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 Abstract 
 
This thesis investigates the extent to which World Bank and Chinese foreign aid causally 
influence neighborhood-level wealth trajectories in Africa, and how these effects vary 
significantly by sector and donor. The thesis confronts key evaluation challenges, particularly 
the scarcity of granular longitudinal outcome data, by employing a Difference-in-Differences 
(DiD) framework on a balanced panel. The study links high-precision geocoded aid projects 
from AidData to novel, satellite-derived International Wealth Index (IWI) estimates (Pettersson 
et al., 2023). Methodologically, it moves beyond conventional Two-Way Fixed Effects (TWFE) 
models by also using de Chaisemartin & d’Haultfoeuille (dCdH) DiD estimator to correct for 
known biases introduced by staggered treatment timing and effect heterogeneity. 
 
A central finding is that widespread violations of the parallel trends assumption are not merely a 
methodological challenge but reveal a substantive insight: aid is systematically targeted toward 
areas already experiencing economic decline. This inherent bias renders conventional TWFE 
estimates unreliable, as they conflate this targeting with treatment effects, showing large 
spurious gains for some Chinese projects. In contrast, the dCdH estimates reveal a divergent 
and complex landscape of aid effectiveness. World Bank interventions, for example, yield 
significant and persistent positive impacts in social sectors like Health and Education, yet 
simultaneously show negative effects in others, such as Agriculture. Chinese aid’s strongest 
positive gains are concentrated in specific infrastructure sectors, including Water Supply and 
Sanitation and Other Social Infrastructure. The thesis concludes that aid effectiveness is 
profoundly sectoral and donor-specific and that robust causal estimators are methodologically 
essential for accurately leveraging modern, high-resolution panel data to understand 
development aid. 
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1. Introduction 
Persistent poverty is a challenge facing parts of Africa. The complexity of this issue is 
compounded by the existence of poverty traps, here refered as self-reinforcing mechanisms 
that entrench deprivation and prevent individuals and communities from escaping poverty 
through their own efforts (Sachs et al., 2004; Janz et al., 2022). These traps can be driven by a 
confluence of factors including geographic isolation, institutional weakness, and structural 
disadvantage, create a cycle where present poverty significantly increases the likelihood of 
future impoverishment. In response, foreign aid has long been one instrument of international 
policy, intended to break these cycles by injecting capital, technology, and expertise into 
struggling economies. The effectiveness of such interventions remains a subject of academic 
and policy debate, with outcomes varying depending on donor strategies, local contexts, and 
the methodologies used to measure impact (Fuchs & Öhler, 2021; Gehring et al., 2022). 
 
This debate has been further complicated by the evolving landscape of aid development, 
particularly with the emergence of China as a major donor alongside the World Bank. These 
two actors represent different approaches to aid development assistance. The World Bank has 
historically operated within a framework emphasizing institutional reform, conditionalities, 
and a focus on social sectors such as health and education (Bluhm et al., 2018). Chinese aid on 
the other hand is characterized by a principle of non-interference, a focus on infrastructure and 
production oriented sectors, and a model of "South-South cooperation" that blends aid with 
commercial and strategic interests (Dreher et al., 2022). While both donors aim to foster 
economic growth, their divergent philosophies and allocation patterns raise questions about 
their relative capacity to address the localized, granular dynamics of poverty traps. A challenge 
in evaluating these differing impacts has been the reliance on national-level data or imprecise 
within-nation proxy data like nightlights (Jean et al., 2016) , which can mask subnational 
variations and fail to capture how aid projects affect the specific communities they are intended 
to serve (Öhler et al., 2019). 
 
Methodologies such as machine learning and remote sensing have created opportunities to 
overcome these methodological limitations. The growing availability of high-resolution 
satellite imagery, combined with computational techniques, allows for the consistent and 
scalable measurement of economic well-being at a highly localized, neighborhood level across 
both space and time (Jerzak et al., 2023). By training algorithms to associate features in 
satellite imagery with ground-truthed survey data on household wealth, researchers can 
generate granular estimates of economic conditions for areas previously unobserved, offering 
an unprecedented view of development dynamics (Pettersson et al., 2023). Previous work (see 
Conlin et al., 2025) used these wealth estimates in a repeated cross-sectional framework, 
enabling sectoral comparisons across time but not causal identification of neighborhood-level 
trajectories. Because those analyses did not aim for temporal linkages for the same units, causal 
inference was necessarily limited to average associations. This thesis advances beyond that 
approach by applying a difference-in-differences design and using a longitudinal panel of 
neighborhoods. This enables the estimation  of causal effects of World Bank and Chinese aid 
interventions on localized wealth change over time, rather than static cross-sectional 
differences. 
 
This methodological shift makes it possible to move beyond national averages and investigate 
the causal effects of aid interventions with greater precision. This thesis leverages these 
innovations to address the following research question:  
 
To what extent do World Bank and Chinese aid projects causally influence neighborhood-level 
wealth trajectories across African countries, and how do effects vary by sector and donor? 
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To this end, the aim of this thesis is to empirically assess and compare the causal effects of 
World Bank and Chinese development aid on localized poverty dynamics across countries in 
Africa. By moving the unit of analysis to the neighborhood level, this research seeks to 
determine whether and under what conditions these distinct models of foreign assistance 
contribute to tangible improvements in household wealth. The thesis is grounded in the 
literature on aid variation and effectiveness, which show the different institutional logics of the 
World Bank's focus on poverty metrics and governance and China's strategy of state-led 
investment and non-interference (Dreher et al., 2019; Hernandez, 2017). It connects this 
debate to the concept of poverty traps, investigating whether aid interventions are capable of 
disrupting the localized, self-reinforcing cycles of deprivation that manifest in both rural and 
urban contexts (Janz et al., 2022; Barrett & Swallow, 2006). The contribution lies in providing 
a granular and quantitative evaluation of these dynamics, offering empirical evidence on which 
types of aid, delivered by which actors, are most associated with positive wealth trajectories at 
the subnational level. 
 
To achieve this, the study uses a panel dataset structured around the geocoded locations of 
Demographic and Health Survey (DHS) clusters, which serve as consistent neighborhood units 
across 35 African nations, observed over four consecutive three-year periods between 2002 
and 2013. This dataset integrates two key data sources: high-precision geocoded records of 
World Bank and Chinese aid projects initiated during this period from AidData (see more 
under Data and Methods chapter), and temporally consistent, neighborhood-level wealth 
estimates derived from satellite imagery using the machine learning models developed by 
Pettersson et al. (2023). The methodological approach employs a Difference-in-Differences 
(hereafter, DiD) framework to estimate the causal impact of aid exposure. To ensure 
robustness in the context of staggered project implementation and potential treatment-effect 
heterogeneity, the analysis utilizes both a traditional Two-Way Fixed Effects (TWFE) event-
study model and a bias-corrected estimator proposed  by de Chaisemartin and D'Haultfœuille 
(2020) (from here on, dCdH estimator). The TWFE model provides a baseline for 
comparability and diagnostic purposes, while the dCdH estimator addresses potential 
weighting biases inherent in TWFE under heterogeneous treatment effects (ibid). 
 
The findings show a heterogeneous landscape of aid effectiveness. One insight is that the 
impact of foreign aid on local wealth is not uniform but varies by both donor and sector. The 
results demonstrate that World Bank projects, particularly those in social sectors generate the 
most significant, positive, and persistent improvements in the International Wealth Index 
(hereafter, IWI). The effects of Chinese aid are more varied; while interventions in sectors like 
communications yield positive returns, projects in other areas, including health, show weaker 
or even negative effects on household wealth.   The application of the dCdH estimator uncovers 
a dynamic suggesting that aid is often systematically targeted toward areas already on a 
downward economic trajectory. This pattern points towards selection bias, as treated 
neighborhoods differ from controls in their pre-treatment trends and therefore violating the 
parallel trends assumption that underpins causal identification in DiD designs. Nonetheless, 
this targeting dynamic offers insight into donors’ allocation strategies. It is important to note 
that the DiD framework estimates the average treatment effect on the treated (ATT), reflecting 
the causal effect of aid on those neighborhoods that actually received projects. While some 
positive aid impacts may therefore be understated in conventional estimates, acknowledging 
pre-existing local trends provides credible and nuanced interpretation of causal effects. 
 
 
The thesis is structured as follows. The literature review, Chapter 2, reviews the literature on 
foreign aid effectiveness and the concept of poverty traps. Chapter 3, Data and Methods,  
details the empirical strategy, from the construction of the panel dataset linking geocoded aid 
projects to satellite-derived wealth estimates to the DiD frameworks and robustness analysis. 
Chapter 4 presents the results. Chapter 5 discusses these findings, interpreting them within 
the context of the existing literature and considering the study's methodological contributions 
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and limitations. Chapter 6, the last chapter of the thesis, concludes by summarizing the central 
arguments, discussing policy implications, and advising directions for future research. 
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2. Literature Review 
 

This literature review examines the role of foreign aid in addressing persistent poverty traps 
in Africa, with a focus on the subnational allocation and developmental impacts of aid from 
the World Bank and China and poverty traps. Poverty traps are a self-reinforcing 
mechanisms that perpetuate deprivation over time and pose a barrier to long-term economic 
development, particularly in regions characterized by weak institutions and geographic 
isolation. While foreign aid is often positioned as a means of breaking these cycles, its 
effectiveness remains contested. The literature shows that the outcomes of aid are dependent 
on the interaction between donor strategies, implementation practices, and local socio-
political and economic contexts. 
The review is structured as follows. Section 2.1 outlines the theoretical foundations and 
literature surrounding foreign aid in Africa, emphasizing the approaches of the World Bank 
and China. Sections 2.1.1 and 2.1.2 analyze the allocation logic, institutional processes, and 
developmental effectiveness of each donor. Section 2.2 shifts focus to the nature and 
mechanisms of poverty traps, while Sections 2.2.1 and 2.2.2 examine their rural and urban 
dimensions. These discussions provide the conceptual and empirical grounding for this 
thesis’s investigation of whether foreign aid can disrupt entrenched patterns of poverty at the 
local level. 

2.1 Foreign Aid in Africa 
Foreign aid has been one instrument in promoting global development, especially within 
regions characterized by entrenched poverty traps. Defined broadly, foreign aid refers to 
resources transferred from developed countries or international organizations to developing 
nations, encompassing financial assistance, technical support, humanitarian relief (Fuchs & 
Öhler, 2021). Its primary objective is fostering economic growth, alleviating poverty, and 
improving overall living conditions in recipient countries. 
The effectiveness of foreign aid in achieving sustainable development outcomes remains 
contested, particularly regarding assistance from major donors such as the World Bank and 
China. Aid effectiveness depends on the type of assistance provided, implementation 
strategies, and recipient countries’ governance capacities and institutional environments 
(Bonfatti & Poelhekke, 2017; Gehring et al., 2022). 
The World Bank, as one of the largest providers of development assistance globally, focuses 
primarily on projects aimed at infrastructure, education, and healthcare. These projects seek 
to establish a foundation for sustainable economic growth and stability (Bluhm et al., 2018; 
Gehring et al., 2022). The success of World Bank initiatives is often constrained by recipient 
countries' governance quality. Weak governance structures, including corruption and 
bureaucratic inefficiencies, often result in suboptimal aid outcomes and misallocated 
resources, limiting the capacity of aid to effectively break poverty cycles (Dreher & Fuchs, 
2015; Michalopoulos & Papaioannou, 2018a, 2018b). Ethnolinguistic fractionalization and 
related social factors further influence governance effectiveness, impacting how aid translates 
into tangible development results (Michalopoulos & Papaioannou, 2018b). 
The other funder in focus, China, and its aid in Africa tends to emphasize infrastructure 
development and resource extraction which reflects its pragmatic and economically driven 
aid strategy. This approach has led to infrastructure investments including roads, railways, 
and ports, aimed at stimulating economic activity. Critics argue that China’s focus on mutual 
economic interests and resource acquisition may overshadow social and environmental 
considerations, potentially exacerbating inequality and dependency in recipient countries 
(Sardoschau & Jarotschkin, 2019; Song et al., 2020). 
The geopolitical motivations of donor nations shape aid strategies and impacts. Chinese aid, 
predominantly since the establishment of the Forum on China-Africa Cooperation (FOCAC) 
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in 2000, is driven by broader geopolitical objectives, including securing natural resources 
and expanding political influence, rather than solely addressing poverty reduction (Guillon & 
Mathonnat, 2019). Traditional Western donors, including the World Bank, frequently impose 
conditionalities designed to influence recipient countries' policies, possibly limiting short-
term effectiveness. For instance, World Bank investments in education have shown limited 
immediate correlations with economic growth, with impacts more evident in the long term 
(Bitzer & Gören, 2018). 
The interaction between aid and local political dynamics complicates aid effectiveness. Aid 
flows can alter incentives for recipient governments and non-state actors, influencing 
patterns of governance, conflict, and stability. For example, aid commitments have been 
shown to reduce violence by altering governmental incentives to maintain stability and avoid 
losing international funding (Gehring et al., 2022). The fungibility associated with multiple 
aid sources such as simultaneous aid from China and traditional donors can improve 
resilience against shocks, reducing the likelihood of violent conflict (Strange et al., 2017). 
At the microeconomic level, foreign aid from both the World Bank and China has 
demonstrated positive effects on local economic activity and firm performance, showing its 
role in stimulating growth and employment opportunities (Marchesi et al., 2021). Aid 
effectiveness remains dependent upon alignment between donor priorities, recipient country 
governance, and broader socio-political context. 

 

2.1.1 World Bank Aid 
 

The World Bank is a multilateral institution dedicated to poverty reduction and sustainable 
growth and has since 1945 been a actor in Africa’s development landscape. Its operations are 
governed by a technocratic framework emphasizing needs-based targeting, institutional 
reform, and conditionality, distinguishing it from bilateral and emerging donors such as 
China. Through its 189 membership countries, the Bank combines a development-oriented 
mandate with the strategic preferences of its most influential members, balancing poverty 
alleviation, infrastructure development, governance strengthening, and environmental 
sustainability (Andersen et al., 2006; Winters, 2010; Dreher & Fuchs, 2015). 
A defining characteristic of the World Bank’s approach is its focus on institutional reform and 
conditional lending. Aid allocation is guided by assessments of governance and development 
need, renegotiated periodically through the replenishment of International Development 
Association (IDA) funds (Dreher et al., 2021a/2021b). Conditionality, however, is weakly 
enforced in practice and the Bank revokes lending very rarely (Johnson & Zajonc, 2006). The 
rise of alternative financing sources, particularly Chinese development assistance, has further 
diluted this influence, as the availability of non-conditional aid reduces recipient dependence 
on World Bank financing (Hernandez, 2017). 
Despite a formal commitment to poverty-oriented aid, the Bank’s project distribution across 
Sub-Saharan Africa frequently diverges from its stated targeting principles. The literature has 
shown that World Bank projects are more often located in populous and economically 
advantaged regions, particularly near capital cities, rather than in the poorest or most remote 
areas (Öhler et al., 2019; Dreher et al., 2019; Briggs, 2012). This spatial concentration persists 
across indicators of deprivation such as asset ownership, housing quality, and child health 
(Öhler & Nunnenkamp, 2014). When aid budgets contract, allocations do not shift toward 
poorer areas which can mean that political and logistical constraints often supersede formal 
needs-based criteria (BenYishay et al., 2022). 
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Governments and Institutional Processes 
Guided by the tenets of the 2005 Paris Declaration on Aid Effectiveness, the World Bank 
formally aligns its subnational funding distribution with the policy priorities of recipient 
governments, the logic here is that it is aimed to emphasize locally driven implementation 
through established national institutions (OECD, 2005). Recipient ministries propose 
projects and locations, which are subsequently reviewed by World Bank staff for consistency 
with the Bank’s poverty reduction and cost-effectiveness strategy (Warner, 2010). In practice, 
however, these standards are inconsistently applied. The Independent Evaluation Group 
reported that only 25 percent of projects in the early 2000s included cost-benefit analyses, 
even in sectors where quantification was feasible (ibid). 
Institutional reforms intended to strengthen governance and anti-corruption safeguards, 
such as the 2007 Governance and Anti-Corruption strategy, have had limited practical impact 
(Yanguas & Hulme, 2015). Field-level evidence has shown that bureaucratic incentives and 
operational constraints frequently steer project placement toward more accessible and 
politically central areas rather than toward remote or disadvantaged regions (Briggs, 2012). 
These tendencies are reinforced by Africa’s challenging geography, where poor transport 
infrastructure and long travel times restrict the feasibility of reaching marginalized 
communities (Gwilliam et al., 2009; Bonfatti & Poelhekke, 2017). Although some sectors, 
such as health and education, exhibit more balanced distributions, logistical feasibility and 
administrative convenience remain dominant determinants of subnational aid allocation 
(Öhler et al., 2019). 
 
Incentives and Donor Interests  
The spatial distribution of World Bank aid in Africa raises questions about the role of political 
incentives in shaping subnational allocation. Although the Bank portrays itself as a neutral, 
technocratic institution focused on development effectiveness, some of the literature suggests 
that its operations are not fully isolated from domestic and donor-side political dynamics. 
While cross-country studies have found limited evidence of systematic favoritism toward 
politically aligned regions, country-specific analyses indicate more localized political 
influences on project placement (Dreher et al., 2019; Briggs, 2014). 
One such explicit pattern has been shown in Kenya, where transport and health investments 
during the late 1980s were concentrated in regions aligned with the president’s ethnic base, 
with the bias diminishing in later years but not disappearing entirely; subsequent research 
found that areas showing stronger electoral support for the ruling party continued to attract 
more aid (Jablonski, 2014). In Ghana, electrification projects were disproportionately 
directed to constituencies where incumbents had secured higher vote shares (Briggs, 2012). 
These findings point towards that political incentives can influence the spatial targeting of 
World Bank projects, even when allocation frameworks emphasize technocratic criteria. The 
extent of political influence varies across contexts and sectors and is partly constrained by the 
Bank’s internal review and approval procedures. 
Chinese aid in Africa tends to be politically targeted toward incumbent strongholds, 
especially in countries with weak institutional checks, while World Bank aid shows little 
evidence of such bias (Anaxagorou et al., 2020). Political dynamics on the donor side also 
influence the Bank’s aid flows. Countries aligned with the geopolitical interests of major 
shareholders, mainly the United States, receive more aid, especially when holding temporary 
seats on the United Nations Security Council or voting in accordance with U.S. positions in 
the General Assembly (Berlin et al., 2023; Andersen et al., 2006; Winters, 2010). Trade and 
defense ties similarly correlate with higher funding levels (Fleck & Kilby, 2006; Frey & 
Schneider, 1986), and alignment with the foreign policy agendas of other key shareholders, 
including the United Kingdom, Japan, Germany, and France, has been associated with more 
favorable allocations (Kim & Kim, 2021). 
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In countries with weak governance or high corruption risk, the Bank increasingly bypasses 
central government agencies by channeling funds through local authorities, NGOs, or 
independent agencies (Chasukwa & Banik, 2019; Marchesi & Masi, 2021; Shin et al., 2017). 
This strategy aims to reduce the risk of aid diversion and enhances accountability. In such 
contexts, the Bank favors project-based aid over general budget support, as these 
interventions are more easily monitored and visibly linked to specific outcomes (Marchesi & 
Masi, 2021; Winters, 2010). 
 
Developmental Effectiveness  
Recent research has increasingly examined the developmental effectiveness of World Bank 
aid, particularly through subnational analyses that evaluate localized economic outcomes. 
The use of satellite-derived nightlight intensity as a proxy for economic activity has become 
one such approach in the absence of reliable income data. Early studies identified positive 
correlations between aid and nightlight growth at the ADM2 level, but instrumental variable 
estimations yielded more cautious findings, with some specifications revealing negative 
effects once endogeneity was addressed (Dreher & Fuchs, 2015). These discrepancies 
underline challenges in isolating the causal impact of aid from confounding factors. 
Methodological advances have since developed these analyses. Techniques such as regional 
fixed effects, propensity score matching, and inverse probability weighting have been 
employed to mitigate selection bias and omitted variable concerns. Spatially disaggregated 
studies further demonstrate that the effectiveness of World Bank aid depends on project scale 
and sector. Localized interventions implemented at the district or municipal level are 
generally associated with stronger growth and spillover effects, whereas broad, national-level 
assistance often produces weaker or negative outcomes due to leakage, rent-seeking, and 
limited accountability (Demir & Duan, 2023; Bitzer & Gören, 2018). Sectoral variation also 
shapes results: investments in infrastructure and productive sectors yield relatively 
immediate economic effects, while projects in education and health manifest benefits over 
longer horizons (Bitzer & Gören, 2018). Education initiatives, in particular, tend to show 
limited short-term growth impacts but contribute to long-term human capital accumulation. 
Spatial spillovers further complicate impact assessment. Aid-induced assistances, including 
infrastructure expansion and labor mobility, often extend beyond project boundaries. Studies 
incorporating spatial interdependencies find that World Bank projects can generate positive 
externalities in neighboring areas, particularly when geographically concentrated (Bitzer & 
Gören, 2018; Demir & Duan, 2023). Some effects even cross national borders, though they 
attenuate with distance. While satellite data have improved the ability to trace these patterns, 
nightlight-based measures remain imperfect due to calibration inconsistencies, sensor 
saturation, and insensitivity to low-light environments (Elvidge et al., 2014; Bluhm et al., 
2018). New datasets and approaches integrating nightlight data with daytime imagery or 
machine-learning-based economic inference have improved comparability and reduced 
measurement error (Jerzak et al., 2023; Pettersson et al., 2023). Prior work in this area 
(Conlin et al., 2025) relied on cross-sectional designs that compare different locations across 
time rather than tracking the same neighborhoods longitudinally, whereas this thesis uses a 
longitudinal panel of neighborhoods to estimate causal effects through a DiD design. 
Another source of uncertainty arises from the coexistence of multiple development actors. 
Overlapping interventions from other donors, private investors, and government programs 
complicate attribution, as aid clustering often occurs in high-profile or politically significant 
regions (Frot & Santiso, 2011; Fuchs & Öhler, 2021; Marineau & Findley, 2020). This “donor 
herding” behavior can obscure the distinct contribution of World Bank projects. Conflict 
dynamics introduce further complexity. In some contexts, violence deters aid flows due to 
security risks, while in others, donors deliberately target unstable regions for stabilization 
purposes (Öhler & Nunnenkamp, 2014; BenYishay et al., 2022).  
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2.1.2 Chinese Aid 
 
Chinese aid to Africa has expanded rapidly over the past two decades, becoming a central 
component of the country’s geopolitical and economic engagement with the Global South. 
Unlike traditional OECD-DAC donors, China’s aid operates under a model of “South–South 
cooperation,” emphasizing mutual benefit, sovereignty, and non-interference (Dreher et al., 
2022; Feng & Wang, 2022). This approach was institutionalized through the 1999 “Going 
Out” strategy, which directed Chinese policy banks to support overseas expansion via foreign 
direct investment and development finance aimed at securing resources and markets (Dreher 
et al., 2022). 
Following its transition from net aid recipient to net donor in the mid-2000s (Chin, 2012), 
China dramatically expanded its development finance, culminating in the 2013 Belt and Road 
Initiative. Chinese assistance combines concessional and interest-free loans with grants, 
though the distinction between aid and commercial lending is often blurred; by 2013, China 
loaned $9.25 for every dollar granted (Malik et al., 2021). These flows are closely linked to the 
operations of Chinese state-owned enterprises, particularly in infrastructure-intensive sectors 
(Brazys & Jung, 2024). 
Infrastructure dominates Chinese aid, focusing on transport, energy, and construction 
projects that contrast with the World Bank’s emphasis on social sectors (Broich, 2017; Dreher 
et al., 2022). This orientation reflects both developmental goals and domestic imperatives, 
allowing China to absorb industrial overcapacity in sectors such as steel and cement while 
advancing growth-oriented partnerships abroad (Dreher et al., 2022). 
 
Aid Conditionality 
China’s principle of non-interference constitutes the core of its aid policy, distinguishing it 
from the World Bank’s governance- and reform-based conditionality (Raseala, 2019; Maroof, 
2020). While this stance appeals to African governments seeking policy autonomy, it raises 
concerns about limited accountability and the potential reinforcement of authoritarian 
governance. Chinese projects are typically executed by Chinese contractors with minimal 
local involvement, which constrains ownership, capacity building, and technology transfer 
(Warmerdam & van Dijk, 2013; World Bank, 2012; Chen et al., 2009; Xing et al., 2016). 
In contrast to the World Bank’s promotion of liberal development norms, Chinese aid is less 
effective in advancing social or democratic values. Evidence indicates that it does not increase 
local support for equal participation or democratic governance (Zhang & Huang, 2023), but 
instead fosters acceptance of technocratic governance models, especially near completed 
infrastructure projects (Brazys & Jung, 2024). This reflects China’s developmental state 
orientation and its limited social norm diffusion. 
Chinese humanitarian aid also differs in its spatial targeting. Although responsive to macro-
level indicators of need, it frequently bypasses the poorest and most remote areas, focusing 
instead on economically or politically strategic regions (Dreher et al., 2019; Guillon & 
Mathonnat, 2019). Chinese aid is not strongly responsive to natural disasters (Dreher & 
Fuchs, 2015), and social sector allocations show weaker correlations with local deprivation 
than infrastructure or production projects (Dreher et al., 2022). 
 
Geopolitical and Economic Motivations 
Chinese aid serves strategic functions that extend beyond development objectives. Politically, 
it consolidates alliances and rewards alignment with Chinese foreign policy positions. 
Countries that derecognize Taiwan, support China in the UN General Assembly, or avoid 
criticism of Chinese policies are more likely to receive aid (Broich, 2017; Guillon & 
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Mathonnat, 2019). Temporary UN Security Council members experience reductions in 
Chinese aid when voting in favor of Western positions (Dreher et al., 2018). 
Chinese aid and loans advance access to natural resources and export markets. Although 
evidence on resource-driven aid is mixed, Chinese finance consistently clusters around high-
return areas such as mining zones and transport corridors (Bunte et al., 2018). Development 
finance also often precedes foreign direct investment, especially by state-owned enterprises, 
and is concentrated in countries whose policies align with Chinese strategic interests (Brazys 
& Jung, 2024). China’s external lending serves domestic macroeconomic purposes, helping 
absorb surplus foreign exchange reserves and stabilize monetary policy. 
Despite its non-interference rhetoric, Chinese aid is administered through a highly 
centralized, demand-driven system. Project proposals typically originate from executive 
offices in recipient countries, bypassing legislatures and civil society. This process reduces 
transparency and facilitates political capture, with aid frequently directed toward regions that 
reinforce incumbent political power (Dreher et al., 2022). 
Chinese aid disproportionately targets the birth regions of national leaders, particularly in 
competitive electoral environments and during election years (Dreher et al., 2019). This 
tendency is strongest in visible sectors such as education, energy, and social infrastructure, 
where tangible results can produce sizeable political returns (Dolan & McDade, 2020). 
Subnational analyses further indicate that Chinese aid is more frequently allocated to regions 
with above-average vote shares for ruling parties, especially in countries with weak 
institutional checks on executive authority (Anaxagorou et al., 2020). Timing dynamics also 
reflect political responsiveness. In authoritarian regimes, aid inflows increase early in new 
administrations, particularly when leadership transitions involve new coalitions, aid serves to 
consolidate elite alliances and secure regime stability (DiLorenzo & Cheng, 2019). 
Beyond political factors, geographic and demographic characteristics shape project 
placement. Chinese aid is concentrated in capital cities and more densely populated regions, 
reflecting both logistical convenience and the political visibility of urban projects (Dreher et 
al., 2022). Remote or less accessible areas are less likely to receive aid, particularly in social 
sectors such as health and education (Dreher et al., 2019). China often pursues integrated 
“aid-trade-investment” strategies, clustering infrastructure with commercial activities to 
foster accumulative effects and attract follow-on investment (Bunte et al., 2018; Li et al., 
2013). 
 
Implementation Practices and Sociocultural Factors 
Chinese aid projects are predominantly implemented by large Chinese state-owned 
enterprises, which retain direct control over construction and operations. These firms 
typically import industrial materials from China and employ a dual labor strategy, hiring 
local workers for low-skilled positions while reserving managerial and technical roles for 
Chinese nationals (Chen et al., 2009; Warmerdam & van Dijk, 2013). Although the logic 
behind this model is to stimulate efficiency and cost control, it limits local participation, 
technology transfer, and skilled employment opportunities. 
Project placement is also influenced by health, cultural, and security considerations. Chinese 
aid projects are less likely to be located in areas with high malaria prevalence, reflecting 
efforts to protect Chinese personnel (Cervellati et al., 2022). Cultural proximity further 
shapes siting decisions, with projects more common in Bantu-speaking regions, where 
collectivist social norms align with Confucian management practices and facilitate workplace 
cohesion (Sardoschau & Jarotschkin, 2019; Xing et al., 2016). 
Security risks similarly constrain aid delivery. Chinese projects are seldom implemented in 
conflict-affected regions where instability threatens personnel safety or project continuity 
(Sardoschau & Jarotschkin, 2019). 
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Developmental Effectiveness and Economic Impacts 
The developmental impact of Chinese aid in Africa remains contested. At the macroeconomic 
level, Chinese aid has been linked to increased foreign direct investment, particularly from 
state-owned enterprises. These investments frequently follow Chinese aid projects, reflecting 
a coordinated strategy that combines public finance with commercial expansion (Dreher et 
al., 2021a/2021b). This relationship is strongest in high-risk environments where aid reduces 
perceived investment barriers in infrastructure and extractive sectors. Private Chinese firms 
respond more to market incentives and are less likely to co-locate with aid projects unless 
risk is mitigated (Brazys & Jung, 2024). 
Infrastructure constitutes the main transmission channel through which Chinese aid 
influences African economies. Projects such as Nigeria’s Abuja–Kaduna railway have 
generated short-term employment, improved connectivity, and regional integration. 
Nonetheless, limited technology transfer, weak domestic linkages, and debt concerns temper 
these benefits (Broich, 2017). Because projects are largely executed by Chinese firms using 
imported materials and personnel, local spillovers tend to be temporary, restricting broader 
structural transformation. 
At the subnational level, spatially disaggregated analyses show that Chinese aid is associated 
with increases in nighttime light intensity, viewed as a proxy for economic activity, across 
ADM1, ADM2, and grid-cell levels (Dreher et al., 2021a/2021b; Xu et al., 2020). These gains 
are typically concentrated in geographically accessible or politically prioritized regions. 
Sectoral heterogeneity is also pronounced. Economic infrastructure and production-related 
projects deliver stronger and faster returns, whereas social sector investments such as 
education and health are smaller in scale and yield delayed or intergenerational benefits 
(Dreher et al., 2022; Bitzer & Gören, 2018). 
 
Spillover Effects and Norm Diffusion 
Spatially and temporally, Chinese aid projects have been shown to positively affect 
recipient countries' infrastructure and economic development (Xu et al., 2020), such as 
increasing access to electricity, with spillover effects benefiting neighboring regions beyond 
the direct recipients (Mike, 2023). Chinese aid particularly encourages Chinese Foreign 
Direct Investment (FDI), although this relationship is not unique compared to other donors’ 
aid and FDI dynamics, signifying a  pattern where aid attracts investment generally (Brazys & 
Jung, 2024). Beyond economic impacts, China acts as a norm-setter in Africa, 
influencing policy and development paradigms. Despite reductions in financial aid post-
COVID-19, China’s policy transfer, including initiatives like the Belt and Road, has 
persisted in shaping African elites’ views on development, security, and governance, leading 
to diffusion of Chinese policy norms continent-wide (Lammich, 2023). 
While economic outcomes appear generally positive, Chinese aid has demonstrated limited 
impact on broader social development goals. Comparative studies show that, unlike World 
Bank aid, Chinese projects do not significantly alter local support for gender equality or 
strengthen democratic values (Zhang & Huang, 2023; Atitianti & Asiamah, 2023). In 
contrast, Chinese aid has been found to increase local support for technocratic governance 
models and therefore may promote preferences for centralized, expert-led economic 
management rather than participatory political development (Chinese aid and social ties in 
Africa, 2023). Whereas the World Bank often embeds governance and rights-based 
conditionalities into its aid, Chinese assistance generally avoids such requirements, framing 
aid as a pragmatic tool for economic cooperation. The resulting development model, although 
effective in some material respects, has limited capacity to foster social capital, local 
ownership, or the diffusion of liberal democratic norms (Gehring et al., 2022).  
 
Data Challenges and Measurement Strategies 
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Assessing the effects of Chinese aid is complicated by the lack of transparency in its reporting. 
The Chinese government does not publicly disclose comprehensive data on aid 
disbursements, project timelines, or sectoral allocations. Studies rely on geocoded data 
compiled through AidData’s Tracking Underreported Financial Flows (TUFF) methodology, 
which triangulates information from media reports, embassy websites, and local sources 
(Strange et al., 2017). While this methodology is innovative it inevitably results in missing 
data for complete project budgets and completion dates. 
To mitigate endogeneity concerns, recent studies employ various identification strategies, 
including instrumental variable approaches and difference-in-differences designs. For 
instance, instruments based on China’s production of construction materials or foreign 
exchange reserves have been used to isolate exogenous variation in aid flows (Dreher et al., 
2021a/2021b; Bluhm et al., 2018). Additionally, image-based deconfounding techniques that 
leverage satellite imagery and machine learning are emerging as promising tools to account 
for unobservable confounders and improve causal inference in data-sparse contexts (Jerzak 
et al., 2023; Pettersson et al., 2023). 
These methodological advances have enhanced our understanding of Chinese aid’s economic 
impacts. Challenges still remain in evaluating long-term development outcomes, particularly 
those related to social transformation, institutional change, and environmental sustainability. 
As China continues to expand its aid footprint under its initiatives, future research must 
move beyond infrastructure-led growth metrics to include comprehensive assessments of 
human development, governance, and equity outcomes. 

 

2.2 Poverty Traps in Africa 
 
Poverty in Africa persists due to self-reinforcing mechanisms, known as poverty traps, that 
keep individuals and communities locked in long-term deprivation. A poverty trap occurs when 
current poverty substantially increases the likelihood of future poverty, creating a cyclical 
process that hinders economic mobility (Janz et al., 2022). Sub-Saharan Africa exemplifies the 
operation of these traps at multiple scales, from household-level constraints to macroeconomic 
structures (Sachs et al., 2004). Structural challenges such as high disease burdens, low 
educational attainment, inadequate infrastructure, and weak institutions, have been factors 
that limits capacity for sustained growth and human development. 
 
Although poverty rates in Africa have declined since 2000, progress has been uneven and slow. 
Extreme poverty fell from about 54 percent in 1990 to 41 percent in 2015, yet rapid population 
growth has increased the absolute number of poor individuals (Beegle & Christiaensen, 2019). 
Poverty remains predominantly rural, comprising 82 percent of the poor, but is increasingly 
shifting to urban settings as cities expand (Janz et al., 2022). This “urbanization of poverty” 
places millions in informal settlements where overcrowding and limited access to services 
reproduce cycles of deprivation. Thus, poverty traps manifest in both rural and urban contexts, 
though through differing mechanisms. 
 
Spatial dimensions are central to these dynamics. Spatial poverty traps arise when geographic 
isolation and weak infrastructure reinforce local underdevelopment. Remote regions suffer 
from systemic neglect and poor market connectivity, restricting participation in economic and 
political systems (Bird et al., 2002). In northern Benin, for example, isolation correlates with 
weak governance and persistent deprivation (Andrianarison, 2023). Transport deficits 
increase transaction costs, hinder access to healthcare, and sustain the “geographic capital” 
gap separating prosperous from chronically poor regions (Porter, 2014; Burney & Naylor, 
2012). 
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Intertwined with spatial poverty is the issue of financial exclusion. In Sub-Saharan Africa, 
access to credit and savings remains limited, particularly for rural residents often viewed as 
unbankable (Oladunjoye & Bello, 2020). This exclusion hinders entrepreneurship and limits 
investment in human capital. Corrective efforts like microfinance have yielded mixed results, 
often failing to reach the most vulnerable or lacking the scale to meaningfully reduce poverty 
(Spiegel, 2012). The informal economy, which employs a significant proportion of Africa’s 
women and youth, operates largely outside formal credit systems (Aryeetey, 2015). Without 
formal recognition, informal workers face a double bind: they are structurally excluded from 
financial services and simultaneously underserved by public infrastructure and policy, a 
condition that perpetuates the multidimensional nature of poverty traps (Bernards, 2022). 
 

2.2.1 Rural Poverty Traps in Africa 
 
Rural areas in Africa remain the core of persistent poverty, with most extremely poor 
households depending on subsistence agriculture and informal activities for survival 
(Chikandanga et al., 2025). These communities face inadequate schooling and healthcare, 
market isolation, and vulnerability to environmental shocks that together form poverty traps. 
Limited access to markets and credit is a driver of these traps. Many rural households lack 
the infrastructure and financial means to transition from subsistence to commercial farming. 
The absence of credit constrains investments in improved seed varieties, fertilizers, and 
modern technologies, spreading low productivity (Binam et al., 2011; Ringler, 2010). In Sub-
Saharan Africa, weak rural credit systems and limited capacity-building opportunities hinder 
diversification and technological adoption, reinforcing intergenerational poverty (Ogunlela & 
Ogunlela, 2008). 
Land tenure insecurity and land degradation further worsen rural deprivation. In many 
regions, the absence of formal property rights leads to land fragmentation and discourages 
long-term investments in soil conservation and irrigation (Apata et al., 2021; Shiferaw & 
Bantilan, 2004). In Nigeria, overgrazing and deforestation have degraded farmland, reducing 
productivity and deepening poverty (Ogunlela & Ogunlela, 2008). 
Cultural and social dynamics also sustain rural poverty. The “culture of poverty” perspective 
emphasizes how traditional practices, limited education, and risk-averse mindsets inhibit 
innovation and adaptation (Apata et al., 2021; Bryceson, 2004). Resistance to new 
technologies or external interventions—often driven by distrust or limited awareness—further 
restricts economic progress (Ringler, 2010). 
Institutional weaknesses compound these challenges. Ineffective policies, bureaucratic 
inefficiency, and corruption undermine poverty reduction efforts (Montanio, 2017; 
Oluwatayo & Ojo, 2016). For example, in Tanzania and Ethiopia, poorly implemented aid and 
agricultural programs have produced unintended environmental degradation which has led 
to intensifying poverty instead of alleviating it (Montanio, 2017). 
Environmental pressures are increasingly central to rural poverty dynamics. Ecosystem 
degradation threatens rural livelihoods through droughts, floods, and erratic rainfall, 
reducing agricultural yields and food security (Letta et al., 2024; Washington et al., 2006; 
Cai, 2024). Smallholder farmers lack adaptive capacity due to limited expertise, technology, 
and financial access (Ringler, 2010). Population growth exacerbates these vulnerabilities, 
increasing pressure on land, water, and forests. Unsustainable exploitation accelerates soil 
erosion, deforestation, and water scarcity, driving further poverty (Shiferaw & Bantilan, 
2004; Ssekibaala & Kasule, 2023). Soon-to-be dry areas are particularly affected, where 
resource depletion perpetuates a downward spiral of ecological decline and economic 
hardship (Enfors, 2013). 
Water insecurity also affects rural vulnerability. Reliance on rain-fed agriculture makes rural 
livelihoods highly sensitive to rainfall variability and drought. Limited irrigation and poor 
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water management restrict productivity and heighten crop failure risks (Enfors, 2013; 
Washington et al., 2006). Dependence on unsafe water sources also worsens health 
outcomes, reducing labor productivity and income (Bukari & Aluko, 2023). While some 
households migrate adaptively, others lack the resources to relocate or adapt, remaining 
trapped in lasting poverty (Letta et al., 2024; Cai, 2024). 
 

2.2.2 Urban Poverty Traps in Africa 
 
Urban poverty in Africa differs from its rural counterpart, emerging from structural 
inequalities, social exclusion, and vulnerabilities specific to informal and densely populated 
settlements. Janz with colleagues (2022) discusses that while some urban households exhibit 
upward mobility, many remain trapped just above or below the poverty line and lingers at the 
risk of falling back into poverty.  
Spatial marginalization also defines the urban poverty trap. Historically excluded settlements 
in South Africa were “adversely incorporated” into the urban economy, with residents reliant 
on unstable informal work and unable to access formal employment (De Swardt et al., 2005). 
Across African cities, the predominance of informal economic activity marked by insecure 
jobs, low wages, and limited social protection, perpetuates chronic vulnerability (Carmody et 
al., 2023; Shezi, 2024). In South African townships, informal enterprises often reinforce 
stagnation due to restricted growth potential and limited access to credit (Shezi, 2024). 
Rapid urbanization has also created what Venables (2018) terms a “non-tradables trap,” 
where cities specialize in non-tradable goods and services, constraining productive 
employment and global competitiveness. Inequality within cities deepens these divides, with 
urban growth excluding the majority from economic opportunity (Obeng-Odoom, 2017; Li & 
Yu, 2024). Inadequate access to essential services such as clean water, sanitation, and 
healthcare, also entrenches deprivation, particularly in informal settlements. Poor living 
conditions exacerbate health risks, malnutrition, and food insecurity, limiting human capital 
and perpetuating poverty (Wanyama, 2019; Janz et al., 2022; Li & Yu, 2024). 
Limited education and skills development remain constraints on economic mobility among 
Africa’s urban poor. Individuals lacking access to quality schooling or career training face 
restricted employment prospects, perpetuating intergenerational poverty (Gemechu & 
Wondesen, 2023; Abdulwasaa & Kawale, 2023). Social exclusion compounds these 
disadvantages (Gemechu & Wondesen, 2023; Shezi, 2024). 
Environmental degradation increases urban poverty. Poorly planned cities and inadequate 
waste management expose low-income populations to pollution and environmental hazards 
(Ssekibaala & Kasule, 2023; Finn & Cobbinah, 2022). Informal settlements, often located in 
flood-prone or high-temperature zones, are especially vulnerable to extreme weather which 
undermines health, productivity, and livelihoods (Finn & Cobbinah, 2022; Li et al., 2022). 
Resource scarcity, including limited access to land and water, heightens competition and 
displaces vulnerable populations into increasingly precarious living conditions (Ssekibaala & 
Kasule, 2023; Suhartini & Jones, 2023). 
Governance weaknesses further effects urban poverty. Ineffective urban planning and 
fragmented policy frameworks hinder cities’ capacity to manage rapid urbanization, resulting 
in unbalanced service delivery and inefficient resource allocation (Obeng-Odoom, 2017; 
Masuku, 2023). Inadequate data systems obscure the multidimensional nature of urban 
poverty, limiting the precision of interventions (Battersby & Watson, 2018; Janz et al., 2022). 
Even well-designed policies can fail in implementation due to weak institutions, limited 
resources and bureaucratic inefficiencies (Masuku, 2023; Li & Yu, 2024). 
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2.2.3 Research Gaps 
The literature presented has focused mainly on prediction, using satellite imagery and 
machine learning to map economic activity with greater precision (Jean et al., 2016) but a gap 
remains in applying these data streams to causal inference (Jerzak et al., 2023). The 
literature on aid effectiveness, specifically, has focused on national-level aggregates or 
correlational analyses. This thesis bridges that methodological gap by using a causal 
framework based on high-resolution, satellite-derived wealth estimates (Pettersson et al., 
2023) as the primary outcome variable in a longitudinal DiD analysis. This approach moves 
beyond prediction to estimate the causal effect of aid interventions (Conlin et al., 2025). By 
applying this method to compare China and World Bank projects, this thesis provides a novel 
evaluation of how distinct development models impact household wealth trajectories at the 
neighborhood-level. 
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3. Data and Methods 
 

This study builds upon and extends the geocoded aid-wealth framework of Conlin (2024, 
2025), which integrates AidData’s World Bank v1.4.2 and Global Chinese Development 
Finance v1.1.1 datasets with satellite-derived wealth measures. The underlying geocoded aid 
datasets were developed by AidData (2017), Conlin (2024,2025) extended this by applying 
the Planetary Causal Inference (PCI) framework to estimate treatment effects. The PCI 
framework synthesizes causal inference and predictive modeling, integrating earth 
observation and machine-learning methods (EO-ML) to adjust for confounding features 
observable from satellite imagery such as infrastructure and environmental conditions 
alongside conventional tabular covariates. This approach enhances identification by 
accounting for spatial and contextual factors that influence where aid projects are placed. The 
present study employs predicted wealth estimates derived from satellite imagery (Pettersson 
et al., 2023), allowing for the construction of a balanced neighborhood-level panel dataset 
suitable for longitudinal DiD analysis. 
 
The dataset consists of modeled IWI estimates (Pettersson et al., 2023) available for all 6.72 
× 6.72 km grid cells, aggregated to 2,166 neighborhood units across Africa for consecutive 
three-year periods from 1990 to 2019. These estimates provide a harmonized, continuous 
measure of household wealth that allows for consistent comparison across both space and 
time. The treatment data capturing exposure to World Bank and Chinese aid projects are 
available for the period 2002–2013, defining the main treatment window. However, the pre-
2002 wealth data are used to examine pre-treatment trends and assess the parallel-trends 
assumption underlying the DiD design. Within this window, four temporal cohorts; 2002-
2004, 2005-2007, 2008-2010, and 2011-2013 are constructed, yielding a balanced panel of 
8,664 cluster-period observations. 
 

 
Figure 1: Map plot showing the log cluster coverage of each of the 35 African countries in the dataset. 
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These components taken together form a harmonized, high-resolution panel linking local 
economic outcomes to geocoded development interventions and auxiliary contextual 
variables. Each observation represents a neighborhood-level unit characterized by its 
modeled IWI value, treatment status with respect to Chinese or World Bank projects, and a 
set of time-varying covariates describing demographic, infrastructural, and environmental 
characteristics. All variables were standardized to a common spatial reference (approximately 
5 km² grids) and temporal resolution (three-year periods) to ensure internal consistency and 
comparability across donors and countries. 
 

3.1 Event-Time Framework 
 
Both estimators are implemented as dynamic DiD event-study models that track how IWI 
evolves around the start of nearby aid projects. The temporal dimension is expressed in event 
time, defined relative to the first period in which a DHS cluster becomes exposed to an aid 
project within a 5 km radius. Event time thus measures periods before and after treatment 
rather than specific calendar years. t₀ marks the three-year interval when the project begins, 
t–1 is the last pre-treatment period and serves as the baseline, while t+1 to t+3 capture short-, 
medium-, and longer-run post-treatment effects (approximately three, six, and nine years 
after project onset). 
 
Event time is constructed by subtracting each cluster’s treatment-cohort year from the 
observed survey period, aligning all treated and untreated clusters on a common relative 
scale. Untreated clusters contribute to the estimation of counterfactual trends through the 
fixed-effects structure. Each coefficient in the event-study plots represents the average 
change in the IWI at a given relative period compared to the pre-treatment baseline (t–1 = 0). 
These coefficients are pooled across all clusters within each donor-sector panel, meaning that 
event-time intervals represent average pre- and post-treatment periods rather than fixed 
years. Although treatment data exist only for 2002–2013, the IWI data span 1990–2019, 
allowing both pre-treatment trends and post-treatment dynamics to be analyzed in the event-
time window. 
 

3.2 Unit of Analysis: Neighborhoods 
 
Neighborhoods in this study are defined as 6.72 × 6.72 km grid cells representing localized 
settlement areas across Africa, following the spatial framework of the wealth estimates 
developed by Pettersson et al. (2023). These grid cells approximate the scale of DHS clusters, 
roughly corresponding to rural communities or urban neighborhoods, and serve as the 
smallest spatial unit of analysis. While DHS cluster coordinates were used by Pettersson et al. 
(2023) to train and calibrate the satellite-based wealth model, this thesis uses the resulting 
gridded outputs as consistent proxies for neighborhood-level economic conditions. 
 
Treatment exposure is determined using geocoded locations of World Bank and Chinese aid 
projects from AidData. A grid cell is classified as treated if; it directly hosts a project, lies 
within 25 km of a project site, or falls within the same ADM2 administrative boundary as a 
treated area (Conlin et al., 2025). This harmonized spatial definition aligns with variations in 
project precision across the AidData datasets while capturing realistic spatial spillovers. 
 
The final analytic sample consists of 2,166 unique grid-based neighborhoods observed across 
four consecutive three-year periods (2002–2004, 2005–2007, 2008–2010, and 2011–2013), 
yielding a balanced panel of 8664 cell-period observations. Each grid cell is assigned modeled 
IWI values from Pettersson et al. (2023), enabling consistent tracking of wealth trajectories 
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over time and providing a harmonized foundation for estimating within-unit treatment 
effects in the difference-in-differences framework. 
 

3.3 Treatment Data: Aid from the World Bank and China 
 
The treatment data derive from two geocoded aid project databases maintained by AidData, a 
research consortium specializing in tracking, mapping, and analyzing development finance 
flows. For World Bank projects, the World Bank Geocoded Research Release Level 1 v1.4.2 
from AidData (2017) is used, which provides geocoded subnational locations. For Chinese 
development assistance, the Global Chinese Development Finance Dataset v1.1.1 is used, 
which documents Chinese government-financed projects, geocoded using the Tracking 
Underreported Financial Flows (TUFF) methodology that synthesizes open-source media 
reports, government announcements, and project-level documentation. 
 
Both datasets provide detailed project-level metadata including sector classification (using 
OECD DAC purpose codes), commitment and disbursement amounts, implementation status, 
and precise geographic coordinates with associated location precision codes. Location 
precision is critical for causal inference: precision codes 1–3 indicate project-specific or 
within-ADM2 accuracy, while codes 4–8 reflect progressively coarser geographic resolution 
(ADM1, country-level, or regional). To ensure that treatment assignment reflects genuine 
local exposure rather than diffuse national-level financing, the sample is restricted to projects 
with precision codes 1-3. 
  
Additional inclusion criteria ensure comparability across donors and alignment with the 
study period. Only projects initiated between 2002 and 2013 are retained, matching the 
temporal coverage of the IWI outcome data and ensuring sufficient pre-treatment and post-
treatment observations for event-study analysis. Projects are restricted to those classified as 
Official Development Assistance (ODA)-type financing, excluding commercial loans, export 
credits, and non-concessional flows that do not fit the definition of development assistance. 
Only projects in "implementation" or "completed" stages are included, excluding projects that 
were proposed but never initiated, cancelled mid- stream, or suspended indefinitely, as these 
lack credible treatment exposure. 
 
Unlike previous analyses based on repeated cross-sections, this thesis uses a longitudinal 
panel by tracking the same grid-based neighborhoods across consecutive three-year periods. 
Each neighborhood retains a fixed spatial identifier, with time-varying treatment status 
determined by the initiation of nearby projects and corresponding changes in modelled 
wealth outcomes. This design enables the estimation of within-neighborhood dynamics 
rather than cross-sectional associations. 
 
Treatment assignment proceeds through spatial joins linking DHS cluster centroids to nearby 
aid project locations. For each cluster-period observation, all World Bank and Chinese 
projects within a 5 km radius of the cluster centroid that were initiated in or before that 
period are identified. The 5 km threshold approximates the DHS cluster displacement range ( 
up to 2 km in urban areas and 5 km in rural areas, with 1% of rural clusters displaced up to 10 
km) and reflects the typical catchment area of localized development projects such as schools, 
clinics, and water points (Grace et al., 2019). A cluster is coded as "treated" in period t if it 
falls within 5 km of at least one project initiated in periods t, t-1, or earlier, allowing for 
implementation lags between project start and measurable impact. Clusters beyond 5 km of 
any project serve as controls, under the assumption that aid effects decay with distance and 
that more distant areas do not experience significant spillovers. 
 
This spatial linkage procedure yields 23 distinct funder-sector panels, representing 
combinations of donor (World Bank or China) and sectoral focus (e.g., Health, Education, 
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Transport, Energy, Water) for which sufficient treated and control clusters exist to support 
DiD estimation. Sector classifications follow the OECD DAC purpose code taxonomy, 
aggregated into 12 broad categories: Agriculture, Forestry & Fishing; Banking & Financial 
Services; Communications; Education; Emergency Response; Energy Generation & Supply; 
Environmental Protection; Government & Civil Society; Health; Industry, Mining & 
Construction; Other Multisector; Other Social Infrastructure & Services; Transport & 
Storage; and Water Supply & Sanitation. 
 

 
 
 
Figure 2. Mean IWI for each panel by Funder and Sector, 1990–1992 (solid circles) vs 2017–2019 
(open circles).  
 
The resulting treatment structure is staggered: different clusters are treated in different 
periods depending on when nearby projects begin implementation. This staggered rollout is 
typical of aid development assistance, which expands incrementally across regions as donors 
identify priorities, negotiate agreements, and mobilize resources.  
 

3.3 Outcome:  Pettersson et al. (2023) Wealth Measure 
 
To measure post-treatment economic well-being, an IWI estimate generated by Pettersson et 
al (2023) is used at a resolution of 6.7km2 for three-year periods (1990- 1992, 1993-1995, etc.) 
over settlement areas. Pettersson (ibid) trained a residual neural network machine learning 
algorithm to associate daytime and nighttime satellite imagery with IWI measures from 138 
Demographic and Health Surveys conducted in African countries from 1990 to 2019. Data 
from ~1.2 million households living in 57,195 survey clusters were used for training (ibid). 
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The IWI measure, developed by Smits and Steendijk (2015), is a continuous measure from 0 
to 100 computed by taking the first principal component from answers to the DHS 
questionnaire about household access to a TV, refrigerator, phone, bike, car, utensils, and 
electricity. The measure also includes answers to questions about the quality of water, toilet, 
and floor facilities in the household and the number of bedrooms (Pettersson et al., 2023; 
Smits & Steendijk, 2015).  
 
Although the IWI outcome is defined on a 6.722 km grid, the treatment data originate from 
project-level geocoded coordinates with varying spatial precision. To align these, each grid 
cell functions as the neighborhood-level unit of analysis, within which wealth outcomes are 
observed and treatment exposure is assigned. A grid cell is classified as treated if it either 
hosts a project directly, lies within 25 km of a project location, or falls inside the same ADM2 
boundary as a treated area. This harmonization allows outcomes measured at a fixed spatial 
resolution to be linked consistently with treatment information defined by real-world project 
footprints and spatial spillover ranges. As such, the outcome and treatment units are 
interrelated but not identical, the IWI grid captures economic activity at a finer resolution, 
while treatment is operationalized at overlapping and administratively relevant spatial scales. 
 

3.4 Method 
 
This thesis employs two complementary DiD approaches, a two-way fixed effects (TWFE) 
event-study model and the de Chaisemartin and d’Haultfoeuille (dCdH) estimator model, to 
assess whether exposure to development aid projects from the World Bank and China leads 
to localized improvements in economic well-being, measured through the IWI. 
 
The DiD design identifies causal effects by comparing changes in outcomes over time 
between treated and untreated spatial units. In this thesis, treated units are neighborhoods 
located within proximity to an implemented aid project, while untreated units are otherwise 
similar neighborhoods that did not get exposed to projects during the same period. Under the 
parallel-trends assumption, differences in pre-treatment trends between treated and control 
units are assumed to be minimal; any subsequent divergence in outcomes can therefore be 
attributed to the treatment effect of aid exposure (Kim & Steiner, 2016; Olier et al., 2023). 
 
The staggered DiD framework is suited for evaluating interventions such as development aid, 
which are introduced at different times and across diverse local contexts. By leveraging both 
temporal and spatial variation in project rollout, this design captures within-neighborhood 
changes in IWI while controlling for unobserved confounding factors that remain constant 
over time. It also accommodates heterogeneity in treatment timing across sectors and donors 
and provides a framework for estimating how distinct types of aid projects influence IWI 
trajectories. 
 
To ensure robustness, the analysis applies both the conventional TWFE specification and the 
dCdH estimator. The TWFE model provides a baseline implementation of the DiD 
framework, while the dCdH approach corrects for potential biases that can arise in staggered-
treatment settings with heterogeneous effects. 
 
The reference period t-1 represents the last pre-treatment interval and serves as the baseline 
in the event-study design. Coefficients for pre-treatment periods (leads) test the parallel 
trends assumption, while post-treatment coefficients (lags) capture how outcomes evolve 
after treatment. The coefficients should be close to zero if treated and untreated units 
followed similar trends prior to exposure. Significant positive values (see Figure 3) mean that 
treated units were already on an upward IWI trajectory before treatment, while significant 
negative values show a pre-treatment IWI decline relative to controls. Parallel trends is not 
violated when zero lies inside the 95% CI (see Table 1). 
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3.5 Two-Way Fixed Effects (TWFE) Event-Study DiD Model 
 
This estimation strategy applies two related DiD estimators. First, a traditional Two-Way 
Fixed Effects (TWFE) event-study model is used to estimate dynamic treatment effects. 
Second, a bias-corrected estimator proposed by de Chaisemartin and d’Haultfoeuille (2020) 
is employed to address potential estimation bias in staggered treatment settings.  The 
approach leverages temporal variation in project implementation across DHS clusters (~5 
km²), identifying how outcomes evolve before and after aid delivery. The TWFE framework 
introduces cluster 𝛼i and period 𝛾t fixed effects, controlling for unit-level heterogeneity and 
time-specific shocks and isolating within-cluster changes attributable to aid intervention. 
The core specification can be expressed as: 
 

𝑌{"#} =	𝛼" +	𝛾# + 	𝛽𝐷{"#} +	𝜀{"#} 
 
Where: 

• Yit: IWI in cluster i at period t, 

• 𝛼i: cluster fixed effect (geography, baseline conditions), 

• 𝛾t: period fixed effect (e.g., macroeconomic, climatic), 

• Dit: equals 1 if cluster i is within 5 km of an aid project initiated in or before period t, 

• εit: idiosyncratic error term, 

• β: estimates the average treatment effect on the treated (ATT), under the parallel 

trends assumption. 

 
The event-study formulation replaces Dit with indicators for relative event time (leads and 
lags), enabling estimation of pre-treatment trends and dynamic post-treatment responses. 
Estimation is conducted via high-dimensional fixed-effects regression with standard errors 
clustered at the DHS-cluster level to account for serial correlation. Each donor-sector 
combination (e.g., Health – China; Education – World Bank) is estimated separately to 
capture heterogeneity in timing, project intensity, and sectoral focus. 
 

3.6 de Chaisemartin & d’Haultfoeuille (dCdH) DiD Model 
 
While the TWFE model provides a useful baseline, it can yield biased estimates in the 
presence of staggered treatment adoption or heterogeneous treatment effects. In such 
contexts, the TWFE coefficient represents a weighted average of unit-specific effects, and 
some of these implicit weights may be negative, making the estimate difficult to interpret and 
potentially misleading. 
 
This issue is further compounded in the present research design, which involves multiple 
treatments. As shown by de Chaisemartin and D’Haultfœuille (2023), when several 
treatments exist but only one is included in a regression, the TWFE coefficient for that 
treatment captures not only a weighted sum of its own effects but also a contamination term 
— a weighted sum of the effects of the omitted treatments. 
 
To address these issues, this thesis employs the generalized DiD estimator developed by de 
Chaisemartin and D’Haultfœuille (dCdH) (2020, 2023). This estimator differs from cohort-



27 
 

based approaches. It identifies causal effects by comparing outcome changes for switchers, 
which in this thesis is neighborhoods that change treatment status, to those for stayers —
neighborhoods whose treatment status remains constant—over the same two-period window.  
 
The DID%&estimator is employed, a generalization designed for multiple-treatment contexts. 
The estimator isolates the effect of one treatment by comparing its switchers to stayers who 
share identical pre-treatment values for all other treatments (D-1). Because project exposure 
in this thesis follows a staggered and monotonic pattern, only joiners (units entering 
treatment) are relevant. 
 
Let Δ𝑌"# = 𝑌"# − 𝑌",#()	denote the change in IWI between periods t-1 and t. Define joiners for 
treatment 1 as units with 𝐷",#()) = 0	and	𝐷",#) = 1, and stayers as units with 𝐷",#()) = 𝐷",#) = 0. 
For a given configuration of the other treatments 𝐷() = 𝑑(), the period-specific effect is: 
 

𝐷𝐼𝐷%
*,+!",# = 𝐸[Δ𝑌"# ∣∣ joiner for treatment 1, 𝐷() = 𝑑() ]

− 𝐸[Δ𝑌"# ∣∣ stayer for treatment 1, 𝐷() = 𝑑() ] 
 
 
The overall estimator, DID%&, is a weighted average of these period-specific contrasts across all 
periods t and configurations d-1. By construction, it uses only valid switcher-to-stayer 
comparisons and assigns non-negative weights and thereby avoiding the negative-weighting 
and contamination biases that affect TWFE estimates.   
 

3.7 Spatial Spillovers and Nearby Neighborhoods Robustness Analysis 
 
The robustness check is designed to evaluate whether the observed effects of aid projects on 
IWI are sensitive to spatial dependence, sample definition, and model specification which are 
factors that can influence identification in geographically structured observational data 
(Keele et al., 2015). The robustness investigates spatial spillovers and neighborhood effects, 
recognizing that aid interventions may generate benefits that extend beyond directly treated 
clusters. This is accomplished through a sequence of spatial diagnostics: a distance-based 
dose-response analysis examining how estimated wealth outcomes vary with proximity to 
treated areas, exclusion buffer tests that iteratively remove control units near treatment sites, 
and spatial autocorrelation checks using Moran’s I statistics to verify independence in 
residual patterns (Chang & Li, 2022; Fanghu et al., 2024). These tests aim to ensure that the 
main results are not driven by spatial clustering or spillover contamination. 
 
This robustness analyses potential spatial spillovers and neighborhood contamination, which 
may occur when the effects of aid projects extend beyond directly treated areas (ibid). Such 
spillovers are relevant in geographically clustered interventions, were, for instance, improved 
infrastructure, service access, or local economic activity may diffuse to surrounding 
communities. 
 
To evaluate the extent of spatial dependence, three complementary diagnostics were 
implemented. First, a distance-based dose-response analysis models how post-treatment IWI 
outcomes vary with proximity to the nearest treated cluster. By stratifying clusters into 
concentric distance bands; 0-10 km, 10-20 km, 20-50 km, and beyond 50 km, the analysis 
tests whether estimated IWI levels decline systematically with distance from treatment 
exposure. Second, an exclusion buffer test iteratively removes control clusters located within 
increasing buffer zones around treated sites (10 km, 20 km, 30 km), re-estimating treatment 
effects each time. This assesses whether proximity-driven spillovers among near-control 
areas inflate the estimated effect sizes. Third, spatial autocorrelation diagnostics are applied 
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to model residuals using the Moran’s I statistic, testing whether remaining spatial 
dependence persists after accounting for observable covariates and treatment assignment. 
  



29 
 

4. Results 
 
This chapter presents the findings. First, I present the Parallel Trends Assumption Analysis 
and then move on to Two-Way Fixed Effects Event-Study DiD model for each funder-sector 
panel. Thirdly, I present the results from the de Chaisemartin & d’Haultfoeuille DiD model, 
and lastly, the chapter concludes with the results from the Spatial Spillovers and Nearby 
Neighborhoods robustness check.  
 

4.1 Two-Way Fixed Effects Parallel Trends Assumption 
 
A prerequisite for the validity of the DiD estimator is the parallel trends assumption. This 
assumption posits that, in the absence of treatment, the average change in the outcome 
variable would have been the same for both the treated and control groups. While this 
counterfactual condition is inherently untestable, a standard falsification test involves 
examining the treatment effect estimates in the periods leading up to the intervention. A 
statistically significant coefficient during the pre-treatment period would point towards that 
the two groups were already on divergent paths, thus violating the assumption. 
 
To assess this condition across all 23 funder-sector panels, the coefficient for the final pre-
treatment period (Event Time = -1) was isolated from the TWFE event-study model. Figure 3 
visually summarizes this analysis, presenting the point estimate and corresponding 95% 
confidence interval for this pre-treatment coefficient for each panel. 
 

 
Figure 3: Parallel Trends Assumption test from the TWFE event-study model for each of the 23 
funder-sector panels. The plot displays the coefficient for the pre-treatment period (t-1). The bars 
represent 95% confidence intervals.  
 
Table 1 (see appendix) presents the diagnostic test of the parallel-trends assumption for the 
TWFE event-study DiD model. The table reports the estimated pre-treatment coefficients at 
event time t = -1 for each funder-sector panel, together with their 95 percent confidence 
intervals. A coefficient statistically indistinguishable from zero points towards that treated 
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and control clusters followed similar pre-treatment trajectories in IWI, whereas a significant 
deviation signals a violation of the parallel-trends assumption and raises concerns about 
causal identification under TWFE. The diagnostics show that this assumption is not 
uniformly satisfied across donors or sectors. 
 
6 of the 11 China financed sectoral panels display statistically significant pre-treatment 
coefficients and therefore violates the parallel-trends assumption. Pronounced negative pre-
trends are found in Emergency Response (β = -3.00, CI [-4.48, -1.52]), Energy Generation 
and Supply (β = -2.93, CI [-3.86, -2.01]), Other Social Infrastructure and Services (β = -2.34, 
CI [-3.25, -1.43]), and Water Supply and Sanitation (β = –1.80, CI [-2.38, -1.22]). Treated 
clusters in these sectors were already experiencing declines in IWI relative to controls before 
project implementation. Positive pre-trends appear in Communications (β = 1.66, CI [0.70, 
2.62]) and Health (β = 1.15, CI [0.69, 1.60]). Treated clusters in these panels were improving 
faster than controls before exposure. No significant differences are found in Agriculture, 
Forestry and Fishing, Education, Government and Civil Society, Transport and Storage, and 
Other Multisector. 
 
For projects financed by the World Bank, patterns of heterogeneity are also shown, 7 of the 12 
panels shown significant pre-treatment coefficients. Significant negative pre-treatment 
coefficients occur in Agriculture, Forestry and Fishing (β = -0.42, CI [-0.63, -0.20]), Banking 
and Financial Services (β = -0.77, CI [-1.22, -0.32]), General Environmental Protection (β = -
0.56, CI [-1.07, -0.06]), Government and Civil Society (β = -0.30, CI [-0.55, -0.06]), 
Transport and Storage (β = -0.88, CI [-1.11, -0.65]), and Water Supply and Sanitation (β = -
0.47, CI [-0.68, -0.27]). Notable positive pre-trend occurs in Communications (β = 2.44, CI 
[1.59, 3.28]), where treated clusters improved faster than controls even before project onset. 
The remaining sectors; Education, Energy Generation and Supply, Health, Industry, Mining 
and Construction, and Other Social Infrastructure and Services, show pre-treatment 
coefficients statistically indistinguishable from zero and therefore consistent with the 
parallel-trends assumption. 
 

4.2 de Chaisemartin & d’Haultfoeuille Parallel Trends Assumption 
Analysis 

 
Table 2 (see appendix) presents the test of the parallel-trends assumption for the dCdH DiD 
estimator. The table presents coefficients from the pre-treatment period for each funder-
sector panel, together with their 95% confidence intervals. As with the TWFE, a coefficient 
statistically indistinguishable from zero indicates that treated and control clusters followed 
comparable pre-treatment trajectories in IWI, whereas a significant deviation show a 
violation of the parallel-trends assumption. 
 
For China-financed projects, 7 of the 11 sectoral panels show statistically significant 
coefficients. Notable violations are observed in Education (β = -0.969, CI [-1.24, -0.69]), 
Emergency Response (β = -1.517, CI [-2.07, -0.97]), Government and Civil Society (β = -
0.965, CI [-1.23, -0.70]), Health (β = -1.076, CI [-1.32, -0.83]), Other Multisector (β = -0.752, 
CI [-1.23, -0.27]), Other Social Infrastructure and Services (β = -2.342, CI [-2.74, -1.95]), and 
Water Supply and Sanitation (β = -0.737, CI [-1.03, -0.45]). The sectors Agriculture, Forestry 
and Fishing, Communications, Energy Generation and Supply, and Transport and Storage 
show effects statistically indistinguishable from zero and therefore consistent with the 
parallel-trends assumption. 
 
For World Bank-financed projects, pre-trend violations are found in 9 out of 12 panels. 
Significant negative coefficients appear in Agriculture, Forestry and Fishing (β = -0.22, CI [-
0.41, -0.03]), Banking and Financial Services (β = -0.331, CI [-0.56, -0.11]), Education (β = -
0.68, CI [-0.91, -0.46]), Energy Generation and Supply (β = -0.595, CI [-0.81, -0.38]), and 
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General Environmental Protection (β = -0.486, CI [-0.78, -0.19]). Communications display 
positive pre-trends (β = 0.332, CI [0.01, 0.66]). The sectors Government and Civil Society, 
Industry, Mining, Construction and Health show no significant pre-treatment differences. A 
comparison with the TWFE diagnostics shows that the dCdH estimator detects a greater 
number of pre-trend violations for both donors. While some of the same sectors display 
significant deviations in both models, the dCdH results show that pre-existing differences 
between treated and control clusters are even more prevalent than the TWFE analysis 
pointed towards.  
 

4.3 Two-Way Fixed Effects Event-Study Difference-in-Difference Model 
 

Following the analysis of the parallel trends assumption, this section presents the dynamic 
treatment effects estimated by the Two-Way Fixed Effects (TWFE) event-study DiD model. 
The results are reported in Appendix Table A1 and cover the period 2002–2013. Each 
coefficient represents the estimated change in IWI relative to the pre-treatment period for 
one-, two-, and three-period lags (t+1 to t+3), where each period corresponds to a three-year 
interval. 
 

 
Figure 4: Dynamic Treatment Effects of Aid on IWI. The figure displays the estimated coefficients 
and 95% confidence intervals from the TWFE event-study models for each of the 23 funder-sector 
panels. 
 
For China-financed projects, the results show variation in post-treatment effects across 
sectors. Cumulative gains are observed in Emergency Response, where IWI rises from β̂t+1 = 
2.474 (CI [1.31, 3.64]) to β̂t+3 = 5.358 (CI [1.94, 8.78]), and in Energy Generation and 
Supply, where effects increase from β̂t+1 = 2.377 (CI [1.47, 3.29]) to β̂t+3 = 7.29 (CI [4.65, 
9.93]). Positive effects also appear in Other Social Infrastructure and Services from (β̂t+1 = 
2.041)  to (β̂t+3 = 7.38, CI [5.12, 9.64]) and Water Supply and Sanitation from β̂t+1 = 0.992 
to (β̂t+3 = 5.46, CI [2.43, 8.49]). Moderate and positive trajectories are recorded for 
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Government and Civil Society from β̂t+1 = 0.658 to (β̂t+3 = 0.74, CI [-0.32, 1.80]) and 
Transport and Storage from β̂t+1 = 0.651 to (β̂t+3 = 1.044, CI [-0.22, 2.31]). Negative 
treatment effects are found for Health from β̂t+1 = -0.631 to (β̂t+3 = -2.265, CI [-3.41, -1.12]) 
and Other Multisector from β̂t+1 = -1.512 to (β̂t+3 = -3.455, CI [-6.44, -0.47]), where IWI 
declines following project exposure. 
 
For World Bank-financed projects, post-treatment effects are positive in the majority of 
sectors though effect magnitudes are generally smaller than those estimated for Chinese 
projects. Improvements are evident in Health, with IWI increasing from β̂t+1 = 0.682 (CI 
[0.47, 0.90]) to β̂t+3 = 1.683 (CI [1.20, 2.17]), and in Water Supply and Sanitation, where 
effects grow from β̂t+1 = 1.05 (CI [0.86, 1.24]) to β̂t+3 = 2.286 (CI [1.83, 2.75]). Upward 
patterns also appear in Transport and Storage from β̂t+1 =  1.005 to (β̂t+3 = 1.821, CI [1.35, 
2.29]), Other Social Infrastructure and Services from β̂t+1 = 0.625 to (β̂t+3 = 1.151, CI [0.68, 
1.62]), and Education from β̂t+1 = 0.926 to (β̂t+3 = 1.055, CI [0.46, 1.65]). Moderate gains 
are observed in Government and Civil Society, Industry, Mining and Construction, and 
General Environmental Protection, all showing small but positive coefficients from β̂t+1  
through t+3. Negative post-treatment effects occur in Communications, where coefficients 
decline from β̂t+1 = -2.389 (CI [-2.93, -1.85]) to β̂t+3 = -7.326 (CI [-8.99, -5.66]), Energy 
Generation and Supply from β̂t+1 = 0.349 to from β̂t+3 = 0.103, and General Environmental 
Protection from β̂t+1 = 0.499 to β̂t+3 = -0.549. 
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4.4 de Chaisemartin & d’Haultfoeuille Difference-in-Difference Model 
 
To address potential biases in the TWFE estimator arising from treatment effect 
heterogeneity and staggered treatment timing, this section presents the results from the de 
Chaisemartin and D’Haultfœuille (2020, 2023) model. The dCdH estimator provides a robust 
alternative designed to avoid contamination from the effects of other treatments present in 
the model, a problem that can bias TWFE coefficients when effects are heterogeneous , thus 
offering a more reliable picture of the dynamic impacts of aid. The dCdH analysis serves as an 
alternative to the TWFE DiD model. The results presented can be found in the Appendix, 
table A2. 
 
The full set of event-study results from the dCdH models is displayed in Figure 5. 

Figure 5: Dynamic Treatment Effects from dCdH Models. The figure displays the estimated 
coefficients and 95% confidence intervals from the dCdH event-study models. 
 
Based on the dCdH DiD model results for China, the results show variation in post-treatment 
effects across sectors. Cumulative gains are observed in Water Supply and Sanitation, where 
effects rise from β̂t+1 = 0.390 (CI [0.14, 0.64]) to β̂t+3 = 7.082 and in Other Social 
Infrastructure and Services, where IWI increases from β̂t+1 = 0.836 (CI [0.44, 1.23]) to β̂t+3 
= 4.442 (CI [3.34, 5.54]) and gains are also found in Emergency Response from β̂t+1 = 1.995 
to (β̂t+3 = 2.375, CI [0.96, 3.79]), Other Multisector from β̂t+1 = 0.670 to (β̂t+3 = 2.228, CI 
[1.59, 2.87]), Agriculture, Forestry and Fishing from β̂t+1 = 1.022 to (β̂t+3 = 1.844, CI [0.68, 
3.01]), and Health from β̂t+1 = 0.696 to (β̂t+3 = 1.551, CI [1.03, 2.07]). 
Negative or fading treatment effects are found for Transport and Storage from β̂t+1 = 0.433 
to (β̂t+3 = -2.418, CI [-3.93, -0.91]) and Government and Civil Society from β̂t+1 = 0.935 to 
(β̂t+3 = -0.321, CI [-3.25, 2.61]). Energy Generation and Supply also shows a diminishing 
effect, moving from β̂t+1 = 0.506 (CI [0.19, 0.82]) to β̂t+3 = 0.162 (CI [-0.73, 1.05]). 
 
For World Bank-financed projects, the results from the dCdH DiD model show cumulative 
gains in Health, where effects rise from β̂t+1 = -0.177 (CI [-0.37, 0.01]) to β̂t+3 = 4.418 (CI 
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[2.26, 6.57]), and in Education, where effects increase from β̂t+1 = 1.254 (CI [0.96, 1.55]) 
to β̂t+3 = 3.685 (CI [3.11, 4.26]). Positive effects also appear in General Environmental 
Protection from (β̂t+1 = 0.258) to (β̂t+3 = 3.669, CI [1.75, 5.59]) and Other Social 
Infrastructure and Services from (β̂t+1 = 0.673) to (β̂t+3 = 3.401, CI [0.66, 6.14]). 
Moderate and positive trajectories are recorded for Water Supply and Sanitation from β̂t+1 = 
0.723 to (β̂t+3 = 1.309, CI [0.02, 2.59]), Transport and Storage from β̂t+1 = 0.386 to (β̂t+3 = 
0.776, CI [0.19, 1.36]), Communications from β̂t+1 = 0.111 to (β̂t+3= 0.412, CI [-0.04, 
0.86]), Government and Civil Society from β̂t+1 = 0.152 to (β̂t+3 = 0.290, CI [-0.11, 0.69]), 
and Energy Generation and Supply from β̂t+1 = 0.183 to (β̂t+3 = 0.276, CI [-1.03, 1.58]). 
Negative treatment effects are found for Agriculture, Forestry and Fishing from β̂t+1 = 0.268 
(CI [0.05, 0.48]) to (β̂t+3 = -2.179, CI [-3.27, -1.09]) and Banking and Financial 
Services from β̂t+1 = 0.177 (CI [-0.03, 0.38]) to (β̂t+3 = -0.689, CI [-2.16, 0.78]) and 
Industry, Mining, Construction from β̂t+1 = 1.023 to (β̂t+3 = 0.642, CI [-0.20, 1.48]) 
 
 

4.5 Spatial Spillovers and Nearby Neighborhoods Robustness 
 
This section presents the results of the robustness analysis, which was designed to assess the 
validity of the main findings against potential spatial spillovers and neighborhood 
contamination. As outlined, three tests were performed. 
 
To conduct these tests, a cross-sectional Ordinary Least Squares (OLS) regression model was 
estimated using the post-treatment data. This model predicts the post-treatment IWI based 
on treatment status (treated) and a set of control variables,  these controls include the log of 
average travel time to the nearest city (log_avg_min_to_city), the log of average population 
density (log_avg_pop_dens), the log of the 3-year sum of pre-conflict deaths 
(log_3yr_pre_conflict_deaths), and country fixed effects (country). The following three tests 
use this OLS specification. 
 

4.5.1 Distance-Based Dose-Response Analysis 
 
The results from the distance-based dose-response test (see Table A3), which examines 
whether proximity to treated clusters affects wealth levels in untreated areas compares IWI 
levels across three distance bands: 0-10km, 10-20km, and 20-50km from treated clusters, 
relative to a reference category of clusters located more than 50km away. The results reveal a 
pattern of negative coefficients across all distance bands pointing towards that areas closer to 
treated sites exhibit lower IWI than the most distant locations. 
 
Clusters within 0-10km of treated areas show an estimated deficit of 2.228 IWI points (SE = 
1.207, t = -1.84, p = 0.065), though this effect narrowly misses conventional significance 
thresholds. The 10-20km band displays a similar but smaller deficit of 1.274 points (SE = 
0.798, t = -1.60, p = 0.110), also statistically insignificant. Most notably, the 20-50km band 
exhibits a highly significant negative coefficient of 2.661 points (SE = 0.565, t = -4.71, p < 
0.001). This pattern contradicts what would be expected from positive spatial spillovers, 
where benefits from aid projects would diffuse to nearby untreated areas, generating a 
gradient of decreasing IWI with distance. Instead, the results show that both treated and 
nearby untreated clusters are systematically poorer than more distant areas, reinforcing 
evidence of targeting bias whereby aid is directed towards economically disadvantaged 
regions. The lack of a clear distance gradient and the persistence of negative coefficients even 
at intermediate distances show that spatial spillover effects, if present, are insufficient to 
offset the underlying geographic concentration of poverty in aided areas. 
 



35 
 

4.5.2 Exclusion Buffer Analysis 
 
Table A4 presents the exclusion buffer robustness test, which addresses concerns that control 
clusters located near treated sites may be contaminated by spillover effects, thereby 
weakening treatment effect estimates. This test progressively excludes control observations 
within increasing distances from treated clusters; 0km (baseline), 10km, 20km, and 30km 
and re-estimates the treatment effect using the remaining sample. 
The results demonstrate stability across specifications. The baseline model with no exclusions 
yields a treatment effect of 1.395 IWI points (SE = 0.368, t = 3.80, p < 0.001).  
 
Excluding controls within 10km produces a similar estimate of 1.368 points (SE = 0.370, t = 
3.70, p < 0.001). Expanding the exclusion buffer to 20km yields 1.486 points (SE = 0.391, t = 
3.80, p < 0.001), while the 30km buffer produces 1.195 points (SE = 0.430, t = 2.78, p = 
0.006). All estimates remain positive and statistically significant, with overlapping 
confidence intervals indicating no meaningful differences across specifications. The modest 
decline in the point estimate at 30km can reflect reduced sample size and statistical power 
rather than genuine spillover contamination, as evidenced by the increasing standard errors. 
This consistency shows that spillover effects to nearby untreated clusters are minimal and do 
not substantially bias the main treatment effect estimates. The robustness of results to 
control group redefinition strengthens confidence in the validity of the 5km treatment radius 
specification employed in the primary analysis. 
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4.5.3 Spatial Autocorrelation Diagnostic 
 
The results from the Global Moran's I statistic can be seen in Table A5 in the Appendix. It 
tests for spatial autocorrelation in the residuals of the post-treatment OLS model. Spatial 
autocorrelation occurs when observations that are geographically proximate exhibit more 
similar residuals than would be expected by chance, potentially representing omitted 
spatially-structured variables or spillover effects that violate the independence assumption 
underlying standard inference. 
 
The analysis shows a Global Moran's I statistic of 0.239, higher than its expected value of -
0.0005 under the null hypothesis of spatial independence. With a variance of 0.000162 and 
p-value < 0.001, this result provides statistical signal of positive spatial autocorrelation in the 
model residuals. This finding signifies that clusters located near one another tend to have 
similarly signed residuals after accounting for treatment status and control variables which is 
signalling the presence of spatially-structured factors not fully captured by the model 
specification. The positive autocorrelation may arise from sources such as localized economic 
shocks affecting neighboring clusters, unmeasured geographic or institutional characteristics 
that vary smoothly across space, or genuine spillover effects from aid projects to nearby 
areas. The presence of spatial dependence indicates that standard errors in the OLS 
specification may be underestimated and can therefore lead to overstated statistical 
significance. This concern is mitigated in the main analysis by the use of cluster-robust 
standard errors in the DiD specifications, which provide some protection against spatial 
correlation within treatment clusters. 
 

 
 
 
Figure 6. Spatial distribution of residuals from the cross-sectional OLS model. The map plots the 
model's errors for each DHS cluster. Dots towards red indicate positive residuals (where actual IWI is 
higher than the model predicted) and blue dots indicate negative residuals (where actual IWI is lower 
than predicted). 
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5. Discussion 
 
A gap in aid development research lies in causally evaluating the dynamic wealth trajectories 
of neighborhoods exposed to foreign aid across Africa. Addressing this challenge is one step 
for moving beyond static associations to understand how aid interventions shape local 
economic outcomes over time. The work presented in this thesis should be viewed as a 
continuation and methodological development of the framework developed by Conlin (2024, 
2025). Whereas Conlin’s study established the empirical foundation for linking geocoded aid 
projects to localized measures of wealth, this thesis extends that framework into a 
longitudinal and aimed as a causally identified design. Building on a subset of the same 
underlying data architecture, the analysis replaces the cross-sectional, image-based 
confounder adjustment of Conlin’s approach with a DiD framework. The shift from spatial 
correlation to temporal causality enables direct estimation of how exposure to aid from China 
and the World Bank alters neighborhood-level wealth across successive three-year periods. 
This methodological shift confronts the limitations of causal inference in real-world settings, 
as the analysis must navigate the widespread violations of the parallel trends assumption that 
point toward systematic targeting bias. By integrating standardized IWI time series, high-
precision geocoded project data, and satellite-derived contextual covariates and 
by comparing traditional TWFE estimators with alternatives like the dCdH model, the thesis 
situates itself as a continuation in the evolution of the geocoded aid-wealth research domain: 
moving from static, imagery-based inference toward a more cautious, dynamic, reproducible, 
and temporally explicit causal evaluation of development assistance across Africa. 
 
A fundamental work enabling this thesis lies in the adoption of the IWI estimates produced 
by Pettersson et al. (2023), which represent a development in the spatial and temporal 
precision of socioeconomic measurement across Africa. Unlike the conventional DHS-based 
wealth indices that provide only cross-sectional snapshots for a limited subset of survey years 
and locations, the work by Pettersson et al. (2023) applies a temporally aware ResNet–LSTM 
architecture to multi-decadal sequences of satellite imagery, producing harmonized wealth 
estimates for all inhabited areas at approximately 6.7 km² resolution and in consistent three-
year intervals. This temporal modelling captures patterns of infrastructural development, 
land use change, and settlement expansion; features that static or single-frame models are 
unable to represent, thereby enabling a more grounded reconstruction of neighborhood-level 
economic dynamics. For the purposes of this thesis, these temporally coherent estimates 
make it possible to construct a balanced panel spanning 2002-2013, in which each 
observational unit has consistent, directly comparable IWI values across time. The use of this 
work thus overcomes an empirical constraint in previous aid development research: the lack 
of continuous and geographically exhaustive measures of local wealth (Head et al., 2017; 
Heitmann & Buri, 2019). By combining machine learning-based temporal generalization with 
survey-grounded economic indicators, the Pettersson et al. (2023) dataset provides a scalable 
foundation for causal analysis of aid interventions which bridges the gap between traditional 
survey methods and contemporary earth observation data. 
 
The analytical scope of this thesis extends beyond single-donor or single-sector case study. 
The effectiveness of foreign aid in achieving sustainable development outcomes remains 
contested, particularly regarding assistance from major donors such as the World Bank and 
China (Bonfatti & Poelhekke, 2017; Dreher & Fuchs, 2015; Michalopoulos & Papaioannou, 
2018b). By assembling a harmonized panel that spans multiple donors, sectors, and temporal 
cohorts, the analysis gains capability to systematically examine heterogeneity in both the 
magnitude and direction of aid impacts. The inclusion of World Bank and Chinese projects, 
each representing distinct institutional logics, enables a comparative perspective on how 
multilateral and bilateral aid assistance operate under different strategic, financial, and 
political frameworks. Likewise, the sectoral decomposition, covering different domains 
makes it possible to assess whether observed wealth effects are concentrated in particular 
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types of interventions or distributed more evenly across policy areas. The staggered temporal 
structure of the dataset, capturing waves of project initiation between 2002 and 2013, allows 
for the identification of within- and between-cohort variation in outcomes. This breadth of 
coverage enhances both the internal and external validity of the results: internally, 
by necessitating the use of robust estimators (de Chaisemartin & D’Haultfœuille, 2020) 
designed to handle such rich variation in treatment timing and exposure intensity; and 
externally, by situating the findings within broader debates on donor specialization, sectoral 
effectiveness, and the spatial targeting of aid development (Binam et al., 2011; Song et 
al.,2020). In doing so, the thesis offers a comparative lens on how different aid systems 
translate into localized economic outcomes over time. 
 
The empirical results reveal a multifaceted and heterogeneous landscape of aid effectiveness 
that underscores the importance of distinguishing between donors, sectors, and temporal 
dynamics. While Conlin et al. (2025) demonstrated that controlling for image-based spatial 
confounders tends to shrink effect estimates relative to simpler tabular models, this thesis 
adds a temporal dimension to that finding. A key finding is the stark discrepancy between the 
TWFE and dCdH models, which demonstrates the unreliability of the conventional estimator 
in this context. The TWFE model  shows large gains for Chinese projects in sectors 
like Energy Generation and Supply and Emergency Response. However, these dramatic 
effects largely vanish or are severely moderated in the dCdH estimates, where Energy’s effect 
becomes negligible  and Emergency Response shows a much more modest gain. This pattern 
shows that the TWFE model can be biased and overstate impacts, likely by conflating a 
rebound from the widespread negative pre-trends with a great, spurious treatment effect. 
 
The dCdH estimator, which is designed to correct for these biases (de Chaisemartin & 
D’Haultfœuille, 2020), presents a more believable, albeit complex, picture of divergent 
sectoral impacts. These "best" estimates show World Bank projects demonstrate strong 
positive impacts in human-capital sectors like Health and Education, while also showing 
negative effects in sectors like Agriculture. This aligns with findings that World Bank aid is 
primarily focused on projects aimed at infrastructure, education, and healthcare (Shin et al., 
2017; Kim & Kim, 2021). In contrast, the effects of Chinese interventions show their strongest 
positive gains in specifically Water Supply and Sanitation and Other Social Infrastructure and 
Services, while showing negative or fading effects in sectors like Transport and Storage. 
 
These divergent patterns reflect differences in project design and implementation cycles: 
World Bank programs often emphasize service delivery and institutional strengthening with 
direct welfare implications, whereas Chinese projects tend to prioritize infrastructure and 
production-oriented investments whose benefits may diffuse more slowly or depend on 
complementary local conditions. The dCdH estimator and the parallel trends analysis 
confirm that aid projects are sometimes targeted toward declining areas, a finding reinforced 
by the spatial robustness checks which point to significant targeting bias. The detection of 
such nuances was only possible because of the harmonized temporal and spatial scales used, 
which allowed for detailed alignment between project timing, treatment exposure, and wealth 
trajectories. These results show both the potential and the limits of development aid: while 
certain interventions yield measurable and lasting local improvements, others appear neutral 
or show the opposite, pointing to the decisive role of sectoral context, temporal sequencing, 
and spatial targeting in shaping aid outcomes. The results demonstrate that the widespread 
negative pre-trends represent more than a methodological complication; they constitute a 
substantive finding in their own right by confirming that systemic targeting bias towards 
declining areas is a core feature of the aid allocation landscape that conventional estimators 
fail to adequately model.  
 
While the analysis achieves spatial precision through the use of geocoded DHS clusters, its 
representativeness remains constrained by the spatial distribution of these survey points. 
DHS clusters were designed for demographic inference (Corsi et al., 2012) rather than causal 
evaluation of localized interventions, and as such, they omit large portions of the African 
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settlement landscape, particularly sparsely populated rural areas and fast expanding peri-
urban zones that often host substantial development activity but remain underrepresented in 
household surveys. This spatial sparsity limits the ability to generalize the estimated 
treatment effects to all inhabited areas, especially in regions where the DHS sampling frame 
provides only partial geographic coverage. 
 
Limitations in this thesis do exist. Even with the temporally smoothed Pettersson et al. 
(2023) IWI dataset, the underlying satellite imagery remains subject to uneven data quality 
due to persistent cloud cover, atmospheric distortions, and temporal gaps in the Landsat 
satellite archive. These issues can introduce inconsistencies, albeit minor, in the temporal 
granularity of the wealth estimates and limit the uniformity of spatial coverage across years. 
Geocoded aid project data often vary in positional precision and reporting accuracy, requiring 
filtering to ensure credible local treatment assignments. A further constraint concerns the 
temporal availability of treatment data, which in this analysis spans the period 2002-2013 
and is structured into rolling three-year intervals from 2002-2004 to 2011-2013. While this 
window captures almost a decade of development activity, it restricts the capacity of the DiD 
models to evaluate longer-term effects of aid projects. Many such projects; mainly those 
focused on infrastructure, institutional capacity, or sectoral reform, may yield economic 
impacts that unfold gradually beyond this observation period. Expanding the temporal scope 
years would therefore enhance the depth of the event-study design and therefore allowing for 
the identification of more sustained or delayed trajectories of change. 
 
A further challenge inherent to this type of spatial-temporal analysis concerns the Modifiable 
Areal Unit Problem (MAUP) and the Modifiable Temporal Unit Problem (MTUP). Both are 
sources of aggregation bias that arise when analytical outcomes depend on the scale or 
configuration of spatial and temporal units rather than on the underlying phenomena being 
measured. The use of approximately 5 km grid cells and harmonized three-year intervals 
represents a deliberate compromise between spatial precision and computational tractability, 
ensuring adequate overlap between the wealth estimates, treatment locations, and covariates. 
These design choices help to smooth short-term fluctuations and minimize random 
measurement noise while preserving meaningful temporal and spatial variation, but they do 
not eliminate the distortions introduced by arbitrary aggregation boundaries or the discrete 
timing of event windows. Aid impacts that manifest at finer spatial scales such as within 
neighborhoods or over shorter durations (for example during project implementation phases) 
may be diluted or masked by these averaging processes. 
 
An additional methodological consideration concerns the potential violation of the Stable 
Unit Treatment Value Assumption (SUTVA), which presumes that the treatment of one 
observational unit does not affect the outcomes of neighboring units. In spatially structured 
settings such as development aid allocation, this assumption is particularly fragile. The 
robustness analyses conducted in this thesis serve as a diagnostic tool. The distance-based 
dose-response analysis provided one possible explanation for the widespread pre-trend 
violations, revealing that untreated areas near treated sites were already significantly poorer 
than distant ones. This signifies systematic targeting bias, whereby aid is intentionally 
directed to economically disadvantaged regions. Furthermore, the exclusion buffer 
analysis served to spatially validate the main findings; by showing that the core treatment 
effect estimates remained stable and significant even when excluding nearby controls, it 
demonstrated that the positive dCdH results are not an illusion created by spillover 
contamination. The Spatial Autocorrelation Diagnostic (Moran's I) confirmed the presence of 
significant positive spatial autocorrelation in the model residuals, signifying the presence of 
unobserved neighborhood-level dependencies. 
 
Measurement error and residual confounding is also an aspect to consider. Although the 
standardized IWI estimates from Pettersson et al. (2023) represent an advancement in 
spatial and temporal consistency, they are nonetheless modelled outcomes derived from 
satellite imagery and survey training data, rather than direct observations of household 
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assets. As such, they inevitably contain prediction uncertainty. Geocoded aid project locations 
also suffer from spatial imprecision or reporting inaccuracies despite the filtering of low-
precision records (Goodman et al., 2024). Even small locational errors can affect treatment 
assignment at fine spatial scales, as when the exposure radius is limited to 5 km. This thesis 
mitigates these sources of bias through the inclusion of unit and time fixed effects to absorb 
unobserved heterogeneity, the use of clustered standard errors—a necessary step justified by 
the Moran's I test—to account for within-unit correlation, and the incorporation of satellite-
derived covariates. These measures cannot fully eliminate systematic error propagation and 
resulting uncertainty not only affects point estimates but also the confidence with which 
causal relationships can be interpreted. 
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6. Conclusion 
 

This thesis investigated the extent to which World Bank and Chinese foreign aid causally 
influence neighborhood-level wealth trajectories in Africa, using satellite-derived wealth data 
and a DiD framework. The analysis finds that the extent of aid's influence is not uniform but 
highly contingent on donor strategy and sectoral focus. A substantive finding regarding these 
trajectories is that aid is systematically targeted toward areas already experiencing economic 
decline. This signifies that the extent of aid’s impact is often mitigating downward trends 
rather than solely accelerating upward ones, a core feature of the allocation landscape. 
 
By employing the dCdH estimator to account for this, this thesis identified a more complex 
and divergent set of outcomes. Regarding donor and sectoral variation, World Bank 
interventions, particularly in social sectors like Health and Education, consistently yield the 
most significant and persistent positive impacts. In contrast, Chinese aid's effects show their 
strongest gains in infrastructure sectors like Water Supply and Sanitation and Other Social 
Infrastructure and Services, while showing fading or negative effects elsewhere. The 
overarching insight is that foreign aid is not a monolithic tool; its effectiveness is profoundly 
shaped by donor logic and sectoral context. The broader significance of these findings is that, 
methodologically, this thesis demonstrates the importance of pairing modern, high-
resolution remote sensing data with equally robust causal inference estimators.  
 
The limitations of this study, which have been mentioned under the discussion, can also serve 
as directions for future research in this area. Expanding beyond the DHS sampling frame by 
leveraging the full spatial surface of the Pettersson et al. (2023) IWI estimates would enable 
more thorough continent-wide analyses that move from discrete survey clusters to 
continuous spatial panels, thereby improving representativeness. Future research could also 
incorporate systematic sensitivity tests that vary spatial and temporal aggregation, assessing 
how treatment estimates respond to alternative grid sizes and event windows. Finally, while 
this thesis diagnosed spatial autocorrelation, future work should explicitly model these inter-
cluster dependencies to analyze the extent of spillovers, specifically by modelling how a 
neighborhood’s potential outcomes are functionally dependent on the treatment assignments 
of surrounding units. 
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8. Appendix 
 

Table 1. Parallel Trends Assumption (TWFE DiD) 
Pre-treatment coefficients (t-1) with 95% confidence intervals.1 

Sector 
Estimate 

(β̂) 
[95% Confidence 
Interval] 

Parallel 
Trend 
Violation 

China 

Agriculture, Forestry and 
Fishing 0.31 [-0.40, 1.01] No 

Communications 1.66 [0.70, 2.62] Yes 

Education 0.28 [-0.22, 0.78] No 

Emergency Response -3.00 [-4.48, -1.52] Yes 

Energy Generation and 
Supply -2.93 [-3.86, -2.01] Yes 

Government and Civil 
Society -0.29 [-0.68, 0.11] No 

Health 1.15 [0.69, 1.60] Yes 

Other Multisector 0.88 [-0.65, 2.42] No 

Other Social Infrastructure 
and Services -2.34 [-3.25, -1.43] Yes 

Transport and Storage -0.31 [-0.75, 0.14] No 
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Table 1. Parallel Trends Assumption (TWFE DiD) 
Pre-treatment coefficients (t-1) with 95% confidence intervals.1 

Sector 
Estimate 

(β̂) 
[95% Confidence 
Interval] 

Parallel 
Trend 
Violation 

Water Supply and 
Sanitation -1.80 [-2.38, -1.22] Yes 

World Bank 

Agriculture, Forestry and 
Fishing -0.42 [-0.63, -0.20] Yes 

Banking and Financial 
Services -0.77 [-1.22, -0.32] Yes 

Communications 2.44 [1.59, 3.28] Yes 

Education 0.09 [-0.23, 0.42] No 

Energy Generation and 
Supply -0.16 [-0.48, 0.15] No 

General Environmental 
Protection -0.56 [-1.07, -0.06] Yes 

Government and Civil 
Society -0.30 [-0.55, -0.06] Yes 

Health 0.24 [-0.01, 0.49] No 

Industry, Mining, 
Construction -0.07 [-0.31, 0.17] No 
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Table 1. Parallel Trends Assumption (TWFE DiD) 
Pre-treatment coefficients (t-1) with 95% confidence intervals.1 

Sector 
Estimate 

(β̂) 
[95% Confidence 
Interval] 

Parallel 
Trend 
Violation 

Other Social Infrastructure 
and Services -0.16 [-0.39, 0.07] No 

Transport and Storage -0.88 [-1.11, -0.65] Yes 

Water Supply and 
Sanitation -0.47 [-0.68, -0.27] Yes 

1 A coefficient statistically different from zero indicates a potential violation of the parallel 
trends assumption. 
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Table 2. Parallel Trends Assumption (dCdH DiD) 
Placebo coefficients (pre-treatment, t-1) with 95% confidence intervals.1 

Sector 
Estimate 

(β̂) 
[95% Confidence 
Interval] 

Parallel 
Trend 
Violation 

China 

Agriculture, Forestry and 
Fishing -0.159 [-0.55, 0.23] No 

Communications -0.020 [-0.47, 0.43] No 

Education -0.969 [-1.24, -0.69] Yes 

Emergency Response -1.517 [-2.07, -0.97] Yes 

Energy Generation and 
Supply -0.020 [-0.43, 0.39] No 

Government and Civil 
Society -0.965 [-1.23, -0.70] Yes 

Health -1.076 [-1.32, -0.83] Yes 

Other Multisector -0.752 [-1.23, -0.27] Yes 

Other Social Infrastructure 
and Services -2.342 [-2.74, -1.95] Yes 

Transport and Storage -0.208 [-0.53, 0.11] No 

Water Supply and 
Sanitation -0.737 [-1.03, -0.45] Yes 
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Table 2. Parallel Trends Assumption (dCdH DiD) 
Placebo coefficients (pre-treatment, t-1) with 95% confidence intervals.1 

Sector 
Estimate 

(β̂) 
[95% Confidence 
Interval] 

Parallel 
Trend 
Violation 

World Bank 

Agriculture, Forestry and 
Fishing -0.220 [-0.41, -0.03] Yes 

Banking and Financial 
Services -0.331 [-0.56, -0.11] Yes 

Communications 0.332 [0.01, 0.66] Yes 

Education -0.684 [-0.91, -0.46] Yes 

Energy Generation and 
Supply -0.595 [-0.81, -0.38] Yes 

General Environmental 
Protection -0.486 [-0.78, -0.19] Yes 

Government and Civil 
Society 0.009 [-0.17, 0.19] No 

Health -0.345 [-0.73, 0.04] No 

Industry, Mining, 
Construction 0.087 [-0.06, 0.23] No 

Other Social Infrastructure 
and Services -0.703 [-0.92, -0.49] Yes 

Transport and Storage -0.485 [-0.65, -0.32] Yes 
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Table 2. Parallel Trends Assumption (dCdH DiD) 
Placebo coefficients (pre-treatment, t-1) with 95% confidence intervals.1 

Sector 
Estimate 

(β̂) 
[95% Confidence 
Interval] 

Parallel 
Trend 
Violation 

Water Supply and 
Sanitation -0.506 [-0.66, -0.35] Yes 

1 A coefficient statistically different from zero indicates a potential violation of the parallel 
trends assumption. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  

 



58 
 

Table A1. Results from the TWFE Event-Study Difference-
in-Differences Model 

Post-treatment average treatment effects (t+1 to t+3) with 95% confidence intervals.1 

Sector 
Estimate 

t+1 (β̂) 

Estimat
e t+2 
(β̂) 

Estimat
e t+3 
(β̂) 

95% CI 
(t+1) 

95% CI 
(t+2) 

95% CI 
(t+3) 

China 

Agriculture, 
Forestry and 
Fishing 

0.500 0.162 0.116 
[-
0.15, 
1.15] 

[-
0.96, 
1.28] 

[-
1.63, 
1.86] 

Communication
s 1.009 0.773 0.707 [0.21, 

1.81] 
[-
0.63, 
2.18] 

[-
1.24, 
2.65] 

Education -0.283 -0.216 0.008 
[-
0.79, 
0.22] 

[-
1.24, 
0.81] 

[-
1.59, 
1.61] 

Emergency 
Response 2.474 3.476 5.358 [1.31, 

3.64] 
[1.28, 
5.67] 

[1.94, 
8.78] 

Energy 
Generation and 
Supply 

2.377 6.093 7.290 [1.47, 
3.29] 

[4.27, 
7.92] 

[4.65, 
9.93] 

Government and 
Civil Society 0.658 1.079 0.742 [0.30, 

1.02] 
[0.33, 
1.83] 

[-
0.32, 
1.80] 

Health -0.631 -1.863 -2.265 
[-
1.03, 
-
0.23] 

[-
2.61, 
-1.11] 

[-
3.41, 
-1.12] 

Other 
Multisector -1.512 -2.341 -3.455 

[-
2.53, 
-
0.50] 

[-
4.56, 
-0.13] 

[-
6.44, 
-
0.47] 
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Table A1. Results from the TWFE Event-Study Difference-
in-Differences Model 

Post-treatment average treatment effects (t+1 to t+3) with 95% confidence intervals.1 

Sector 
Estimate 

t+1 (β̂) 

Estimat
e t+2 
(β̂) 

Estimat
e t+3 
(β̂) 

95% CI 
(t+1) 

95% CI 
(t+2) 

95% CI 
(t+3) 

Other Social 
Infrastructure 
and Services 

2.041 3.667 7.384 [1.26, 
2.82] 

[2.21, 
5.13] 

[5.12, 
9.64] 

Transport and 
Storage 0.651 1.278 1.044 [0.19, 

1.12] 
[0.43, 
2.13] 

[-
0.22, 
2.31] 

Water Supply 
and Sanitation 0.992 2.495 5.460 [0.11, 

1.87] 
[0.74, 
4.25] 

[2.43, 
8.49] 

World Bank 

Agriculture, 
Forestry and 
Fishing 

0.198 0.388 0.521 
[-
0.02, 
0.42] 

[0.03, 
0.74] 

[-
0.01, 
1.05] 

Banking and 
Financial 
Services 

0.172 1.415 2.425 
[-
0.17, 
0.52] 

[0.89, 
1.94] 

[1.59, 
3.26] 

Communications -2.389 -4.446 -7.326 
[-
2.93, 
-1.85] 

[-
5.66, 
-3.23] 

[-
8.99, 
-5.66] 

Education 0.926 1.039 1.055 [0.65, 
1.20] 

[0.59, 
1.48] 

[0.46, 
1.65] 
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Table A1. Results from the TWFE Event-Study Difference-
in-Differences Model 

Post-treatment average treatment effects (t+1 to t+3) with 95% confidence intervals.1 

Sector 
Estimate 

t+1 (β̂) 

Estimat
e t+2 
(β̂) 

Estimat
e t+3 
(β̂) 

95% CI 
(t+1) 

95% CI 
(t+2) 

95% CI 
(t+3) 

Energy 
Generation and 
Supply 

0.349 0.221 0.103 
[0.04
, 
0.66] 

[-
0.28, 
0.72] 

[-
0.64, 
0.85] 

General 
Environmental 
Protection 

0.499 0.591 -0.549 
[0.04
, 
0.96] 

[-
0.20, 
1.38] 

[-
1.87, 
0.77] 

Government and 
Civil Society 0.209 0.428 0.549 [0.01, 

0.41] 
[0.11, 
0.75] 

[0.14, 
0.95] 

Health 0.682 1.379 1.683 [0.47, 
0.90] 

[1.02, 
1.73] 

[1.20, 
2.17] 

Industry, 
Mining, 
Construction 

0.367 0.615 0.789 [0.12, 
0.61] 

[0.20
, 
1.03] 

[0.18, 
1.40] 

Other Social 
Infrastructure 
and Services 

0.625 0.952 1.151 [0.42, 
0.83] 

[0.62, 
1.28] 

[0.68
, 
1.62] 

Transport and 
Storage 1.005 1.376 1.821 [0.79, 

1.22] 
[1.04, 
1.72] 

[1.35, 
2.29] 

Water Supply 
and Sanitation 1.050 1.663 2.286 [0.86, 

1.24] 
[1.34, 
1.99] 

[1.83, 
2.75] 

1 Each coefficient represents the estimated effect on IWI relative to the pre-treatment 
period. 
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Table A2. Results from the dCdH Difference-in-
Differences Model 

Post-treatment average treatment effects (t+1 to t+3) with 95% confidence intervals.1 

Sector 

Estimat
e t + 1 

(β̂) 

Estimat
e t + 2 

(β̂) 

Estimat
e t + 3 

(β̂) 
95% CI 
(t + 1) 

95% CI 
(t + 2) 

95% CI 
(t + 3) 

China 

Agriculture, 
Forestry and 
Fishing 

1.022 0.360 1.844 
[-
0.38, 
2.43] 

[-
0.14, 
0.86] 

[0.68
, 
3.01] 

Communication
s 1.644 1.945 2.665 [1.36, 

1.93] 
[1.55, 
2.34] 

[2.14, 
3.19] 

Education 0.440 1.515 3.302 [0.21, 
0.67] 

[1.10, 
1.93] 

[2.38, 
4.22] 

Emergency 
Response 1.995 1.641 2.375 [1.50, 

2.49] 
[0.66
, 
2.63] 

[0.96, 
3.79] 

Energy 
Generation and 
Supply 

0.506 1.501 0.162 [0.19, 
0.82] 

[0.91
, 
2.09] 

[-
0.73, 
1.05] 

Government 
and Civil 
Society 

0.935 0.859 -0.321 
[0.53
, 
1.34] 

[-
0.66, 
2.38] 

[-
3.25, 
2.61] 

Health 0.696 0.588 1.551 
[0.52
, 
0.87] 

[0.33
, 
0.84] 

[1.03, 
2.07] 

Other 
Multisector 0.670 0.957 2.228 

[0.33
, 
1.01] 

[0.23
, 
1.68] 

[1.59, 
2.87] 
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Table A2. Results from the dCdH Difference-in-
Differences Model 

Post-treatment average treatment effects (t+1 to t+3) with 95% confidence intervals.1 

Sector 

Estimat
e t + 1 

(β̂) 

Estimat
e t + 2 

(β̂) 

Estimat
e t + 3 

(β̂) 
95% CI 
(t + 1) 

95% CI 
(t + 2) 

95% CI 
(t + 3) 

Other Social 
Infrastructure 
and Services 

0.836 0.957 4.442 
[0.44
, 
1.23] 

[0.39
, 
1.53] 

[3.34, 
5.54] 

Transport and 
Storage 0.433 -0.095 -2.418 [0.14, 

0.73] 
[-
0.76, 
0.57] 

[-
3.93, 
-0.91] 

Water Supply 
and Sanitation 0.390 0.665 7.082 [0.14, 

0.64] 
[-
0.06, 
1.39] 

[0.36, 
13.80
] 

World Bank 

Agriculture, 
Forestry and 
Fishing 

0.268 0.331 -2.179 
[0.05
, 
0.48] 

[-
0.82, 
1.48] 

[-
3.27, 
-1.09] 

Banking and 
Financial 
Services 

0.177 0.617 -0.689 
[-
0.03, 
0.38] 

[-
0.07, 
1.31] 

[-
2.16, 
0.78] 

Communication
s 0.111 0.219 0.412 

[-
0.08, 
0.30] 

[-
0.12, 
0.56] 

[-
0.04, 
0.86] 

Education 1.254 1.933 3.685 
[0.96
, 
1.55] 

[1.14, 
2.73] 

[3.11, 
4.26] 

Energy 
Generation and 
Supply 

0.183 -0.953 0.276 
[-
0.15, 
0.51] 

[-
1.68, 
-
0.23] 

[-
1.03, 
1.58] 
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Table A2. Results from the dCdH Difference-in-
Differences Model 

Post-treatment average treatment effects (t+1 to t+3) with 95% confidence intervals.1 

Sector 

Estimat
e t + 1 

(β̂) 

Estimat
e t + 2 

(β̂) 

Estimat
e t + 3 

(β̂) 
95% CI 
(t + 1) 

95% CI 
(t + 2) 

95% CI 
(t + 3) 

General 
Environmental 
Protection 

0.258 1.481 3.669 
[-
0.00, 
0.52] 

[0.94
, 
2.02] 

[1.75, 
5.59] 

Government 
and Civil 
Society 

0.152 0.155 0.290 
[0.04
, 
0.27] 

[-
0.11, 
0.42] 

[-
0.11, 
0.69] 

Health -0.177 0.804 4.418 
[-
0.37, 
0.01] 

[-
0.42, 
2.03] 

[2.26, 
6.57] 

Industry, 
Mining, 
Construction 

1.023 0.445 0.642 
[0.62
, 
1.43] 

[0.12, 
0.77] 

[-
0.20, 
1.48] 

Other Social 
Infrastructure 
and Services 

0.673 2.567 3.401 
[0.46
, 
0.89] 

[1.18, 
3.95] 

[0.66, 
6.14] 

Transport and 
Storage 0.386 0.514 0.776 

[0.23
, 
0.54] 

[0.17, 
0.86] 

[0.19, 
1.36] 

Water Supply 
and Sanitation 0.723 0.952 1.309 

[0.55
, 
0.89] 

[0.24
, 
1.67] 

[0.02
, 
2.59] 

1 Each coefficient represents the estimated effect on IWI relative to the pre-treatment 
period, based on the dCdH estimator. 
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Table A3. Distance-Based Dose–Response Robustness 
Test (OLS Model) 

Ordinary Least Squares (OLS) estimates comparing IWI levels across distance bands from treated 
clusters.1 

Distance Band 
(km) Estimate (β)* Std. Error t Statistic p Value 

0,10 -2.228 1.207 -1.84 0.065 

10,20 -1.274 0.798 -1.60 0.110 

20,50 -2.661*** 0.565 -4.71 <0.001 

1 Dependent variable: post-treatment IWI. The omitted reference category is clusters ≥50 
km from treated areas. Significance levels: * p < 0.05, ** p < 0.01, *** p < 0.001. 
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Table A4. Exclusion Buffer Robustness Test 
Ordinary Least Squares (OLS) estimates excluding control clusters within increasing distances of 

treated sites.1 

Exclusion Buffer 
(km) Estimate (β̂) Std. Error t Statistic p Value 

0 1.395*** 0.368 3.80 <0.001 

10 1.368*** 0.370 3.70 <0.001 

20 1.486*** 0.391 3.80 <0.001 

30 1.195** 0.430 2.78 0.006 

1 Dependent variable: post-treatment International Wealth Index (IWI). Significance levels: 
* p < 0.05, ** p < 0.01, *** p < 0.001. 
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Table A5. Spatial Autocorrelation Diagnostic (Global 
Moran’s I) 

Test of spatial independence in OLS residuals from the post-treatment model.1 

Global Moran’s I Expected Value Variance p Value 

0.239 -0.0005 0.000162 <0.001 

1 A significant positive Moran’s I indicate that residuals exhibit spatial clustering, implying 
the presence of unobserved spatial dependence. Significance at p < 0.001 confirms non-
random spatial autocorrelation. 
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Table A6. TWFE with Covariates Event-Study Difference-
in-Differences Results 
Point Estimates and 95% Confidence Intervals 

Sector t-1 t+1 t+2 t+3 

China 

Agriculture, Forestry 
and Fishing 

0.306 (-
0.402, 1.014) 

0.500 (-
0.154, 
1.154) 

0.162 (-
0.955, 1.278) 

0.116 (-
1.632, 1.864) 

Communications 1.660 (0.701, 
2.619) 

1.009 
(0.208, 
1.809) 

0.773 (-
0.630, 2.177) 

0.707 (-
1.239, 2.654) 

Education 0.283 (-
0.217, 0.783) 

-0.283 (-
0.790, 
0.224) 

-0.216 (-
1.237, 0.805) 

0.008 (-
1.592, 1.608) 

Emergency Response -3.000 (-
4.485, -1.516) 

2.474 
(1.306, 
3.642) 

3.476 
(1.281, 5.672) 

5.358 
(1.940, 8.776) 

Energy Generation and 
Supply 

-2.934 (-
3.858, -2.011) 

2.377 
(1.468, 
3.287) 

6.093 
(4.270, 7.916) 

7.290 
(4.648, 9.931) 

Government and Civil 
Society 

-0.286 (-
0.682, 0.110) 

0.658 
(0.296, 
1.021) 

1.079 
(0.331, 1.828) 

0.742 (-
0.317, 1.801) 

Health 1.146 (0.693, 
1.600) 

-0.631 (-
1.034, -
0.228) 

-1.863 (-
2.613, -1.114) 

-2.265 (-
3.408, -1.123) 

Other Multisector 0.883 (-
0.651, 2.418) 

-1.512 (-
2.527, -
0.498) 

-2.341 (-
4.556, -0.127) 

-3.455 (-
6.437, -0.472) 

Other Social 
Infrastructure and 
Services 

-2.335 (-
3.245, -1.426) 

2.041 
(1.258, 
2.824) 

3.667 
(2.207, 5.127) 

7.384 
(5.124, 9.644) 

Transport and Storage -0.306 (-
0.751, 0.139) 

0.651 
(0.185, 
1.116) 

1.278 
(0.430, 2.126) 

1.044 (-
0.221, 2.310) 

Water Supply and 
Sanitation 

-1.800 (-
2.383, -1.218) 

0.992 
(0.110, 
1.875) 

2.495 
(0.741, 4.249) 

5.460 
(2.434, 
8.485) 
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Table A6. TWFE with Covariates Event-Study Difference-
in-Differences Results 
Point Estimates and 95% Confidence Intervals 

Sector t-1 t+1 t+2 t+3 

World Bank 

Agriculture, Forestry 
and Fishing 

-0.417 (-
0.632, -0.202) 

0.198 (-
0.020, 
0.416) 

0.388 
(0.032, 
0.745) 

0.521 (-
0.013, 1.055) 

Banking and Financial 
Services 

-0.770 (-
1.217, -0.323) 

0.172 (-
0.173, 
0.517) 

1.415 
(0.891, 1.940) 

2.425 
(1.591, 3.259) 

Communications 2.437 (1.590, 
3.283) 

-2.389 (-
2.931, -
1.847) 

-4.446 (-
5.659, -3.234) 

-7.326 (-
8.991, -5.661) 

Education 0.095 (-
0.228, 0.418) 

0.926 
(0.650, 
1.203) 

1.039 
(0.595, 1.483) 

1.055 
(0.460, 1.651) 

Energy Generation and 
Supply 

-0.164 (-
0.480, 0.152) 

0.349 
(0.037, 
0.661) 

0.221 (-
0.278, 0.720) 

0.103 (-
0.640, 0.846) 

General Environmental 
Protection 

-0.562 (-
1.065, -0.058) 

0.499 
(0.037, 
0.960) 

0.591 (-
0.202, 1.384) 

-0.549 (-
1.866, 0.768) 

Government and Civil 
Society 

-0.301 (-
0.547, -0.055) 

0.209 
(0.008, 
0.411) 

0.428 
(0.110, 0.746) 

0.549 
(0.145, 0.953) 

Health 0.243 (-
0.008, 0.494) 

0.682 
(0.465, 
0.898) 

1.379 
(1.024, 1.733) 

1.683 
(1.196, 2.169) 

Industry, Mining, 
Construction 

-0.070 (-
0.306, 0.167) 

0.367 
(0.120, 
0.613) 

0.615 
(0.196, 1.035) 

0.789 
(0.175, 1.402) 

Other Social 
Infrastructure and 
Services 

-0.160 (-
0.386, 0.066) 

0.625 
(0.418, 
0.833) 

0.952 
(0.621, 1.284) 

1.151 
(0.685, 1.617) 

Transport and Storage -0.878 (-
1.111, -0.646) 

1.005 
(0.789, 
1.221) 

1.376 
(1.038, 1.715) 

1.821 
(1.349, 2.293) 
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Table A6. TWFE with Covariates Event-Study Difference-
in-Differences Results 
Point Estimates and 95% Confidence Intervals 

Sector t-1 t+1 t+2 t+3 

Water Supply and 
Sanitation 

-0.475 (-
0.684, -0.266) 

1.050 
(0.858, 
1.242) 

1.663 
(1.341, 1.985) 

2.286 
(1.827, 2.746) 

6 Covariates included: population density, conflict, natural disasters, election cycles, institutional 
stability, and leader birthplace. 
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Table A7. Parallel Trends Assumption (dCdH DiD with 
Covariates) 

Placebo coefficients (pre-treatment) with 95% confidence intervals.1 

Sector 
Estimate 

(β̂) 
[95% Confidence 
Interval] 

Parallel 
Trend 
Violation 

China 

Agriculture, Forestry and 
Fishing -0.16 [-0.55, 0.23] No 

Communications -0.03 [-0.50, 0.44] No 

Education -0.87 [-1.14, -0.59] Yes 

Emergency Response -1.23 [-1.78, -0.69] Yes 

Energy Generation and 
Supply -0.15 [-0.56, 0.25] No 

Government and Civil 
Society -1.12 [-1.40, -0.83] Yes 

Health -0.94 [-1.18, -0.70] Yes 

Other Multisector -0.54 [-1.02, -0.07] Yes 

Other Social Infrastructure 
and Services -2.34 [-2.74, -1.95] Yes 

Transport and Storage -0.23 [-0.55, 0.10] No 

Water Supply and 
Sanitation -0.60 [-0.89, -0.32] Yes 
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Table A7. Parallel Trends Assumption (dCdH DiD with 
Covariates) 

Placebo coefficients (pre-treatment) with 95% confidence intervals.1 

Sector 
Estimate 

(β̂) 
[95% Confidence 
Interval] 

Parallel 
Trend 
Violation 

World Bank 

Agriculture, Forestry and 
Fishing -0.21 [-0.38, -0.03] Yes 

Banking and Financial 
Services -0.33 [-0.56, -0.10] Yes 

Communications 0.33 [0.01, 0.65] Yes 

Education -0.70 [-0.92, -0.48] Yes 

Energy Generation and 
Supply -0.48 [-0.70, -0.27] Yes 

General Environmental 
Protection -0.54 [-0.84, -0.25] Yes 

Government and Civil 
Society -0.18 [-0.36, 0.00] No 

Health -0.13 [-0.51, 0.24] No 

Industry, Mining, 
Construction 0.09 [-0.06, 0.23] No 

Other Social Infrastructure 
and Services -0.63 [-0.84, -0.43] Yes 
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Table A7. Parallel Trends Assumption (dCdH DiD with 
Covariates) 

Placebo coefficients (pre-treatment) with 95% confidence intervals.1 

Sector 
Estimate 

(β̂) 
[95% Confidence 
Interval] 

Parallel 
Trend 
Violation 

Transport and Storage -0.61 [-0.77, -0.46] Yes 

Water Supply and 
Sanitation -0.52 [-0.67, -0.37] Yes 

1  6 Covariates included: population density, conflict, natural disasters, election cycles, institutional 
stability, and leader birthplace.  
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Table A8. Results from the dCdH Difference-in-
Differences Model with Covariates 

Post-treatment average treatment effects (t + 1 to t + 3) with 95% confidence intervals.1 

Sector 
Estimate 
t + 1 (β̂) 

Estimate 
t + 2 (β̂) 

Estimate 
t + 3 (β̂) 

95% CI 
(t + 1) 

95% CI 
(t + 2) 

95% CI (t 
+ 3) 

China 

Agriculture, 
Forestry and 
Fishing 

1.022 0.360 1.844 [1.09, 
3.14] 

[-
0.14, 
0.86] 

[0.68, 
3.01] 

Communications 1.576 1.823 2.563 [1.30, 
1.86] 

[1.43, 
2.22] 

[2.03, 
3.10] 

Education 0.356 1.441 3.091 
[-
0.01, 
0.72] 

[0.42, 
2.46] 

[2.19, 
4.00] 

Emergency 
Response 1.929 1.365 2.050 [1.43, 

2.42] 
[0.36, 
2.37] 

[0.63, 
3.47] 

Energy 
Generation and 
Supply 

0.353 1.016 -0.459 [0.04, 
0.66] 

[0.43, 
1.61] 

[-1.38, 
0.46] 

Government and 
Civil Society 1.427 2.470 4.964 [1.15, 

1.70] 
[1.83, 
3.11] 

[-
4.72, 
14.65] 

Health 0.663 0.563 2.188 [0.49, 
0.83] 

[0.31, 
0.82] 

[1.67, 
2.70] 

Other 
Multisector 0.682 0.994 2.262 [0.33, 

1.03] 
[0.27, 
1.72] 

[1.63, 
2.89] 

Other Social 
Infrastructure 
and Services 

0.836 0.957 4.442 [0.36, 
1.32] 

[0.39, 
1.52] 

[3.34, 
5.54] 
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Table A8. Results from the dCdH Difference-in-
Differences Model with Covariates 

Post-treatment average treatment effects (t + 1 to t + 3) with 95% confidence intervals.1 

Sector 
Estimate 
t + 1 (β̂) 

Estimate 
t + 2 (β̂) 

Estimate 
t + 3 (β̂) 

95% CI 
(t + 1) 

95% CI 
(t + 2) 

95% CI (t 
+ 3) 

Transport and 
Storage 0.552 0.044 -1.197 [0.24, 

0.86] 
[-
0.65, 
0.74] 

[-
2.74, 
0.34] 

Water Supply 
and Sanitation 0.607 0.746 6.499 [0.38, 

0.83] 
[-
0.29, 
1.78] 

[-
0.09, 
13.09] 

World Bank 

Agriculture, 
Forestry and 
Fishing 

0.440 0.727 -1.497 [0.23, 
0.65] 

[-
0.59, 
2.04] 

[-
3.49, 
0.49] 

Banking and 
Financial 
Services 

0.177 0.617 -
0.689 

[-
0.03, 
0.38] 

[-
0.07, 
1.31] 

[-2.16, 
0.78] 

Communications 0.168 0.310 0.392 
[-
0.01, 
0.35] 

[-
0.02, 
0.64] 

[-
0.05, 
0.84] 

Education 1.292 1.368 3.559 [1.00, 
1.58] 

[0.60, 
2.13] 

[2.99, 
4.13] 

Energy 
Generation and 
Supply 

0.005 -
0.934 0.530 

[-
0.32, 
0.33] 

[-
1.60, -
0.27] 

[-
0.79, 
1.85] 

General 
Environmental 
Protection 

0.306 1.547 3.536 [0.04, 
0.57] 

[1.01, 
2.09] 

[1.66, 
5.41] 
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Table A8. Results from the dCdH Difference-in-
Differences Model with Covariates 

Post-treatment average treatment effects (t + 1 to t + 3) with 95% confidence intervals.1 

Sector 
Estimate 
t + 1 (β̂) 

Estimate 
t + 2 (β̂) 

Estimate 
t + 3 (β̂) 

95% CI 
(t + 1) 

95% CI 
(t + 2) 

95% CI (t 
+ 3) 

Government and 
Civil Society 0.217 0.481 0.927 [0.10, 

0.33] 
[0.21, 
0.75] 

[0.53, 
1.32] 

Health -0.138 0.750 4.654 
[-
0.35, 
0.07] 

[-
0.60, 
2.10] 

[3.85, 
5.46] 

Industry, Mining, 
Construction 1.023 0.445 0.642 [0.62, 

1.43] 
[0.12, 
0.78] 

[-
0.20, 
1.48] 

Other Social 
Infrastructure 
and Services 

0.701 2.351 2.842 [0.49, 
0.91] 

[1.00, 
3.70] 

[0.05, 
5.63] 

Transport and 
Storage 0.637 0.992 1.681 [0.48, 

0.79] 
[0.65, 
1.33] 

[1.10, 
2.26] 

Water Supply 
and Sanitation 0.741 1.228 1.980 [0.57, 

0.91] 
[0.54, 
1.92] 

[0.70, 
3.26] 

1 6 Covariates included: population density, conflict, natural disasters, election cycles, institutional 
stability, and leader birthplace. 

 


