hybrid solutions. However, Burkina Faso
and Madagascar both have specificities in terms of technology used. Around 36% of mini-grids
set-up in Burkina Faso rely solely on a connection to the national grid without a local
production unit. These mini-grids without production units, called COOPELs (Cooperative for
electricity), are set up, built and managed by local communities. Madagascar on the other
hand cannot rely on its existing grid network, but can use its wide array of rivers running across
the country to power hydroelectric production units, which represents 29% of their mini-grid
projects.

ii. Development projects related to the energy sector and grid infrastructures

To ensure the validity of our approach we aim to consider as much as possible other energy
related projects and infrastructures that could impact the control group we aim to build.

To this end we mobilize data provided by AidData, as it is the main provider of geo-localized
development projects data. From the AidData databases on the World Bank and China we
were able to recover 10 projects related to the energy sector located in Burkina Faso. We
delete all potential control villages located within a 3 km radius of those 10 projects. We follow
a slightly more conservative approach than Ratledge et al. (Ratledge et al.,, 2022) that
considered villages within a 2 km distance of electric infrastructures as treated.
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We also identify already, or up-coming, electrified villages with the data provided by the World
Bank platform Energydata.info®. This platform provides information on the localization of
power production units, as well as the distribution network for existing grid and planned grid
extensions. According to this source, Burkina Faso has 24 existing production units and 12
planned, while Madagascar has 5 existing production stations and 2 planned. The production
unit’s localization as well as the grid network is used to remove potentially already electrified
villages. For both countries we exclude all villages within a 3km radius of a national power
plant unit or within a 2km radius of a distribution line network. As seen in the Figure 1 and 2,
the extent of the grid infrastructure is quite different in Burkina Faso and Madagascar, while
Burkina Faso’s totalizes 3 895 km of distribution lines, Madagascar counts only 483 km.

Figure 1: Madagascar's electricity infrastructure
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Figure 2: Burkina Faso's electricity infrastructures
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iii. NTL data

The main variable used for evaluation is the Nighttime Lights (NTL) from 2013 to 2022,
provided by the Earth Observation Group, Colorado School of Mines. The NTL provides the
radiance values in nanoWatts per centimeter squared per steradian (nW/cm?/sr) at a
resolution of approximately 500 meters (15 arc second). NTL data can have slightly negative
radiance values in very low lighting area such as in rural Africa due to noise and calibration
process. We therefore replace the few negative values by 0, as it is common practice in the
literature using raw VIIRS data (Beyer et al., 2022; Falchetta and Noussan, 2019)”. NTL is used
for evaluation post-implementation of projects but is also used before implementation to
avoid potentially already electrified villages. NTL is defined at the village level by taking the
average of NTL within the polygon delimiting the village extent. We consider NTL as qualitative
assessment of electricity access rather than a direct quantitative measure of electricity
consumption. NTL is indeed imperfectly correlated to electric power consumption due to the
many uses made which do not emit any light measurable by NTL (Gibson et al., 2021; Min et
al., 2024). Potential differences in elasticities between electricity consumption and NTL output
are context dependent and could lead to under-estimation of the actual electricity
consumption since we only measure a subset of the total electric output. Although it is not
perfect proxy for consumption, nor it captures fully the multidimensional expected benefits
from a mini-grid, NTL remains however correlated with electricity access and consumption,
even at the local level (Berthelemy and Maurel, 2024).

7 We however provide results in Annex Table A.5 with NTL uncorrected for negative values.
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iv. Sample Building

To build our sample of potential control villages we use NTL with a combination of other
remote sensing data. First, we make use of the land cover data from the Copernicus Global
Land Service database to identify built-up areas with a resolution of 100m x 100m.

We refer to the identified aggregates of built-up areas as villages but our definitions might
differ slightly from the villages defined in the national administrative data of each country.?
Figure 3 illustrates the village of Ziga in Burkina Faso, which received a mini-grid, with its
delimitation area drawn in red from the Copernicus built-up layer. This dataset allows us to
build a map of all rural villages in which mini-grids have been implemented and identify
potential control villages located between a 3km and 50km radius® around the treated
villages.1°.

Figure 3: Ziga, Yatenga, Burkina Faso, project id: BFAproj4

Note: Point in red represents the coordinates of the projects, the line in red represents the boundary of the treated village
area drawn from the Copernicus built-up layer data.

8 Two adjacent villages could be merged as a single unit in our data. However official geo-localized data on
cities and rural villages not being available for Madagascar and Burkina Faso, this is the most precise data to
build a map of rural villages, as they reflect true land use rather than administrative boundaries.

9 Although there is no clear proof of spatial spillover effects from mini-grids projects we decided to take a
conservative approach and excluded all villages within a 3km radius around a project.

10 For Burkina Faso we have on average 459 control villages, with a minimum of 89 and a maximum of 718. For
Madagascar we have on average 781 control villages, with a minimum of 29 and a maximum of 1451.
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For each country, we exclude all villages smaller than the smallest treated village and those
larger than twice the size of the largest treated village nationwide. Figure 4 illustrates one
cluster composed of a treated village, in red, with its remaining potential controls in blue after
deletion of villages within the 3 km radius of Ziga and other potential electric infrastructures.

Figure 4: Village of Ziga, Yatenga, Burkina Faso, with its potential controls in blue
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We then remove villages with a NTL value superior to the highest value of treated villages of
each country, which could indicate already electrified villages. We also compute the NTL
correlation before project implementation between control villages and their treated
counterpart and filter out controls with a correlation inferior to the first decile (0.3) of the
correlation distribution. This selection step aims to improve the similarity between the NTL
dynamic between treated and controls.

Given the high number of potential controls per treated villages, we restrict or control sample
to villages with characteristics similar to treated villages to reduce the risk of selection bias.
For that purpose, we resort to matching techniques to select the best fitting controls. To
conduct our matching, we rely on the following geocoded variables:

o Average of NTL before project implementation
e Village area computed from the Copernicus Global Land Service;
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e Altitude and terrain gradient from SRTM 90m of CGIAR-CSI data;

e Population density from the Gridded Population of the World, Version 4
(GPWv4) 2015 of the NASA’s SEDAC;

e Photovoltaic potential from energydata.info, is the long-term yearly average of
potential photovoltaic electricity production in kWh/kWp, covering the period
1994-2018;

e Distance to major cities (pop. > 50k.) from Travel time to cities and ports in the
year 2015 by Nelson et al. (Nelson et al., 2019).

The main matching techniques present in the literature of impact evaluation revolve around
Propensity Score Matching (PSM) and Mahalanobis or Euclidean distance techniques. Recent
literature demonstrated that PSM tend to perform very poorly for matching precisely a limited
number of controls to treated observations and tools relying on Mahalanobis or Euclidean
distance should be favored (King and Nielsen, 2019) . These methods are able to produce a
matching more comparable to a Randomized Controlled Trial (RCT) with a fully blocked
experimental design (i.e. stratified sampling). We therefore compute a ranking from the most
to the least similar control village within the vicinity of each treated villages using the
Mahalanobis distance matching method. We also use Euclidean Distance (ED) matching as a
robustness check. Retaining only one control per treated might be too restrictive and could
give less robust coefficients estimation. To avoid this lack of robustness due to a strong
dependency on the sample selected we therefore favor the interpretation of the results with
3 controls, as there is less chance that the first 3 best matching controls for one treated village
have all potentially received an unseen development project.

We present in table 3 and 4 the descriptive statistics for Project villages and their respective
3 best matched controls.*!

Table 3 presents descriptive statistics for Burkina Faso and displays that after matching, there
is no significant differences in the variables considered between treated and control villages.

Table 4 provides descriptive statistics for Madagascar after matching. Contrary to Burkina
Faso, treated village tend to be slightly larger than control village surface of the villages,
however the NTL level are not significantly different between villages. We can also note that
treated villages located in Madagascar are in average around 50% smaller than one’s located
in Burkina Faso.

1 Table A.1 and A.2 in annex present comparative tables with 1, 3, 5 and 10 best matches.
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Table 3: Burkina Faso descriptive statistics after matching (3 best matches per control)

Characteristic

Surface area (km?)
Mean (SD)
[Min-Max]

Altitude (meters)
Mean (SD)
[Min-Max]

Land gradient
Mean (SD)
[Min-Max]

Population (hab/km?)
Mean (SD)
[Min-Max]

Distance to cities (minutes)
Mean (SD)
[Min-Max]

Potential photovoltaic

production (kWh/kWp)
Mean (SD)

[Min-Max]

NTL pre-project
Mean (SD)
[Min-Max]

1 Welch Two Sample t-test

Overall,
N =300

2.82 (1.67)
[0.37, 12.23]

311 (38)
[217, 540]

1.62 (0.50)
[0.91, 4.56]

69 (60)
[8, 363]

68 (47)
[5, 215]
4.58 (0.06)

[4.44,4.74]

0.087 (0.055)
[0.025, 0.787]
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Projects,
N=75

2.92 (1.71)
[0.37, 8.70]

309 (39)
[240, 511]

1.61 (0.52)
[0.91, 3.76]

70 (60)
[8, 362]

69 (49)
[5, 215]
4.58 (0.06)

[4.46,4.73]

0.101 (0.097)
[0.033, 0.787]

Controls,
N =225

2.79 (1.66)
[0.37, 12.23]

311 (37)
[217, 540]

1.62 (0.49)
[0.92, 4.56]

69 (60)
[18, 363]

68 (46)
[9, 205]
4.58 (0.06)

[4.44, 4.74]

0.082 (0.030)
[0.025, 0.221]

p-value?

0.6

>0.9

>0.9

>0.9

>0.9

0.10



Table 4: Madagascar descriptive statistics after matching (3 best matches per control)

Characteristic Overall, Projects, Controls, p-value?
N =276 N =69 N =207
Surface area (km?)
Mean (SD) 1.40 (1.41) 1.82 (1.73) 1.26 (1.26) 0.015
[Min-Max] [0.35,9.26] [0.35, 9.26] [0.35,7.22]
Altitude (meters)
Mean (SD) 526 (558) 528 (548) 525 (563) >0.9
[Min-Max] (4, 1,943] [6, 1,845] (4, 1,943]
Land gradient
Mean (SD) 6.2 (4.0) 6.6 (4.6) 6.1(3.7) 0.4
[Min-Max] [0.8, 19.5] (0.9, 19.5] [0.8, 16.8]
Population (hab/km?)
Mean (SD) 57 (46) 60 (48) 55 (46) 0.5
[Min-Max] [6, 300] (6, 188] [6, 300]
Distance to cities (minutes)
Mean (SD) 298 (291) 294 (291) 300 (291) 0.9
[Min-Max] [7,1,157] [27, 1,051] [7,1,157]
Potential photovoltaic
production (kWh/kWp)
Mean (SD) 4.70 (0.35) 4.69 (0.37) 4.71 (0.34) 0.7
[Min-Max] [3.82,5.26] [3.82, 5.26] [3.93,5.23]
NTL pre-project
Mean (SD) 0.071 (0.028) 0.076 (0.029)  0.069 (0.028) 0.12
[Min-Max] [0.011,0.298] [0.011,0.176] [0.020, 0.298]

1 Welch Two Sample t-test

2.2. Methodology

To estimate the causal treatment effect on villages that received a project we rely on the
difference-in-differences (DiD) approach. Given we work with panel data, different treatments
timing, and a staggered adoption setting we use an event study DiD design, also called Two
Way Fixed Effects (TWFE), and estimate the model defined as follows:

_ !
NTLiy = a+ Y22 s Be™Df + Yo 0B 9Df +Vi+ Y + 5, (1)

Where i is a village, t a time period and e the event study time (i.e. elapsed time since
treatment). NTL;, is the night time light level of village i at time t, D%+ a dummy variable
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denoting the treatment status of village i being e periods after or before treatment at time t.
D¢ takes the value 1 when e >=0, for instance, D¢+ will take the value 1 for a village (i=1) that
was treated in 2016 at the calendar year 2018 (D?1,2018=1). Vi is a village fixed effect, Y: a year

fixed effect and and €;:the error term. Béag represents the Average Treatment on the Treated
(ATT) at period e after treatment, which is our coefficient of interest reported in the following
regression tables. We are able to estimate up to 3 periods after treatment due to the structure
of our sample. Indeed, as seen in section 1, most of the projects are quite recent and we do
not have enough time elapsed yet to conclude reliably outside this time window?!?. The effects
are computed by taking e-1 (i.e., the year before project is launched) as the base year to
compute the effect. We cluster all standard errors at the treatment level, which is the village
level in our case.

To estimate equation (1), we cannot rely on regular TWFE estimates as the recent literature
demonstrates that a number of problems can arise when doing so. As shown in de
Chaisemartin and D’Haultfoeuille (de Chaisemartin and D’Haultfceuille, 2020) this approach
can suffer from inconsistent estimation due to very restrictive hypothesis made on the
homogeneity of the effects across time and cohorts!3. As we have no a priori knowledge on
the ATT over time, we prefer to not rely on this hypothesis and use the estimator proposed
by de Chaisemartin and D’Haultfoeuille (2024) as our main estimator and also use Callaway
and Sant’Anna (2021) estimator for robustness checks.

While the regular TWFE estimated by OLS tries to recover directly (i.e. in one step) a weighted
average effect from the all sample at once, de Chaisemartin and D’Haultfoeuille, as well as
Callaway and Sant’Anna, first estimate the effect by cohort (g) and time period (t), which
allows for heterogeneity of the estimated effect and then aggregate those estimates as an
event study. This approach computes multiple Average Treatment on the Treated for each
cohort and time denominated ATT(g,t), which is defined as follow:

ATT(g,t) = E[NTL,(g) — NTL.(0)|G, = 1] (2)

Where g is the year of a cohort of projects starting the same year, t is the time period and Gg
is a dummy variable that takes the value 1 when the cohort g is treated. Once these ATT(g,t)
are estimated for each cohort g and time periods t they are aggregated over a common
calendar, relative to the elapsed time since treatment noted e (e = t — g). This aggregation
recovers the estimates corresponding to an event study type. The aggregation to obtain the
ATT of an event study (ATTes) use cohort-dependent weights w(g,t) and follows the form:

ATTes(e) = ZgEG w(g, t) x ATT(g,t) (3)

12 We provide estimates up to 5 periods in annex table A.4.
13 They found that more than 40% of these published papers reports biased estimates.
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This aggregated parameter ATTes(e) is the estimator of ,Béag found in equation (1). The term
w(g,t) is the weight based on the sub-sample size of the cohort g at time t in the overall sample
at elapsed time e. Intuitively this means that the larger a cohort is, the larger is its weight in
the estimated effect at time e. Standard errors and confidence intervals are computed by
using a multiplier bootstrap procedure to conduct asymptotically valid inference!*. This
procedure allows to use information from the full sample at each iteration and accounts for
dependence across time and between cohorts.

Given the high failure rate on electrification projects documented in the literature, we also
estimate the effects on two subsamples of mini-grids based on their likelihood of failure. To
that effect we apply the methodology from Berthelemy and Maurel (2024), which aims at
computing the probability of success of mini-grid projects. This method is based on computing
the NTL trend of a village before implementation of a project and then measuring the NTL
deviation from it during the 3 years after project implementation. We compute an NTL trend
for each project village independently. If the average deviation is significantly above the trend
trajectory, we then consider that the project has succeeded or failed. Although we could
expect this method to be somewhat biased in favor of capacity project Berthelemy and Maurel
(2024), found no link between power capacity and success rates, even when using DMSP NTL
data, which is much less sensitive to low radiance emissions than VIIRS NTL used in this paper.
We then estimate the effect of mini-grids on two subsamples of projects defined as either
failed or successful. Those latter estimates aim to provide the proper effect of electrification
from well-designed, properly managed and maintained mini-grids, as estimates on the all
sample have a high probability of containing failed projects and therefore biasing downward
the estimated ATT.

14 Contrary to a regular bootstrap procedure that redraw subsamples, each iteration of a multiplier bootstrap
perturbs by a random weight the influence function of the estimate, which estimates dependency of the results
on each observation.
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3. Results

3.1. Pooled results

Table 5 : Dynamic effects for all projects

(1)

(2)

(3)

(4)

VARIABLES MD1 MD3 MD5 MD10
Post treatment average 0.0269***  0.0280*** 0.0286***  0.0288***
(0.00407)  (0.00379)  (0.00377) (0.00375)
TO 0.0130*** 0.0132*** (0.0137***  0.0138***
(0.00300) (0.00296)  (0.00296)  (0.00296)
T+1 year 0.0240***  0.0252***  (0.0258***  0.0258***
(0.00427)  (0.00405)  (0.00403)  (0.00402)
T+2 years 0.0322*** 0.0338*** (0.0346***  0.0350***
(0.00529)  (0.00490) (0.00485) (0.00482)
T+3 years 0.0431*** 0.0445*** (0.0452***  0.0455***
(0.00769)  (0.00727) (0.00722)  (0.00718)
Observations 2188 4492 6796 12548
R-squared 0.55 0.61 0.63 0.66
Treated units/controls 144/144 144/432 144/720 144/1439
Mean of NTL 0.1429 0.1353 0.1318 0.1288

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
Notes: MD#: Mahalanobis distance; # refers to the number of controls per treated retained.
F-test for equality of the effects on MD3: p-value =.00001817

Table 5 shows the results for all the projects, Burkina Faso and Madagascar combined, and
the 3 periods after implementation. Figure 5 presents results from up to 3 periods after
implementation and all periods before. Although we can compute effects up to six years after
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implementation, our sample is composed mostly (69%) of projects implemented in 2018 or
after, therefore results after 3 years should be taken with caution and might not be very robust
due to the very small group of observations!>. Also results in T 0 year should not really be
interpreted as some projects can be launched at the end of a year and therefore their impact
can only be fully measured during later periods.

Table 5 compares the results using different control samples, namely control groups
composed of either 1, 3, 5 and 10 best matching controls per treated village. The post
treatment average coefficients, which provides the average effect over all the periods, are all
positive and significant at the 1% level irrespective of the control group used, with an ATT
ranging from +0.027 to +0.029 nW/cm?/sr per year. The post treatment average coefficients
remain quite stable with respect to the number of selected controls (i.e., MD1, MD3, MD5 and
MD10), with a slight increase in coefficients as the number of controls increases.

If we look into more details at the dynamic effect (i.e., year to year coefficients), we see that
all coefficients are positive and significant at the 1% level from the T+1 year to T+3 year,
irrespective of the control groups used. If we look at the evolution of the effect over time, we
see an increase in NTL impact, between each year after implementation, irrespective of the
control groups used. The effect reaches its peak during the third year with an increase of the
NTL between 0.043 and 0.046 nW/cm?/sr compared to the reference year (i.e. T -1). Figure 5
displays the results from the column (2) in table 5 and shows the sharp increase in NTL from
T +1 year to T +3 year. Figure 5 also show that no pretends exists prior to implementation of
a project and pre-trend tests are available in annex table A.3. In order to confirm the
significance of this upward trend we use a joint F-test procedure provided by de Chaisemartin
and D'Haultfoeuille, testing for equality of coefficients. Notes under the table 5 provides the
F-test results, rejecting the equality hypothesis with a p-value < 1%. Since coefficients from
the first 3 years cannot be considered equal, we can state that our results show a clear upward
trend of the NTL over time, as displayed in Figure 5.

15 See Table A4 in Annex for results with 6 periods.
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Figure 5: Dynamic ATT on all projects
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3.2. Results by country

Table 6: Dynamic effects for Burkina Faso's and Madagascar’s projects

Burkina Faso Madagascar
(1) (2) (3) (4)

VARIABLES MD3 MD5 MD3 MD5
Post treatment average 0.0295***  0.0305*** | 0.0257***  (0.0255***

(0.00509) (0.00505) (0.00536) (0.00535)
TO 0.00865*** 0.00905*** | 0.0191***  0.0190***

(0.00318) (0.00320) (0.00503) (0.00501)
T+1 year 0.0235***  0.0243*** | 0.0259***  0.0255***

(0.00555) (0.00554) (0.00586) (0.00580)
T+2 years 0.0388***  0.0405*** | 0.0316***  0.0313***

(0.00633) (0.00626) (0.00697) (0.00694)
T+3 years 0.0513***  0.0525*** | 0.0268***  0.0269***

(0.00980) (0.00971) (0.00954) (0.00952)
Observations 2339 3539 2153 3257
R-squared 0.64 0.68 0.65 0.64
Treated units/controls 75/225 75/375 69/207 69/345
Mean of NTL 0.1536 0.1496 0.1154 0.1125

Standard errors in parentheses
*** n<0.01, ** p<0.05, * p<0.1

Notes: MD#: Mahalanobis distance; # refers to the number of controls per treated retained.
F-test for equality of the effects on Burkina Faso MD3: p-value = 3.468e-09;
F-test for equality of the effects on Madagascar MD3: p-value =.14371509.

Table 6 presents the effects for projects located in Burkina Faso’s in column (1) and (2), and in
Madagascar in column (3) and (4). As seen previously with the all sample, both countries
display positive and significant post treatment average effect, although the effect tend to be
slightly larger in Burkina Faso. The effect reaches its peak for Burkina Faso in the third year at
+0.051 nW/cm?/sr, while reaching its peak in the second year at +0.032 nW/cm?/sr for
Madgascar. While the NTL increases in Burkina Faso for each period, the increase seems to
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taper off in the third year for Madagascar’s projects. After three years, NTL level have
increased by 51% in Burkina Faso and by 36% in Madagascar compared to pre-average level.
While we can conclude to a dynamic growth over time for Burkina Faso projects, we cannot
clearly draw similar conclusions for Madagascar's projects, since we are not able to reject
equality of the effects between periods.

4. Discussion

The dynamic trend seen in figure 5 can shows an increase of the emitted NTL at the village
location, which can be interpreted as an increase in electricity access during the first 3 years.
If the measured increase in NTL was the sole effect of public lighting, we would expect to see
an increase in the first year followed by a plateau and not a continuous increase over the
period as public lighting tends to be quite stable over time. However, the measured increase
of the coefficients between periods shows that more NTL is emitted over the years. This
increase could be interpreted either as an increase of consumption or as an increase in the
number of people using electricity or as some combination of both factors. Unfortunately, the
sole NTL data does not allow to discriminate clearly between those driving factors. The fact
that the overall magnitude of the effect is similar in both countries tend to show that, although
the contexts are different, the expected outcome of the mini-grid projects are quite similar,
in particular during the first two years. However, projects located in Burkina Faso sustain an
increase of the effect for all periods, while projects in Madagascar seem to plateau after two
years. This could indicate a lower performance of projects located in Madagascar over the
long term.

4.1 Heterogeneity by likelihood of success

A point regularly raised by field experts and supported by Berthelemy and Maurel (2024) is
that the failure rate of mini-grid projects is relatively high. Their estimates show that up to
50% of the projects end up with some types of failure during the first few years, usually linked
to a breakdown or lack of maintenance of either the electric production unit or the distribution
network. The high number of failing projects can bias downward the overall impact measured
by the NTL and by removing potentially failed projects we can provide a new estimate without
this underestimation.

To this end we use the methodology developed by Berthelemy and Maurel (2024) to filter out
projects for which we cannot detect any significant change in their NTL trend after project
implementation. First, we compute the trend on monthly data up until the end of year T-1 and
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then we measure the deviations from the trend during years T+1, T+2 and T+3 6. We then
compute the probability with a t-test, that the average deviation from the predicted trend is
different from 0. If the probability of the t-test is superior to 0.9 and the average deviation
from the trend is positive we assume that the project has succeeded during the first 3 years
and failed otherwise. We therefore classify here as failed a project for which we are not able
to detect a significant positive change from its NTL trend. We then run the previous difference-
in-differences model on the two sub-samples of estimated successful and failed projects.
Although this method requires limited information, we must notice it is necessarily limited
and lack in nuances compared to on the field surveys, and may therefore miss on the
multidimensional aspect of success or failure.

As shown in the table 7 our sample displays results quite similar to experts’ findings with a
failure rate averaging around 49% across countries. These results are in line with the findings
in Berthelemy and Maurel (2024) although the analysis period and geographical extent are
very different between the sample used. We can notice a lower failure rate computed for
Burkina Faso’s mini-grids compared to Madagascar. This difference seems to be driven by a
higher failure rate of hydro powered mini-grids classified as failures. We can only speculate
on the causes of failures, such as tariffication, economic models or governance models, given
we do not have access to on-field data.

Table 7: Descriptive statistics of Success and failures measured by the deviation from the NTL trend

Trend deviation test Burkina Faso Madagascar | Total
Failed (p-value > 0.1) 32 39 71
Successful (p-value < 0.1) 43 30 73
Total 75 69 144
Failure rate 43% 57% 49%

Table 8 reports the estimated effects for the two subsamples and, as it could be expected, the
failed group shows a lower effect, although it remains significant on the overall post treatment
average. The post treatment average effect for the first 3 years for all projects, as reported in
table 5 with the complete sample, goes from 0.028 nW/cm?/sr to 0.043 nW/cm?/sr for the
success group only, representing an increase of 54% of the effect. This means high failure rates
could lead to an important underestimation of the potential effect due to reliable

16 The trend is computed with monthly fixed effects. If the trend computed is not statistically significant at the
10% level, we use the NTL pre-average to replace predicted values from the trend. The year of implementation
is excluded from our data because we do not know, within that year, what is the exact month of
implementation for most projects (68%).
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electrification. Although we could expect to see no significant effect with the failed group, we
still measure an overall significant increase in the NTL over the periods. However, the Failed
group yields an effect that is about 4 times smaller than the Successful group. One possible
explanation to still measure some positive effects on the failed group is the fact that in the
failure group some projects might have endured quite small breakdowns which have been
repaired over time. Another possible explanation is some form of learning mechanism where
communities learned to use the infrastructure. Therefore, few projects were not complete
failures per say and worked with some lag, leading to driving the mean of the failed group to
a positive and significant effect overall. This is one limit of our method of classification, as it is
imperfect and based on remote sensing data which cannot capture the multidimensionality
aspect of failures?’.

Table 8: Dynamic effects by success or failure

(1)

(2)

VARIABLES Successful  Failed
Post treatment average  0.0434*** (0.0110***
(0.00553)  (0.00338)
TO 0.0211*** 0.00389
(0.00498)  (0.00287)
T+1 year 0.0447***  0.00396
(0.00592)  (0.00402)
T+2 years 0.0509*** 0.0147***
(0.00704)  (0.00510)
T+3 years 0.0633***  (0.0252***
(0.0106) (0.00565)
Observations 2236 2256
R-squared 0.54 0.72
Treated units/controls 73/219 71/213
Mean of NTL 0.1415 0.1289

Standard errors in parentheses
*#* p<0.01, ** p<0.05, * p<0.1
Note: estimations use MD3 control group

17 This blog provides some preliminary results for micro-grids implemented with RCT design in Madagascar:
https://www.entreprenanteafrique.com/en/measuring-the-impact-of-decentralised-electrification-projects-4-
4-characterisation-of-the-impacts-of-decentralised-electrification-projects-on-access-to-electricity-using-
household-data/
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4.2. Heterogeneity by project characteristics

We hereafter investigate how projects characteristics might influence the effect measured.
Indeed mini-grids are quite diverse in terms of technical solutions used and those different
engineering designs could yield quite different effects.

Table 9 displays the results on different sub-samples based on projects power and grid
connection status. Columns 1 displays the average results for the all sample serving as a
baseline. Columns 2 and 3 displays the results for Madagascar’s projects only, split in two sub-
samples, a High-power sub-sample, defined by a production capacity over the median value
of 0.036 MW, and a Low-power sub-sample for projects under the median®. Both power
groups represent quite well the different technologies used, namely solar, hydro and hybrid
solar, even though hybrid tend to be more represented in the high-power group. Although
there is no clear difference in the effect measured at the post treatment average level, effects
measured at the third year decreased and are only significant at the 10% level. This might
indicate that smaller installations will not yield expected results of electrification over the long
term. Another distinction we can make with the lower power group is the absence of a
continuous positive effect, which is confirmed by F-test (see note under table 9) showing that
coefficients are not different from each other.

Columns 4 and 5 provide results for projects located in Burkina Faso’s and its specificity linked
to mini-grids being connected to the grid, either as for power smoothing and paired to a local
production unit (column 4) or as the sole provider of power (column 5). Connection of the
mini-grid to the grid does not seem to yield very different estimates of the effect and performs
well. Column 5 provides results for Burkina Faso’s COOPEL, which are mini-grids connected
to the national grid without local production unit, which is a sub-sample of column 4. Although
the number of these mini-grids type is quite limited, results indicate that the COOPEL perform
well compared to the entire sample.

18 We excluded projects from Burkina Faso as many are missing power production value and could be biased in
reporting mainly high-power projects.
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Table 9: Dynamic effects by Projects power and grid connection

(1) (2) 3) (4) (5)
VARIABLES ALL High Low Connected No local
sample Power Power to grid Production

Post treatment average 0.0280***  (0.0293*** 0.0256***  0.0312***  (0.0383***

(0.00379)  (0.00972) (0.00550)  (0.00602)  (0.00779)

TO 0.0132***  0.0154** 0.0254***  0.00451 0.0115**
(0.00296) (0.00778) (0.00728)  (0.00349) (0.00455)
T+1 year 0.0252***  0.0232** 0.0316***  0.0269***  0.0341***

(0.00405) (0.00973) (0.00660) (0.00641) (0.00874)

T+2 years 0.0338***  0,0407*** 0.0267***  0.0391***  0.0397***
(0.00490)  (0.0125) (0.00763)  (0.00839)  (0.0107)
T+3 years 0.0445***  0.0440** 0.0136* 0.0548***  0.0680***
(0.00727)  (0.0182) (0.00816)  (0.0123) (0.0160)
Observations 4492 1040 959 1163 537
R-squared 0.61 0.61 0.74 0.82 0.82
Treated units/controls  144/432  33/99 31/93 37/111 27/81
Mean of NTL 0.1353 0.1217 0.1121 0.1478 0.1525

Standard errors in parentheses
*** n<0.01, ** p<0.05, * p<0.1
Notes: All estimates are using MD3 control group; Columns (2) and (3) use only Madagascar’s projects;
Columns (4) and (5) use only Burkina Faso’s projects.
F-test for equality of the effects for Low Power (3): p-value =.14026467.

Table 10 provides results by renewable technology used as the main source of electricity
production. Columns 2 and 3 show the results for mini-grid projects, in both countries, using
either solar as the main power source, including hybrid solutions, or hydro. The post treatment
average coefficients show significant and positive effects for both technologies, however
hydro powered projects have a magnitude of about half of solar powered projects. Hydro
powered projects do not show clear significant effect after the first year of implementation.
Column 4 provides the results for hydro powered mini-grids located only in Madagascar and
confirms those findings, although those hydro mini-grids are composed of high and low power
projects. This result suggests that hydro technology might yield lower impacts particularly on
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the long term, especially since we do not find evidence for a positive dynamic during the first
three years.

Table 10: Dynamic effects by Projects by renewable technology

(1) (2) (3) (4)

VARIABLES
ALL sample Solar powered Hydro powered Hydro powered
Madagascar
only
Post treatment average  0.0280*** 0.0319*** 0.0160*** 0.0192***
(0.00379) (0.00511) (0.00548) (0.00616)
TO 0.0132%** 0.0175%** 0.0200*** 0.0237***
(0.00296) (0.00398) (0.00704) (0.00842)
T+1 year 0.0252%** 0.0283*** 0.0237*** 0.0266***
(0.00405) (0.00533) (0.00732) (0.00904)
T+2 years 0.0338*** 0.0410*** 0.00579 0.00994
(0.00490) (0.00641) (0.00585) (0.00649)
T+3 years 0.0445%** 0.0466*** 0.0142* 0.0155*
(0.00727) (0.00979) (0.00749) (0.00871)
Observations 4492 2336 696 528
R-squared 0.61 0.64 0.37 0.71
Treated units/controls 144/432 89/267 26/78 20/60
Mean of NTL 0.1353 0.1637 0.1276 0.1070

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
Notes: All estimates are using MD3 control group; Columns (1), (2) and (3) use both countries and column (4)
use Madagascar’s projects only. F-test for equality of the effects for hydro Madagascar (4): p-value =
.10941125.
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4.3. Robustness

We investigate the effect of changing the matching methodology, using Euclidean distance
rather than the Mahalanobis distance. Table A.7 in annex reproduces results from Table 5
using Euclidean distance matching. Results are very similar across control groups and remains
significant and positive with similar magnitudes and dynamics to the one found with
Mahalanobis distance.

Table A.8 and Figure A.1 in annex reproduces the main results from Table 5 using the Callaway
and Sant’Anna estimator as well as regular TWFE estimator rather than de Chaisemartin &
D'Haultfceuille. All results remain significant and positive and the magnitude of the effects are
very similar. We also confirm the dynamic discussed previously of an increasing effect during
the first 3 years the effect.

Overall estimates are robust to different matching method changes, the estimator used and
log transformation of the NTL variable.

5. Conclusion

Our findings provide robust evidence that mini-grids have a positive and significant impact on
the NTL in both Burkina Faso and Madagascar. Three years after implementation, NTL
increased on average by 0.045 nW/cm?/sr compared to the reference period. Additionally, the
NTL levels show a dynamic continuous increase during the initial 3 years after implementation,
indicating a rise in electricity access over time, which can be interpreted as an improvement
toward the achievement of SDG7. However, this dynamic could vary slightly between
countries and we are unable to conclude on the effect over the long term, given most projects
are quite recent. Although we find positive effects in both countries, which covers quite
different levels of grid development, differences found in the magnitude of the effects pushes
for caution with regards to generalization of those results for other countries.

We further examined projects characteristics and their impact on the effect magnitude.
Higher power capacity mini-grids yield higher measured effect by the NTL, specifically over the
long term, although low power mini-grids still provide positive and significant results. Our
findings also suggest solar-powered mini-grids yields a greater and more sustainable effect on
the NTL than hydro-powered solutions. Hydro-powered mini-grids showed moderate effects,
with significant impacts only during the first year after implementation. Concerning mini-grids
that are connected to the national grid, as seen in Burkina Faso, it does not seem to clearly
improve nor hinder the measured impact on the NTL.
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Our analysis also included a methodology to assess the likelihood of mini-grid project success
or failure. We found, based on this new sample, a potential failure rate averaging around 49%,
which is consistent with previous findings. These failed projects had a significant impact on
the overall measured effects. Excluding potentially failed projects increased the post-
treatment average effect from +0.028 nW/cm?/sr to +0.043 nW/cm?/sr.

Although mini-grids have in their vast majority a positive impact on the electricity access, as
measured by the increase in NTL, the results over the long term (i.e. above 3 years) are still
unclear due to the novelty of their use as a way to electrify rural villages. These findings are
promising for the use of mini-grids as a viable solution for rural electrification with renewable
energy sources, contributing to the achievement of SDG 7. Nonetheless, the probable high
rates of failure, as reported by experts and gauged by NTL data are concerning and calls for
further data collection and research to find the determinants of those failures. Addressing
these issues is crucial to realizing the full potential of mini-grids in enhancing the lives of rural
communities.
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Annexes

Table A.1: Burkina Faso’s descriptive Statistics after matching

Number of control units selected per treated

10 5 3 1
X Projects, N= | Controls, N Controls, N Controls, N Controls, N
Variables p-value? p-value? p-value? p-value?
751 =749 =375? =2251 =751
Surface area (km?) 2.92 (1.71) 2.57(1.49) 0.089 2.71(1.60) 0.3 2.79(1.66) 0.6 2.88(1.87) >0.9
Altitude (meters) 309 (39) 312 (37) 0.5 312 (40) 0.5 311 (37) 0.6 309 (39) >0.9
Land gradient 1.61(0.52) 1.57(0.48) 0.5 1.58 (0.45) 0.6 1.62 (0.49) >0.9 1.57(0.37) 06
Population (hab/km?) 70 (60) 69 (59) 0.9 69 (60) >0.9 69 (60) >0.9 69 (59) >0.9
Distance to cities (minutes) 69 (49) 71 (46) 0.7 71(47) 0.7 68 (46) >0.9 68 (47) >0.9
Potential photovoltaic
) 4.58 (0.06) 4.58(0.06) >0.9 459 (0.06) 0.9 458 (0.06) >0.9 4.59 (0.06) >0.9
production (kWh/kWp)
. 0.080 0.081 0.082
NTL pre-project 0.101 (0.097) 0.073 0.088 0.10 0.08(0.03) 0.13
(0.031) (0.030) (0.030)

1 Mean (SD)

2 Welch Two Sample t-test

60




Table A.2: Madagascar’s descriptive Statistics after matching

Number of control units selected per treated

10 5 3 1
Projects, N= | Controls, N 2 Controls, N 2 Controls, N 2 Controls, N )
Variables -val -val -value -value
6ol =eo0l  PUIME | _gpst  PVAME L g1 PV =60l P
Surface area (km?) 1.82 (1.73) 1.17 (1.25)  0.003 1.21(1.22)  0.006 1.26 (1.26)  0.015 1.37(1.29)  0.086
Altitude (meters) 528 (548) 530 (564)  >0.9 527 (564)  >0.9 525 (563) >0.9 516 (564) >0.9
Land gradient 6.6 (4.6) 6.0 (3.5) 0.3 6.1(3.8) 0.3 6.1(3.7) 0.4 5.9(3.7) 0.3
Population (hab/km?) 60 (48) 54 (42) 0.3 54 (43) 0.4 55 (46) 0.5 60 (56) >0.9
Distance to cities (minutes) 294 (291) 302 (290) 0.8 301 (293) 0.8 300 (291) 0.9 303 (303) 0.8
Potential photovoltaic
i 4.69 (0.37) 4.71(0.34) 0.6 4.71(0.33) 0.7 4.71(0.34) 0.7 4.71(0.34) 038

production (kWh/kWp)

. 0.068 0.068 0.069 0.073
NTL pre-project 0.076 (0.029) 0.029 0.050 0.12 0.7

(0.026) (0.027) (0.028) (0.038)

1 Mean (SD)

2 Welch Two Sample t-test
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Table A.3: Pre-trend coefficients on pooled results

(1) (2) (3) (4)
VARIABLES MD1 MD3 MD5 MD10
Placebo_1 -0.00122 -0.00107 -0.000592 -0.000664
(0.00180) (0.00182) (0.00173) (0.00168)
Placebo 2 0.000130 -0.000996 -0.00136 -0.00154
(0.00304) (0.00287) (0.00278) (0.00273)
Placebo_3 -0.00106 -0.00191 -0.00311 -0.00423
(0.00382) (0.00348) (0.00341) (0.00335)
Placebo_4 -0.00551 -0.00773 -0.00953* -0.0103**
(0.00609) (0.00530) (0.00514) (0.00502)
Observations 2282 4586 6890 12642
R-squared 0.55 0.61 0.63 0.66
Treated units/controls  144/144  144/432  144/720 144/1439
Mean of NTL 0.1429 0.1353 0.1318 0.1288

Standard errors in parentheses
**% n<0.01, ** p<0.05, * p<0.1

As we can see in Table A.3, there is no consistent and significant pre-trend coefficients,
meaning that there is no difference in the NTL trend between the villages that received mini-
grid projects and the control villages, either with 1, 3, 5 or 10 controls per treated selected.
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Table A.4: All projects all periods

(1) (2) (3) (4)
VARIABLES MD1 MD3 MD5 MD10
Post treatment average 0.0296*** 0.0310*** 0.0318*** 0.0320***
(6 years) (0.00479) (0.00443) (0.00439) (0.00436)
TO 0.0130*** 0.0132*** (0.0137*** 0.0138***
(0.00300) (0.00296) (0.00296) (0.00296)
T+1 year 0.0240*** 0.0252*** (0.0258*** (0.0258***
(0.00427) (0.00405) (0.00403) (0.00402)
T+2 years 0.0322*** (0.0338*** (0.0346*** 0.0350***
(0.00529) (0.00490) (0.00485) (0.00482)
T+3 years 0.0431*** 0.0445*** (0.0452*** (0.0455***
(0.00769)  (0.00727) (0.00722)  (0.00718)
T+4 years 0.0392*** 0.0417*** 0.0433*** (0.0439***
(0.0130)  (0.0125)  (0.0124)  (0.0124)
T+5 years 0.0519*** 0.0550*** (0.0570*** (0.0578***
(0.0161) (0.0156) (0.0156) (0.0155)
Observations 2282 4586 6890 12642
R-squared 0.54 0.60 0.62 0.64
Treated units/controls 144/144 144/432 144/720 144/1439
Mean of NTL 0.1429 0.1353 0.1318 0.1288
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Table A.5: Results with raw NTL data (no correction for negative radiance values)

(1) (2) (3) (4)

VARIABLES MD1 MD3 MD5 MD10
Post treatment average 0.0281***  0.0291*** 0.0298*** 0.0300***
(0.00416) (0.00388) (0.00386) (0.00384)
TO 0.0135***  0.0137*** 0.0142*** (0.0143***
(0.00309) (0.00305) (0.00305) (0.00305)
T+1 year 0.0246***  0.0259***  0.0264*** 0.0264***
(0.00433) (0.00412) (0.00410) (0.00410)
T+2 years 0.0337*** 0.0353*** 0.0361*** 0.0365***
(0.00538) (0.00498) (0.00494) (0.00490)
T+3 years 0.0454***  (0.0468*** 0.0475*** (0.0478***
(0.00777)  (0.00735)  (0.00730)  (0.00726)

Observations 2188 4492 6796 12548

R-squared 0.57 0.64 0.66 0.69

Treated units/controls 144/144 144/432 144/720 144/1439

Mean of NTL 0.1378 0.1300 0.1265 0.1235

Standard errors in parentheses
¥** n<0.01, ** p<0.05, * p<0.1

Notes: MD#: Mahalanobis distance; # refers to the number of controls per treated retained.
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Table A.7: Dynamic effects for all projects using Matching by Euclidean distance (ED).

(1)

(2)

(3)

(4)

VARIABLES ED1 ED3 ED5 ED10
Post treatment average 0.0271***  0.0292*** 0.0294*** (0.0281***
(0.00402) (0.00382) (0.00377)  (0.00430)
TO 0.0119*** 0.0137*** 0.0141*** 0.0136***
(0.00304) (0.00296)  (0.00295) (0.00308)
T+1 year 0.0242***  0.0264*** 0.0265*** 0.0246***
(0.00422) (0.00406) (0.00402) (0.00496)
T+2 years 0.0334***  (0.0354*** (0.0355*** (0.0338***
(0.00520) (0.00493) (0.00486) (0.00553)
T+3 years 0.0439***  0.0461*** 0.0464*** (0.0456***
(0.00766) (0.00730) (0.00723) (0.00742)
Observations 2188 4492 6796 12548
R-squared 0.57 0.62 0.65 0.57
Treated units/controls 144/144 144/432 144/720 144/1439
Mean of NTL 0.1429 0.1353 0.1318 0.1288

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Notes: ED# : Euclidean distance ; # refers to the number of controls per treated retained.
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TableA.8: All projects estimate using Callaway and Sant’Anna estimator for TWFE model

(1)

(2)

(3)

(4)

VARIABLES MD1 MD3 MD5 MD10
Post treatment average 0.0277*** (0.0288*** 0.0292*** (0.0301***
(0.00418) (0.00390) (0.00368) (0.00374)
TO 0.0145*** 0.0141*** 0.0143*** (0.0147***
(0.00321) (0.00312) (0.00310) (0.00308)
T+1 year 0.0229*** (0.0239*** (0.0242*** (0.0253***
(0.00431) (0.00416) (0.00393) (0.00398)
T+2 years 0.0324*** (0.0349*** (0.0357*** 0.0367***
(0.00525) (0.00493) (0.00453) (0.00455)
T+3 years 0.0409*** 0.0425*** (0.0427*** (0.0434***
(0.00718) (0.00667) (0.00652) (0.00667)
Observations 1920 3840 5760 10560
R-squared 0.55 0.61 0.63 0.66
Treated units/controls 144/144 144/432 144/720 144/1439
Mean of NTL 0.1429 0.1353 0.1318 0.1288

Standard errors in parentheses
*** n<0.01, ** p<0.05, * p<0.1
Notes: MD#: Mahalanobis distance; # refers to the number of controls per treated retained.

Figure A.1: Dynamic effect computed by Callaway and Sant’Anna method.

All projects (control = DM3)

.06
.04 1
t 02- Pre-treatment
< Post-treatment
0B o i
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-2 0 2 4
Periods to Treatment

Note: MD3 control group is used.
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Table A.9: Regular TWFE estimator

(2) (3) (4)
VARIABLES MD1 MD3 MD5 MD10
Post treatment average 0.0244*** (0.0295*** 0.0312*** (0.0330***
(0.00487) (0.00476) (0.00479) (0.00479)
TO 0.00993 0.0127** 0.0117** 0.0134%***
(0.00628) (0.00572) (0.00523) (0.00498)
T+1 year 0.0160* 0.0236*** 0.0232*** (0.0230***
(0.00898) (0.00758) (0.00705) (0.00678)
T+2 years 0.0307*** 0.0362*** (0.0343*** (0.0365***
(0.00783) (0.00718) (0.00681) (0.00657)
T+3 years 0.0304*** 0.0309*** 0.0301*** 0.0284***
(0.0110) (0.0105) (0.0101) (0.0103)
Observations 2,648 5,296 7,944 14,556
R-squared 0.853 0.849 0.851 0.852
Treated units/controls 144/144  144/432 144/720 144/1439
Mean of NTL 0.1429 0.1353 0.1318 0.1288

Robust standard errors in parentheses

*%% 0<0.01, ** p<0.05, * p<0.1
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Table A.10: Regular TWFE estimator with Country Year interaction

(1) (2) (3) (4)
VARIABLES MD1 MD3 MD5 MD10
Post treatment average 0.0241*** 0.0292*** 0.0307*** 0.0326***
(0.00467) (0.00462) (0.00466) (0.00466)
TO 0.00993*** 0.0127*** 0.0117*** 0.0135***
(0.00372) (0.00398) (0.00352) (0.00330)
T+1 year 0.0160*** 0.0236*** 0.0232*** (0.0231***
(0.00531) (0.00493) (0.00456) (0.00442)
T+2 years 0.0307*** 0.0362*** 0.0343*** 0.0366***
(0.00669) (0.00628) (0.00599) (0.00580)
T+3 years 0.0304*** 0.0309*** 0.0301*** 0.0284***
(0.0102) (0.0100) (0.00975) (0.0100)
Observations 2,648 5,296 7,944 14,556
R-squared 0.870 0.868 0.870 0.871
Treated units/controls 144/144 144/432 144/720 144/1439
Mean of NTL 0.1429 0.1353 0.1318 0.1288
Country Year interaction YES YES YES YES

Robust standard errors in parentheses

*%% nc0.01, ** p<0.05, * p<0.1
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Table A.11: Results with log of NTL

(1) (2) (3) (4)

VARIABLES MD1 MD3 MD5 MD10
Post treatment average 0.0804*** (0.0809*** 0.0827*** 0.0811***
(0.0229)  (0.0223) (0.0222)  (0.0220)

TO 0.0424* 0.0410* 0.0428* 0.0423*
(0.0223) (0.0220) (0.0219) (0.0218)
T+1 year 0.0700*** 0.0701*** 0.0715*** 0.0693***
(0.0233) (0.0229) (0.0228)  (0.0227)
T+2 years 0.108*** 0.111*** 0.113*** (Q.111***
(0.0256)  (0.0245)  (0.0243)  (0.0241)
T+3 years 0.110*** 0.111*** 0.113*** (0.110***
(0.0322) (0.0311) (0.0309) (0.0308)
Observations 1920 3840 5760 10560
R-squared 0.75 0.77 0.78 0.79
Treated units/controls 144/144 144/432 144/720 144/1439
Mean of log NTL -2.2776 -2.3170 -2.3375 -2.3523

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Notes: MD#: Mahalanobis distance; # refers to the number of controls per treated retained. We define log of
NTL as log(NTL+0.01) to avoid issues with 0 values.
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ABSTRACT

This paper evaluates the impact of the Café Lumiére project, an initiative launched by the NGO
Electriciens sans Frontiére (ESF) to address the lack of reliable electricity in rural Madagascar.
Implemented in six villages across the Vakinankaratra and Itasy highland regions, the project
integrates solar-powered micro-grids and energy platforms to provide affordable electricity
and basic electricity services for households, businesses, and public services. The study
employs a randomized control trial (RCT) design, with data collected through two waves of
household surveys in 2017-2018 and 2023, complemented by locality data. The experimental
dimension of the paper is based on a treatment implemented at the locality level. A dozen of
comparable localities had been initially selected after a common pre-feasibility study as
suitable for the project, and the project has been randomly implemented in only half of them.
Findings reveal notable improvements in household access to electricity, particularly in the
use of modern energy services like lighting and phone charging. The project has also facilitated
economic activities, especially secondary income-generating occupations, though the overall
impact on household wealth and income remains limited. Social outcomes, including health,
education, and public safety, have seen mixed results, with only minor improvements in
health. The limited extension of all these observed positive impacts is also compounded by
their spatial narrowness. It is possible that a longer observation period would be necessary for
the impacts of the project to fully materialize. However, more ambitious complementary
initiatives foreshadowed in the project’s theory of change but not yet fully implemented may
be needed to achieve the broader economic and social transformation initially anticipated.

Keywords: electricity access; renewable energy; mini-grids; rural electrification; Randomized
controlled trial (RCT); impact evaluation; Multiservice energy platforms.
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1. Introduction

Madagascar's rural population faces significant challenges in accessing reliable electricity
(rural electrification rate of 10,9% (2022, World Development Indicator), which limits its social
and economic development in many dimensions.

The "Café Lumiere" project by the NGO Electriciens sans Frontiére (ESF), implemented since
2018, proposes to address these multiple issues through an innovative solution combining a
solar-energy powered micro-grid with an energy platform. The power plant feeding the micro-
grid provides power available for income generating activities, part of households, collective
services and the platform. The platform is essentially an electricity boutique producing basic
electricity services with the objective of supplying these services at an affordable cost to the
whole village population. Within the overall framework of sustainable development goals
(SDGs), this project is designed to simultaneously fulfill the public policy objective of universal
access to basic electricity services embedded in the SDG7, develop an economically
sustainable business model for rural electrification that supports economic development
objectives and improve collective services, thereby promoting social and human development
progress. These three specific objectives are actually intertwined because the development of
sustained electricity demand is necessary to ensure economic sustainability of the project and
to deliver welfare improvements necessary to sustain engagement of all community actors
involved In the Café Lumiére context, the interaction between social and economic objectives
is reinforced by the introduction of a cross-subsidy mechanism, in which the electricity
consumption of public services is subsidized by a local tax collected by the operator from
private micro-grid customers and redistributed to the municipal authorities.

Evaluation of the impacts of micro-grid solutions is important because it has been poorly
studied in the literature, in particular within a Randomized Control Trial (RCT) setting
(Berthelemy and Millien, 2018). Most of the literature related to impacts of electricity access
are based on grid network extension and usually covering Asian countries(Moore et al., 2020)
and have typically relied on instrumentation strategy (Dinkelman, 2011). However this
literature is poorly relevant to assess rural electrification through micro-grids as services
offered to the population are quite different, as demonstrated by the Multi-Tier Framework
(MTF) and the related literature (Nicolas et al., 2019). Micro-grids are now seen as a robust
alternative to bring electricity access in rural areas, in particular in Africa, but have been
criticized to under-deliver in their expected impacts, in particular for driving economic activity,
due to unsustainable business models over the long term, improper sizing, pricing or property
ownership model (Duran and Sahinyazan, 2021; Duthie et al., 2024).

Most of the rural electrification impact literature using RCT designs has focused on standalone
systems usually leading to quite limited impacts on topics such as health or education (Kudo
et al., 2019a, 2019b). One similar study to our paper also based on an RCT design, which
covered effects of microgrids installed in India, also found limited impacts, being able to
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conclude only on significant effects on electricity access rate and kerosene expenditures, but
did not find significant effects on households wealth or consumption, local economic
development or other broader indicators of socioeconomic development (Aklin et al., 2017).
Findings of limited outcomes related to economic and social topic are corroborated by another
study focusing on rural electrification using on-grid randomized grid connections (Lee et al.,
2020). Our study enriches the existing literature by providing rigorous RCT-based evidence on
the impacts of micro-grid projects, the Café Lumiére project, in rural Africa, specifically
highlighting socio-economic outcomes in the under-researched context of rural Madagascar.

The Café Lumiere concept has been initially implemented on a pilot project financed by
Agence Francgaise de Développement (AFD) in six villages located in the Vakinankaratra and
Itasy regions of Madagascar. This pilot has served as a feasibility test and an evaluation
strategy has been put in place from the beginning to study its impacts. This paper reports the
conclusions of this impact evaluation, implemented by independent researchers with the
collaboration of the project developer (ESF) and the operator of the Café Lumiere (Anka
Madagascar) for data collection.

The core of the impact evaluation strategy presented in this paper is based on a two-wave
household survey implemented in 2017-2018 and in 2023, covering six villages where the pilot
has been implemented between 2018 and 2021 and six comparable control villages. These
two sub-groups were randomly selected from an initial list of 12 villages identified by a
preliminary study as suitable for the Café Lumiére project. This random assignment of
treatment at the village level is at the core of the RCT design, which has been put forward as
the gold-standard design for impact evaluation and in particular in research in development
economics aimed at poverty reduction (Banerjee et al., 2019). To facilitate the interpretation
and validation of results obtained from this quantitative analysis, the household survey data
were complemented by monthly implementation data provided by the project operator, as
well as locality-level data collected concurrently with the household surveys.

Our findings highlight significant positive impacts of the Café Lumiere project on household
access to basic electricity services, particularly through increased use of electricity for lighting
and mobile phone charging. Although broader socio-economic outcomes such as wealth and
income improvements remain modest, the project demonstrates clear benefits for economic
activities reliant on electricity, notably by promoting mechanized cereal processing and small-
scale entrepreneurship. Furthermore, we document notable improvements in maternal and
child healthcare services enabled by the electrification of health centers. This paper
contributes to the existing literature by providing rigorous, RCT-based evidence on the
effectiveness of integrated micro-grid solutions in rural Africa, filling a crucial gap by
examining socio-economic impacts within the previously under-researched context of
Madagascar.

The rest of this paper is structured as follows. In the first section we present the Café Lumiere
project and its theory of change and data related to its implementation phase. We then
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present data on the surveys and how they relate to the objective from the theory of change
as well as the principal econometric method proposed to derive tests of impacts in this
statistical context. Results of expected impacts observed on households and/or individuals’
levels are reported in the next section. Then, we discuss these results by crosschecking
statistical test results with alternative methods and by triangulating conclusions with locality
data. The project has produced favorable outcomes, although with mixed results in several

dimensions, which we discuss in conclusion.

2. The Café Lumiere Project
2.1 Theory of Change

Figure 1: Theory of change of the Café Lumiere project
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The Café Lumiere project aims at promoting SDGs through 3 complementary specific
objectives: universal access to basic electricity services, improved public social services and
improved economic development. Figure 1 describes the theory of change of the project,
designing the investments and operations implemented with a view to meet these specific

objectives.
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The technical solution of the Café Lumiere does not differ from the majority of micro-grid
projects implemented in developing countries. It consists in the production of electricity by
solar panels, backed by batteries and an emergency diesel generator, distributed through a
micro-grid. Based on previous experience, the project aims at promoting both social and
economic development in villages of implementation.

The social dimension of the project primarily rests on promoting universal access to basic
electricity services. Universal access was considered by ESF unattainable by the mere provision
of electricity through the micro-grid, given that connection to this grid may entail fixed costs
that are too high for the poor. For this reason, an electricity services provision is proposed in
a boutique managed by the operator supplying notably recharges of cell phones as well as
recharges and renting of solar lamps. Social development also rests on the development of
social services, through the connection of health centers, schools and streetlamps. A cross-
subsidy mechanism reducing the cost of public services electricity bills has been introduced,
initially through direct support by the operator and since 2023 through a local tax paid by the
operator to the municipal authorities. The outcome of this financial support to collective
services depends of course on the engagement of all community actors.

On the economic dimension, the micro-grid provides households and entrepreneurs, named
henceforth very small size enterprises (VSEs) access to more reliable load, on a longer daily
schedule and with potentially higher electric intensity than solar home systems, which were
already used by some household and VSEs before the start of the project. A few VSEs used
also diesel generators, but at a high operational cost. These immediate outcomes contribute
to increased productivity of economic activities by enabling local businesses to operate for
longer hours and offer a wider range of services. Over time, it is expected that these benefits
will foster entrepreneurship and the creation of new businesses, leading to economic
diversification. In order to promote this economic transformation, micro-finance
interventions were planned to help VSEs to invest in electricity-powered equipment. Capacity
building of VSEs, on technical and managerial skills, was also considered as an important factor
of success of economic transformation.

Increased household wealth associated with the expected economic transformation is a key
determinant of the economic sustainability of operations of the project and the ability to
maintain equipment and invest, contributing to a virtuous cycle of economic growth. This
economic growth, in turn, encourages further investment in education and health, creating a
sustainable pathway to long-term socio-economic development. The sustainability of the
project over time depends also on financial results of the operator, whose activity relies
mostly on fixed costs, and therefore on electricity demand.
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2.2 Project implementation

The Café Lumiére project equipped 6 villages located in the southwest of Antananarivo, more
precisely in the regions of Vakinankaratra and Itasy between 2018 and 20212%°. Figure 2 shows
the location of the 12 villages.

The analysis in this section is based on the reporting done by Anka on its operations, available
on a monthly basis from 2019 to 2023 in the 6 equipped villages. Such data document the
actual implementation of the project. Table 1 lists the principal implementation data used in
this section. These data are useful to understand the theory of change, by documenting in a
single matrix action and expected outcomes. When it comes to tests the impact of the project,
we also mobilize survey data collected in treated and non-treated villages. To illustrate the
overall conceptual consistency of our statistical space, we list in the same matrix survey data,
which will be analyzed in the following sections, to visualize how such data relate to the
expected outcomes.

Figure 2: Map of project and control villages
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26 Ambatonikolahy in 2018; Ambohimalaza in 2019; Antanamalaza, Antsampandrano and Dondona in 2020;
Amparaky in 2021. See Table S1 in supplementary material for more details.
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Table 1: mapping of data sources
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operator
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Private household electricity
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Triangulation using
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Mobile phones
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recharging and usage

Electricity subscriptions by
collective services

Improved public
social services

Electricity supplied for
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Electrified primary
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Universal access to basic electricity services:

The demand by households for direct electricity access through the micro-grid has grown
rapidly in several villages, notably in the latest equipped villages (Figure 3). But this does not
necessarily contribute a lot to the universal access objective, as it concerns only relatively few
households (about 60 households per village at the end of 2023, which is about ten percent
of the targeted population).

Compared to the planned design of the project, the weight given to the principal action
foreseen to meet the universal access objective, namely supplying basic electricity services to
household, has declined. While in the first equipped villages there have been noticeable
numbers of recharges of cell-phones and solar lamps, this activity has decline rapidly and is
absent in the last equipped villages (Figure 4).

It seems that the number of households potentially interested by this service had been
overestimated, partly because the same services have been offered by private businesses and
partly because the subscriptions of the households to the micro-grid has grown more rapidly
than expected. In turn, this may have led the operator to reduce its implication on this activity
becoming possibly less profitable than expected.

Figure 3: Micro-grid subscriptions (households)
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Figure 4: Phone & lamp recharges by the Café Lumiere boutiques
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Improved public social services:

Regarding electricity supplied to collective services, we obtained from the operator a detailed
list of electricity subscriptions by collective services providers as of 2022. Most health centers
have received a connection to the micro-grid (5 connected health centers in 6 villages).
Schools have received much less access to the micro-grids, with 3 public primary schools
electrified in 6 villages. Public street lighting has been installed in all villages, but only 2 out of
6 villages provide light all over the night, and one village has decided to stop using their street
lamps, for cost-saving reasons. The most prevalent category of collective services connected
to the micro-grid concerns churches, which are financed by their members (10 connected
churches in 6 villages), suggesting that demand for electrified collective services exists but
may be better served by civil society organizations than by public services.

Improved economic development:

Regarding the economic development objective. Figure 5 reveals uneven results on total
electricity consumption on the micro-grid showing only 2 villages with electricity consumption
growing above 1000 kWh per month and a clear slowing down of the process.
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Figure 5: Total electricity consumption (kWh per month)
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There are both supply and demand possible explanations for this slowing down.

On the demand side, the principal aspect to consider is electricity demand by businesses,
which corresponds by far to the highest share of electricity consumption. The project
implementation has not triggered many creations of new businesses yet. Setbacks in relation
to the project design reported in the project’s theory of change may explain this slow dynamic.
The micro-finance partner withdrew from the project and has not been replaced. In few
instances, Anka has developed a few short-term credit initiatives to sell electric tools for
shelling and crushing of cereals as well as for carpentry. On capacity building, efforts have
been equally limited, beyond from training of Anka’s staff by ESF. Anka has provided some
technical training to the clients of equipment that they sold, but training of potential new VSEs
has not been significant. Initiatives in this direction have started only recently, in 2023, in the
poultry feed milling sector.

According to Anka’s information, there was only a dozen of VSEs using electricity in 2023 in
total among the six Café Lumiere villages. There were however twice as much households
providing commercial electricity-based services (e.g. refrigeration, recharges of mobile
phones, computer services. They consumed much less electricity than VSEs but their
development suggests that the possibility to access quality electricity may trigger small-scale
economic diversification. Scaling-up this process might have been facilitated in presence of
micro-finance and more ambitious capacity building initiatives.
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On the supply side, the micro-grid capacities are saturated in several villages, not necessarily
for lack of power capacity but for lack of adaptability of the load curve to demand across the
day, electricity use being highly concentrated at the end of daylight, after agricultural daily
activities.

Overall, the implementation data provides evidence of clear evolutions of the theory of
change of the project, illustrated by smaller emphasis given to the universal access objective
in most recently equipped villages, unresolved issues in promoting public social services and
insufficient initiatives aiming at promoting entrepreneurship among VSEs interested in
investing in electricity-using activities.

3. Data and Methods

3.1 Survey data on project impacts

Original survey data were collected in May 2017 or May 2018, before implementation, and
May 2023 (to respect the seasonality), after project implementation, from 50 households in
each equipped village as well as in 6 comparable control villages. Data were collected at the
household and/or individual levels, allowing computation of statistical significance level of the
observed impacts, which define the main results of our evaluation study.

The survey sample is composed of 599 households for the first survey wave and 595
households for the second wave. From the first wave survey 133 households?’ were not found
and were replaced by 129 new households?8. Our tests of impact are implemented on the
balanced panel of 466 households present in both survey waves. As mentioned previously in
the project description, these households are scattered around a total of 12 villages (6 treated
and 6 non-treated). Within each village the survey was implemented in two areas: the core
area, which corresponds to the Fokontany center??, where the micro-grid infrastructure is
built, and the periphery area, which corresponds to its catchment area (hamlets within a
radius of 5 km around the Fokontany center). Our stratification strategy aimed at collecting
about 60% of households in the core and 40% households in the periphery. In treated villages,
the core is the area potentially positively impacted by the whole project, while the periphery
is outs of reach of the micro-grid itself but may be impacted by the other components of the
project and by spill-over effects.

Our survey has multiple levels questions: localities, households and individuals (adults and
children). In this paper we focus our main impact analysis on questions at the household and

27 49 located in control villages and 84 in project villages.

28 47 located in control villages and 82 in project villages.

2% A Fokontany is an administrative sub-division which usually groups small villages or hamlet in a common
administrative entity.
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individual levels. Collected individual data are relatively scarce, except for adult males. We
have 423 adult males (99.5% of which are household heads) and only 290 adult females (6.2%
of which are household heads).

Universal access to basic electricity services:

Private household electricity access is used to test the net impact of the project on household
direct electricity access; which encompasses access through the micro-grid or through
standalone systems.

In absence of private access, the objective of universal access to basic electricity services may
be met by the direct supply of such services. To evaluate achievements in this direction we
consider first the sources of lighting in dwellings. The light sources in dwellings can take
several modalities, and we focus specifically on electricity, solar lamps and kerosene lamps.
We combine electricity and solar lamps into a single category since both represent electricity-
based lighting solutions.

We also consider the development of mobile phones. Mobile phones are becoming
increasingly important in rural areas as they can provide a wide array of services, such as
modern banking solutions for instance. Given their extensive dissemination in rural areas,
recharging phone batteries is more and more considered as a basic electricity service. We
analyze the number of phones possessed, the frequency of their recharges and of their usage.
Such data are reported at individual level.

Improved public social services:
We consider three major social development dimensions: health, education and security.

To assess the Incidence of illnesses at household level, we utilize the declaration of symptoms
of illness experienced by any household member over the past 30 days. The incidence of
illnesses could be reduced in Café Lumiere villages, notably through improved health care
facilities accessing to electricity provided by the micro-grid, used for lighting and refrigeration.
Additionally, we examine the quality of water access, as clean water is a key health
determinant. Electricity can facilitate water-pumping solutions and boiling for disinfection.
For this, we use variables about private access to water and water treatment, which indicate
whether households have their own water source and whether they treat their water, either
by boiling or using chemicals.

A topical health issue is child and maternal health. Health center electrification may have a
positive impact in this respect because it facilitates childbirth in electrified healthcare
facilities, providing safer delivery conditions than delivery at home. To test this impact, we
consider the birth of children under five occurred in a room with electric lighting. We also
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consider childbirth at local health center to assess any potential changes in the utilization of
local health centers.

To evaluate children vaccination, which could be facilitated by refrigeration availability in
healthcare centers, we use the mandated vaccines status, which reflects the vaccination log
status of children.

Indoor electrical lighting at school and at home could positively impact school attendance and
completion. To test this impact, we rely on a set of three variables: missing school for at least
a week, had to retake a school year, and completed the last school year. The first variable
provides information on attendance and any significant events that might have hindered the
child's school participation during the school year, while the second and third variables pertain
to the child’s performance and their ability to successfully complete and graduate from the
school year.

Finally, street lighting could improve security. To analyze this, we examine variables related to
burglaries experienced by households, including home burglary, home burglary at night,
harvest stolen and livestock stolen. These variables indicate whether households suffered
such events during the six months preceding the survey.

Improved economic development:

Household wealth is often used as a relevant synthetic indicator to assess the impact on
economic development. We built a Wealth index for each household, following the
methodology proposed by the Demographic and Health Surveys (DHS). The wealth index
reflects the living conditions of the households as well as assets owned. We ran a Multiple
Correspondence Analysis (MCA) on dwelling characteristics available in annexes table Al, as
well as assets owned listed in table A2. Following DHS practices, we use as the Wealth Index
the value of the projected scores on the principal axis from the MCA, which in our sample
captures 51% of the inertia. This analysis on the wealth index is complemented by a partial
analysis of individual incomes, focusing on secondary incomes, given that the primary activity
is predominantly in agriculture and is not directly impacted by electricity (no electricity used
for irrigation).

We evaluate the possession of high-power appliances by households, defined by the number
of appliances owned requiring a stable and high enough amperage electricity supply from the
micro-grid. These appliances include refrigerators, cookers, televisions, DVD or VCR players.
They can be used to improve households’ living conditions but they can be used also for
economic purposes. To assess the latter usage, we consider a variable available only in the
second wave of the survey, which asks households whether they use electricity solely for
personal use or also for economic activities.
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To crosscheck this analysis, we use data available on individual adult activities, which inform
us on the reliance on electricity of primary activities and the number of secondary activities
relying on electricity.

To complement this analysis tracking the nexus of improved electricity supply — use of more
electric equipment for economic purposes — we analyze the different methods of cereal
shelling to which households’ resort. Cereal shelling is a very important activity in highland
Malagasy rural villages as this transformation is required to provide households with their
staple food: shelling can be mechanized or done manually. Mechanized shelling provides
significant productivity gains, as manual shelling is otherwise a time-intensive activity. To
better understand the context, we also consider the location of shelling (in or outside the
village) and the distance traveled to access a shelling machine.

Finally, we evaluate access to information through major media sources using TV use, which
measures the frequency of TV usage per week, and information from TV, which tracks
households reporting TV as a source of information, and “Radio use,” which records the
weekly frequency of radio usage.

3.2 Estimation strategy

With RCT designs, treatment effects could be theoretically tested through simple mean
comparisons between treated and control units only after treatment. However, since we have
both a baseline and a follow-up survey, we can mobilize baseline data to control for potential
remaining discrepancies and shortfalls from the randomization. One common estimation
method based on two round surveys is a difference-in-differences estimator but it has been
demonstrated in the literature that this approach can be too restrictive to detect effects, in
particular with a limited sample size (McKenzie, 2012).. Indeed, ANCOVA can increase
statistical power compared to difference-in-differences, while also controlling for baseline
values which could be sources of bias due to randomization imperfections. Such approach is
quite commonly used in RCT designs in rural electrification (Lee et al., 2020) or with solar
lighting solutions (Chen et al., 2017; Kudo et al., 2019a), in particular with clustered treatment
(Ozler et al., 2018).

We therefore decided to apply the ANCOVA approach, which can be modeled as:

)/i,t = ﬁ. Treatedl,t + 9. )/i,t—l + gl,t(l)

Where, Y; ; is a variable of interest (continuous or categorical), 8 is the Average Treatment
effect on the Treated (ATT), Treated is a dummy variable denoting the treatment status, and
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Y; t—1 is the value of Y of household i (or individual i for questions at the individual level) before
intervention (i.e., lagged dependent). We estimate this model at time t = 1, which is the post-
treatment period. Standard errors of our estimations are all clustered at the randomization
level, which is in our case the village level, according to Abadie clustering recommendations
for RCT designs (Abadie et al., 2023). Due to the low number of clusters, we also include in the
tables p-values computed using a wild cluster bootstrap with Webb ponderation for
regressions where we find significant effects using standard clustering. We also explore the
impact of clustering at the village level by providing results without clustering in robustness
checks.

Given the local distribution of a Café Lumiere infrastructure, which is located in the central
area of the Fokontany, we surveyed households living in this core area but also households
living in nearby hamlets (called periphery area). Since households living in a periphery area
cannot be considered as fully treated, we define a specific variable of treatment for them. This
allows to investigate any heterogeneity in the results and potential spillover effect from the
range of services offered by Café Lumiére. Applying this estimation strategy to the ANCOVA
model we then have:

Yi¢ = Bs. Treatedcorei’t + 0. Treatedpm-pherym +0.Y 1+ & (2)

Where “Treated_core” denotes the treatment variable for households living in core areas,
taking the value of 1 if the household is located in a Café Lumiere village and 0 otherwise.
Then, “Treated_periphery” is defined as taking the value of 1 for people living in periphery
areas of Café Lumiere villages and 0 otherwise.

As robustness checks we estimate the same model without the “Treated_periphery” variable
to only compare households, or individuals, living in the core villages to all other units. This
alternative simpler model represents a more classical approach with only one treated group
against a control group and make no assumption of any spill-over effects. Given the fact that
localities in the periphery areas can only benefit from a subset of the offered services and that
our results don’t show any signs of spillover effects, we deem this hypothesis quite reasonable
and it seems adequate to consider this second model without “Treated periphery” used as a
second treatment variable. Considering this simpler model with only one treated group, we
are also able to conduct robustness checks using another estimator, in particular the classical
difference-in differences estimator. Although this estimator might not be the most optimal
estimator for detecting any significant effects given the reasons mentioned previously, we are
still able to use it as a robustness given our RCT design.
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4. Results

4.1 Universal access to basic electricity services

Table 2 provides information on the impact of the project on private household access to
electricity (column 1) and on access to basic electricity services, observed through electricity-
based and kerosene-based lighting (columns 2 and 3). We do not see a significant increase in
private electricity access in Café Lumiere villages compared to control villages due to a
substitution effect reducing the use of solar panels as principal source of electricity when
household subscribe a micro-grid connection in treated villages, while we saw a strong uptake
of individual solar panels in control villages during the period.

Table 2: Private household electricity access and sources of lighting in dwellings

(1) (2) (3)
Light source:
Private access  electricity or Light source:
VARIABLES to electricity solar lamp kerosene lamp
Treated_core 0.0996 0.107** -0.0495
(0.0594) (0.0480) (0.0538)
Treated_periphery -0.0850* -0.0518 0.0588
(0.0408) (0.0468) (0.0589)
Lagged dependent 0.417%** 0.395%** 0.277%**
(0.0533) (0.0457) (0.0412)
Constant 0.297*** 0.323*** 0.150***
(0.0229) (0.0198) (0.0441)
Observations 466 466 466
R-squared 0.178 0.159 0.106
Question level Households Households Households
Clustered p-value Treated_core 0.122 0.0470 0.377
Wild cluster p-value Treated_core 0.172 0.0771 0.417

Standard errors clustered at the village level in parentheses
*** p<0.01, ** p<0.05, *p<0.1

There is however a positive impact of the Café Lumiere on household access to basic electricity
services measured by the energy solutions used for lighting, as households living in Café
Lumiére locations use significantly more electric means of lighting such as electricity supplied
by the micro-grid or individual solar panels, or solar lamps. This impact is present in core areas
but not in periphery areas of treated villages. Although the use of kerosene lamps is lower in
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Café Lumiéere locations, we do not find a significant difference in their use compared to control
locations.

Mobile phone development indicators provide also informative insights on impacts on basic
electricity services access (Table 3). The number of phones used by individuals is similar in
Café Lumiére villages and control villages (column 1). Individuals living in core areas of Café
Lumiére villages tend to charge their mobile phones more frequently, but this is not the case
in periphery areas (column 2). They also use their mobile phone more frequently (columns 3).
The impact is unfortunately only significant for male users, although the effect for women is
higher than men, it is not significant due to more variation in use and a smaller sample size
(columns 4 and 5).

Table 3: Mobile phones possession, recharging and usage

(1) (2) (3) (4) (5)
Number of Number of
phones  charges per week Use of phone more Use of phone Use of phone more
owned (men (men and than once aweek morethanoncea  than once a week
VARIABLES and women) women) (men and women) week (men) (women)
Treated_core 0.0803 1.145%* 0.188* 0.173* 0.211
(0.0665) (0.383) (0.103) (0.0936) (0.157)
Treated_periphery 0.0424 0.689 -0.0296 -0.0357 -0.0285
(0.0510) (0.602) (0.0534) (0.0509) (0.0837)
Lagged dependent  0.256*** 0.170 0.317%** 0.281*** 0.317***
(0.0602) (0.113) (0.0568) (0.0604) (0.0855)
Constant 0.228%** 1.653%** 0.345*** 0.422%** 0.248%**
(0.0303) (0.267) (0.0309) (0.0340) (0.0409)
Observations 697 110 465 278 187
R-squared 0.068 0.096 0.136 0.120 0.145
Question level Individuals Individuals Individuals Individuals Individuals
Clustered p-value
Treated_core 0.253 0.0123 0.0952 0.0921 0.222
Wild cluster p-
value Treated_core 0.257 0.0270 0.0751 0.101 0.256

Standard errors clustered at the village level in parentheses
*¥** n<0.01, ** p<0.05, *p<0.1
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4.2 Improved public social services development

Table 4 provides results concerning health of the households and we found no evidence of
less symptoms of illness in Café Lumiere locations (column 1). We can however notice that
during the baseline survey households living in Café Lumiére location had significantly more
symptoms of illness and they have recorded levels of symptoms similar to other villages during
the second wave of the survey. One link usually mentioned in the literature between
electricity and health is the use of electric solutions for cooking. However, we did not find any
households using electricity as a mean of cooking during the second wave survey and all
surveyed households are using charcoal or firewood. Electricity supplied by Café Lumiére did
not seem either to impact the quality of water access. The distribution of water access sources
between private (wells or private taps) and public (springs or public fountains) sources has not
changed (column 2). Treatment of the water, which concerns around 20% of households, is
almost entirely done by boiling the water, but we do not see any difference in behavior
between Café Lumiére villages and others after project implementation (column 3).

We investigated the child vaccinations status and we did not find any difference between
locations. In both locations we find that around 98% of under 5 children have their vaccination
record up to date. This vaccination coverage rate was similar during the first and second
survey waves.

Table 4: Incidence of illness and water access

(1) (2) (3)
Symptoms of  Private water Water is
VARIABLES illness access treated
Treated_core 0.0545 0.157 -0.0833
(0.0491) (0.102) (0.0544)
Treated_periphery -0.0169 0.0900 0.0297
(0.0294) (0.103) (0.0803)
Lagged dependent 0.0517 0.639*** 0.125**
(0.0419) (0.0872) (0.0551)
Constant 0.0764*** 0.0887* 0.171%**
(0.0155) (0.0485) (0.0329)
Observations 466 466 466
R-squared 0.015 0.447 0.032
Question level Households Households Households

Standard errors clustered at the village level in parentheses
*#* p<0.01, ** p<0.05, * p<0.1
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Table 5 presents results related to childbirth and in particular the impact of electricity on the
conditions of childbirth. Since the questions are related to under 5 children, we do not have
panel data and therefore do not take into account the levels of the outcome variable from the
previous period. Although we find no difference in the number of childbirths at the local health
center between Café Lumiére and control locations (column 1), we found a significant
difference with higher number of childbirths that benefited from electricity in the Café

Lumiére locations, but only in the core areas (column 2).

Table 5: Birth delivery with electricity

(1) (2)
Childbirth at  Childbirth at
local health  an electrified
VARIABLES center health center
Treated_core 0.138 0.517%**
(0.189) (0.151)
Treated_periphery -0.162 0.145
(0.207) (0.169)
Constant 0.612*** 0.400**
(0.149) (0.140)
Observations 93 96
R-squared 0.044 0.184
Question level Individuals Individuals
Clustered p-value Treated_core 0.290 0.151
Wild cluster p-value Treated_core 0.390 0.195

Standard errors clustered at the village level in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Concerning impact on education, table 6 reveals no significant differences between Café
Lumiere and control locations in children’s school attendance (column 1), completion of
school years (column 2), or completion of the previous schooling year (column 3).

Table 6: School attendance and completion

(1) (2) (3)
Missing Had to Completed
school for at retake a the last
VARIABLES least a week school year school year
Treated_core -0.0190 0.0392 0.00699
(0.0362) (0.0930) (0.00662)
Treated_periphery 0.0186 0.0536 -0.0518
(0.0429) (0.0808) (0.0377)
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Constant 0.0800%*  0.327***  (0.993%**
(0.0266) (0.0543)  (0.00662)

Observations 303 303 291
R-squared 0.002 0.002 0.032
Question level Individuals Individuals Individuals

Standard errors clustered at the village level in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Table 7: Incidence of thefts

(1) (2) (3) (4)
Home
Home Harvest livestock burglary at
VARIABLES burglary stolen stolen night
Treated_core 0.0477** 0.0960 0.150 -0.200
(0.0208) (0.0792) (0.0901) (0.155)
Treated_periphery 0.0313* 0.128 -0.231%** -0.250
(0.0147) (0.102) (0.0735) (0.179)
Lagged dependent 0.0852 0.0119 0.107
(0.0582) (0.0614) (0.137)
Constant 0.00127 0.192*** 0.433*** 1Hx*
(0.00436) (0.0513) (0.0582) (7.45e-09)
Observations 466 464 465 15
R-squared 0.033 0.017 0.020 0.021
Question level Households Households Households Households

Standard errors clustered at the village level in parentheses
*#* p<0.01, ** p<0.05, * p<0.1

Table 7 does not reveal any relative improvement in security in Café Lumiere locations,
measured by occurrences of thefts. We even notice a higher occurrence of home burglary in
Café Lumiere locations (column1) but no difference in theft of harvest (column 2) or livestock
(column 3). If we look further in the cases of home burglary, we see that the few cases of
burglary do not appear to have incurred more or less frequently at night in Café Lumiere

locations (column 4).

4.3 Improved economic development

Table 8 presents results related to the wealth of the households and individual secondary
incomes. The wealth index shows an increase in wealth for households living in Café Lumiere
core area’s locations. This increase in wealth seems however uncertain as it is only significant
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at the 10% level (column 1). We also investigate individual incomes; we find a slight increase
of income from secondary activity in core areas of Café Lumiére villages, (column 2) in
particular for male individuals (column 3). It should be noted that results on income are based
on a very limited sample of individuals due to the low number of respondents to this question.
Regarding secondary activity only 119 males and 51 females declared to have a secondary
activity out of respectively 407 males and 290 females, but few of them were able or willing
to declare revenue generated from this secondary activity.

Table 8: Household wealth index and secondary individual income

(1) (2) (3)

Income from Income from
secondary activity secondary activity

VARIABLES Wealth index (male and female) (male)
Treated_core 0.221* 80,885* 99,153*
(0.105) (40,344) (50,147)
Treated_periphery -0.0897 58,810 58,120
(0.0840) (37,893) (39,941)
Lagged dependent 0.786*** 0.692%** 0.876***
(0.0418) (0.190) (0.0581)
Constant 0.110* 55,409* 49,570*
(0.0542) (29,479) (23,053)
Observations 466 43 31
R-squared 0.536 0.323 0.444
Question level Households Individuals Individuals
Clustered p-value Treated_core 0.0599 0.0760 0.0794
Wild cluster p-value Treated_core 0.0901 0.0571 0.0791

Standard errors clustered at the village level in parentheses
*#* p<0.01, ** p<0.05, * p<0.1

Table 9 displays results about electricity use for economic purposes at household level.
Connection to the micro-grid allows household to own and use electric appliances requiring
sustained electric high power, which could hardly be powered by individual solar panels.
Those increases in high-power electric usages are only significant for people living within the
Café Lumiere core area locations and not those living in the periphery areas (column 1).
Correlatively, households living in the Café Lumiére core area locations declare to have
significantly more use of electricity for economic activity (column 2), and on the contrary
households living in the periphery areas do not use electricity for an economic purpose.

Regarding the use of electricity in economic activities of individuals (Table 10), the use of
electricity seems slightly higher for the primary economic activity of individuals living in core
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areas of Café Lumiere villages with a positive coefficient only significant at the 10% level
(column 1). By contrast, although the sample size is quite limited, we found a more positive
and significant effect for the use of electricity in secondary economic activity of men (column
2), but not of women (column 3).
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Table 9: Households high-power appliances possession and economic uses of electricity

(1) (2)
Use high power  Economic use of

VARIABLES appliances electricity
Treated_core 0.219** 0.111%**

(0.0941) (0.0432)
Treated_periphery 0.0151 -0.0778%**

(0.0711) (0.0324)
Lagged dependent 0.482%**

(0.108)
Constant 0.135%** 0.102%**

(0.0392) (0.0235)
Observations 463 264
R-squared 0.211 0.041
Question level Households Households
Clustered p-value Treated_core 0.0402 0.0258
Wild cluster p-value Treated_core 0.0511 0.0140

Standard errors clustered at the village level in parentheses
*** p<0.01, ** p<0.05, * p<0.1
Note: column 2 does not control for lagged dependent, as this question was not in pre-treatment survey.

Table 10: Individual activities and their electricity reliance

(1) (2) (3)
Electricity  Electricity
Electricity use for use for
use for men's women's

primary secondary  secondary

VARIABLES activity activity activity
Treated_core 0.0880* 0.238** -0.273
(0.0490) (0.0884) (0.278)
Treated_periphery -0.00102 0.0362 0.121
(0.0261) (0.134) (0.223)
Lagged dependent 0.443** -0.167 0.727%**
(0.144) (0.118) (0.166)
Constant 0.0240**  -2.203*** -0
(0.0103) (0.244) (0.400)
Observations 459 55 27
R-squared 0.095 0.073 0.173
Question level Individuals  Individuals  Individuals
Clustered p-value Treated core 0.100 0.0226 0.365
Wild cluster p-value Treated_core 0.262 0.0260 0.536

Standard errors clustered at the village level in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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We also observe a positive impact in the processing and transformation of agricultural
products (Table 11). We found that households living in Café Lumiére locations are using
significantly less manual shelling (column 1). Mechanized shelling done locally, which can be
enabled by local electricity access is more frequent in core areas of treated villages (column
2). By contrast, mechanized shelling is done less frequently outside the village (column 3) and
correlatively, the distance covered by a household to access a husker tend to be slightly
shorter for households living in Café Lumiére core area locations (column 4).

Table 11: Choices of cereal shelling by households

(1) (2) (3) (4)

Local Outside village Distance to
Manual mechanized mechanized shelling
VARIABLES shelling shelling shelling machine
Treated_core -0.211** 0.318*** -0.0870*** -0.279*
(0.0929) (0.0979) (0.0249) (0.136)
Treated_periphery -0.141 0.0281 0.120 0.687
(0.108) (0.110) (0.0839) (0.587)
Lagged dependent 0.442*** 0.368*** 0.0922 0.195***
(0.0710) (0.0847) (0.0738) (0.0484)
Constant 0.334%** 0.238** 0.0798%*** 0.494***
(0.101) (0.0791) (0.0239) (0.118)
Observations 445 445 445 217
R-squared 0.253 0.234 0.073 0.247
Question level Households  Households Households Households
Clustered p-value Treated_core 0.0441 0.00773 0.00501 0.0644
Wild cluster p-value Treated_core 0.0601 0.0140 0.00500 0.0621

Standard errors clustered at the village level in parentheses
*¥** n<0.01, ** p<0.05, * p<0.1

Table 12 provides results concerning access to media and information, which can be an
important driver for development. We can see individuals living in core areas of Café Lumiere
villages watch more frequently the television (column 1), while there is no difference in the
frequency of radio use (column 2), which is low powered media carrier. If we investigate the
type of media viewed on the television, we see that more people are getting information from
television in core areas of Café Lumiere (column 3).

93



Table 12: Access to information

(1) (2) (3)
Information
VARIABLES TV use Radio use from TV
Treated_core 0.122%** 0.0278 0.0688***
(0.0503) (0.0749) (0.0122)
Treated_periphery -0.00464 0.00688 -0.0126
(0.0434) (0.0645) (0.0104)
Lagged dependent 0.293*** 0.133** 0.176*
(0.0606) (0.0483) (0.0849)
Constant 0.0549 0.345%** 0.0161**
(0.0307) (0.0579) (0.00726)
Observations 697 697 697
R-squared 0.152 0.013 0.049
Question level Individuals  Individuals  Individuals
Clustered p-value Treated_core 0.0332 0.717 0.000152
Wild cluster p-value Treated_core 0.0501 0.734 0.00500

Standard errors clustered at the village level in parentheses
*** p<0.01, ** p<0.05, * p<0.1

5. Discussion

Universal access to basic electricity services:

Overall, we do not find positive impact on private electricity access, due to a substitution
effect between standalone systems and micro-grid connections. There are however some
indications of a positive impact of the project on access to basic electricity services, which can
be procured through battery recharge services supplied in the Café Lumiére boutique or in
other shops. This is particularly relevant for the use of mobile phones, which has significantly
increased in the core areas of treated villages. Robustness checks on private electricity access
however show that if we consider a model without the “Treated periphery” variable, the
effect becomes significant at the 5% level for households living in the treated villages. Findings
concerning use of modern lighting solutions and phone charges are confirmed by the
robustness model, but not by the DiD estimator.

Improved social development:

On social development impacts we observe positive impact, particularly on maternal and child
healthcare in core areas of treated villages., thanks to the electrification of health care centers,
offering safer conditions for birth delivery. This is consistent with our locality survey data

94



(Table 13), which show that the proportion of electrified primary health care centers (csb2)
has increased much more in treated than in control villages, even though treated villages were
disadvantaged initially. This is true both for the existence of indoor lighting and for the
availability of refrigeration. These findings of improvement in conditions of childbirth are also
confirmed by robustness checks on the alternative simple treatment model.

By contrast, we do not observe impact on education, neither on security.

Table 13: Electrification of csb2 by locality and survey wave

Share of csb2 with electric lighting Share of csb2 with refrigeration
1rst survey | 2nd survey | Difference | 1rst survey | 2nd survey | Difference
wave wave over time | wave wave over time
Treated 33% 100% +67% 17% 83% +67%
Non treated | 75% 75% 0% 50% 75% +25%
Difference -42% 25% +67% -33% 8% +42%
treated vs.
non-treated

Improved economic development:

The limited changes in the household’s wealth index and income could be explained by the
short period between surveys and potential impacts on wealth could take a long time to be
fully measurable. Although this changes on measures of wealth and income are mellow in
magnitude, they are quite consistent across several outcomes and other changes are more
pronounced. We can see for instance use of electricity for economic purposes are more
prevalent in villages where the project Café Lumiére has been implemented.

Although results on the increase of the Wealth index appear limited, they are confirmed in
our robustness checks by both the alternative model using treated villages only and the DiD
estimator, while results on secondary income are only confirmed by the DiD estimator.
However, results regarding usage of high-power electric appliances, economic use of
electricity, as well as its use in a secondary activity remain positive and significant with the
alternative model or the DiD estimator, suggesting that although the effect is hard to measure
guantitatively in terms of income, it is more robust qualitatively (Annex Tables A10 and A11).

Having the possibility to access distributed electricity helps individuals to conduct electrified
non-agricultural activities. This could in turn help generating more revenue and increase
wealth in a more significant manner in the longer term. Although the primary activity, which
is farming for 90% of the people, is not directly impacted by electricity access, the ability of
individuals to use electricity in secondary activities may be key for generating new incomes.
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This is visible in the positive impact on the household use of electricity for economic purposes,
and correlatively of high-power appliances.

Although our survey is limited to the observation of impacts from the viewpoint of household
data, we find similar results from the viewpoint of businesses in the subsector of cereal
shelling, which is central in rural villages of the Malagasy highlands region: there is a positive
impact on the local supply of mechanized shelling in Café Lumiere locations.

Our locality survey provides complementary descriptive information on businesses impacts.
We observe that shops and dinners’ electrification progress during the period in treated
villages (Table 14), but also that the number of such businesses declines. A similar observation
is obtained from data on services activities, which encompasses all services but shops and
dinners (e.g., shelling, carpentry, small mechanical reparation, tailor, hairdressing, video club)
(Table 15). The reduction of the number of observed businesses in Café Lumiére villages is
likely the mere result of their higher economic efficiency compared to un-electrified
businesses, in a sort of Schumpeterian process of creative destruction.

Table 14: Share of electrified shops and dinners and number of observations

Share of electrified shops and diners Number of shops and diners
1rst survey | 2nd survey | Difference | 1rst survey | 2nd survey | Difference
wave wave over time | wave wave over time
Treated 12% 83% +71% 197 140 -57
Non -treated | 11% 4% -7% 87 141 83
Difference 1% 79% +78% 110 -1 -140
treated vs.
non-treated
Table 15: Share of electrified services and number of observations
Share of electrified services providers Number of services providers
1rst survey | 2nd survey | Difference | 1rst survey | 2nd survey | Difference
wave wave over time | wave wave over time
Treated 86% 100% +14% 83,5 68 -15,5
Non-treated | 91% 48% -43% 11 27 +16
Difference -5% 52% +57% 72,5 41 -31,5
treated vs.
non-treated

Note: numbers are averages of dry and wet seasons

96




6. Conclusion

The Café Lumiere project has demonstrated clear improvements in specific areas of electricity
access of off-grid rural communities, with positive economic and social consequences on
treated villages compared to non-treated villages. More households gained access to basic
electricity services in treated villages. More household and entrepreneurs accede to higher
quality electricity services in terms of reliability and power availability, leading to greater
penetration of electricity in craft and services. The economic transformation process that
could result from this change is however still underway, as is the Schumpeterian creative
destruction process under way in VSEs. More entrepreneurs use electricity, but the creation
of new activities is lagging behind. This may be due to the failure of the project to deliver on
micro-finance support, and also to insufficient capacity building in entrepreneurship, as these
two dimensions were identified in the theory of change as integral parts of the project but
were underperformed.

Social development indicators, such as education, health and public safety, show limited
impact. The only noticeable exception concerns the impact of electrification of healthcare
centers. Specifically, electrified healthcare centers have increased the proportion of
childbirths benefiting from electricity, contributing directly to maternal and child health
development.

Overall, the jury is out concerning the expected long-term dynamics of economic and social
transformation, which is still uncertain at this point. Another evidence of the incompleteness
of successes obtained so far is that these successes are limited to the core area of treated
villages and we did not measure any positive spillover effects on locations at their periphery.
This absence of spillover effect is consistent with our analysis of the limitations of the
economic transformation process triggered by mere increased and improved electricity
access.

That being said, although the time interval between our first and second waves of survey is
long (7-8 years), the inception of the project has been slow, and retarded by the COVID-19
crisis. Consequently, we measure with this survey actually only 2-3 years of impact of the
project, which is not long enough to derive final conclusions.
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Annexes

Table A1: Dwelling Characteristics

What is the nature of the roof?

What is the nature of the walls?

How many floors does the dwelling have?

How many rooms does the dwelling have (living rooms: bedroom, kitchen, living room)?
Is the kitchen located inside the dwelling?

What is the housing status of the dwelling?

What type of toilets does the household have?

What is the main source of water supply for the household?

Is the water of good quality (colorless, odorless, tasteless)?

Does the household have land to cultivate?

Does the household own the land it cultivates?

Table A2: Assets owned

Table Cart

Chair Car/truck

Bed or mattress Radio
Wardrobe/closet/trunk Television

Watch/clock VCR

Sewing machine DVD player

Stove Computer (desktop or laptop)
Refrigerator or freezer Tablet

Fan Landline phone

Bicycle Mobile phone

Moped/motorcycle
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Table A3: Robustness on private household electricity access and sources of lighting in

dwellings.
(1) (2) (3) (4) (5) (6)
Light Light Light Light
Private Private source: source: source: source:
access to accessto  electricity or electricity or  kerosene kerosene
VARIABLES electricity electricity solarlamp  solar lamp lamp lamp
Treated_core 0.122%** 0.122** -0.0656
(0.0554) (0.0434) (0.0432)
Lagged dependant  0.406*** 0.390*** 0.272%***
(0.0555) (0.0471) (0.0411)
DID 0.0498 0.0329 0.0638
(0.0676) (0.0676) (0.0577)
Constant 0.276*** 0.308*** 0.317%** 0.278*** 0.167*** 0.488***
(0.0244) (0.0501) (0.0208) (0.0441) (0.0356) (0.0412)
Observations 466 932 466 932 466 932
R-squared 0.174 0.032 0.157 0.047 0.104 0.051
Method ANCOVA DiD ANCOVA DiD ANCOVA DiD
SE clustered Yes Yes Yes Yes Yes Yes
Question level Households Households Households Households Households Households
Robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1
Table A4: Robustness on mobile phones possession, recharging and usage.
(1) (2) (3) (4)

Number of phones

Number of phones

Number of charges

Number of charges

owned (men and owned (men and per week (men and per week (men and

VARIABLES women) women) women) women)
Treated_core 0.0689 0.945%*

(0.0619) (0.336)
Lagged dependant 0.254%** 0.180

(0.0600) (0.118)
DID -0.00259 2.430

(0.0573) (2.020)

Constant 0.240%** 0.292%** 1.826*** 4.447**

(0.0217) (0.0327) (0.181) (2.008)
Observations 697 1,394 110 446
R-squared 0.067 0.008 0.080 0.004
Method ANCOVA DiD ANCOVA DiD
SE clustered Yes Yes Yes Yes
Question level Individuals Individuals Individuals Individuals

Robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1

Table A4 (continued): Robustness on mobile phones possession, recharging and usage

102



(5) (6) (7) (8) (9) (10)
Use of Use of Use of Use of
phone more phone more Use of Use of phone more phone more
thanoncea thanoncea phone more phone more thanoncea thanoncea
week (men  week (men thanoncea thanoncea week week
VARIABLES and women) and women) week (men) week (men) (women) (women)
Treated_core 0.196* 0.183* 0.218
(0.0939) (0.0891) (0.1412)
Lagged dependant ~ 0.310*** 0.280*** 0.318***
(0.0570) (0.0599) (0.0861)
DID 0.0852 0.0806 0.0970
(0.0947) (0.108) (0.124)
Constant 0.337%** 0.320*** 0.413*** 0.379*** 0.240%** 0.243%**
(0.0262) (0.0411) (0.0265) (0.0376) (0.0347) (0.0511)
Observations 465 1,146 278 668 187 478
R-squared 0.135 0.053 0.119 0.055 0.145 0.053
Method ANCOVA DiD ANCOVA DiD ANCOVA DiD
SE clustered Yes Yes Yes Yes Yes Yes
Question level Individuals  Individuals  Individuals  Individuals  Individuals  Individuals
Robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1
Table A5: Robustness on incidence of illness and water access
(1) (2) (3) (4) (5) (6)
Private Private
Symptoms Symptoms water water Water is Water is
VARIABLES of iliness of illness access access treated treated
Treated_core 0.0590 0.132 -0.0910%*
(0.0446) (0.0782) (0.0465)
Lagged dependant 0.0511 0.645%** 0.125%**
(0.0419) (0.0885) (0.0559)
DID -0.0953 0.117* -0.0702
(0.0643) (0.0560) (0.0716)
Constant 0.0721%** 0.156*** 0.110** 0.305*** 0.179%** 0.251%**
(0.0132) (0.0292) (0.0388) (0.0840) (0.0354) (0.0389)
Observations 466 932 466 932 466 932
R-squared 0.015 0.045 0.443 0.034 0.031 0.011
Method ANCOVA DiD ANCOVA DiD ANCOVA DiD
SE clustered Yes Yes Yes Yes Yes Yes
Question level Households Households Households Households Households Households

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Table A6: Robustness on birth delivery with electricity

(1)
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(2) (3)



Childbirth at

an
Child Childbirth at  electrified
vaccination local health health
VARIABLES is up to date center center
Treated_core 0.0281 0.185 0.472%**
(0.0397) (0.146) (0.120)
Constant 1.015%*** 0.565%** 0.444%**
(0.0161) (0.118) (0.102)
Observations 88 93 96
R-squared 0.007 0.028 0.170
Method ANCOVA ANCOVA ANCOVA
SE clustered Yes Yes Yes
Question level Individuals  Individuals  Individuals
Robust standard errors in parentheses
*** 5<0.01, ** p<0.05, * p<0.1
Table A7: Robustness on school attendance and completion
(1) (2) (3)
Missing Had to Completed
school for at retake a the last
VARIABLES least a week school year school year
Treated_core -0.0250 0.0220 0.0237
(0.0375) (0.0951) (0.0152)
Constant 0.0860*** 0.344%*** 0.976***
(0.0210) (0.0427) (0.0152)
Observations 303 303 291
R-squared 0.002 0.000 0.007
Method ANCOVA ANCOVA ANCOVA
SE clustered Yes Yes Yes
Question level Individuals  Individuals  Individuals

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table A8: Robustness on incidence of thefts

(1) (2) (3) (4) (5) (6) (7)
Stolen at
Stolen at Stolen at Harvest Harvest Animals Animals home at
VARIABLES home home stolen stolen stolen stolen night
Treated_core 0.0397* 0.0630 0.210%**
(0.0197) (0.0567) (0.0898)
Lagged dependant 0.0841 0.0309 0.116
(0.0596) (0.0520) (0.137)
DID 0.0223 0.0306 0.167*
(0.0240) (0.0683) (0.0763)
Constant 0.00937 0.0329** 0.222%** 0.126*** 0.373%** 0.0719%** 0.800***
(0.00592) (0.0119) (0.0466) (0.0279) (0.0512) (0.0204) (0.155)
Observations 466 932 464 930 465 931 15
R-squared 0.027 0.009 0.005 0.022 0.012 0.067 0.000
Method ANCOVA DiD ANCOVA DiD ANCOVA DiD ANCOVA
SE clustered Yes Yes Yes Yes Yes Yes Yes
Question level Households Households Households Households Households Households Households
Robust standard errors in parentheses
**% 5<0.01, ** p<0.05, * p<0.1
Table A9: Robustness on household wealth index and secondary individual income
(1) (2) (3) (4) (5) (6)
Income from Income from
secondary secondary Income from  Income from
Wealth Wealth activity (male  activity (male secondary secondary
VARIABLES index index and female) and female)  activity (male) activity (male)
Treated_core 0.244%** 53,198 67,553
(0.106) (46,551) (54,021)
Lagged dependant  0.786*** 0.646%** 0.842%***
(0.0421) (0.189) (0.0566)
DID 0.236* 108,712** 133,636*
(0.110) (45,376) (66,136)
Constant 0.0867* -0.0923 85,459** 129,716%** 82,794%** 136,502%**
(0.0448) (0.0831) (32,204) (23,644) (28,210) (25,800)
Observations 466 932 43 306 31 225
R-squared 0.535 0.031 0.300 0.033 0.425 0.041
Method ANCOVA DiD ANCOVA DiD ANCOVA DiD
SE clustered Yes Yes Yes Yes Yes Yes
Househol
Question level Households ds Individuals Individuals Individuals Individuals

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

105



Table A10: Robustness on household’s high-power appliances possession and economic uses
of electricity

(1) (2) (3)

Use high power Use high power Economic use of

VARIABLES appliances appliances electricity
Treated_core 0.215** 0.130**

(0.0843) (0.0445)
Lagged dependant 0.482%**

(0.108)
DID 0.125*

(0.0691)

Constant 0.139*** 0.153*** 0.0824***

(0.0317) (0.0281) (0.0212)
Observations 463 929 264
R-squared 0.211 0.035 0.035
Method ANCOVA DiD ANCOVA
SE clustered Yes Yes Yes
Question level Households Households Households

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Table A11: Robustness on individual activities and their electricity reliance

(1) (2) (3) (4) (5) (6)
Electricity Electricity Electricity Electricity
Electricity Electricity use for use for use for use for
use for use for men's men's women's women's
primary primary secondary secondary secondary secondary
VARIABLES activity activity activity activity activity activity
Treated_core 0.0883 0.234** -0.299
(0.0506) (0.0918) (0.236)
Lagged dependant 0.443** 0.0147 0.727***
(0.143) (0.0519) (0.163)
DID 0.0849 0.550* 0.230
(0.0476) (0.299) (0.242)
Constant 0.0237** 0.0129* -1.8471*** -1.307*** 0.0260 -1.882***
(0.00996) (0.00607) (0.0879) (0.292) (0.369) (0.132)
Observations 459 1,137 55 272 27 116
R-squared 0.095 0.036 0.071 0.097 0.168 0.080
Method ANCOVA DiD ANCOVA DiD ANCOVA DiD
SE clustered Yes Yes Yes Yes Yes Yes
Question level Individuals  Individuals  Individuals  Individuals  Individuals  Individuals

Robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1
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Supplementary material: Note on sampling and data collection

Selection of the villages

The regions of Vakinankaratra and Itasy were not only selected because of their low access to
electricity but also because of their proximity and relatively easy access from the capital city,
Antananarivo.

First, villages were preselected based on objective criteria, national official data and meetings
with the population. The selection criteria were the following:

- distance to the national grid: 10 to 15 km)

- population: minimum of 150 households in the Fokontany center (around 750
inhabitants)

- No existing electrification plan from the national electricity company (Jirama) or any
other electrification projects

- Economic potential

- Spatial rationale: idea to consider cluster of villages to ease the management by the
operator

- Local motivation

Based on these preliminary criteria, a short list of 18 villages was identified.

In these 18 villages, a more detailed demand analysis was conducted to sharpen the economic
potential of the village, assess the electrification needs (both productive and domestic) of the
local population, as well as of the public services.

This demand analysis aimed at making sure to implement only economically sustainable
electrified services in the villages.

In the end, 12 villages were considered to have a full potential to host a Café Lumiére.

Out of these 12 villages, 6 were randomly selected to effectively receive a Café Lumiére. The
remaining 6 villages are considered as control villages.

Due to administrative, budgetary and logistic reasons, baseline data collection prior to any
project implementation focused on 6 villages (2 treated and 4 controls) in May 2017. The
remaining 6 villages (4 treated and 2 controls) were investigated in May 2018 (to respect
seasonality of the survey and comparability of the collected data).
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Table S1. List of villages

Villages Regions Latitude Longitude Status in:tzall';](t)iin
Ambatonikolahy | Vakinankaratra 19.76_6667 46.921111 Treated 2018
Ambohimalaza Vakinankaratra 19‘93:1944 46.858611 Treated 2019
Antanamalaza Vakinankaratra 19.42_7500 47.627500 Treated 2020
ﬁntsampandran Vakinankaratra 19.5‘;5000 47.592778 Treated 2020
Amparaky Itasy 19.3(;8056 46.630000 Treated 2021
Dondona Itasy 19.15;8889 46.874167 Treated 2020
Ambatoasana Vakinankaratra 19.341111 46.763611 Control -
Ambatolahy Vakinankaratra 19.73_2222 47.286389 | Control -
Ambatomiady Vakinankaratra 19.66_1667 47.425556 Control -
Anivosaha Vakinankaratra 19.96-8611 46.957222 Control -
Fenoarivo Vakinankaratra 19'55_2222 47.250556 Control -
Mandrosohasina | Vakinankaratra 19'57_7500 47.178333 Control -

Selection of households

A household was considered to be all the members (related or not) who “permanently” shared
the same living space under the authority of a head of household. We therefore considered
as members people who sleep and eat at least once a day in the accommodation when they
are present in the locality.

We considered “permanently” the fact to be present for more than 6 months of the year in
the household.

A sensitivity analysis coupled with time and budget constraints led us to consider a sample of
50 households per village (hence a total target sample of 600 households). Among these 50
households, 30 were randomly selected in the center of the Fokontany and 20 were randomly
selected in its catchment area (any hamlets within a radius of 5 km around the Fokontany
center). This stratification strategy aimed at capturing any spill-over effects within the
surrounding communities.
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Selection of the households of the center of the Fokontany

The choice of the 30 households surveyed in the center of the Fokontany was made randomly
and stratified according to the distance from the middle of the center of the Fokontany, so
that households were distributed equitably between the different zones of the center of the
Fokontany.

The itinerary method was used to select the households surveyed. It consists of defining the
route followed by the investigator as follows:

1. Alltheinvestigators place themselvesin the center of the Fokontany, each chooses the
direction indicated by the pen that they have previously thrown into the air.

2. Each investigator moves to the limit of the center of the Fokontany following this
direction. He/she counts the number of households arranged along this axis between
its starting point (the middle of the center of the Fokontany) and its arrival point, the
limit of the center of the Fokontany (last dwelling, see Figure S1).

3. He/she then divides the number of households counted by the number of households
he/she must survey. Take the case where there are 20 households between the middle
of the center of the Fokontany and the boundary and where an interviewer must
interview 5 households: 20/5 is equal to 4.

4. Starting from the limit of the center of the Fokontany where he/she is located, the
interviewer goes back towards the middle and surveys the 4th household
encountered. Then, he/she counts 4 again and investigates the 8th household
encountered, etc. stopping when he/she has surveyed his five households.

Figure S1 illustrates by example the selection of households to be surveyed in the case where
there are 3 interviewers and they each have 5 households to interview.

Interviewer A counts 14 households up to the limit of the center of the Fokontany, 14/5 is
equal to 2 in absolute value, he/she interviews every second household on the way back to
the middle.

Interviewer B counts 20 households up to the boundary of the center of the Fokontany, 20/5
equals 4. He/she surveys the 4th household, then counts 4 to the next, then 4 to the next,

etc., until he has interviewed five households.

Interviewer C counts 16 households up to the limit of the center of the Fokontany, 16/5 is
equal to 3 in absolute value, he interviews the 3rd household then counts 3 until the next one.
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investigator A

Direction
investigator B

Middleof the 4

center of the
Fokontany

Direction

/\Households of the center of the Fokontany investigator C

A /A /A Sampled households

Figure S6. Itinerary method to select households in the center of the Fokontany

Selection of the households of the catchment area

As for the households in the center of the Fokontany, the choice of the 20 households
surveyed in the catchment area was made randomly and stratified according to the distance
from the center of the Fokontany, so that the households were distributed at different
distances from the center of the Fokontany.

A preliminary mapping exercise was conducted by a FERDI cartographer prior to the baseline
surveys. For each village, using satellite images, a map of the center of the Fokontany and its
catchment area (5 km) highlighting habitation zones was prepared (see example below).

@ Café électricité
« Habitation

[ village
[ Rayon de 5 km
"] Pente > 20%

Figure S7. Map of the settlement areas of the village of Ambatonikolahy and its catchment area
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Once in the village, the team of investigators validated the accuracy of these maps with the
local leaders.

Then, as for the center of the Fokontany, each of the investigators randomly chose a direction
marked by a road, a track or a path between the directions where they were more likely to
find habitation zones at different distances from the center of the Fokontany.

For instance, for the village of Ambatonikolahy above, the North, North East directions were
not considered in the random selection, since the likelihood to find settlements was limited.

Maps of other Fonkotanys surveyed during 2017

© Café électricité
+ Habitation
1 village
[1 Rayon de 5 km 5 : )
Pente > 20% »

Figure S3: Map of the settlement areas of the village of Ambatolahy and its catchment area.
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@ Café électricité

» Habitation .
Village
[ Rayon de 5 km

Pente > 20% S : ; ; 25 AL TR
Figure S4: Map of the settlement areas of the village of Anivosaha and its catchment area.

@ Café électricité
» Habitation
= village
[ Rayon de 5 km
Pente > 20%
Figure S5: Map of the settlement areas of the village of Ambohimalaza and its catchment area.
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© Café électricité
» Habitation

[ Village

[ Rayon de 5 km |

Pente > 20%

Figure S6: Map of the settlement areas of the village of Ambatomiady and its catchment area.

Questionnaires

Household questionnaire

The household questionnaire was designed to identify and measure as many transmission
channels (beneficial or harmful) of electrification by Café Lumiere on the living conditions of
households as possible.

For this, the questionnaire covered a wide range of the household characteristics while
emphasizing the aspects directly impacted by the installation of Café Lumiére: health,
education and economic activity.

The questionnaire was sequenced in 5 stages:

- The head of household and/or any other member of the household likely to answer
correctly were questioned about the general characteristics of the household and its
members as follows:

o ldentification section listing all the household members with key demographic
information (gender, age, relation to head of household) as well as literacy
and education levels;

o Maternity and vaccination section dedicated to gather information on the
children below 5 years old;
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o Education section dedicated to all the school-aged children (5-15 years old)
whether they were at school or not;

o Health section listing all the household members who suffered from any
diseases in the last 30 days;

o Housing, Land and Security section to investigate the characteristics of the
house (roof, walls, floor), its equipment (water, toilets, etc.), as well as the
land use of the households and the security issues in the last 6 months;

o Durable goods section listing the durable assets of the household (chair,
table, bed, television, motorbike, etc.) and their cattle and farm animals;

o Energy sections detailing all the domestic energy use of the households
(including cooking), and the productive energy use of the households
(transforming cereals and information and technology services);

o Food consumption section detailing the ingredients and their origins (purchase,
own production etc.) of the regular meals eaten by the households in the
morning, lunch and dinner times;

- The head of household was interviewed privately (in an isolated manner) about his
personal living conditions as follows:

o income generating activities and their revenues;

o community and citizen life (member of community groups, participation in

elections etc.);
savings;

access to credit;
access to information;
use of mobile phone;

0O O O O O

personal security issues in the last 6 months;

o timetable of a common day listing all activities from waking up to going to bed.

- The spouse of the head of household was interviewed privately (in an isolated manner)
about her personal living conditions. The questions were the same as for the head of
the household, except for some additional questions on maternity and contraception,
as well as on the decision-making power within the household for different expenses;

- If the composition of the household permitted it, a school-aged boy (5-15 years),
whether he was in school or not, was interviewed privately (in an isolated manner)
about his personal living conditions (access to information, school homework, security,
consumption of meat, fish or fresh drinks, timetable), a schooling test was also
administered to him;

- If the composition of the household permitted it, a school-aged girl (5-15 years),
whether she was in school or not, was interviewed privately (in an isolated manner)
about her personal living conditions (access to information, school homework,
security, consumption of meat, fish or fresh drinks, timetable), a schooling test was
also administered to her.
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At baseline, 599 households were interviewed representing 3,086 people. The following
people were interviewed individually (in an isolated manner):
- 519 male head of households
- 547 women (30 being head of households and 516 being spouses to the head of
households)
- 205 school-aged boys (5-15 years)
- 180 school-aged girls (5-15 years)

595 households were interviewed during the second wave of surveys. From the baseline
survey 133 households were not found and were replaced by 129 new households living close
to where the not found households of the baseline used to live.
In the second wave, the following people were interviewed individually (in an isolated
manner):

- 527 male head of households

- 369 women (25 being head of households and 344 being spouses to the head of

households)
- 214 school-aged boys (5-15 years)
- 185 school-aged girls (5-15 years)

Locality questionnaire

The locality questionnaire was intended to assess the dynamism, infrastructure, economy, etc.
of the center of the Fokontany and its catchment area. It was administered to local resource
people. Resource people in the locality were the president of the fokontany, the school
director, the director of the health center, the teacher or any influential person who had good
knowledge of the situation in their village.

The locality questionnaire was structured as follows:
- Localization, accessibility and electrification section;
- Demographic and commercial activities section;
- Community life (groups, associations etc.) section;
- External partners (present or past funded projects) section;
- Water infrastructures section;
- Education infrastructures section;
- Health infrastructures section;
- Services offered in the locality (cereal transformation, hair salon, tailor etc.) section;
- Security section listing all the security issues in the last 3 years;
- Catchment area section listing all the hamlets within a radius of 5 kilometers and their
key characteristics (demographics, economic activities, infrastructures, etc.).
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Questionnaire outline (french) :

Informations générales :
Identification des membres permanents du ménage
Maternité et Vaccination
Education
Santé

Ménages :
Logement Terre Sécurité
Statut d'occupation
Téléphone - eau — assainissement
Acces a la terre — valorisation
Sécurité
Actifs et biens durables
Energie
Sources de lumiére
Combustible
Consommation Alimentaire
Services productifs
Services informatifs

Individus : homme/femme :
Religion — ethnie
Activités économiques personnelles
Vie sociale - citoyenne
Economie - pouvoir de decision
Crédit
Acces a l'information — ouverture
Téléphone
Sécurité
Emploi du temps

Individus : garcons/filles :
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Général
Emploi du temps
Mathématiques

Lecture
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Chapter 3:
Estimating Electricity Access Impact of Chinese Energy Projects in
Africa Using Machine Learning and Remote Sensing Data.

Vincent Nossek, CERDI, CNRS, IRD, Université Clermont Auvergne

Abstract

Access to electricity data is typically available only at a national level and often relies on non-
annual survey data. To address this limitation, our study introduces a novel approach
combining multi-source survey data used as ground truth data with remote sensing
information to produce annual subnational estimates of electricity access. We train a machine
learning (ML) model to predict electricity access rate for the African continent plus
Madagascar and then predicts yearly electricity access rates for each 0.07-degree grid cell
(approximately 7 km) for the period 2013—-2022. These predicted raster maps of electricity
access across Africa inform us on remote and underserved rural areas that are typically
sparsely surveyed due to the dispersed population. These subnational estimates offer valuable
insights for policymakers and energy-sector decision-makers. To demonstrate the utility of
this data, we conduct a case study evaluating the impact of geolocated energy infrastructure
projects financed by the Chinese government and a subset of World Bank’s projects. The
analysis finds positive and significant effects of these projects on electricity access in treated
grid cells, with an effect increasing over time up to at least 8 years after commitment. We
estimate energy projects to have a local impact ranging between +2 to +8 percentage points,
depending on the financers, in electricity access five years after commitment. The dynamic
observed indicate a slow and steady adoption of electricity in areas where projects where
implemented. This case study highlights how combining ML and remote sensing data can
inform progress made toward achieving Sustainable Development Goal 7 and support the
evaluation of policies and investments aimed at improving energy access in specific regions.

Keywords: Machine learning; Remote sensing; Electricity access; Infrastructure; Geospatial
data; Impact evaluation; Africa; Chinese investments; World Bank investments.
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1. Introduction

Electricity has been a critical driver of economic activity since the Industrial Revolution.
However, access to electricity remains limited in Sub-Saharan Africa, where only 50%° of the
population had access in 2021. This aggregate figure masks significant disparities between
urban and rural areas: while 80% of urban residents have access to electricity, this figure drops
to just 30% in rural areas. The United Nations Sustainable Development Goal (SDG) 7, which
aims to "ensure access to affordable, reliable, sustainable, and modern energy for all," has
highlighted the urgent need to improve electricity access while addressing the environmental
constraints facing the world today. Achieving SDG 7 presents unique challenges for African
countries, including a high rural population—approximately 58%3! in 2022—which
necessitates extensive deployment of new grid and off-grid infrastructure. However, efficient
infrastructure planning and impact evaluation of electrification initiatives require robust data
and evidence-based decision-making.

At the heart of this paper is the question of how to evaluate the impacts of electrification
projects effectively, notably energy projects financed by China or the World Bank, two main
providers of infrastructures financing in Africa. Overall Chinese aid impact have been studied
in the literature (Dreher et al., 2021) but sector specific and local level impact is much more
rare due to lack of comprehensive local data, although project data has been geocoded
(Goodman et al., 2024). The challenge to evaluate energy projects impact lies in the scarcity
of detailed subnational data on electricity access in the case of energy projects, which hinders
accurate tracking of progress toward SDG 7 and limits the ability to assess the effectiveness of
energy investments. Addressing this data gap is critical to enable tracking and evaluation of
these projects and optimizing future interventions.

Efforts to address this data gap include the work of Falchetta et al. (2019), who produced high-
resolution (1 km) electricity access datasets for Sub-Saharan Africa using nighttime lights (NTL)
and population data (Falchetta et al., 2019). However, their approach relied on a number of
strict assumptions about the relationship between NTL intensity and electrification rates and
used field surveys for validation rather than calibration. Other researchers have combined
geo-referenced survey data with satellite imagery to calibrate predictive models for wealth
estimation. Advances in machine learning (ML), particularly in ease of use and
implementation, have enabled significant progress in this area. Jean et al. (2016), for example,
demonstrated the potential of combining field data with remote sensing to generate new
datasets for unsurveyed areas or time periods. Much of the literature employing this approach
has focused on wealth estimation, using DHS surveys and finding strong predictive

30 https://data.worldbank.org/indicator/EG.ELC.ACCS.ZS?locations=2G
31 https://data.worldbank.org/indicator/SP.RUR.TOTL.ZS?locations=ZF&view=chart
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performance for ML algorithms based on daytime and nighttime satellite imagery (Chi et al.,
2022; Ratledge et al., 2022; Yeh et al., 2020).

Raw satellite imagery, while valuable, presents challenges due to its high resolution, RGB (red,
green, and blue) structure, and large volume. High-resolution daytime imagery is also costly,
especially for extensive geographic coverage over multiple time periods, and requires
computationally intensive algorithms such as convolutional neural networks (CNNs), including
architectures such as ResNet-18 algorithm (Li et al., 2022; Sherman et al., 2023). Although
many studies adopt complex methodologies and datasets, they often show that simpler
approaches can achieve comparable predictive performance (Yeh et al., 2020). For instance,
Yeh et al. (2020) demonstrated that NTL data alone can predict local wealth nearly as
effectively as a combination of NTL and daytime imagery. This suggests that the added
complexity of daytime imagery may not always be necessary, particularly when focusing on
specific measurements like electricity access.

Based on this literature and the approach proposed by Dhorne et al. (Dhorne et al., 2021),
which trains a ML model to link ground truth measurement of electricity access from the
Multi-Tier Framework (MTF) surveys with remote sensing data, our approach also calibrates
ML models using electricity access rates as the target variable. We however rely on a wide
range of geo-localized surveys such as Demographic and Health Surveys (DHS), Living
Standards Measurement Study (LSMS), Afrobarometer, and Multiple Indicator Cluster Surveys
(MICS) and a slightly different set of remote sensing data. Once calibrated, the ML model
predicts yearly electricity access rates for each 0.07-degree grid cell (approximately 7 km) for
the period 2013-2022, generating detailed raster maps of electricity access across Africa. We
apply this generated data in a case study evaluating the impact of electrification projects
financed by the Chinese government and a subset of World Bank projects. Using geolocated
data on project sites, we identify treated and control grid cells and employ matching and
difference-in-differences estimators to assess the local-level impacts of these initiatives.

This paper contributes to the literature on remote sensing and machine learning used to
predict ground truth data at a local level and demonstrates how ML can be used to generate
data on electricity access and enable impact evaluations of electrification projects. Our
approach simplifies data requirements and computational demands while maintaining
predictive accuracy. Building on the work of ESMAP researchers (Dhorne et al., 2021), we
focus exclusively on African countries, leveraging an extensive set of household surveys and
remote sensing variables for model calibration. Our findings highlight reduced systematic
biases in predicted electricity access values compared to earlier studies and emphasize the
importance of generating data for rural areas, where gaps in subnational electricity access
data are particularly pronounced. By filling these gaps, we enable the generation of consistent
panel datasets for previously unsurveyed areas, years, and countries not covered by existing
surveys. This paper also contributes to the impact evaluation literature for the energy sector
by documenting the effects of projects financed by the Chinese government or the World Bank
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thanks to the generated data on electricity access. We assess projects effects on electricity
access rates as well as its dynamic over time, highlighting a slow but steady and increasing
adoption of electricity access in areas close to the deployment of electric infrastructures.
Overall, this application demonstrates how ML-driven datasets can directly inform the
evaluation of energy projects, bridging the gap between data generation and actionable
insights for policymakers.

This paper is organized as follows: Section 2 describes the data sources used for ML training
and prediction and the case study on project infrastructures. Section 3 outlines the
methodology for ML modeling, prediction performances of the trained models and the
external validation of predicted results. Section 4 presents the methodology and results of the
impact evaluation on infrastructure projects. Section 5 discusses the findings from the
previous results sections and section 6 conclude on the findings.

2. Data

2.1 Machine learning data

Our target variable (i.e. dependent variable) is the electricity access rate computed at the
cluster level. To compute local access rates, we mobilize multiple geo-localized survey sources
namely DHS (US AID), LSMS (World Bank), MICS (UNICEF) and Afrobarometer. We collected a
total of 155 surveys covering the period 2013-2022.

All these surveys combined amount to a total of 1 825 099 surveyed households distributed
over 58 736 geo-localized cluster-year units over the whole period. We compute the average
access rates at the geo-localized cluster-year unit level. Figure 1 presents a heatmap of the
geographical distribution of the clusters, all periods considered. We can clearly see that areas
with the most clusters are primarily capitals and major cities32. Although we cover most of the
countries over the period no geo-localized surveys were found for 8 countries, namely Algeria,
Libya, South Sudan, Somalia, Djibouti, Eritrea, Central African Rep. and Rep. of Congo3. As
displayed in Table 1, DHS surveys are the most represented over time, allowing us to cover
the all period. For LSMS surveys most of the clusters that we could retrieve containing
guestions concerning electricity access where from year 2018, when LSMS launched a
harmonized survey on households living standards in multiple countries. UNICEF have been
providing geo-localized data for their MICS surveys quite recently. Only 3 countries are
available through MICS for our study, Malawi, Madagascar and Nigeria. Finally, with

32 High number of clusters in Malawi is due to the presence of all four surveys sources present in this country.
Burundi and Rwanda appear to have a high number of clusters but this can be attributed to the small size of
those countries and therefore the high concentration of clusters.

33 We provide maps for each data sources in annexes.
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Afrobarometer data we mobilized all surveys from round 7 and round 8 which covers years
from 2017 to 2022, with 2017 and 2021 being the main years of surveys round for respectively
round 7 and 8.

Table 1: Temporal distribution of geo-localized survey clusters

Survey source

Year DHS LSMS MICS Afrobarometer Total
2013 4300 0 0 0 4300
2014 6418 0 0 0 6418
2015 3772 518 0 0 4290
2016 3151 780 0 0 3931
2017 3629 953 0 4259 8841
2018 3892 5 447 774 1200 11313
2019 2412 717 151 1196 4476
2020 1732 516 965 450 3663
2021 2 869 0 2079 3965 8913
2022 1691 0 0 900 2591
Total 33 866 8931 3969 11 970 58 736

If we look in total over all the survey sources, years 2017, 2018 and 2021 are the ones with
the most observations, and DHS is by far the main source of observations for our study,
followed by Afrobarometer and LSMS.
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Figure 1: Heatmap of the survey clusters from DHS, LSMS, MICS and Afrobarometer.
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Concerning our predictor variables, we use a range of variables mostly derived from remote
sensing and geospatial information. Table 2 displays all those variables with their
characteristics and sources. The specific variables set is composed of 13 variables selected for
their respective relevance on the domains of infrastructures development and electricity
access. This predictor variables are the following: VIIRS Nighttime Light (NTL) indicative of
luminosity emission; Land Cover, such as the share of built-up, croplands, grasslands, forests
and water areas; mean of the Normalized Difference Vegetation Index (NDVI) indicating
vegetation health; distance to main roads; distance to grid-network; mobile network
availability (2G and 3G); gas flares locations; industrial mines locations; distance to cities (cities
defined as locations with more than 50k habitants), altitude; gradient; population and urban
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or rural areas. We selected this variable set based on the literature on electricity access and
infrastructure deployment. For each of the variables we selected sources that would give us
the best spatial and temporal coverage.

Table 2: Spatial variables

Predictor variables Resolution | Temporality | Variable Source(s)

type
Nighttime Light VIIRS 500 m 2013-2022 Continuous EOG, Colorado School of Mines
Land Cover 100 m 2015-2019 Discrete Copernicus
NDVI 250 m 2013-2022 Continuous MODIS (MOD13Q1), USGS
Distance from main roads 1 km 2021 Continuous OpenStreetMap
Distance to Grid-network 1 km 2018 Continuous World Bank
Mobile network availability 250 m 2013-2021 Discrete GSMA
Gas Flares locations (vector) 2012-2022 Discrete EOG, Colorado School of Mines
Industrial mines locations (vector) 2010-2019 Discrete Minex & US Geological Survey
Distance to cities 1 km 2015 Continuous Nelson et al., 2019
Altitude 90 m 2018 Continuous SRTM, CGIAR-CSI
Gradient 90 m 2018 Continuous SRTM, CGIAR-CSI
Population 1 km 2013-2021 Continuous LandScan, Oak Ridge Lab.
Urban or Rural areas 1 km 2015 Discrete SEDAC, NASA

Nighttime light is widely used in the literature on electricity access due to its very strong
correlation with electricity consumption(Elvidge et al., 1997; Shi et al., 2014). Also VIIRS data,
compared to DMSP, allows for detection of very low level of lights in rural areas (Elvidge et al.,
2013, 1997; Falchetta et al., 2019) which is quite important to produce accurate mapping
access over the African continent. Finally VIIRS data have demonstrated temporal variability
allowing to help in predict the evolution in economic activity and therefore electricity
consumption (Beyer et al., 2022; Elvidge et al., 2020). NDVI and land cover classification data,
also called land use, informs on the land characteristics and is a pre-processed version of raw
satellite imagery that synthetizes the main relevant information on land characteristics. We
also rely on the existing infrastructures such as main roads, grid networks and mobile
coverage, in particular 2G and 3G coverage, which are critical determinants for physical or
informational connectivity of a given area. We also consider the presence of mining and
extraction activities by using the location of known and referenced industrial mines as well as
gas flares generated at oil extraction sites. Industrial mining and extracting activities are
usually dependent on energy access and can emit quite high levels of NL while not reflecting
the true population access to electricity living in the area. Gas flares emit luminosity unrelated
to electricity use and can introduce bias in predicted values of electricity access if not
considered. We also consider distance to cities, defined as urban areas of more than 50,000
people, to consider the impact of human activities and network effects around major cities.
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Altitude and gradient are variables that inform on the local geography and the difficulty to
install and maintain infrastructures, such as in hilly or mountainous regions. Finally, population
and rural or urban areas inform on the density of population and potential for human
infrastructures and activity levels.

2.2 Case study data

To investigate the impact of Chinese’s energy infrastructure projects we use the AidData's
Geospatial Global Chinese Development Finance Dataset, Version 3.0 (Custer et al., 2023;
Goodman et al., 2024). This dataset contains geolocated Chinese projects supported by official
financial and in-kind commitments (or pledges) from China between 2000 and 2021, and
features a total of 9405 projects across 148 low and middle-income countries supported by
Chinese grant and loan commitments. We retrieve from this dataset only projects related to
the energy sector. We also remove projects that are not located precisely and keep only
projects with a precision level identified at the ADM6 level or under. After those filtering steps
and taking into account the temporality of our electricity access data, namely panel data over
the period 2013-2022, we are able to evaluate 108 energy projects, located over 36 countries.
We consider as a treatment date the commitment year of the project34. Using commitment
rather than completion year ensure no missing data and allows for comparability with World
Bank projects, which only document commitment dates. All Chinese financed projects amount
to a total of 17 709 million USD of investment during the period.

Although AidData did provide a similar dataset for World Bank projects, it only contains
projects implemented before 2013, which is the beginning of our predicted dataset. We
therefore had resorted to use another dataset to carry a comparison by mobilizing geolocated
projects data collected by the World Bank’s Geo-Enabling Initiative for Monitoring and
Supervision (GEMS) team3>. Although this data is not comprehensive at a continental or a
country level and does not encompass the whole universe of World Bank’s projects, it allows
us to compare to some extent the effects of energy projects financed by the World Bank. Our
sample from the GEMS data provides 95 locations of projects located in 4 countries.3® We can
notice that although we have a big difference in the number of countries covered, the overall
number of project locations evaluated is quite similar. We consider as treatment date the
commitment year. All World Bank projects amounts to a total of 1 070 million USD in

34We provide in robustness results where we consider completion date as treatment for Chinese funded
projects. For a few projects with a missing completion date, but with a commitment date, we compute the
average project duration commitment and completion (3 years) and add it to the commitment date to
extrapolate the expected completion year.

35 https://www.worldbank.org/en/topic/fragilityconflictviolence/brief/geo-enabling-initiative-for-monitoring-
and-supervision-gems

36 projects are located in Ethiopia, Cote d’lvoire, Kenya and Rwanda.
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investment. This huge disparity in the amounts of projects evaluated reflect the fact we are
working on a subset of World Bank projects which have been geolocated by the GEMS team.

Table 3 presents the classification of projects based on keywords present in the project title
and description.

Table 3: Projects characteristics

Project types Number  Amount (million USD)
of
Projects projects
financed by Power production non-renewable 36 7 686
China Power production renewable 53 7912
Transmission and distribution 19 4110
Total 108 19 709
Note: For Chinese projects each project corresponds to a given location.
Project types Number of Numberof Amount
projects locations (millionUSD)
Projects
financed by Power production 2 29 650
the World renewable
Bank Transmission and 2 66 420
distribution
Total 4 95 1070

To give some examples of energy projects financed by China we can cite: the co-financing of
Dadinkowa Hydropower Plant Project in Nigeria, with a power capacity of 39MW representing
an investment of USD 32.6 million by Powerchina Huadong Engineering Corporation (Aid data
ID: 97786); the Mpika Power Supply improvement project sought to improve the supply of
power in Mpika district within Muchinga Province in Zambia, representing an investment of
$29.6 million by the Industrial and Commercial Bank of China (ICBC) (Aid data ID: 57556) or a
donation of donates solar-powered street lights to three villages in Kgalagadi district (Khuis,
Gakhibane, and Makopong) in Bostwana, estimated at $550 thousands (Aid data ID: 91639).
On the side of the World Bank, we can give as an example the project Off-grid Solar Access
Project for Underserved Counties implemented in Kenya. This project is composed of 4
components, the first component being mini-grids for community facilities, enterprises, and
households, the second component is stand-alone solar systems and clean cooking solutions
for households, the third component is the stand-alone solar systems and solar water pumps
for community facilities and finally the fourth component is the implementation support and
capacity building. This project financed by the World Bank amounts to $325 million (World
Bank project ID: P157055).
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3. Machine Learning and data generation
3.1 Methodology

To train the machine learning (ML) models, we first constructed a dataset using a raster grid
over the African continent, with a resolution of 0.07° (approximately 7 km at the equator). The
use of geo-localized surveys imposes technical constraints on the minimum grid resolution
due to the anonymization process applied to DHS/LSMS/MICS surveys, which introduces
random noise to the true GPS cluster locations. However, this random noise is mitigated when
using larger grid cells. For instance, Michler et al. (2022) demonstrated minimal to no impact
on estimates when using LSMS surveys in conjunction with weather raster data at a resolution
of 4x4 km. Similar studies have employed grid cells of 6.72x6.72 km, showing strong predictive
performance in wealth estimation using DHS data and satellite imagery (Ratledge et al., 2022;
Yeh et al., 2020). Based on this literature, we adopted a grid resolution of 7x7 km to sufficiently
mitigate anonymization noise while ensuring comparability with existing work. Figure 2
illustrates the 7x7 km grid over the Dakar area, with survey clusters depicted as points, and
nighttime lights from 2022 used as a base layer.

We rasterized both predictor and target variables to a common resolution using our grid to
create a unified dataset. For each grid cell and year with available survey data, we computed
the target variable—the electricity access rate—by averaging all survey data points located
within the grid cell.3” Predictor variables included all spatial variables listed in Table 2, as well
as the corresponding survey years, the cell’s country ISO code, and the latitude and longitude
of the cell centroid. As seen in Figure 2, some survey cluster-year units from a same year can
be located within a common grid cell, and are therefore aggregated at the grid cell-year level,
leading to a slightly lower number of cell-year units. This process yields a dataset structured
as an unbalanced panel of cell-year units with 39,302 observations, which is used as our ML
training dataset.

37 If for one given cell-year unit we have multiple cluster points within a cell, we aggregate the access rates by
taking the mean of all available cluster points within a cell.
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Figure 2: Grid map around Dakar, Senegal
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We trained multiple ML models, including Elastic-Net regularization, Random Forest, Gradient
Boosted Trees (XGBoost), k-Nearest Neighbor (k-NN), Neural Networks (NN)38, Deep Neural
Networks (DNN)3°, and Support Vector Machines (SVM). We applied repeated cross-validation
with 5 folds, repeated 10 times, to ensure robust performance evaluation. Hyperparameters
for each model were optimized using a grid search approach. The model with the highest
prediction accuracy for local electricity access rates was selected for subsequent analysis.
Using this retained model, we predicted electricity access rates for each year, producing
annual maps of electricity access across the African continent.

To validate the predicted electricity access values, we aggregated the subnational predictions
to the national level and compared them to World Bank national aggregates. This external
validation is used as a quality check at the macro-scale that the model outputs are aligned
with independently reported data.

The variables used in this study are more flexible and computationally efficient compared to
raw satellite images, which are usually used in the literature mentioned previously. Using raw
high-resolution imagery introduces significant hardware constraints, such as high memory and
processing power requirements, as well as the cost of acquiring multi-year data over large
geographic areas. Furthermore, raw imagery limits the range of applicable ML models, as only
convolutional neural networks (CNNs) are known to perform well in computer vision tasks
(Rolf et al., 2021). By relying on pre-processed spatial data, we avoided these constraints,
enabling the use of a broader range of resolution scales and ML algorithms and reduces the
computing power required to train models and infer data.

3.2 Machine learning results and performance

Based on the literature on local wealth index predictions, which represents a similar
regression task, we use R-squared as our primary performance metric, specifically the mean
R-squared values after k-fold (k=5) cross-validation®®. R-squared is a widely used metric in
regression tasks as it measures the proportion of variance in the target variable explained by
the model, providing an intuitive indication of predictive accuracy. It is particularly useful for
comparing models, as higher values signify better alignment between predictions and actual
values. For comprehensiveness, we also report and comment on Root Mean Squared Error
(RMSE) and Mean Absolute Error (MAE), two additional standard performance metrics
commonly used to evaluate model accuracy.

38 Single hidden layer

3 Two hidden layers

40 We use a 5 folds design for training and testing (4 folds for training, 1 for testing performance). This 5-fold
design is repeated 10 times with different assignation of cell-year units to each fold to insure robustness of the
performance metrics.
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Figure 4 displays the R-squared results for the trained models using the specified variable set
after hyperparameter tuning. The results indicate that non-linear models clearly outperform
linear models in capturing the relationships between electricity access and the selected
explanatory variables. Non-linear models (k-NN, NN, DNN, SVM, XGBoost, and Random
Forest) demonstrate significant improvements in prediction power, with R-squared values
increasing from approximately 0.4 for linear models to at least 0.6 for most non-linear models.

Elastic-Net regularization does not substantially improve the predictive power compared to a
standard linear regression model. This suggests that most of the selected variables contribute
relevant information for predicting electricity access and that the standard linear model does
not overfit the training set. These findings also indicate that relying solely on nighttime lights
to predict electricity access would be insufficient, as Elastic-Net regularization would have
improved performance by eliminating unnecessary variables if this were the case.

For non-linear models, Figure 4 highlights the significant performance gap they achieve
compared to linear models. Among the tested models, the Random Forest model performs
best in predicting electricity access across the sample, with a stable R-squared value of 0.67
over repeated cross-validation, as displayed in Table 4. XGBoost is the second-best performing
model, followed by Neural Networks. The Random Forest model, using the specific set of
variables, achieves similar or even superior performance on pooled samples compared to
recent literature that employs raw satellite imagery and deep learning for predicting local
wealth (Ratledge et al., 2022; Yeh et al., 2020).

Figure 4: R-squared on pooled predictions by model types
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Table 4: R squared from repeated cross validation

Model Min.

Linear_Model 0.41
Elastic_Net 0.41
DeepNeuralNet 0.56
kNN 0.60
SVM 0.62
NeuralNet 0.62
XGBoost 0.65
RandomForest 0.66

1st Qu.
0.41
0.41
0.57
0.60
0.62
0.63
0.65
0.67

Median

0.41
0.41
0.58
0.60
0.62
0.63
0.65
0.67

Mean

0.41
0.41
0.57
0.60
0.62
0.63
0.65
0.67

3rd Qu.
0.41
0.41
0.58
0.60
0.62
0.63
0.65
0.67

Max.

0.42
0.42
0.58
0.60
0.63
0.64
0.65
0.67

Tables 5 and 6 present the results for Root Mean Squared Error (RMSE) and Mean Absolute

Error (MAE), two additional widely used performance metrics for ML models. These metrics

yield results consistent with the R-squared findings, confirming that the Random Forest model

outperforms the others across all three metrics. Specifically, the Random Forest model

achieves the lowest RMSE and the second-lowest MAE, with a mean absolute error of

approximately 15 percentage points on average.

Given the R-squared, RMSE and MAE performance metrics, we retain the trained Random

Forest model as our best model and use it for inference of the electricity access rates for cell-

year units in the following sections.

Table 5: Root mean squared error from repeated cross validation

Model Min.

Linear_Model 0.29
Elastic_Net 0.29
DeepNeuralNet 0.24
kNN 0.24
SVM 0.23
NeuralNet 0.23
XGBoost 0.22
RandomForest 0.22

1st Qu.
0.29
0.29
0.25
0.24
0.23
0.23
0.22
0.22

Median
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0.29
0.29
0.25
0.24
0.24
0.23
0.22
0.22

Mean

0.29
0.29
0.25
0.24
0.23
0.23
0.22
0.22

3rd Qu.
0.29
0.29
0.25
0.24
0.24
0.23
0.22
0.22

Max.

0.29
0.29
0.25
0.24
0.24
0.23
0.22
0.22



Table 6: Mean absolute error from repeated cross validation

Model Min. 1st Qu. Median Mean 3rd Qu. Max.

Elastic_Net 0.23 0.23 0.23 0.23 0.23 0.23
Linear_Model 0.23 0.23 0.23 0.23 0.23 0.23
DeepNeuralNet 0.18 0.18 0.19 0.19 0.19 0.19
kNN 0.16 0.17 0.17 0.17 0.17 0.17
NeuralNet 0.16 0.16 0.16 0.16 0.16 0.16
XGBoost 0.16 0.16 0.16 0.16 0.16 0.16
SVM 0.15 0.15 0.15 0.15 0.15 0.15
RandomForest 0.15 0.15 0.15 0.15 0.15 0.15

Figure 5 visualizes the output of the Random Forest model for Mali at a 0.07-degree pixel
resolution. As expected, urban areas exhibit higher electricity access rates. Additionally, the
visualization reveals that the southeastern part of the country shows higher electricity access
levels compared to the northern region (Azawad).

Figure 5: Map of predicted electricity access values for Mali in 2021
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3.3 Machine learning external validation

We evaluate predictions at the grid cell level by comparing survey sources with predictions
from our trained Random Forest (RF) model. For each grid cell, we calculate the total number
of people with access to electricity, derived either from the survey source or the model
prediction, by multiplying the grid cell population by the respective access rates. This approach
stretches the distribution over a broader range of values, allowing us to detect potential
distortions in predicted access rates, particularly at extreme values.

Overall, we observe no particular distortions in the distribution between the number of people
with electricity access as reported by surveys and as predicted by the ML model (see Figure
6). The relationship between survey and predicted access rates is linear, with no apparent
upward or downward bias, even at the distribution's extreme values. When focusing
specifically on rural areas (Figure 7), we maintain a linear relation without any strong
distortions.

Figure 6: Estimated population at the grid cell level with access to electricity from surveys vs RF
predictions
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Figure 7: Estimated population with access to electricity from surveys vs RF predictions in rural areas

Rural pop. with access from Predictions

Rural pop. with access from Surveys

Notes: 45° line in black.

Next, we aggregate the results at the country level by computing national electricity access
rates using both local survey data and predicted values. Figure 8 displays these aggregated
results, combining all surveys available for each country and year. The predicted national rates
exhibit a strong fit with survey-based rates, with no discernible upward or downward bias,
even for countries near the minimum or maximum values of the distribution. As expected,
countries belonging to lower-income groups generally have lower electricity access rates. The
strong correlation observed at the local level persists at the national scale, further validating
the model’s performance.
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Figure 8: Aggregated country access rates (in %)
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We then compare our national estimates to an external source, specifically the World
Development Indicators (WDI) from the World Bank. As shown in Figure 9, the predicted
access rates are strongly correlated with World Bank estimates, achieving an R? of 0.83, and
exhibit no significant bias. This represents an improvement over Falchetta et al. (2019), whose
estimates showed a downward bias at the national level, and Dhorne et al. (2021), who
reported upward biases for low-income countries and downward biases for higher-income
countries. Although the R? between predicted values and World Bank data is lower than that
obtained when comparing survey sources, this discrepancy likely reflects differences in survey
sampling methodologies and aggregation techniques employed by the World Bank. To explore
this further, we compare national survey-based estimates with the World Bank data in Figure
10 and observe similar discrepancies. This finding supports the conclusion that most
differences arise from sampling and aggregation methodologies rather than from poor
predictive performance of the model. Thus, the observed deviations are attributable to data
source differences rather than model limitations, further reinforcing the reliability of the
Random Forest model predictions.
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Figure 9: Aggregated country access rates (in %) from predictions vs WDI
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Figure 10: Aggregated country access rates (in %) from Surveys vs WDI
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4. Case study: Impact evaluation of energy projects
4.1 Methodology

We apply the predicted data from the trained ML model discussed previously to a case study
aiming at measuring the impact of energy infrastructures projects. To conduct this impact
study, we rely first on matching tools to select relevant control grid cells and then a Difference-
in-Differences (DiD) estimator to estimate the causal effect of an infrastructure project.
Following previous work on the impact of electricity access (Ratledge et al., 2022), we consider
as a treated cell any cell that is within a 2 km buffer area of a geolocated energy project, and
as controls all cells that are never treated by any infrastructure projects from Chinese or World
Bank projects. We select control cells with matching using a nearest-neighbor algorithm based
on Mahalanobis distance. To ensure similarity in between treated and control cells in our
matching we retained three main variables: urbanization level, average population and
average NTL level*l. Once the best control cells selected, we conduct a causal inference
estimation on electricity access with a DiD estimator. The key assumption underlying the DiD
approach is the parallel trends assumption, which posits that in the absence of treatment, the
difference between the treatment and control groups would have remained constant over
time. However, traditional DiD models can be challenged when treatments are staggered or
heterogeneous across units and time. To address these limitations, the estimator proposed by
de Chaisemartin and d'Haultfceuille offers a more robust approach (de Chaisemartin and
D’Haultfeeuille, 2020)*2. The de Chaisemartin and d'Haultfceuille estimator improves on
traditional DiD methods by better accounting for treatment dynamics, reducing biases, and
ensuring more reliable causal inferences in staggered empirical settings with panel data. Since
it is difficult to ensure that a cell is not treated by another energy program outside the scope
of our dataset, estimates could however be bias downwards or upwards as respectively
control cells or treated cells are actually also treated by another unknown program.

We estimate the model defined as follows:

—2 8
AccessRate;; = a + Z BEDE, + z ﬁéangt +Ci+Y+e,: (1)
e=0

e=—4

Where i is a grid cell, t a time period and e the event study time (i.e. elapsed time since
treatment). AccessRate; , is the access rate to electricity of grid cell i at time t, D% a dummy
variable denoting the treatment status of grid cell i being e periods after or before treatment

1 This set of variables are selected as they are quite indicative of treatment and provide good matching
characteristics. For both population and NTL, we collapse the temporal dimension by taking the average before
treatment for treated cells, and the whole period for control cells.

42 https://github.com/chaisemartinPackages/did multiplegt dyn
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at time t. D& takes the value 1 when e >= 0 and the cell is treated. C; is a cell fixed effect, Y: a

year fixed effect and and €i:the error term. ﬁéag represents the Average Treatment on the
Treated (ATT) at period e after treatment, which is our coefficient of interest reported in the
following regression tables. All standard errors are clustered by default at the cell level, as
recommended by de Chaisemartin and d'Haultfceuille.

We provide estimates for projects financed by China and the World Bank, as well as a
heterogeneity analysis based on projects characteristics like the type of project (i.e.
production or distribution) or location (i.e. urban or rural). We also investigate the robustness
of our results by modifying the cell’s treatment status based on their distance to a project. We
provide in annex results where we removed the buffer zone of 2km around projects location,
considering as treated only cells intersecting with the geolocation of a project. We also
investigate the robustness of our estimates by using an alternative DiD estimator provided by
Callaway and Sant’Anna (2021). Callaway and Sant’Anna provide an alternative estimator to
de Chaisemartin and d'Haultfceuille for staggered difference-in-differences. It is a comparable
estimator as it allows to compute dynamic effects and is robust to effects heterogeneity. The
key difference between their approaches relies on how they handle heterogeneity, where
Callaway and Sant’Anna explicitly estimate effects by subsampling different cohorts using a
never-treated control group, whereas de Chaisemartin and d'Haultfceuille is based on the
notion of treatment effect decompositions and switching status ensuring that comparisons
are only made between groups that experience treatment at different times.

4.2 Results

Using the predicted electricity access data, we first assess the impact of energy infrastructure
projects financed by China. We estimate the effects for cells within a 2 km radius of project
sites compared to control cells as defined previously. Figure 11 and Table 7 present the
estimates from the dynamic difference-in-differences (DiD) for these these projects. The
analysis reveals a positive and significant impact on electricity access on treated cells, defined
as cells within the 2 km buffer area surrounding the project locations. The overall average of
the effect over the entire period (i.e., the first 8 years post-implementation) is approximately
an increase of 2 percentage points. Furthermore, the results show a continuous growth in the
effect over time, culminating at a 9 percentage-point increase eight years after
implementation. This sustained growth suggests that within treated cells, more households
gradually gain access to electricity due to the infrastructure deployed, with no evidence of a
plateau within the first eight years. This trend indicates that, while infrastructure is made
available, economic, social, or behavioral factors may influence the pace at which households
adopt electricity. The observed slow and steady increase in electricity access also implies that
measuring the socio-economic impacts of such projects may require a longer timeframe to
capture significant and measurable outcomes. We also notice that there is no significant effect
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during the first three years after commitment, which is in line with the average delay of three
years computed between commitment and completion year, corresponding to the building or
implementation phase of the project. When using completion year as treatment date, we then
notice no delay with a significant effect the first year after implementation (see Table A10 in
annex).

These findings highlight the capacity of Chinese energy projects to contribute meaningfully to
local electrification, particularly in areas directly surrounding the projects. However, the
average effect over eight years suggests a moderate impact, emphasizing the need for a
deeper understanding of the project types and technologies driving these outcomes.

Table 7: DiD estimates for Chinese projects

Estimate @ SE LB CI UB CI N Switchers
Effect_1 -0.00522 0.00121 -0.00759  -0.00285 11232 1071
Effect_2 0.00397 0.00157 0.00089 0.00705 9521 1067
Effect_3 -0.00299 0.00186 -0.00663  0.00064 8958 1067
Effect_4 0.00775 0.00258 0.00268 0.01281 7557 1063
Effect_5 0.02428 0.00311 0.01818 0.03038 6442 1052
Effect_6 0.0352 0.00325 0.02883 0.04157 5338 1038
Effect_7 0.0612 0.0045 0.05238 0.07001 3966 745
Effect_8 0.09362 0.00619 0.08147 0.10576 2654 508
Av_tot_eff 0.02088 0.00219 0.01658 0.02518 18847 7611

Figure 11: China projects DiD

DID, from last period before treatment changes (t=0) to t

Estimate

Relative time to last period before treatment changes (t=0}
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Results of the DiD analysis for World Bank-financed energy projects are presented in Figure
12 and Table 8. Due to the more restricted sample of World Bank projects, we are only able
to compute robust dynamic effects up to five years after commitment. We find a positive and
significant impact of these projects on electricity access, with the average effect over the first
five years estimated at 4 percentage points increase, which is twice magnitude observed for
Chinese-financed projects. The dynamics of the effect are broadly similar to those of Chinese
projects with a stagnation phase and then a sharp dynamic raise in access rate. We notice
however that World Bank projects begin to have a significant effect on the third year, which
is one period earlier than what is found on Chinese projects. In terms of magnitude, we also
notice that at 5 years after implementation World Bank projects yield an increase of 8
percentage points, against only +2 points for their Chinese counterparts.

Table 8: DiD estimates for World Bank GEMS projects

Estimate | SE LB CI UB CI N Switchers
Effect_1 0.01067  0.00653 -0.00212 0.02346 551 110
Effect_2 -0.00393 0.00793  -0.01947 0.0116 551 110
Effect_3 0.04794  0.00934 0.02964  0.06624 332 108
Effect_4 0.06334  0.01419 0.03553 0.09115 332 108
Effect_5 0.08472 0.0165 0.05239 0.11705 330 108
Av_tot_eff  0.04028  0.00929 0.02208  0.05847 1650 544

Figure 12: DiD estimates for World Bank GEMS projects

DID, from last period before treatment changes (t=0) to t

Estimate

-2 0 z 4
Relative time to last period before treatment changes (t=0)
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These findings suggest that World Bank projects may achieve a greater local impact in a
relative shorter time span. However, these results must be interpreted with caution, as they
are based on a relatively small sample of World Bank projects. Consequently, we cannot
ensure that this sample is representative of the entire World Bank portfolio of energy projects.

To verify the robustness of our results, we conducted additional checks using the alternative
estimator proposed by Callaway and Sant’Anna (2021). Results remain significant with similar
magnitudes of the effect and we find the similar dynamic (see annex tables A11 and A12). We
also check robustness of the results by removing the buffer zone used to consider the
treatment these variations yield consistent results with previous findings, confirming the
reliability of our estimates (see annex tables A8 and A9).

Results heterogeneity

The observed differences between Chinese and World Bank projects may be driven by
variations in context or project types and technological focus. For example, Chinese projects
include a substantial proportion of renewable power production initiatives, while in contrast
World Bank projects are mostly transmission and distribution initiatives, which may yield quite
different effects due to technological differences.

The heterogeneity analysis (tables and figures available in annex) further supports this
interpretation, showing that renewable energy projects financed by China drive the majority
of the observed positive impacts. For the World Bank, transmission projects account for most
of the positive effects. Both Chinese renewable energy projects and World Bank transmission
projects yield an increase of approximately 20 percentage points at their last estimable period,
which are respectively 8 years after commitment for Chinese projects and 5 years for World
Bank projects. However, the robustness of these findings is limited by the reduced sample
sizes in the heterogeneity analysis. Moreover, only transmission projects funded by the World
Bank show no significant pre-trend bias, allowing for a reliable causal interpretation.
Consequently, conclusions about other project types should be treated with caution.

Focusing on Chinese projects, we also examine the heterogeneity of results based on the
type of location treated, such as urban versus rural areas. The majority of projects are
located in rural areas (1,003 rural treated cells compared to 68 urban treated cells),
indicating a clear priority in financing infrastructure projects in rural regions. The measured
effects in rural areas are consistent with the overall sample estimates, which is expected
given their large representation in the sample. However, for projects located in urban areas,
the observed effects are not significant. Unfortunately, this finding is based on a very small
sample, as shown in Table 9 and Figure 13, resulting in large standard errors and no
statistically significant effects for urban areas.
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Table 9: DiD estimates for Chinese projects located in urban areas

Effect_1
Effect_2
Effect_3
Effect_4
Effect_5
Effect_6
Effect_7
Effect_8
Av_tot_eff

Estimate
0.00946
0.01023
0.01424
0.01804
0.02667
0.02746
0.01213
0.00024
0.01574

SE
0.00587
0.00792
0.01137
0.01305
0.0158
0.01948
0.02586
0.02621
0.0125

LB Cl

-0.00204
-0.00529
-0.00805
-0.00753
-0.00429
-0.01071
-0.03855
-0.05113
-0.00877

uB i

0.02096
0.02576
0.03653
0.04361
0.05762
0.06564
0.06281
0.05162
0.04025

Figure 13: DiD estimates for Chinese projects located in urban areas

0.025-

Estimate

DID, from last period before treatment changes (t=0) to t

Relative time to last period before treatment changes (t=0)

Table 10: DiD estimates for Chinese projects located in rural areas

Effect_1
Effect_2
Effect_3
Effect_4
Effect_5
Effect_6
Effect_7
Effect_8
Av_tot_eff

Estimate
-0.00624
0.0026
-0.00464
0.00566
0.02289
0.03453
0.064
0.09956
0.02032

SE

0.00128
0.00168
0.00196
0.00278
0.00333
0.00347
0.00478
0.00646
0.00235

LB Cl

-0.00875
-0.00069
-0.00848
0.00021
0.01636
0.02773
0.05464
0.08691
0.01571
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UB CI
-0.00373
0.00589
-8,00E-04

0.0111
0.02942
0.04133
0.07337
0.11221
0.02494

N

636
571
531
492
403
319
230
162
1212

9250
7811
7279
6122
5237
4363
3232
2163
16215

Switchers
68
68
68
68
63
51
29
28
443

Switchers
1003
999
999
997
986
973
692
471
7120



Figure 14: DiD estimates for Chinese projects located in rural areas

DID, from last period before treatment changes (t=0) to t

Estimate

7

R

Relative time to last period before treatment changes (t=0)

Cost-effectiveness analysis

To estimate the cost-effectiveness of energy projects financed by either China or the World
Bank, we compute the number of people gaining access to electricity living in respective
treated cells and then compare it to their respective investment amounts. Although those
estimates rely on a number of assumptions, it allows us to compare efficiency between the
two financiers. We consider the year 2022, which is the last year of our sample, and multiply
treated cells’ predicted access rates by cells’ population to retrieve the number of people with
access to electricity where projects were deployed*. Once population gaining access to
electricity thanks to projects are computed, we then divide the total of persons with access
by the total of respective investments to retrieve the cost per person of the infrastructure
projects**,

Maintaining the previously made assumption that the effect of each project is confined to cells
within a 2 km radius of the project site, Chinese-funded projects enabled approximately
746,000 people to gain access to electricity during the period 2013-2022. Based on the total
investment costs over this period, the cost per person is estimated at USD 26,429. Given the
observed dynamics of increasing electricity access over time for individual projects, this cost
estimate is likely to decrease in the long run as more households gain access until full
electrification is achieved within the treated areas.

43 We make here the assumption that people with access to electricity within a treated cell all benefited from
the implemented project. This assumption seems reasonable in rural areas but might be more debatable for
urban areas where electricity access might be less dependent of one given project.

4 Concerning investment amounts we rely on the assumption that overall, co-financing does not play a
different role between projects financed by China or the World Bank. If one of the two relies more heavily on
co-financing we are then underestimating the projects’ total cost.
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For World Bank-funded projects, we estimate that 76,193 people gained access to electricity
within treated cells during the same period, resulting in an investment cost of USD 14,043 per
person. These estimates suggest that World Bank projects demonstrate significantly higher
cost-effectiveness compared to Chinese-funded projects.

However, it is important to interpret these results with caution, as our analysis does not
encompass the full portfolio of World Bank-financed energy projects. Additionally, variations
in project types, scales, and implementation contexts could further influence these cost-
effectiveness estimates. Also, as we saw in the previous section, the effect of a project grows
over time, meaning that over the years more and more people gain access to electricity, which
reduces the cost per person in the long run®.

5. Discussion

While our model's performance is on par with existing studies using machine learning (ML)
and remote sensing data for wealth prediction, there is room for improvement. Our model
explains approximately 70% of the variability in electricity access, leaving 30% unexplained.
Such limitations are common in studies leveraging ML approaches with remote sensing data,
whether based on raw imagery or pre-processed inputs, as in this study. Prediction errors can
lead to imprecise assessments of electricity access trends, potentially skewing policy
conclusions about access improvements and disparities.

A critical area for enhancement lies in improving the precision of spatial data used for model
training. Current practices by major survey organizations often involve anonymizing spatial
data to protect respondent privacy, which introduces significant challenges for finely resolved
geospatial analysis. For example, the random displacement of survey cluster locations, up to
2.5 kilometers in urban areas and 5 kilometers in rural areas (Burgert et al., 2013), reduces the
reliability of location-based analyses. This issue is particularly pronounced in rural zones,
where precise geolocation could enable smaller grid cells and better capture the relationship
between household survey data and remote sensing inputs. Addressing this limitation could
lead to improved model accuracy, especially in remote and sparsely populated areas.

In evaluating the impact of energy projects financed by the Chinese government and the
World Bank, our results demonstrate that we see a significant increase in electricity access in
areas surrounding project installations. This highlights the potential of leveraging ML and
remote sensing for systematic and scalable project evaluation. If geospatial data on project
locations were consistently recorded, this approach could enable standardized evaluations of

45 0On average Chinese projects were committed in 2013 and completed in 2017, while World Bank projects
were committed in 2017.
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development interventions at a relatively low cost and enable a more systematic tracking of
cost-effectiveness analysis.

However, a notable limitation of our empirical analysis is the restricted representation of
World Bank projects in the sample. This limits the generalizability of our findings regarding the
comparative impact of Chinese versus World Bank-funded projects. Despite this, our results
suggest that the impact on electricity access per dollar spent may be higher for World Bank-
funded projects, if we make the assumption our sample is representative of the whole
portfolio. Further research with larger and more diverse datasets is needed to validate this
observation and better understand the factors driving differences in project outcomes.

The study predominantly focuses on Chinese-financed projects due to the relative availability
of geolocation data for these interventions. Unfortunately, most Development Finance
Institutions (DFIs) do not systematically provide geolocated data for their projects,
significantly constraining the scope of research. This limitation may lead to conservative
impact estimates, as some grid cells classified as "controls" may, in fact, have been influenced
by other energy projects outside the scope of this study and other potential unobserved
confounders and data limitations remain to be considered. While averaging results across
many projects reduces the bias caused by misclassified control cells, such misclassification
could distort conclusions in difference-in-differences analyses, particularly when focusing on
a small number of projects.

The systematic use of geospatial data by DFIs could significantly enhance project monitoring
and evaluation tasks. Remote sensing and geolocated survey data provide a cost-effective
foundation for assessing development interventions, allowing organizations to leverage
existing data to implement rigorous impact evaluations. A coordinated effort to integrate
geospatial data into project reporting and evaluation frameworks could lead to a more data-
driven, transparent, and standardized approach to understanding the effectiveness of energy
and other development projects.

In addition to improving geospatial data availability and precision, future research should
explore incorporating additional data sources, such as near real-time satellite imagery, socio-
economic indicators, and crowdsourced data, to capture more nuanced drivers of electricity
access. Developing more ML models that can account for temporal dynamics and causal
relationships could also improve the understanding of electrification trends and policy
impacts. Furthermore, expanding this approach to evaluate other development sectors, such
as health, education, and water access, could enhance the broader application of ML and
remote sensing in global development research. Finally, applying these methods in other
regions beyond Africa would test the robustness and scalability of the approach, contributing
to the global agenda for achieving equitable and sustainable development outcomes.
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6. Conclusion

This study demonstrates that electricity access rates can be predicted at the local level with
good confidence, achieving performance comparable to the standards in the literature on
wealth, while employing a less resource-intensive approach. By utilizing Random Forest
models with pre-processed data rather than raw satellite imagery, we achieve results
equivalent to advanced computer vision models, but with significantly reduced computational
and data processing demands. Our approach also addresses a critical limitation of methods
relying on raw imagery, which is to relieve the constraints of working with cross-sectional data,
due to the complexity, size, and cost associated with processing high-resolution images across
time, by being able to produce multi-year predictions.

We advance the literature by generating electricity access predictions for multiple years and
across the whole African continent without particular downward or upward biases as it was
observed in other large-scale mapping efforts, such as those by Falchetta et al. (2019) or
Dhorne et al (2021). Our model achieves precise predictions of electricity access levels at a
granular scale (7 x 7 km) and fills critical data gaps for un-surveyed areas, particularly in rural
regions representing the largest share of population living in Africa. These predictions enable
the creation of comprehensive electricity access maps, which can be aggregated to larger
spatial scales, such as administrative units, providing actionable insights for policymakers and
planners.

Finally, we illustrate the utility of our predicted electricity access data in evaluating the
impacts of energy infrastructure projects. Our analysis reveals that energy projects financed
by China and the World Bank have positive and significant measurable impacts on electricity
access at the local level with a dynamic growing effect over time. Specifically, Chinese-
financed projects increase electricity access by around +2 percentage points in treated cells
after five years of commitment, reaching up to +9 points after eight years. On the other hand,
World Bank-financed projects demonstrate a higher average increase of +8 percentage points
after only five years, although these findings should be interpreted cautiously due to the
limited sample size of World Bank projects. These effects are averages across the energy
sector and encompass varying outcomes depending on the technology, type or location of the
projects.

Despite the promising results, this study has several limitations. The model relies heavily on
the availability and quality of survey, which may vary significantly across countries and
regions. The limited spatial and temporal resolution of the input data might also lead to
oversights in areas where electrification processes occur rapidly or at finer scales.
Furthermore, while we demonstrate the utility of our data for impact evaluation, the
heterogeneity in project types and technologies warrants more granular analysis to better
understand potential variations in outcomes.
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In conclusion, our study highlights the potential of machine learning models to bridge critical
data gaps in electricity access. This approach offers significant advantages for infrastructure
planning and impact evaluation, particularly in underserved rural areas, and provides a
foundation for future research and policy interventions in the energy sector. Research could
also extend the evaluation of infrastructure impacts to include socio-economic outcomes,
such as education, health, and income improvements, providing a more holistic assessment
of electrification projects. Finally, applying similar methodologies to other regions beyond
Africa could test the robustness and scalability of the approach, contributing to the global
agenda for universal electricity access.
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Annexes

Figure Al: DHS clusters location
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Table Al: Chinese location projects by recipient countries

Country

Number of locations

Angola

Botswana
Burundi

Cabo Verde
Cameroon

Chad

Comoros

Congo

Cote d'lvoire
Democratic Republic of the Congo
Egypt

Equatorial Guinea
Eritrea

Ethiopia

Gabon

Ghana

Guinea

Kenya

Lesotho

Malawi

Mali

Mauritius
Morocco

Nigeria

Sao Tome and Principe
Senegal

Sierra Leone
South Africa
South Sudan
Sudan

Togo

Tunisia

Uganda

West Bank and Gaza Strip
Zambia
Zimbabwe

R 0 WL NN DNNWNDNPREPE

1

B R R R WERE SRR NNRWRRNDdDOODWW

=
= W

Total

108
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Table A2: World Bank location projects by recipient countries

Number of
Country locations
Federal Democratic Republic of
Ethiopia 1
Republic of Cote d'lvoire 62
Republic of Kenya 28
Total 91
Table A3: Temporal distribution of energy projects
China World
Bank
Year Projects Projects Projects
commited completed commited
2013 17 6
2014 10 17
2015 9 18 1
2016 9 15
2017 8 17 2
2018 3 11
2019 3 11
2021 2 4 1
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Table A4: DiD estimates for Chinese projects on power production projects based on

renewables.

Effect_1
Effect_2
Effect_3
Effect_4
Effect_5
Effect_6
Effect_7
Effect_8
Av_tot_eff

Estimate
-0.00632
-0.00233
-0.01239
0.03721
0.04792
0.10109
0.15663
0.19334
0.05802

Estimate

SE
0.0035
0.00359
0.00478
0.00807
0.01044
0.0118
0.01394
0.01648
0.00688

DID, from last period before treatment changes (t=0) to t

Relative time to last pericd before treatment changes (t=0)

LB CI

-0.01318
-0.00937
-0.02176
0.02139
0.02746
0.07796
0.12932
0.16104
0.04453

156

UB CI N
0.00054
0.00471
-0.00301
0.05303
0.06838
0.12423
0.18395
0.22564
0.07151

1394
1350
1315
1130
940
761
599
433
2696

Switchers
156

156

156

152

141

133

131

121

1146



Table A5: DiD estimates for Chinese projects on transmission and distribution projects

Estimate SE LB CI UB CI N
Effect_1 -0.0052 0.00175 -0.00862  -0.00178 3147
Effect_2 0.00016  0.00216  -0.00407  0.00438 3092
Effect_3 -0.01003 0.00217  -0.01428 -0.00578 2814
Effect_4 0.00626  0.00324 -9,00E-05 0.01261 2536
Effect_5 0.01094  0.00361 0.00386  0.01802 2536
Effect_6 0.01253 0.00335 0.00596  0.01911 2536
Effect_7 0.04844  0.0054 0.03787  0.05902 1624
Effect_8 0.06665 0.0055 0.05588  0.07742 1624
Av_tot_eff 0.01113 0.00256  0.0061 0.01616 11111

DID, from last period before treatment changes (t=0) to t

Estimate

N

Relative time to last period before treatment changes (t=0)

157

Switchers
634

634

634

634

634

634

356

356

4516



Table A6: DiD estimates of Wold Bank projects on power production based on renewables

Estimate SE LB CI UB CI N Switchers
Effect_1 0.02637  0.00534  0.01591 0.03684 173 57
Effect_2 0.00651 0.00718  -0.00756  0.02057 173 57
Effect_3 -0.01877  0.00639 -0.0313 -0.00625 114 55
Effect_4 -0.03272  0.01385 -0.05986  -0.00558 114 55
Effect_5 -0.02832  0.01478  -0.05729  0.00065 112 55
Av_tot_eff -0.00902 0.00869 -0.02604  0.00801 629 279

DID, from last period before treatment changes (t=0) to t

Estimate

-2 0 2 4
Relative time to last period before treatment changes (t=0)
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Table A7: DiD estimates of World Bans projects on transmission and distribution

Effect_1
Effect_2
Effect_3
Effect_4
Effect_5
Av_tot_eff

Estimate
-0.00674
-0.0155
0.11669
0.16286
0.20158
0.09178

E stimate

SE

0.01226
0.01438
0.01342
0.01861
0.02171
0.01429

LB CI

-0.03076
-0.04369
0.09039
0.12638
0.15904
0.06376

UB CI N
0.01729
0.01268
0.14299
0.19934
0.24413
0.1198

211
211
159
159
159
740

DID, from last period before treatment changes (=0} to t

-2

i 2
Relative time to last peried before treatment changes (=0}

4

Table A8: DiD estimates of Chinese projects without 2km buffer zone

Effect_1
Effect 2
Effect_3
Effect_4
Effect 5
Effect_6
Effect_7
Effect_8
Av_tot_eff

Estimate
-0.00514
0.00375
-0.0051
0.0063
0.0192
0.03467
0.06021
0.09588
0.0192

SE
0.00154
0.00193
0.00224
0.003
0.00353
0.00367
0.00539
0.00757
0.00252

LB Cl
-0.00816
-3,00E-05
-0.00948
0.00043
0.01228
0.02748
0.04965
0.08104
0.01426

159

UB Cl N
-0.00212
0.00753
-0.00071
0.01217
0.02612
0.04187
0.07077
0.11071
0.02415

10406
8889
8497
7174
6081
4994
3686
2471

15845

Switchers
53

53

53

53

53

265

Switchers

720
719
719
716
710
704
471
328
5087



Table A9: DiD estimates of World Bank projects without 2km buffer zone

Estimate | SE LB CI UB Cl N Switchers
Effect_1 0.0059 0.00722 -0.00824  0.02005 444 57
Effect_2 -0.00898  0.009 -0.02662  0.00866 444 57
Effect_3 0.04824 0.0102 0.02825 0.06823 278 56
Effect_4 0.06235 0.01599 0.03101 0.09369 278 56
Effect_5 0.08251 0.01934 0.04461 0.12042 277 56
Av_tot_eff 0.03772 0.00985 0.01843 0.05702 1278 282

Table A10: DiD estimates of Chinese projects when using completion date as treatment date.

Estimate SE LB CI UB CI N Switchers
Effect_1 0.01439 0.00163 0.0112 0.01759 14130 1070
Effect_2 0.01674 0.00214 0.01255 0.02093 12016 1067
Effect_3 0.02325 0.0027 0.01795 0.02854 9984 1056
Effect_4 0.0461 0.00344 0.03935 0.05284 7972 1050
Effect_5 0.05463 0.0042 0.04639 0.06287 6467 958
Av_tot_eff 0.03048 0.0025 0.02558 0.03539 18261 5201

Note: Due to the fact we are using completion date we are only able to compute dynamics effects up to 5
periods after TO.

DID, from last period before treatment changes (t=0) to t

Estimate

-2 0 2 4
Relative time to last period before treatment changes (t=0)
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Table A11: DiD estimates of Chinese projects with Callaway and Sant’Anna estimator

event_time estimate std_error conf_low conf_high N

0 0.002 0.0012 -4,00E-04 0.0044

1 -0.0022 0.002 -0.0061 0.0016

2 0.0079  0.0028 0.0024 0.0134

3 0.0027 0.0036 -0.0043 0.0098

4 -0.0091 0.0038 -0.0164 -0.0017

5 0.0121  0.0046 0.0032 0.0211

6 0.036 0.0047 0.0267 0.0453

7 0.0437  0.0058 0.0324 0.0551
Post-Treatment 1551
Avg 0.0117  0.0031 0.0056 0.0178

Note: due to methodological differences in notation between de Chaisemartin and d'Haultfceuille (dCdH) and
Callaway and Sant’Anna (CS) event time 0O correspond to different periods, respectively the year before
implementation (i.e. reference year for the estimates) for the former and year of implementation for the latter.
We therefore display effects from 0 to 7 for CS estimates, which corresponds to effects from 1 to 8 showed in
dCdH.

0.06
0.04
0.02-
R e T e e e iEEEnEETTT EETET SEEE BT
0.02-
3 2 -1 0 1 2 3 4 5 g 7
Pre Post
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Table A12: DiD estimates of World Bank projects with Callaway and Sant’Anna estimator

event_time

Post-Treatment

Avg

H W N = O

estimate
0.0118
-0.0024
0.0488
0.065
0.0847
0.0416

std_error

0.0065
0.0076
0.0094
0.014

0.0161
0.0095

conf_low

conf_high N

-9,00E-04 0.0246

-0.0172
0.0303
0.0375
0.0532
0.0231

0.0124
0.0673
0.0925
0.1163
0.0601

220

Note: due to methodological differences in notation between de Chaisemartin and d'Haultfceuille (dCdH) and
Callaway and Sant’Anna (CS) event time O correspond to different periods, respectively the year before
implementation (i.e. reference year for the estimates) for the former and year of implementation for the latter.

We therefore display effects from 0 to 4 for CS estimates, which corresponds to effects from 1 to 5 showed in

dCdH.

012

0.08 1

0.041

0.001

Pre
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General conclusion

Access to electricity is widely recognized as a cornerstone of economic and social
development and underpins modern economies by enabling productivity, fostering
innovation, and improving living standards. Despite its importance, electricity access remains
unevenly distributed, particularly in developing regions where infrastructure constraints and
financial limitations hinder progress. This thesis has explored the multifaceted challenges
and opportunities associated with electrification, with a particular focus on the role of mini-
grids, multiservice energy platforms, and large-scale energy infrastructure projects.

The objective of this thesis was twofold: first, to assess the impact of different electrification
models on economic and social outcomes, and second, to develop new analytical approaches
to measure and evaluate electricity access more accurately. To achieve this, the thesis
combined causal inference methods, randomized controlled trials (RCTs), and machine
learning techniques, providing a comprehensive framework for understanding the
effectiveness of electrification interventions.

The first essay examined the causal impact of mini-grid electrification on local economies,
highlighting its potential to foster income-generating activities and improve social indicators.
The second essay presented experimental evidence from an RCT evaluating multiservice
energy platforms, shedding light on how access to multiple energy services can enhance
household welfare and entrepreneurship. The final essay leveraged machine learning and
remote sensing to predict electricity access at a granular level and evaluate the effectiveness
of Chinese and World Bank-funded electrification projects in Africa. Together, these studies
offer new insights into the determinants of electricity adoption, the effectiveness of different
electrification strategies, and the role of data-driven methodologies in policy evaluation. As
we turn to the general conclusions of this work, we synthesize the key findings from each
essay, draw policy implications, and identify promising avenues for future research in the field
of development economics and electrification.

1. Synthesis of Main Findings

1.1 Impact of Mini-Grids on Economic and Social Development (Chapter 1)

The first essay of this thesis investigates the causal effect of mini-grid electrification,
addressing a crucial question in the electrification debate: To what extent do mini-grids
contribute to improving electricity access and generating meaningful impacts for local
communities? Through a robust empirical approach, the study provides causal estimates of
mini-grid dynamic effects, offering new insights into the role of decentralized energy
solutions.

A key finding is that mini-grids have a significant impact on increasing electricity access in rural
and underserved areas. By providing a stable and localized power source, mini-grids
successfully bridge the gap for communities where the extension of the national grid remains
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financially or technically unfeasible. This is particularly relevant for remote areas, where mini-
grids serve as a cost-effective alternative to centralized electricity infrastructure.

The analysis also highlights the heterogeneity of mini-grid impacts, showing that their
effectiveness depends on several project characteristics and reliability. The study underscores
that while mini-grids can significantly enhance electricity access rates, their long-term
sustainability depends on both technical and economic viability. One of the key challenges
identified is the reliability of mini-grid projects. We found that around half of the projects
evaluated seem to have some failure during the evaluation period, which severely impact
negatively the overall results.

From a policy standpoint, these findings suggest that mini-grids can play a crucial role in
achieving universal electricity access, particularly in rural areas, but their implementation
must be carefully designed to align with local energy needs and financial constraints, while
addressing reliability concerns.

In conclusion, this study provides clear causal evidence that mini-grids are an effective tool for
improving electricity access, especially in off-grid and rural areas. However, the findings also
emphasize that their sustainability remains a challenge, requiring further consideration of
demand-side constraints, financial viability, technical reliability and integration with broader
electrification initiatives.

1.2 Lessons from an RCT on Multiservice Energy Platforms (Chapter 2)

The second essay of this thesis evaluates the impact of multiservice energy platforms through
a randomized controlled trial (RCT), focusing on the Café Lumiére projects initiative. These
platforms go beyond conventional electrification by providing multiple energy services. This
study offers a unique experimental assessment of how bundled energy services influence
household behaviors, economic activity, and broader development outcomes.

A key finding of the study is that access to a multiservice energy platform significantly
increases electricity consumption and the uptake of energy-dependent services. Households
and businesses located near Café Lumiere sites make extensive use of the available energy
services, suggesting that demand for electricity is not only constrained by access but also by
the availability of productive and convenient applications. Electricity access therefore seem to
drive economic activity and may increase households’” wealth, however positive impacts on
education, health and public safety are quite limited. The only social positive impact seems to
be the improved quality of services provided by healthcare centers.

From a policy perspective, these results highlight the potential of multiservice energy
platforms as a viable electrification strategy, particularly in areas where traditional grid
extension deployment remains challenging. However, policymakers and project developers
should manage expectations with results related to some social aspects as we find almost no
significant effect on such topics.

In summary, the findings from this RCT suggest that bundling electricity with complementary
services enhances adoption and economic impact. Future electrification strategies should
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consider how to leverage multiservice energy platforms as part of a broader effort to improve
access to both energy and digital infrastructure.

1.3 Machine Learning for Predicting Electricity Access and Evaluating Infrastructure Projects
(Chapter 3)

The third essay of this thesis investigates the impact of energy infrastructure projects in
Africa, focusing on those financed by China and the World Bank. To overcome the limitations
of survey-based data on electricity access, the study develops a machine learning (ML)
model trained on remote sensing and geospatial data to generate subnational annual
electricity access estimates. These estimates are then used to evaluate the effectiveness of
electrification projects using a difference-in-differences (DiD) approach.

A key finding of the study is that electrification projects have a positive and statistically
significant impact on electricity access, with effects that increase over time. Treated areas
experience an increase in electricity access and the results show that the adoption of
electricity in project areas follows a slow but steady trajectory, with continued increases
observed up to eight years after project implementation.

The study also finds notable differences between Chinese-financed and World Bank-financed
projects. World Bank projects tend to generate higher short-term increases in electricity
access, while Chinese projects show a more moderate adoption pattern, with a lower but
steady impact over time. These differences may be influenced by project type,
implementation strategies, or financing structures, though further research is needed to
establish causal explanations.

From a policy perspective, these results highlight the potential of machine learning as a tool
for tracking electricity access and evaluating infrastructure projects. The findings also
suggest that both Chinese and World Bank energy projects contribute positively to
electrification efforts, but their effectiveness varies in terms of speed and magnitude of
impact. Future energy policies should consider the long-term dynamics of electricity
adoption and explore ways to accelerate access while ensuring sustainability.

In conclusion, the study demonstrates that electrification projects contribute meaningfully
to electricity access expansion, though with varying effects depending on the financer. The
findings emphasize the need for long-term monitoring of electrification projects and further
research into the contextual factors influencing project effectiveness.

2. Implications for Policy and Development Strategies

The research findings outlined in this thesis have significant implications for policymakers and
stakeholders involved in the electrification and broader development sectors.

Context-specific Electrification Strategies: The evidence presented strongly suggests that no
single electrification model universally fits all contexts. Mini-grids emerge as particularly
effective in rural, isolated, or economically disadvantaged communities where extending the
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national grid is neither feasible nor economically viable. Policymakers should adopt flexible,
context-sensitive strategies, considering local geographic conditions, community energy
needs, population density, and economic factors when choosing between decentralized mini-
grids and centralized grid extensions. Given the observed reliability challenges, policymakers
and project planners must prioritize the technical and financial sustainability of mini-grids.
Policies should support robust standards and regular maintenance protocols, alongside
financial frameworks that ensure long-term operational viability, possibly through public-
private partnerships, subsidies for initial infrastructure investments, or innovative
microfinancing models for rural energy providers.

Sustainable Project Design and Reliability: Ensuring rigorous technical and reliability
standards across all electrification initiatives is critical. Policymakers should mandate regular
monitoring and maintenance frameworks, alongside financial sustainability measures,
including community-based management and public-private partnerships, as standard
components of project implementation.

The Limited but Complementary Role of Multiservice Platforms: Multiservice energy
platforms demonstrate that bundling energy services can significantly boost economic
activities and energy consumption. However, given the limited observed impacts on broader
social outcomes such as education or safety, policymakers should view these platforms as
complementary or as a first step towards electrification rather than primary electrification
solutions.

Encouraging Productive Uses of Electricity: Policies should incorporate targeted incentives
and training programs aimed at promoting productive electricity use. Initiatives focusing on
agriculture, small businesses, healthcare, and education can accelerate adoption rates and
amplify economic and social returns from electrification investments.

Leveraging Machine Learning and Geospatial Analysis: The use of machine learning and
remote sensing data presents substantial opportunities for revolutionizing electrification
project planning, monitoring, and evaluation. These approaches overcome critical data
limitations, offering policymakers and international donors an accurate, timely, and granular
view of electricity access dynamics. Adoption of these methods can significantly enhance
targeting efficiency, reducing resource wastage and improving project outcomes.
Policymakers should therefore encourage investments in capacity building and data
infrastructure to integrate ML-driven analytics into routine electrification monitoring systems.

Financing Models and Donor Strategies: Comparative Insights: Comparing electrification
projects financed by China and the World Bank reveals notable differences in effectiveness
and adoption trajectories. The evidence tends to indicate that the World Bank's financing
strategy yields quicker and higher short-term impacts, potentially due to its integrated project
design emphasizing transmission and distribution. Policymakers, co-investors and
development practitioners should recognize the strategic implications of these financing
approaches, carefully selecting funding models based on project timelines, expected speed of
adoption, and desired magnitude of impact. Additionally, ensuring transparency and rigorous
impact evaluation should be foundational to both donor strategies.
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Addressing Challenges of Long-term Adoption and Sustainability: A key insight from this
thesis is the need for sustained focus on the long-term adoption of electricity due to the quite
slow and steady nature of the electricity adoption. Initial infrastructure deployment alone
does not guarantee immediate, widespread use. Effective adoption often involves broader
economic transformations, behavioral changes, and supporting complementary services.
Policymakers must consider ongoing strategies to stimulate electricity use, such as subsidies
for productive electricity uses, training in electricity-based entrepreneurship, and public-
awareness campaigns, thus maximizing infrastructure investments and ensuring sustainable
energy transitions.

Overall, these policy insights stress the importance of nuanced, evidence-based electrification
approaches, harnessing technological innovations such as machine learning and geospatial
analytics, while strategically leveraging various financing and infrastructure deployment
models to achieve equitable, sustainable, and impactful electrification outcomes.

3. Limitations and Avenues for Future Research

While this thesis provides valuable insights into electrification and its impacts, several
limitations must be acknowledged. These limitations highlight the need for further research
to refine methodologies, expand datasets, and deepen our understanding of the long-term
effects of electricity access.

Data Limitations and Challenges: A major limitation in evaluating electrification efforts is the
availability and granularity of data. While remote sensing and machine learning help address
some of these gaps, they are not without limitations, particularly in capturing household-level
access and usage patterns. A critical data limitation is the absence of geolocation for many
electrification projects, which significantly hinders impact evaluation efforts. Without precise
spatial data on where projects are implemented, it becomes challenging to define treatment
and control groups in causal analysis, limiting the ability to assess the effectiveness of
investments. Many development finance institutions, including multilateral banks and
national governments, do not systematically disclose geolocated project data, creating
significant barriers to transparent and rigorous evaluation. Future efforts should advocate for
a more systematic geospatial reporting for all energy infrastructure projects, which can serve
development study research but also local countries administrations in their data collection
and infrastructure mapping efforts.

Challenges in Causal Inference and Unobserved Factors: Causal inference in electrification
studies remains challenging due to unobserved heterogeneity and confounding factors that
may bias results. Although experimental and quasi-experimental methods were employed in
this research, they rely on assumptions that may not always hold in real-world contexts. For
instance, while difference-in-differences and matching techniques help mitigate bias, they
cannot fully account for unobserved variables such as local governance quality, informal
energy sources, or pre-existing economic conditions that may influence electricity access and
adoption.
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Long-Term Socio-Economic Impacts of Electrification: The long-term effects of electricity
access on broader socio-economic outcomes remain an open area for future research. While
this thesis demonstrates significant economic benefits from electrification, the persistence
and depth of these effects, particularly in health, education, and social inclusion, require
further investigation. Future studies should adopt longitudinal approaches, tracking
households, businesses, and communities over extended periods to assess how electricity
access influences income growth, educational attainment, healthcare quality, and migration
patterns. Additionally, research should explore how electrification interacts with digitalization
and automation trends, particularly in rural areas, to ensure that new technologies do not
exacerbate inequalities but rather contribute to inclusive development.

Refinements in ML-Based Predictive Models for Electricity Access: While machine learning
and remote sensing have proven valuable in estimating electricity access at a granular level,
further refinements are necessary to enhance accuracy and applicability. Current models rely
on publicly available remote sensing data and survey sources, but their predictive power could
be improved by integrating higher-resolution satellite imagery, survey data with true location
(i.e., not noised locations), real-time grid monitoring data, and mobile network usage patterns.
Future advancements should focus on deep learning techniques, multi-source data fusion, and
real-time updating mechanisms to improve the precision and reliability of electricity access
estimates.

Comparative Studies on Financing Models and Electrification Pathways: This thesis highlights
key differences in electrification impacts between Chinese-financed and World Bank-financed
projects, yet broader comparative studies on financing models remain limited. Variations in
investment structures, project governance, and technology deployment strategies across
different financiers may have significant implications for project effectiveness. Future
research should conduct comparative case studies on the cost-effectiveness, implementation
speed, and socio-economic impacts of different financing models, including public-private
partnerships, concessional loans, and community-based electrification schemes.
Understanding how financing mechanisms influence sustainability, affordability, and adoption
rates will be crucial for designing effective energy policies tailored to different national and
regional contexts.

Final Thoughts on Research Directions: Addressing these limitations and advancing future
research along these dimensions will enhance the understanding of electrification's role in
economic development. The insights gained from this thesis provide a strong foundation for
these future research avenues, emphasizing the need for interdisciplinary approaches that
bridge energy economics, policy analysis, and technological innovations. Moving forward,
electrification research should continue evolving alongside global development challenges,
ensuring that electricity access serves as a true catalyst for inclusive and sustainable progress.
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4. Final Remarks

Electricity access remains a fundamental pillar of economic and social development, yet its
effectiveness depends on the mode of implementation, sustainability, and integration with
broader development strategies. This thesis underscores the need for a comprehensive
approach to electrification, combining mini-grids, large-scale infrastructure projects, and
emerging technologies like machine learning to enhance impact assessment and project
efficiency. While electrification initiatives generate clear economic benefits, their long-term
success hinges on reliable infrastructure, productive energy use, and adaptive financing
mechanisms tailored to local contexts. Data-driven policymaking, leveraging satellite imagery,
remote sensing, and machine learning, offers new opportunities for improving electrification
strategies by enhancing monitoring and evaluation. Ultimately, achieving universal electricity
access requires collaborative efforts from governments, donors, and private actors,
integrating rigorous evaluation techniques with innovative deployment models to ensure that
electrification translates into sustained development and poverty reduction.
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