
Foreign aid network diversification and its impact on growth, 
growth acceleration, and growth spell

Article  (Accepted Version)

http://sro.sussex.ac.uk

Bhattacharyya, Sambit and Intartaglia, Maurizio (2021) Foreign aid network diversification and its 
impact on growth, growth acceleration, and growth spell. Review of Development Economics. 
ISSN 1363-6669 

This version is available from Sussex Research Online: http://sro.sussex.ac.uk/id/eprint/96866/

This document is made available in accordance with publisher policies and may differ from the 
published  version or from the version of record. If you wish to cite this item you are advised to 
consult the publisher’s version. Please see the URL above for details on accessing the published 
version. 

Copyright and reuse: 
Sussex Research Online is a digital repository of the research output of the University.

Copyright and all moral rights to the version of the paper presented here belong to the individual 
author(s) and/or other copyright owners.  To the extent reasonable and practicable, the material 
made available in SRO has been checked for eligibility before being made available. 

Copies of full text items generally can be reproduced, displayed or performed and given to third 
parties in any format or medium for personal research or study, educational, or not-for-profit 
purposes without prior permission or charge, provided that the authors, title and full bibliographic 
details are credited, a hyperlink and/or URL is given for the original metadata page and the 
content is not changed in any way. 

http://sro.sussex.ac.uk/


 1 

 

Foreign Aid Network Diversification and its 
Impact on Growth, Growth Acceleration 

and Growth Spell 1 
 
 

Sambit Bhattacharyya and Maurizio Intartaglia2 
 

 
23 January, 2021 

 
Abstract: A diversified aid network could improve growth by reducing volatility. 

Alternatively, it could harm growth by encouraging waste and corruption. In this paper we 

test the effect of aid diversification on growth, growth acceleration and growth duration. 

Using a large dataset covering up to 126 countries over the period 1965 to 2010 and 

estimating three types of models (panel VAR, binary dependent variable, and duration) we 

find the following. First, a diversified aid network Granger causes growth. Second, the 

‘growth acceleration episodes’ identified following Hausmann et al. (2005) definition does 

not seem to be affected by aid diversification. Third, the ‘growth spells’ identified using Berg 

et al. (2006) definition appears to be prone to premature termination as a result of aid 

concentration. Our results appear to be robust to a wide array of tests and alternative 

measures of aid diversification. 
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1  Introduction 
 
One of the longstanding controversies in economic sciences is the empirical relationship 

between foreign aid and economic growth. The findings are mixed with some studies 

reporting a robust positive relationship (Papanek, 1972; Hansen and Tarp, 2000; Burnside 

and Dollar, 2000). Others report negative or zero effects (Griffin and Enos, 1970; Boone, 

1996; Rajan and Subramanian, 2008). Werker et al. (2009) find that the zero effect is more 

nuanced with aid absorption affecting the key components of GDP in the short run but not 

economic growth. While others find that the positive effect is conditional on the quality of 

institutions or public policy (Collier and Dollar, 2002; Burnside and Dollar, 2004) or timing 

(Clemens et al., 2012). More than four decades long voluminous literature on this topic 

appears to have done little in settling this dispute. The aid proponents accuse their opponents 

of ‘selective reading of the empirical evidence’ (Hansen and Tarp, 2000, p. 393) whereas the 

opponents accuse the proponents of ‘confirmation bias’ (Easterly, 2006, p. 48). All this while, 

the volume of aid donations did not remain static but increased manifold. For instance, the 

total amount of foreign aid in 2012 was 269 billion US Dollars which is more than double the 

amount provided in 2002 (ODI 2016). This is also backed by calls for continued international 

assistance from developed countries by world leaders.  For instance the United Nations’ 

Johannesburg Declaration on Sustainable Development states that, “We recognize the reality 

that global society has the means and is endowed with the resources to address the 

challenges of poverty eradication and sustainable development confronting all humanity. 

Together, we will take extra steps to ensure that these available resources are used to the 

benefit of humanity. In this regard, to contribute to the achievement of our development goals 

and targets, we urge developed countries that have not done so to make concrete efforts 

reach the internationally agreed levels of official development assistance.” (4 September, 

2002) 
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In this paper, we aim to revisit this question from a different angle. Instead of 

focusing on the impact of aid volume on growth, we focus on aid network diversification and 

its effect on growth, growth acceleration (or turning points) and growth duration (or growth 

spell). With increasing number of countries contributing to the aid funding pot as donors (see 

Figure 1), this question is perhaps more important than ever. Intuitively, the potential effects 

could be ambiguous. A diversified network of aid could potentially reduce volatility in aid 

(see Figure 2)3, foreign exchange reserves, national budgets and national currencies. It could 

also fund more growth generating activities. All of this taken together could potentially 

contribute towards growth. Alternatively, a diversified network of foreign aid could also 

encourage wasteful spending, corruption, weak institutions, and armed conflict undermining 

state capacity and harming economic growth.  

The effect of aid diversification on growth acceleration and growth durability could 

also be ambiguous. More donors are likely to finance more growth accelerating and growth 

prolonging activities. It could also turn out to be counterproductive as lack of coordination 

among many donors could prematurely end growth. The theoretical ambiguity described 

above makes it a worthwhile empirical question of genuine policy significance. 

The approach adopted in this paper is motivated by Acharya et al. (2006), Kimura et 

al. (2012), and Lee and Lim (2014). Acharya et al. (2006) focus on transaction cost of aid 

diversification in a theoretical model, Kimura et al. (2012) present a cross-country macro 

study with Herfindahl Index, and Lee and Lim (2014) exclusively focus on health aid. 

Broadly, they argue that there are both merits and demerits of the consequences in donor 

fragmentation (or concentration). Aid provided by a large number of donors and projects in a 

                                                 
3 Figure 2 shows there is an inverse relationship between aid volatility and donor concentration (higher 

Gini). To the extent that aid volatility is destabilizing, aid concentration probably has an adverse impact on 
growth (Hudson and Mosley, 2008). Whether aid volatility adversely affects growth depends on the source of 
volatility. For example, Lensink and Morrissey (2000) suggest that aid volatility might arise from the instability 
in the donor-recipient relationship. Such instability is probably destabilizing. Alternatively, volatility could be a 
result of counteracting destabilizing shocks such as famine or natural disasters. In such cases, volatility could be 
stabilizing.   
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recipient country could undermine their efficiency and growth effects by overwhelming the 

capacity of recipient governments ability to manage aid inflows. Diversification could also 

generate possible positive effects via access to an extensive donor network. The presence of 

multiple donors and projects could encourage competition across projects thereby increasing 

efficiency, effectiveness and growth dividends (Acharya et al., 2006). 

Even though similar in spirit, these studies only focus on the effect of aid 

concentration or diversification on growth. In contrast, we estimate not only growth effects 

but also effects on growth acceleration, and growth spell. We also use a larger sample relative 

to Kimura et al. (2012). We cover 126 countries over the period 1965 to 2010 whereas 

Kimura et al. (2012) cover 67 countries over the period 1970 to 2001. We also highlight the 

possibility that a diversified aid network could potentially reduce volatility in aid (see Figure 

2), foreign exchange reserves, national budgets and national currencies all contributing 

positively to growth. 

In a recent study, Horowitz et al. (2020) introduce the network theory notion of 

degree centrality into the aid-growth literature. They find that degree centrality of the 

recipient, when a particular donor is above a certain threshold level of aid for that recipient, is 

positively correlated to the recipient’s growth. Some key differences between our study and 

Horowitz et al. (2020) is that they do not deal with growth acceleration and growth spell. 

They also do not estimate models controlling for country fixed effects and time trends. They 

focus on degree centrality as the sole measure of aid network. In contrast, we present results 

using Gini coefficient, Herfindahl-Hirschman Index, Theil Index, Number of Donors, and 

Normalised Degree Centrality as measures of aid diversification. Gini coefficient is our 

primary measure even though results are also robust with the other measures as is 

demonstrated in the following sections. 

While we note that our approach towards measuring aid network is different from 
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Horowitz et al. (2020), we do not claim statistical superiority of our Gini based approaches. 

The degree centrality measure used in Horowitz et al. (2020) accounts for the mean share 

between nodes whereas the Gini focuses on the distribution. Nevertheless, we also use degree 

centrality to test robustness of our results.   

What is the motivation behind using three different measures of economic 

performance as outcome variables? This relates to the fundamental question addressed by the 

aid-growth literature, whether aid influences economic performance in any meaningful way 

in the recipient countries. Even though scholars have used various measures of economic 

performance in the literature, they can be broadly classified into the three categories of 

growth, growth acceleration, and growth spell (Hausmann et al., 2005; Berg et al., 2012). 

Growth rate in GDP per capita is a canonical measure of economic performance widely used 

in the aid-growth literature. Economic growth is often spasmodic and depends on turning 

points (Hausmann et al., 2005). It is also fragile and terminates abruptly, especially in aid 

recipient developing countries (Batista and Zalduendo, 2004; Easterly et al., 1993). 

Therefore, analysing the effect of aid diversification on turning points measured by growth 

acceleration and duration measured by growth spell is extremely relevant here. Given the 

empirical nature of our research question, the adopted holistic approach encompassing all 

three measures of economic performance seems appropriate.    

We use a large dataset covering up to 126 countries over the period 1965 to 2010 and 

estimate three types of models. First, we estimate a panel Vector Auto Regression (VAR) 

model to analyse the effect of aid network on growth. We find that a diversified aid network 

(characterized by low Gini coefficient) Granger causes growth whereas the reverse 

relationship is statistically insignificant. Second, we identify ‘growth acceleration episodes’ 

in our sample period using the Hausmann et al. (2005) definition. We find that aid 

diversification has no statistically significant effects on growth acceleration. Finally, we 
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follow Berg et al. (2006) and identify ‘growth spells’ in our sample. Using both parametric 

and non-parametric methods of estimation we find that aid concentration (higher Gini) 

increases the risk of premature termination of growth spells. We perform a wide array of 

robustness tests and our results appear to be robust.  

What does this paper add to the literature on aid fragmentation? ‘The Paris 

Declaration on Aid Effectiveness 2005’ and the ‘Accra Agenda for Action 2008’ call for 

harmonisation across donors in order to reduce transaction costs and increase effectiveness 

(OECD, 2008). They also emphasize the importance of donor recipient coordination and 

untying of aid. Indeed, studies in comparative politics show that uncoordinated aid 

fragmentation imposes heavy burden on government effectiveness in developing countries 

(Acharya et al., 2006; Knack and Rahman, 2007).  Our careful empirical analysis suggest that 

there is a growth cost associated with aid concentration as well. Therefore, attempts towards 

harmonisation needs to be nuanced in order to make aid more effective. 

Our paper is related to the voluminous aid-growth nexus literature. Rajan and 

Subramanian (2008), Werker et al. (2009), and Clemens et al. (2012) are to name a few 

recent studies who also survey the earlier literature. Our paper is also related to the literature 

on aid volatility, macroeconomic management and growth. Prominent studies in this domain 

include Lensink and Morrissey (2000), Hudson and Mosley (2008), and Chervin and 

Wijnbergen (2010). Overall, this literature conclude that aid volatility has a detrimental effect 

on growth. 

Finally, our paper is related to a literature on ‘growth turning points’ and ‘growth 

networks’. Hausmann et al. (2005) define turning points as substantial acceleration in growth 

that are sustained for 8 years and find 80 such episodes since 1950. They find these events are 

correlated with investments, trade, real exchange rate depreciation, political regime change, 

and external shocks. However, they concede that these turning point events are extremely 
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difficult to predict. Berg et al. (2012) define turning points as growth spells of high growth 

period ending with a downbreak. They find that these turning points are related to income 

distribution, political institutions, trade, and macroeconomic stability. We use both 

definitions of turning point here. In a study on trade and growth, Kali et al. (2013) use 

network density and proximity measures to assess volume and nearness of products exported 

by a country to products in global trade. They find higher network density and network 

proximity are crucial for growth and growth acceleration in poor countries.   

The remainder of the paper is structured as follows: Section 2 discusses how we 

calculate the diversity of network of a recipient country’s donors. Sections 3, 4 and 5 

analyses the effect of aid network on growth, growth accelerations, and growth spells. 

Section 6 presents additional robustness results and section 7 concludes. 

2 Measuring Foreign Aid Diversification 
 
The aid data used in order to measure the diversity of foreign aid is sourced from AidData 

Research Release 2.1 (Tierney, 2011).4 This dataset records donations at the project-level and 

contains over 1 million aid activities funded by more than 80 donors from 1940 onwards. The 

bulk of the dataset comes from the Creditor Reporting System (CRS), which collects 

information on donations reported by its 22 member countries on an annual basis. 

Furthermore, it also collects information from non-members. We focus our attention on the 

period 1965 to 2010, since the data for the early years are too sparse. As mentioned earlier, 

the dataset records both bilateral and multilateral donations measured in 2009 constant US 

dollars. Therefore, donors in our dataset could be a country or a multilateral organization. In 

contrast, recipients are always countries. For each year, the dataset often records multiple 

donations between a donor and a recipient. For example, in a given year, Germany may 
                                                 

4 The dataset delineates development finance as loans from governments, official government aid 
agencies as well as inter-governmental organizations aimed at promoting the welfare of the recipient countries.  
The project is run by the Brigham Young University, the College of William and Mary and the Development 
Gateway. It is born out of the union of two earlier projects, the ‘Accessible Information on Development 
Activities’ and the ‘Project-Level Aid’. 
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donate several amounts in different categories such as "healthcare" or "education" to Ghana. 

These multiple donations are aggregated so that every year there is a single flow between a 

donor and a recipient. As we have mentioned earlier, a country can be a donor, a recipient, or 

both and the number of countries under each of these categories have grown over time. The 

volume of donations also increased over time. 

The dataset contains transactions that are broken down into 18 categories. The 

maximum aggregate donation over the sample period 1965 to 2010 is recorded under 

‘Commodity Aid and General Program Assistance’ (code 16). This is indicative that most aid 

is perhaps food or other commodities as response to natural disasters or famines or crop 

failures. Code 16 is followed by ‘Transport and Storage’ (code 7) which is perhaps also a key 

component of disaster response. Table 1 presents a list of categories and Figure 3 presents a 

plot of the aggregate data. 

We observe that the majority of donations are relatively small and they coexist with a 

small fraction of high-valued donations. We also observe in the data that more smaller donors 

enter over time (see Figure 1) while a small fraction of high-valued donors remain. 

So far we have documented that more donors become active per recipient over time. 

However, most of them are small donors. We also documented that the aggregate donations 

increase over time. Next we measure how diversified the network of donors are for the 

recipients. We use the recipient’s Gini coefficient across donors to this effect. It is computed 

as  

                                                    1
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where d is the total number of donors in the market for that given year and wδ is the 
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increasing rank of aggregated donation amounts from each of these donors.5 For example, 

wδ  is the amount donated by donor δ , where donors are listed in the increasing order of the 

amount they donate. We pad wδ with zeros for the donors that do not donate to the recipient. 

Theoretically, Gini ranges between 0 and 1 and a higher Gini implies that the donor network 

is relatively more concentrated whereas a smaller Gini implies that the donor network is 

diversified.6 Morocco, Nigeria, Pakistan, India and Turkey appear to have a fairly diversified 

aid network. In contrast, Romania, Bulgaria, Dominica, Belarus and Libya appear to have a 

more concentrated aid network.  

In addition to the Gini coefficient, we also measure aid diversification using Theil 

index, Herfindahl-Hirschman index, Number of Donors, and Normalised Degree Centrality. 

These estimates are discussed further in table 10 and section 6.  

3 Aid Diversification and Growth 

To examine the effect of aid diversification on growth we estimate the following 

parsimonious model using a panel dataset covering 126 countries observed over the period 

1965 to 2010.7  

                                      2 11=ˆit i it it itty G yα λ γ γ ε−+ + + +                                    (2) 

 where ˆity  is the growth rate of GDP per capita in country i  at year t , iα  is the country fixed 

effect, t  is the time trend controlling for time varying global trends, itG  is the Gini measuring 

aid diversification, and 1ity − is the lagged GDP per capita. The growth rate is computed as log 

difference and GDP per capita is measured in PPP 2005 constant prices. Table 2 reports 

summary statistics of the key variables and Appendix A2 presents variable definitions. 

                                                 
5 An alternative is to define d as ‘the number of donors in a recipient’s aid network’. However, this 

could yield misleading result with a small sample. For example, a recipient with two donors donating $100 and 
$20 will have a higher Gini than a recipient with a single donor donating $120.  

6 One theoretical anomaly is that for a single donor (d=1), G=0. We do not have such extreme situation 
in our sample.   

7 Appendix A1 presents a list of countries included in the sample. 
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The main coefficient of interest here is 1γ , which is the effect of aid diversification on 

growth. If aid diversification benefits growth then we would expect 1γ  to be positive and 

statistically significant. Any indication otherwise would indicate that this is not the case.  

The specification also controls for lagged GDP per capita (measured in log) 1ity −  to 

allow for ‘conditional convergence’. ‘Conditional convergence’ is the empirical observation 

that low income countries grow faster than their richer counterparts and converge towards the 

steady state conditioned on other factors that influence growth. 

We start our analysis by examining the time-series properties of the key variables in 

table 3. We report Adjusted Dickey Fuller and Philips-Perron unit root tests. There is 

evidence that GDP per capita GDP is I(1). Therefore, our dependent variable Growth (i.e. the 

first difference of GDP per capita) is I(0). The Gini index is observed to be stationary.  

Table 4 estimates model (2) and finds that aid concentration (or higher Gini) is 

harmful for growth. In column 1 we find that one sample standard deviation (or 0.066) 

increase in Gini from the sample average (or 0.887) leads to approximately 0.5 percent 

decline in the growth rate.8 Since model (2) includes a lagged dependent variable 1ity −  the 

fixed effect estimator could suffer from Nickell bias (Nickell, 1981). System GMM is the 

preferred remedy under such circumstances. Given the time dimension of our panel dataset, 

Nickell bias may not be an issue here (Roodman, 2006). Nevertheless, in column 2 we use 

the Blundell and Bond (BB) dynamic panel estimator. The result remains qualitatively similar 

in terms of sign and significance. However, the coefficient gets bigger. Therefore, to err on 

the side of caution, column 1 estimates are perhaps more reliable than column 2.  

The models estimated in columns 1 and 2 do not take into account cross-sectional 

                                                 
8 This is computed as the difference between two fitted values of the growth rate. The first fitted value 

is obtained by multiplying the estimated coefficient (-0.074) by the sample average of the Gini (0.887). This 
amounts to -0.074 × 0.887 = -0.066. The second fitted value is computed by multiplying the estimated 
coefficient (-0.074) by the sum of the sample average and sample standard deviation of the Gini (0.887 + 0.066 
= 0.953). This amounts to -0.074 × 0.953 = -0.071. Therefore a decline in growth of 0.005 or 0.5 percent.  
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dependence. Cross-sectional dependence is a challenge here as there could be spillover 

effects both with economic growth and aid allocation regionally. Thus in column 3, we 

estimate the model using the Augmented Mean Group (AMG) estimator of Eberhardt and 

Teal (2010) which addresses cross-sectional dependence. The magnitude of the coefficient is 

smaller than column 2 but it is statistically significant and has the right sign.  

Is there an independent effect of aid volume on growth after controlling for aid 

diversification? To test we re-estimate table 4 columns 1 – 3 after adding ODA as a share of 

GDP as an additional control variable. The coefficient on ODA as a share of GDP is largely 

insignificant. Therefore, we do not observe an independent effect of aid on growth after 

controlling for aid diversification. Results not reported here but are available upon request. 

In columns 4 and 5 we introduce two alternative measures of aid diversification. 

Column 4 uses the ‘Number of Donors’ variable whereas column 5 uses the ‘Normalised 

Degree Centrality’ variable. The former is defined as the number of entities donating to a 

given recipient whereas the latter is the average number of entities aided by a typical donor of 

the recipient. A higher numerical value for the ‘Number of Donors’ variable indicates a 

diversified aid network as a large number of donors are donating to a given recipient. In 

contrast, a higher numerical value for the ‘Normalised Degree Centrality’ variable indicates 

aid concentration as a particular recipient is receiving aid mainly from large donors (or 

donors who cater for more recipients on average). Note that ‘Normalised Degree Centrality’ 

is the ‘average number of recipients a typical donor of this recipient gives aid to’. It is 

computed as the ratio of ‘total number of recipients receiving aid from all donors of this 

recipient in a particular year’ and the ‘total number of donors of this recipient in that year’. 

The estimated coefficient is positive in column 4 and negative in column 5 and both are 

significant. This supports our earlier finding with Gini that aid concentration limits growth. 

Undoubtedly, growth can influence aid network and vice versa. Alternatively, they 
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both could be influenced by a third factor. Needless to say that aid 

concentration/diversification variables are endogenous here rendering any causal inference 

problematic. We resort to Granger causation using a panel VAR model here to draw causal 

inference. Even though it does not meet the strict definition of causation, it does provide very 

useful guidance. Note that non-causal mechanisms could theoretically generate Granger 

causation (Clemens et al., 2012). It is theoretically possible that donors accurately predict 

growth of recipients thereby influencing their foreign aid network. In practice growth remains 

highly unpredictable both in the short (Batista and Zalduendo, 2004) and the long run 

(Easterly et al., 1993). Pseudo Granger causation could also emerge as a result of mean 

reversion in growth. Furthermore, aid diversification caused by poor growth performance 

could also generate pseudo Granger causation. All of this can be tested by running a Granger 

causality test from Growth to the aid diversification measure (Gini).  

We estimate the following first-order panel VAR model: 

                        10 1=it it itiFY Y T E−Γ + Γ + +Π +                                    (3) 

where itY is a two-variable vector including Growth and Gini. iF , T  and itE are vectors of 

country fixed effects, time trend, and idiosyncratic errors respectively. Estimating the model 

using least square dummy variables would introduce Nickell bias in the presence of a lagged 

dependent variable even with large N. This bias could approach 0 with large T but there is 

little consensus on how large the T should be. For example, Judson and Owen (1999) find 

significant bias even with T = 30. Therefore, systems GMM is the right way forward. To 

remove the fixed effect we use forward mean-differencing also known as the “Helmert 

Procedure” and estimate the coefficients by system GMM. Binder et al. (2005) provides an 

excellent exposition of the GMM methodology in the context of VAR. We use the Stata 

program developed by Love and Zicchino (2006). The optimal lag order is chosen using the 

moment selection criteria for GMM estimation developed by Andrews and Lu (2001).  
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Following standard practice in the literature on VAR, we focus on the Impulse 

Response Functions (IRFs). Figure 4 displays the response of a one standard deviation 

positive shock in Gini administered in period 0 on growth over a decade.  The black line 

denotes the point estimates whereas the lighter bands are the 95 percentile confidence 

intervals. Note that the standard errors and the associated confidence intervals are generated 

through Monte Carlo simulations of 1000 draws. The figure shows that a current positive 

shock in Gini has a statistically significant negative impact on growth and the effect is 

persistent up to a decade and longer. Figure 5 plots the response of a positive shock in growth 

to Gini. Gini decreases in the short run but the effect is statistically insignificant. Note that we 

obtain similar results with orthogonalized IRFs. Furthermore, the results are robust to a 

reversion of the variable ordering (or including the Gini prior to the growth variable). 

Table 5 reports the Granger causality tests based on model (3). Column 1 reports p-

values and we find that all three measures of aid diversification (Gini, Number of Donors, 

and Normalised Degree Centrality) Granger causes growth. Columns 2-4 report causality 

tests from growth to aid diversification. We do not find any evidence of growth Granger 

causing aid diversification. This negates the possibility of pseudo Granger causation arising 

from mean reversion in growth.  

We note that cross-sectional dependence could be an issue here as there may be 

regional spillover effects both with economic growth and aid allocation. Hence, we re-

estimate columns 1 and 2 of table 5 using Pesaran’s (2006) Common Correlated Effects 

Mean Group (CCEMG) estimator. The CCEMG addresses cross-sectional dependence. The 

results are qualitatively similar to table 5. Results are not reported here but are available upon 

request. 
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4 Aid Diversification and Growth Accelerations 

Growth tends to be fragile and spasmodic in developing countries (Easterly et al., 1993). A 

more commonly observed pattern is a short period of growth followed by long stagnation or 

decline (Pritchett, 2000). Therefore, sustained acceleration of the growth process in 

developing country is perhaps one of the most important policy objectives in international 

development (Hausmann et al., 2005).  

Here we assess to what extent a recipient country’s aid diversification affects its 

growth turning points measured by the growth acceleration variable. We follow Hausmann et 

al. (2005)’s definition of growth acceleration episodes. In particular, we adopt the following 

definition.  

                                  ,=ln( )t i t t ngy tα+ ++  for all 0,...,i n=                                              (4a) 

                                 , , ,=t n t t n t n tg g g+ −∆ −                                                                            (4b) 

Note that equation (4a) defines growth rate ( ,t t ng + ) as the least squares growth rate in GDP 

per capita ( y ) from t  to t n+ . The change in growth rate in (4b) is defined as the change 

over horizon n across that period. Growth acceleration episodes are idetified provided the 

following conditions were satisfied. 

                                , 3.5t t ng ppa+ ≥                                                                                    (4c) 

                                , 2.0t ng ppa∆ ≥                                                                                    (4d) 

                                max{ },t n iy y i t+ ≥ ≤                                                                           (4e) 

Hausmann et al. (2005) interprets 4c-e as growth is rapid, growth accelerates, and post-

growth output exceeds pre-episode peak respectively. Our main results in table 6 chooses 8 

years (i.e., 7n = ) as the time horizon. However, in table 7 we also present a summary with 
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horizons 9 ( 8n = ), 7 ( 6n = ), and 4 ( 3n = ) years. Using 7n = and the abovementioned 

filter, we identify 63 episodes of growth accelerations in our sample. 

Having identified the growth acceleration episodes, we estimate the following binary 

outcome model:  

                                              1 2=it i it itt eGA Gθ λ γ+ + +                                                        (5) 

where GA is a dummy variable taking the value of 1 when a growth acceleration episode 

occurs based on the filter. We estimate the model using probit, logit, and linear probability 

model estimators. Note that the probit and logit estimators automatically drop countries from 

the sample that did not experience growth acceleration.  

Table 6 displays the results from estimating equation (5). Columns 1 – 3 uses three 

different estimation techniques – probit, logit and linear probability model (LPM) using Gini 

as the independent variable. Even though the coefficients are negative implying a negative 

impact of aid concentration on growth acceleration, they are statistically insignificant. In 

columns 4 and 5 we use the ‘number of donors’ and the ‘degree’ measures. Large number of 

donors appear to have a positive and statistically significant impact on growth acceleration. 

The effect of the degree measure however is insignificant.  

The column 4 result is economically significant. It tends to suggest that more donors 

are likely to support growth acceleration as more growth generating projects are likely to be 

identified and receive support. This positive effect outweighs the negative effect of donor 

crowding through corruption and lack of coordination. However, we also need to exercise 

caution with regards to the economic effects as the ‘gini’ and ‘degree’ measures of 

diversification are insignificant.  

The estimates presented in table 6 are generated from fixed effect models. To confirm 

we also estimate random effect models and the results are qualitatively similar. These results 

are reported in the Online Appendix.  
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In table 7 we present a summary of regression results with growth acceleration 

episodes identified using alternative filters. Hausmann et al. (2005) demonstrate that growth 

acceleration episodes are heavily reliant on the filters. Thus, it is important to check the 

validity of regression results under alternative filters. In table 7, we apply alternative filters 

with the time horizon of 9, 7, or 4 years; yearly growth rate of 0.035, 0.025, or 0.015; and the 

change in yearly growth rate of 0.02, 0.03, or 0.04. For example, if a growth acceleration 

episode in table 7 is coded as GA_4_0.015_0.02, then it implies growth acceleration with 

time horizon 4 year, yearly growth rate 0.015, and change in yearly growth rate 0.02. The 

table footnote provides more details. 

As is apparent, the overall pattern of results remain fairly similar in terms of sign (or 

direction of effects) with occasional coefficients becoming statistically significant. The 

change in statistical significance in some cases is not unexpected as the change of filters 

significantly alter the number of acceleration episodes.  

Hausmann et al. (2005)’s filter based approach is often perceived to be arbitrary. An 

alternative is to identify the growth acceleration episodes using the Bai-Perron method as was 

adopted in Berg et al. (2012). See section 5 for more details on this approach. Identifying the 

growth spells involve identifying the up-breaks as well as down-breaks with the minimum 

number of years between breaks set at 8. We can code the years between an up-break and a 

down-break as growth acceleration episode. Even though this approach is less arbitrary 

relative to the filter based approach of Haussman et al. (2005), there is a trade-off. This 

approach significantly reduces the sample size. Combining the episodes with the aid 

diversification data yields a sample of 50 countries (509 observations) spanning the period 

1965-2010. This is significantly smaller than the Haussman et al. (2005) filter based sample 

of 63 countries (1418 observations). Nevertheless, we re-estimate table 6 columns 1 and 2 
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using this sample and find that the results are robust. Results are nor reported here but are 

available upon request.   

5 Aid Diversification and Growth Spells 

In addition to affecting growth and growth accelerations, aid diversification could also affect 

growth spells. For example, a concentrated aid network could be more volatile thereby 

increasing the risk of termination of a growth spell. Undoubtedly the answer to this question 

is of policy significance as often growth in aid recipient poor countries are short lived.  

The idea of growth spell goes back to Pritchett (2000) but Berg et al. (2012) is 

perhaps the most influential paper on the measurement issues surrounding growth spells. We 

closely follow Berg et al. (2012) and define growth spell as a period starting with a statistical 

“up-break” followed by the number of years during which the per capita GDP growth rate is 

at least 2%. The spell ends with a statistical “down-break” followed by a period of growth 

rate less than 2%. If no down-break is detected then the spell terminates with the end of the 

sample. Berg et al. (2012) computes the statistical breaks using a variant of the Bai and 

Perron approach. Following Berg et al., the minimum number of years between breaks (or the 

“interstitiary period” denoted by h  in Berg et al.) is set to 8. We also use 5h = as additional 

robustness test. These results are reported in the Online Appendix. Note that because a down 

break, by construction, cannot happen until 8 years into a spell, Berg et al. (2012) create a 

dummy variable defining the notional start of the spell as the true start year plus seven years. 

Table 8 presents a list of growth spells in countries included in the sample. 

Combining the growth spell data with the aid diversification data yields a sample of 

50 countries spanning the period 1965-2010. There are 17 episodes of down-break in the 

sample. Also note that the episodes of up-break are more than 50, because some countries 

have more than one up-breaks. For example, Bhutan has two up-breaks in 1978 and 1995 and 

one down-break in 1987. In order to estimate the impact of aid network on growth spells we 
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use the following “proportional hazard model”: 

                          0( , ) ( ) exp( )i it ith t X h t Xβ=                                                            (6) 

where 0h denotes the baseline hazard function, β is a vector of estimated parameters, and 

itX  is a set of country characteristics. Following Berg et al. (2012), we control for the initial 

level of per capita GDP at the beginning of the spell. Our coefficient of interest β reveals the 

effect of aid network on growth spells. In particular, a positive sign implies that aid network 

concentration increases the hazard rate, thereby reducing the duration of the growth spell. 

Conversely, a negative sign implies aid diversification increases duration of the growth spell.   

Table 9 presents the duration analysis. In columns 1 – 3 we use the Weibull, 

Exponenial and Gompertz distributions. Each of these distributions specify a particular shape 

for the baseline specification . We also use the Cox model in column 4, which imposes no 

specific restriction on the shape of the baseline hazard. Note that, to compute the model a 

shape for the hazard function must be specified. The empirical literature provides alternative 

functions. However, there is no clear guidance on why a specific function should be preferred 

over the alternatives. Therefore, we use multiple functional forms so that we can have 

maximum confidence in our statistical results. The coefficient of aid diversification Gini is 

statistically significant in three out of four specifications. The coefficient in column 2 (the 

Exponential model) is only marginally insignificant (p-value: 0.115).  The sign remains 

positive throughout which implies that higher concentration (diversification) of aid tends to 

shorten (prolong) the growth spell. The hazard ratio corresponding to the Weibull model 

(column 1) is approximately 1.15 which means that a one unit increase in the Gini index 

increases the baseline hazard for a growth spell by 15%,. We find similar evidence in 

columns 5 and 6 with alternative measures of aid network.   

6 Robustness 
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In table 10 we test the robustness of our main results by using alternative measures of aid 

diversification. In particular, we use the Theil Index and the Herfindahl-Hirschman index 

instead of the Gini. The Theil Index arguably improves upon Gini by capturing the inequality 

across donors better whereas the Herfindahl-Hirschman index captures fragmentation better. 

We use Gini as our main measure because of its intuitive appeal and wide usage. Columns 1-

2 uses growth as the dependent variable, columns 3-4 uses growth acceleration as the 

dependent variable and the probit estimation method, and columns 5-6 reports parametric 

time models assuming that the hazard function follows a Weibull distribution. The minimum 

"interstitiary period" is set to eight years in columns 5-6. Our key results broadly remain 

unchanged. Note that the coefficient estimates with Gini in table 4 is statistically significant 

at 1% while the same with Theil Index and Herfindahl-Hirschman Index in table 10 is 

significant at 5%. The magnitude of the coefficient is different because the three measures 

have different range. 

In addition to using alternative measures of aid diversification, we perform a plethora 

of robustness tests. With regards to the estimates of aid diversification on growth, we test the 

effects of additional covariates in table 11. We add investments, government consumption, 

democracy scores and official development assistance (ODA) as additional covariates and the 

estimated coefficient survives in terms of sign and statistical significance. We also test outlier 

sensitivity of the estimates using the DFITS, Cook’s distance, and Welsch distance tests in 

table 12. For definitions of DFITS, Cook’s distance, and Welsch distance see table 12 notes. 

Again the main result survives. 

Next in table 13, we tests the robustness of the growth acceleration results by 

introducing additional covariates and estimating the probit model using random effects 

instead of fixed effects (as in table 6). The additional covariates are sourced from Hausmann 

et al. (2005) who also use these variables as additional covariates. They are Thresh90 (a 
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dummy variable taking the value 1 when terms of trade change from year t to t-4 is in the 

upper 10 percent of the entire sample), Econ Lib (a dummy variable taking the value 1 to 

code economic openness), and PosChange and NegChange (codes political regime change 

when the polity score goes up or down during the 5 year period after regime change). Again 

the main result remains unchanged. 

Finally, we spend a considerable amount of effort testing the robustness of the growth 

spell results. Growth spells within a country could be correlated with each other due to 

unobserved country specific factors such as religion and culture. Note that the standard 

proportional hazard model does not take into account such unobserved heterogeneity. Hence, 

in table 14 we estimate a proportional hazard model with the ‘frailty’ option which controls 

for the unobserved effects. Country level “frailties” are assumed to follow gamma 

distribution with a finite mean and variance and log “frailties” are analogous to random 

effects in a standard linear model. Results remain qualitatively similar to table 9. In table 15, 

we use the alternative measures of aid diversification – number of donors and degree. We 

observe to qualitative change in our main result. Finally, in table 16 we control for additional 

covariates such as investments, government consumption, democracy scores and official 

development assistance (ODA) to test how sensitive our results are to omitted variable bias. 

These additional covariates could have direct effects on growth spells in individual countries. 

In all of these cases the coefficients are statistically significant and exhibits the right sign.  

7 Conclusions 
 
Aid proponents and skeptics have long argued on the merits of foreign aid, especially its 

growth benefits. The voluminous macro empirical literature relating aid volume and growth 

in GDP per capita has remained largely inconclusive. A parallel and mostly policy literature 

raises the issue of aid fragmentation as more and more donors enter the field. The implicit 

argument in this literature is that a largely uncoordinated donor space with numerous donors 
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increases inefficiency and crowds out worthy projects. In this paper, we revisit this literature 

and measure the degree of diversification of a recipient’s aid donor network. We then test the 

empirical relationship between this network, growth and growth turning points (acceleration 

and spells). We find that at the macro level, aid diversification (or aid at the extensive 

margin) is beneficial for growth. The findings on growth turning points however are 

somewhat mixed. We find that aid diversification reduces the risk of termination of a growth 

spell. However, we do not find any effect of aid diversification on growth accelerations. 

This result at the macro level perhaps urges us to reevaluate the merits and demerits 

of providing aid intensively or extensively. A large number of donors operating in a country 

could overwhelm the aid absorptive capacity of the recipient government compromising 

efficiency. It could also have a positive impact as more donors could reach more locations 

previously designated remote and thereby improving growth. Lee and Lim (2014) outline the 

benefits of aid delivery at the extensive margin with regards to health aid. The macro data 

analyzed here indicates that the latter could be the case. In spite of the theoretical arguments 

supporting harmonization of the aid programme, we find that there are growth costs 

associated with delivering aid intensively as well. Therefore, attempts towards harmonisation 

needs to be nuanced in order to make aid more effective. Therefore, one would need to be 

more circumspect and inspect more evidence before drawing strong policy conclusions one 

way or the other.  

The issue of causality is of prime importance in the aid-growth literature. We are able 

to establish statistical causality in table 5 using panel VAR. However, establishing economic 

causality remains a challenge as is demonstrated by Clemens et al. (2012). Resolving the 

identification issues would be the appropriate direction to pursue in this literature, which 

would then inform policy more persuasively. 
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Appendices 
 
A1: List of Countries 
Afghanistan Fiji Mongolia Tunisia 
Albania Gabon Morocco Turkey 
Algeria Gambia Mozambique Turkmenistan 
Angola Georgia Namibia Uganda 
Armenia Ghana Nepal Ukraine 
Azerbaijan Grenada Nicaragua Uzbekistan 
Bangladesh Guatemala Niger Vanuatu 
Belarus Guinea Nigeria Venezuela 
Belize Guinea-Bissau Pakistan Viet Nam 
Benin Guyana Palau Yemen 
Bhutan Haiti Panama Zambia 
Bolivia Honduras Papua New Guinea Zimbabwe 
Bosnia-Herzegovina India Paraguay   
Botswana Indonesia Peru   
Brazil Iran Philippines   
Bulgaria Iraq Romania   
Burkina Faso Jamaica Rwanda   
Burundi Jordan Samoa   
Cambodia Kazakhstan Sao Tome & Principe   
Cameroon Kenya Senegal   
Cape Verde Kiribati Serbia   
Central African Rep. Kyrgyz Rep. Sierra Leone   
Chad Laos Solomon Islands   
China Lebanon Somalia   
Colombia Lesotho South Africa   
Comoros Liberia Sri Lanka   
Congo, Rep. Libya St. Lucia   
Costa Rica Macedonia St.Vincent & Grenad.   
Cote D'Ivoire Madagascar Sudan   
Cuba Malawi Suriname   
Djibouti Malaysia Swaziland   
Dominica Maldives Syria   
Dominican Republic Mali Taiwan   
Ecuador Marshall Islands Tajikistan   
Egypt Mauritania Tanzania   
El Salvador Mauritius Thailand   
Eritrea Mexico Togo   
Ethiopia Moldova Tonga   
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A2: Data Appendix 
Variable Description Source 

Growth First difference of GDP per capita (logs) 
(our construction) 

PWT 6.3 

GDP PPP Converted GDP Per Capita 
(Laspeyres) at 2005 constant prices  

Investment Investment Share of PPP Converted GDP 
Per Capita at 2005 constant prices  

Public               
Consumption 

Government Consumption Share of PPP 
Converted GDP Per Capita at 2005 
constant prices 

Gini 

Gini inequality index of aid 
diversification. A higher Gini represents 
a higher degree of concentration of aids 
(less aid diversifications) (our 
construction) 

Aid Data 2.1. 

Number of 
Donors 

Number of entities donating to a given 
recipient (our construction) 

Normalised 
Degree 
Centrality 

Average number of recipients a typical 
donor of this recipient gives aid to (= 
total number of recipients receiving aid 
from all donors of this recipient in a 
particular year / total number of donors 
of this recipient in that year)     (our 
construction) 

Theil Theil's index (our construction) 

Herfindahl-
Hirschman 

Herfindahl-Hirschman index (our 
construction) 

ODA Net official development assistance and 
official aid received (current US$) World Development 

Indicator 
(World Bank) Life                  

Expectancy Life expectancy at birth, total (years) 
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Figure 1: Number of Donors and Recipients over time 
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Note: The top line records the number of Recipients, the middle line records the number of Donors, and the 
bottom line records the number of countries who are Both donors and recipients.  

 
Figure 2: Aid Volatility and Aid 

Diversification
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Note: Following Hudson and Mosley (2008) Aid volatility is measured as the standard errors of the residuals 
from regressing the average amount received by a recipient on their one and two-year lags (OLS estimation). 
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The standard errors of the residuals is then averaged across years. Gini coefficient measures Aid Diversification 
with a higher Gini implying donor concentration.  
 

Figure 3: Donations Across Aid Categories 1965 - 2010 

 
Note: Aggregate donations across aid categories over the period 1965 to 2010. Code 0 represents ‘transactions 
without labels’. For a list of codes see Table 1. 
 
 
 

Figure 4: Impulse Response of Growth to Shock in Gini 
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Figure 5: Impulse Response of Gini to Shock in Growth 
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Table 1: Aid Categories 
Aid Category code 
Education 1 
Health 2 
Population Policies/ Programs and Reproductive Health 3 
Water Supply and Sanitation 4 
Government and Civil Society 5 
Other Social Infrastructure And Services 6 
Transport and Storage 7 
Communications 8 
Energy Generation and Supply 9 
Banking and Financial Services 10 
Business and Other Services 11 
Agriculture, Forestry, Fishing 12 
Industry, Mining, Construction 13 
Trade policy and regulations, tourism 14 
Multi-Sector/Cross-Cutting 15 
Commodity Aid And General Program Assistance 16 
Action Relating to Debt 17 
Humanitarian Aid 18 

 
 
 
 

Table 2: Summary Statistics 
Variables Mean Std. Dev. Min Max 
Growth 0.016 0.076 -1.039 0.642 
GDP 7.737 0.942 5.080 10.151 
Gini 0.887 0.066 0.349 0.986 
Notes: The table illustrates summary statistics of the main variables used throughout the empirical analysis. 
Growth is the dependent variable. It is measured in terms of first difference of (logs) per capita GDP. GDP 
is measured in logarithm of per capita terms. The Gini coefficient is a measure of network dispersion that 
varies between 0 and 1. The sample covers the period 1965-2010. 
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Table 3: Unit Root Tests 
  Growth GDP Gini 

  Fisher ADF test 

Inverse chi-squared 0.000 0.000 0.000 
Inverse normal 0.000 0.460 0.000 
Inverse logit t 0.000 0.149 0.000 
Modified inv. chi-squared 0.000 0.000 0.000 

  Fisher PP test 

Inverse chi-squared 0.000 0.000 0.000 
Inverse normal 0.000 0.277 0.000 
Inverse logit t 0.000 0.077 0.000 
Modified inv. chi-squared 0.000 0.000 0.000 
Notes: The table illustrates the p-values from Fisher-type ADF and PP unit root tests. Each line refers 
to a specific transformation used to combine the p-values form unit-root tests computed for each panel 
individually. The sample covers the period 1965-2010. Constant and time trend term included. 

 
 
 

Table 4: Aid Diversification and Growth: Fixed Effects and Dynamic Panel Estimates 
 (1)                   

FE          
(2)               
BB 

(3) 
AMG 

(4)                   
FE 

(5)                   
FE 

Gini 
 

Number of 
Donors 

 
Normalised 

Degree 
Centrality 

-0.074*** 
(0.027) 

-0.465*** 
(0.173) 

-0.106** 
(0.052) 

 
 

0.002*** 
(0.0001) 

 
 
 
 
 

-0.00003*** 
(0.00001) 

Controls Lagged GDP per capita in logs 1ity − , Country Fixed Effects, Time Trend 
Observations 

Countries 
Time Period 
Instruments 
AR(2) Test 
Hansen Test 

Order of 
Integration 

4642 
126 

1965-2010 
 
 
 
 

I(0) 

4642 
126 

1965-2010 
6 

0.105 
0.390 

 
I(0) 

4642 
126 

1965-2010 
 
 
 
 

I(0) 

4642 
126 

1965-2010 
 
 
 
 

I(0) 

4642 
126 

1965-2010 
 
 
 
 

I(0) 
Notes: The table reports Fixed Effect (FE), Blundell and Bond (BB), and Augmented Mean Group (AMG) 
estimates. The order of integration of the residuals is evaluated using the Fisher-type unit root tests. Column 4 
reports the estimates for the number of entities donating to a given recipient (Number of Donors). Column 5 
reports the estimates for the average number of entities aided by the donor of the recipient (Normalised Degree 
Centrality).The figures in the parentheses are clustered standard errors with clustering at the country level. ***, 
** and * denote statistical significance at the 1%, 5% and 10% level, respectively.  
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Table 5: Aid Diversification and Growth: Panel VAR Granger Causality Test 

  Response  

Impulse 

(1)                           
Growth 

(2)                                 
Gini 

(3)                                 
Number of 

Donors 

(4)                                 
Degree 

Centrality 
Gini 0.002       
Number of 
Donors 0.006       

Degree 
Centrality 0.000       

Growth   0.237 0.188 0.069 

Observations 4320 

Countries 126 

Period 1965-2010 
Notes:  The table displays the p-value from the panel VAR-Granger causality Wald test. Column 2-4 
reports the estimates for alternative measures of aid network, namely the Gini index (Gini), the number of 
entities donating to a given recipient (Number of Donors) and the average number of entities aided by the 
donor of the recipient (Normalised Degree Centrality). The null hypothesis is that the impulse variable 
does not Granger-cause the response variable. ***, ** and * denote statistical significance at the 1%, 5% 
and 10% level, respectively. Country fixed effects and time trend are included but not reported. 

 

Table 6: Aid Diversification and Growth Acceleration 

  
(1) 

Probit 
(2)                   

Logit        
(3)                       

LPM        
(4) 

Probit 
(5) 

Probit 

Ginit -0.492 
(1.121) 

-0.842 
(2.229) 

-0.028 
(0.136) 

  

Number of 
Donors     0.101** 

(0.027) 
 

Degree 
Centrality      0.010 

(0.006) 
Controls Country Fixed Effects, Time Trend 
Observations 1418 1418 2928 1418 1418 
Countries 63 63 126 63 63 
Period 1965-

2010 1965-2010 1965-
2010 

1965-
2010 

1965-
2010 

Pseudo-R2 0.079 0.079   0.094 0.081 
Notes: LPM implies Linear Probability Model. Column 4 reports the estimates for the 
number of entities donating to a given recipient (Number of Donors). Column 5 reports the 
estimates for the average number of entities aided by the donor of the recipient (Normalised 
Degree Centrality).The figures in the parentheses are robust standard errors. ***, ** and * 
denote statistical significance at the 1%, 5% and 10% level, respectively.  

 

 

 



 34 

Table 7: Aid Diversification and Growth Acceleration with varying horizons 

 

(1) 
Gini 

(2) 
Number of 

Donors 

(3) 
Degree 

Centrality 
GA_4_0.015_0.02 - s  + s - ns 
GA_4_0.015_0.03  - ns  + ns + ns 
GA_4_0.015_0.04  - ns  + s - ns 
GA_4_0.025_0.02  - s + s  - ns 
GA_4_0.025_0.03  - ns  + ns + ns 
GA_4_0.025_0.04  - ns  + s - ns 
GA_4_0.035_0.02  - s  + s + ns 
GA_4_0.035_0.03  - ns  + ns + ns 
GA_4_0.035_0.04  - ns  + s + ns 
GA_7_0.015_0.02  - ns  + s - ns 
GA_7_0.015_0.03  - ns  + ns - ns 
GA_7_0.015_0.04  - ns  + s - ns 
GA_7_0.025_0.02  - ns  + s  + ns 
GA_7_0.025_0.03  - ns  + ns  - ns 
GA_7_0.025_0.04  - ns  + s  - ns 
GA_7_0.035_0.02  - ns  + s  - ns 
GA_7_0.035_0.03  - ns  + s  - ns 
GA_7_0.035_0.04  - s  + s  - ns 
GA_9_0.015_0.02  - ns  + s  - s 
GA_9_0.015_0.03  - s  + s  - s 
GA_9_0.015_0.04  - ns  + ns  - s 
GA_9_0.025_0.02  - ns  + s  - s 
GA_9_0.025_0.03  - ns  + ns  - ns 
GA_9_0.025_0.04  - s  + ns  - s 
GA_9_0.035_0.02  - ns  + s  - ns 
GA_9_0.035_0.03  - ns  + s  - ns 
GA_9_0.035_0.04  - ns  + ns  - ns 

Notes: All modes are estimated using probit. Column 1 uses Gini as the explanatory variable (similar to column 
1, table 6), column 2 uses the number of entities donating to a given recipient (Number of Donors) as the 
explanatory variable (similar to column 4, table 6), and column 3 uses the average number of entities aided by 
the donor of the recipient (Normalised Degree Centrality) as the explanatory variable (similar to column 5, table 
6). All specifications control for country fixed effects and time trend. ‘s’ implies that the estimated coefficient is 
significant and ‘ns’ implies that the estimated coefficient is not significant.  The sign of the estimated coefficient 
is indicated as ‘+/-‘ in front of the ‘s/ns’ sign. GA implies Growth Acceleration. The first number is the horizon 
to define growth (9, 7, or 4), second number is the yearly growth rate (0.035, 0.025, or 0.015), and the third 
number is the change in yearly growth rate (0.02, 0.03, or 0.04). For example, GA_4_0.015_0.02 implies growth 
acceleration with horizon 4, yearly growth rate 0.015, and change in yearly growth rate 0.02. 
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Table 8: Growth Spell Country List 
  Start End 
Bangladesh 2002   
Bhutan 1985 1987 
  2002   
Burkina Faso 2005   
Cambodia 1994   
Cameroon 1985 1986 
  2001   
China 1984   
Colombia 1974 1979 
Costa Rica 1998   
Dominica 1987 1988 
Ecuador 1978 1979 
Egypt 1982   
Ethiopia 1994   
Ghana 1972 1973 
  2004   
Guatemala 1965 1980 
Guinea 2001   
Haiti 1979 1980 
India 2001   
Indonesia 1974   
Iran 1996   
Jordan 1982 1986 
Liberia 2001   
Malaysia 1977   
 1994  
Maldives 1978   
Mauritius 1967   
Mongolia 2001   
Morocco 1967 1982 
Mozambique 2002   
Namibia 2005   
Nepal 1987   
Nigeria 1975 1977 
  1994   
Pakistan 1969   
Panama 1966 1981 
Paraguay 1980 1981 
Rwanda 2001   
Samoa 2001   
South Africa 2002   
Sri Lanka 1966   
St. Lucia 1988 1989 
Suriname 2002   
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Syria 1997 1998 
Taiwan 1969   
Tanzania 2003   
Thailand 1965   
 1994 1995 
Tonga 1986 1987 
Tunisia 2002   
Uganda 1995   

 
 

Table 9: Aid Diversification and Growth Spell 
 (1)               

Weibull 
(2)                   

Exponential 
(3)               

Gompertz 
(4)                   

Cox      
(5)               

Weibull 
(6)               

Weibull 
Gini 

 
Number of 

Donors 
 

Degree 
Centrality 

 

0.138** 
(0.062) 

0.099 
(0.063) 

0.159** 
(0.065) 

0.161*** 
(0.059) 

 
 

-0.089*** 
(0.026) 

 
 
 
 
 

0.022** 
(0.007) 

Controls GDP per capita in logs ity  
Observations 

Countries 
Period 

509 
50 

1965-2010 

509 
50 

1965-2010 

509 
50 

1965-2010 

509 
50 

1965-
2010 

509 
50 

1965-
2010 

509 
50 

1965-
2010 

Notes: The table reports parametric time models. The Gini index has been multiplied by 100 to improve 
readability. Columns 1-3 assume that the hazard baseline function follows a Weibull, Exponential and Gompertz 
distribution, respectively. Cox model in column 4 places no assumption on the shape of the baseline hazard. The 
sign of the coefficient indicates how Gini affects the hazard rate. The minimum "interstitiary period" is set to 8 
years as in Berg et al. (2012). Column 5 reports the estimates for the number of entities donating to a given 
recipient (Number of Donors). Column 6 reports the estimates for the average number of entities aided by the 
donor of the recipient (Normalised Degree Centrality). The figures in the parentheses are robust standard errors. 
***, ** and * denote statistical significance at the 1%, 5% and 10% level, respectively.  
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Table 10: Aid Diversification and Growth Acceleration: Alternative Measures 
 (1) 

Growth 
(2) 

Growth 
(3) 

Growth 
Accel 

(4) 
Growth 
Accel 

(5) 
Growth 
Spell 

(6) 
Growth 
Spell 

Theil 
 

Herfindahl-
Hirschman 

-0.008** 
(0.003) 

 
 

-0.005** 
(0.002) 

-0.118 
(0.189) 

 
 

-0.064 
(0.085) 

0.956** 
(0.412) 

 
 

0.432** 
(0.199) 

Controls GDP per capita, Country FE, Time Trend GDP per capita  
Observations 

Countries 
Periods 

4642 
126 

1965-2010 

4642 
126 

1965-2010 

1418 
63 

1965-
2010 

1418 
63 

1965-
2010 

509 
50 

1965-
2010 

509 
50 

1965-
2010 

Notes: Columns 1-2 uses Growth as the dependent variable. Columns 3-4 uses Growth Acceleration as the 
dependent variable and probit estimation method. Columns 5-6 reports parametric time models assuming the 
hazard function follows a Weibull distribution. The sign of the coefficient indicates how Theil/Herfindahl-
Hirschman affects the hazard rate. The minimum "interstitiary period" is set to eight years in columns 5-6. The 
figures in the parentheses are robust standard errors. ***, ** and * denote statistical significance at the 1%, 5% 
and 10% level, respectively. Constant not reported. 

 
 

Table 11: Aid Diversification and Growth: Examining Additional Covariates 

  
(1)                   
FE         

(2)                   
FE          

(3)               
FE 

(4)                       
FE        

Ginit -0.065** -0.072** -0.075** -0.085**  

  (0.028) (0.028) (0.029) (0.038)    

Controls 
GDPt GDPt GDPt GDPt 

Investmentt Government 
Consumptiont 

Democracyt ODAt  

Country FE Yes Yes Yes Yes 

Time Trend Yes Yes Yes Yes 
Observations 4642 4642 4011 4201 
Countries 126 126 113 124 
Period 1965-2010 1965-2010 1965-2010 1965-2010 
R2 0.043 0.036 0.023 0.073 
RMSE 0.072 0.072 0.071 0.065 
Notes: The table reports Fixed Effect estimates. The figures in the parentheses are clustered 
standard errors with clustering at the country level. ***, ** and * denote statistical significance at 
the 1%, 5% and 10% level, respectively. Constant and trend terms not reported. 
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Table 12: Aid Diversification and Growth: Outlier Sensitivity Test 

  
(1)                         

DFITS        
(2)                           

COOK          
(3)                           

WELSCH  
Ginit -0.084*** -0.084*** -0.069*** 

  (0.024) (0.024) (0.025)    

Controls GDPt 

Country FE Yes Yes Yes 

Time Trend Yes Yes Yes 
Observations 3351 3351 3444 
Countries 98 98 98 
Period 1965-2010 1965-2010 1965-2010 
R2 0.034 0.034 0.027 
RMSE 0.046 0.046 0.053 
Notes: The table reports Fixed Effect estimates. In columns 1 observations are omitted if 
DFITSi|>2(k/n)1/2; in column 2 observations are omitted if |Cooksdi|>4/n; and in column 3 
observations are omitted if |Welschdi|>3k1/2. Here n is the number of observation and k is the 
number of independent variables in the regression model including the intercept The figures in 
the parentheses are clustered standard errors with clustering at the country level. ***, ** and * 
denote statistical significance at the 1%, 5% and 10% level, respectively. Constant and trend 
terms not reported. 

 

 

Table 13: Aid Diversification and Growth Acceleration: Examining Additional 
Covariates and Random Effects 

 (1)  
Probit 

(2)  
Probit 

(3)  
Probit 

(4)  
Probit 

Random Effect 
Ginit -1.315 

(2.961) 
1.240 

(3.797) 
-0.651 
(2.463) 

0.283 
(1.623) 

Controls GDPt, 
Thresh90t 

GDPt, Econ Libt GDPt, 
PosChanget, 
NegChanget 

GDPt 

Country FE Yes Yes Yes No 
Time Trend Yes Yes Yes Yes 

Observations 
Countries 

Period 

830 
45 

1965-2010 

363 
23 

1965-2000 

1174 
54 

1965-2010 

2928 
126 

1965-2010 
Notes: Columns 1-3 reports Fixed Effect Probit estimates. Thresh90 is a dummy variable taking the value 1 
when terms of trade change from year t to t-4 is in the upper 10 percent of the entire sample. Econ Lib is a 
dummy variable taking the value 1 to code economic openness. This was originally developed by Sachs and 
Warner (1995) and Wacziarg and Welsch (2008). Finally, PosChange and NegChange code political regime 
change when the polity score goes up or down during the 5 year period after regime change. Column 4 reports 
Random-Effect Probit estimate.The figures in the parentheses are clustered standard errors with clustering at the 
country level. ***, ** and * denote statistical significance at the 1%, 5% and 10% level, respectively. Constant 
and trend terms not reported. 
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Table 14: Aid Diversification and Growth Spell (Frailty) 

  
(1)                       

Weibull 
(2)                   

Exponential 
(3)               

Gompertz 

Ginit 0.206*** 0.228*** 0.209*** 

  (0.079) (0.078) (0.072)    

Controls GDP0 
Observations 509 509 509 
Countries 50 50 50 
Period 1965-2010 1965-2010 1965-2010 
Notes: The table reports parametric time model with frailty. The Gini index has been multiplied by 100 
to improve readability. Columns 1-3 assume that the hazard baseline function follows a Weibull, 
Exponential and Gompertz distribution, respectively. Columns 1 and 3 estimate an Inverse Gaussian 
frailty model whereas column 2 estimate a Gamma mixture frailty model. The sign of the coefficient 
indicates how Gini affects the hazard rate. The minimum "interstitiary period" is set to eight years. The 
figures in the parentheses are robust standard errors. ***, ** and * denote statistical significance at the 
1%, 5% and 10% level, respectively. Constant not reported. 

 

 

Table 15: Aid Diversification and Growth Spell: Examining 
Alternative Proxies for Aid Diversification (Frailty)  

  
(1)                                            

Donors 
(2)                               

Degree Centrality 

Networkt -0.145*** -0.036*** 

  (0.037) (0.012)    

Controls GDP0 
Observations 509 509 
Countries 50 50 
Period 1965-2010 1965-2010 
Notes: The table reports parametric time models assuming the hazard function follows a 
Weibull distribution. An Inverse Gaussian frailty model is assumed. Column 1 reports the 
estimates for the number of entities donating to a given recipient (Donors). Column 2 
reports the estimates for the average number of entities aided by the donor of the recipient 
(Normalised Degree Centrality).  The sign of the coefficient indicates how Network 
affects the hazard rate. The minimum "interstitiary period" is set to eight years. The 
figures in the parentheses are robust standard errors. ***, ** and * denote statistical 
significance at the 1%, 5% and 10% level, respectively. Constant term not reported. 
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Table 16: Aid Diversification and Growth Spell: Examining Additional 
Covariates 

  
(1)                   

Weibull         
(2)                   

Weibull          
(3)               

Weibull 
(4)                       

Weibull       
Ginit 0.144** 0.142** 0.115* 0.178*** 

  (0.065) (0.058) (0.062) (0.068)    

Controls 
GDP0 GDP0 GDP0 GDP0 

Investmentt Government 
Consumptiont 

Democracyt ODAt  

Observations 509 509 472 509 
Countries 50 50 45 50 
Period 1965-2010 1965-2010 1965-2010 1965-2010 
Notes: The table reports parametric time models assuming the hazard function follows a Weibull 
distribution. The Gini index has been multiplied by 100 to improve readability. The sign of the 
coefficient indicates how Network affects the hazard rate. The minimum "interstitiary period" is set to 
five years. The figures in the parentheses are robust standard errors. ***, ** and * denote statistical 
significance at the 1%, 5% and 10% level, respectively. Constant term not reported. 

 

 


