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Abstract: 

Most foreign aid research uses data donors report to the OECD’s Development Co-operation 
Directorate (OECD DAC).  In the last two decades, China has become a major donor but neither 
reports to the OECD DAC nor publishes its own figures.  Accounting for Chinese aid is important 
since China follows a different strategy than other large donors and so could undermine attempts 
to use aid to leverage change in regimes with poor governance or economic policy.  A widely used 
dataset on Chinese development finance assembled by AidData, a research lab at the College of 
William and Mary, employs an army of undergrads to scour the web for information on individual 
Chinese aid projects from media and other sources.  This leads to the question:  Does this novel 
approach introduce systematic bias, if, for example, web-scraping by predominantly English-
speaking undergraduates works better for countries with more press freedom, more postings in 
English, or more internet access?  In cases with known underreporting, I explore what statistical 
methods can incorporate this information to yield more reliable results [and whether the latest 
iteration of the data collection method adequately addresses these shortcomings]. 
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1.  Introduction 

Researchers have made great use of the detailed, project level information available in 

AidData’s new data sets, such as the Chinese Official Finance to Africa dataset.  This includes 

exploring country level determinants of Chinese financial flows (Dreher and Fuchs 2015; Dreher 

et al. 2018), delving into factors that influence the subnational geographic distribution of these 

flows (Dreher et al. 2016), and examining the impact of Chinese financial flows at the national 

and subnational levels (Isaksson and Kotsadam 2016; Kelly et al. 2016; Strange et al. 2017).  

Release of a global data set on Chinese official flows covering 2000 to 2014 has generated a new 

burst of research output.1 

Two key features of the data used in these analyses are that they are collected using AidData’s 

Tracking Underreported Financial Flows (TUFF) methodology and they provide details at the 

project level.  In some cases, TUFF identifies a Chinese-funded project but is unable to determine 

the level of funding.  In these situations, we know what we don’t know—we know that the reported 

total for Chinese financing for that country in that year is a lower bound, i.e., the data point is right-

censored. 

More generally, the detailed information AidData provides about the Chinese aid data set 

allows us to address a number of questions important to researchers using these data2: 

1) Are there systematic biases in AidData's ability to identify Chinese aid projects across 

countries and over time? 

 
1 Aiddata.org released its Global Chinese Official Finance Dataset, Version 1.0 in October of 2017. New research 
using these data include Annen and Knack (2019), BenYishay (2016), Cha (2020), Cruzatti et al. (2020), DiLorenzo 
and Cheng. (2019), Dreher et al. (2017), Eichenauer et al. (2018), and Fuchs and Rudyak (2019). 
2 Reporting issues clearly also exist for OECD DAC data (with well-documented cautions about using the incomplete 
CRS data prior 2000 for commitments and 2002 for disbursements (OECD DAC 2017)).  Because the DAC does not 
construct its aggregate data by summing its project level data, the type of analysis carried out here for AidData is not 
possible with DAC data.  However, biases are expected to be quite different since the data collection processes are so 
dissimilar. 
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2) For projects TUFF does identify, are there systematic biases in its ability to determine the 

funding amount? 

3) In cases where there is known underreporting, what estimation methods can incorporating 

this information? 

I address the first question at the country-year level by looking at project counts, exploring 

whether official language, freedom of the press, and internet penetration influence the number of 

projects identified, ceteris paribus.  This follows Dreher et al. (2018) who include a dummy 

variable for English as an official language (EOL) in their aid allocation equation.3  I examine the 

second question at the project level, looking at whether AidData reports an amount and, if so, how 

big that amount is (in part because the size of projects found might tell us something about the size 

of projects missed).  I pursue the third question—how to incorporate information about missing 

data—via an interval regression at the country-year level.  This approach interprets the reported 

amount at the country-year level as a lower bound in the case that for some identified projects in 

that country-year no amount information was available. 

The key explanatory variables are factors that might influence the ability of a research assistant 

(RA) to find relevant documents online.  These factors include EOL, press freedom, and internet 

penetration.  The latter two vary over time to a degree (though it is not entirely clear whether the 

relevant value is as of the time funds were commitment or the time RAs search for data).  GDP 

per capital and country size may also influence data outcomes in a conditional way, for example 

if for larger countries RAs can find enough information to work around language issues. 

 
3 “AidData’s Chinese Official Finance to Africa dataset (version 1.2) draws disproportionately upon Chinese- and 
English-language sources, and the dataset may underrepresent China’s development finance activities in states where 
other languages are more prominent in media outlets, business relations, and politics.” (Dreher et al., 2018, 187) 
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Finally, I differentiate between concessional ODA-like flows (“ODA projects”) and other less 

concessional flows (“OOF projects”) to see how reasonable it is to aggregate them.4  In particular, 

I explore whether reporting biases differ.  There are three reasons that such differences might exist.  

First, RAs may focus more attention on one type of flow (e.g., if their initial interest was in 

development assistance, they may be more attentive to ODA projects).  Second, media coverage 

of more commercial activities may be systematically different from media coverage for more 

concessional activities.  Third, OOF projects tend to be larger and hence may be easier to identify. 

I first present some basic facts about the data to motivate the need for caution (see Appendix 

for additional graphs): 

Fact 1: The number of ODA-like projects per year ranges from 85 (2000) to 295 (2009) 

with a strong upward trend over time. 

Fact 2:  The percent of ODA-like projects with no dollar amount data ranges from 24% 

(2001) to 52% (2014) with a strong upward trend over time. 

Fact 3: Average ODA-like project amount (where given) ranges from USD 13 million 

(2001) to USD 89 million (2012). 

Fact 4: Total ODA amount per year ranges from USD 900 million (2001) to USD 11.8 

billion (2012) with substantial variation between years. 

Fact 5: Total ODA+OOF amount per year ranges from USD 1.6 billion (2000) to USD 63.5 

billion (2009) with substantial variation between years. 

Fact 6: Examining Africa, Dreher et al. (2018, 188) find reported Chinese ODA-like 

amounts per year are 400% higher in countries with EOL, ceteris paribus. 

 
4 The OECD defines Official Development Assistance (ODA) as transfers from a government, for the purpose of 
promoting economic and social development, and at least 25% grant-equivalent.  Transfers that are not sufficiently 
concessional are classified as Other Official Flows (OOF).  AidData classifies projects (with or without dollar amount 
information) as ODA-like, OOF-like, or vague.  I lump the last two into “OOF projects.” 
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There are three key takeaways from these numbers.  First, the dramatic rise in the percent 

of AidData project entries with no dollar amount (rising from a quarter to a half of all projects) 

suggests that the AidData RAs’ ability to find projects—but not necessarily enough information 

to determine project size—is substantially greater for recent years.  I draw this conclusion because 

it seems unlikely that for a given project RAs are less able to determine amounts for recent cases 

(where information should be more abundant given the spread of information sources on the 

internet).  Rather, it seems likely projects that would have been missed entirely with the more 

limited online information of 10 or more years ago now are identified—but without detailed 

information.  If this is the case, the tripling in the number for projects from 85 to 289 is in part 

illusory.  This might also lead us to question whether the total for ODA projects in 2001 is more 

subject to undercounting that recent totals.  If so, the ten-fold increase in ODA flows might also 

be in part illusory (because the starting point was actually higher). 

 The second takeaway is how different ODA projects and OOF projects are.  OOF flows 

increase much more rapidly and peak at a different time than ODA flows.  Figure 1 illustrates 

some of these differences. 

[Figure 1] 

The bar graph (and right hand side axis) indicates the total number of project entries per 

year (ODA and OOF).  The upper line reports the percent of entries (by count) that are ODA-like; 

this trends downward slightly but hovers around 80%.  The lower line reports the percent of funds 

(by dollar amount) that are ODA; this drops dramatically from over 80% at the start of the period 

to a value on the order of 20% by the last five years of data.  This contrast suggests ODA projects 
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and OOF projects are very different animals and that we should approach aggregation with 

caution.5 

 Third, the size of measurement effects may be quite large.  The dramatic changes over time 

evident in Facts 1-5 suggest the potential for large measurement effects (though these may also 

reflect the rapid evolution of Chinese flows themselves).  More compelling is the 400% difference 

between African countries with EOL and other African countries, even after controlling for a wide 

range of country and time factors.  It seems unlikely this is due solely to a Chinese preference for 

doing business with government officials in English. 

 I turn now to the three questions posed, focusing first on ODA. 

2.  Systematic Biases in Identifying Projects 

 Are there systematic biases in AidData’s ability to identify Chinese aid projects across 

countries and over time?  To address this question, I look at project counts at the country-year 

level and investigate whether official language, freedom of the press, and internet penetration 

influence the number of projects identified, ceteris paribus.  It is important to keep in mind that at 

least some of these characteristics are likely to influence both the actual number of Chinese aid 

projects (e.g., if Chinese officials can more easily communicate in English than other official 

languages (Dreher et al. 2018) or if internet access catalyzes local opposition to deals with China) 

as well as RAs’ ability to identify existing projects.  In some cases, I look at interaction terms in 

an attempt to identify whether actual flows or observability issues drive the pattern.  For example, 

the impact of EOL on the actual number of projects should not vary based on freedom of the press 

but the impact on observability should:  EOL should have a greater impact on RA ability to identify 

projects when press freedom allows reporting.  The role of the internet in catalyzing local 

 
5 This same point is made in a manuscript by Dreher et al. (2020). 
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opposition to Chinese projects should not depend on English language but the impact of internet 

penetration on project observability should. 

 Table 1 explores the impact of EOL, press freedom, and internet penetration on the number 

of Chinese ODA projects identified by AidData in each country and year.6  The number of such 

projects averages 1.7 per country-year, ranging from 0 (about 40% of the observations) to 24 

(Pakistan, 2010).  All specifications include region and year dummies as well as logged population 

and GDP per capita (PPP in constant 2011 international dollars). Because the dependent variable 

is a count (with many zeros), estimation is via negative binomial regression; reported z-statistics 

and statistical significance are based on country-clustered standard errors.  Ceteris paribus, country 

size has little effect on the number of ODA projects; doubling of population is associated with a 

0.01 to 0.03 increase in the number of projects and this link is statistically insignificant.  There is, 

however, a consistent link between income and ODA project count; doubling income is associated 

with a 0.11 to 0.20 decrease in the project count, ceteris paribus, and this is uniformly statistically 

significant.  The coefficient estimates for the year dummies (not reported) show that the number 

of ODA projects increased over time to a plateau from 2009 to 2011 and step down slightly after 

that.  Relative to the East Asia-Pacific region, across the specifications there are significant fewer 

projects per year for countries in the Europe and Central Asia, Latin America and the Caribbean, 

and the Middle East and North Africa regions, ceteris paribus. 

[Table 1] 

 Column (1) includes EOL, a dummy for English as an official language.  As expected, this 

enters with a positive, statistically significant coefficient that ranges from 0.33 to 0.44 (compared 

 
6 Since many high income countries are unlikely to be interested in Chinese “aid,” I limit the sample to countries 
that have received at least one ODA project from China in the database.  See technical appendix for more details on 
the sample definition. 
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to the sample mean of 1.7).  Column (2) includes instead freedom of the press (PressFreedom); 

the underlying variable ranges from 0 (least free) to 92 (near the theoretical maximum freedom of 

100).  The coefficient estimate is very small and not statistically significant in this specification.  

Column (3) replaces press freedom with internet penetration (web), which ranges from 0 (Timor-

Leste) to 75 (Azerbaijan and Barbados) percent of the population using the internet in this sample.  

The coefficient estimate is negative and statistically significant though of moderate size; a one-

percentage point increase in internet access is associated with 0.01 fewer projects; a one standard 

deviation increase is associated with 0.2 fewer projects.  Since one would expect AidData RA 

access to information to increase as the recipient country’s internet usage increases all else equal, 

this result might be interpreted as a lower bound on the effect of the web in catalyzing opposition 

to Chinese projects (which have sometimes been associated with environmental degradation and 

labor rights issues).  Finally, the results discussed above hold when all three informational 

measures are included in a single specification (Column 4)—except that once we control for EOL 

the coefficient estimate for PressFreedom triples in size and becomes statistically significant 

(though negative).7 

 Table 2 repeats the final specification but decomposes the dependent variable into its 

constituent parts (Grants, Loans, Technical Assistance, and Scholarships).  The results are 

illuminating.  Comparing results for the number of grant-funded projects in Column (1) with 

results for the other categories, GDP per capita enters with a significant (negative) coefficient for 

grants only.  Thus, the previous result—that the higher income countries receive fewer ODA 

projects—is because they receive fewer ODA Grant projects but the same number of ODA Loan 

projects, ODA Technical Assistance projects, and ODA Scholarship projects.  The coefficient for 

 
7 Including web (but not EOL) or just restricting the sample have little impact on the PressFreedom result.  
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EOL is uniformly positive and significant (or marginally significant).  PressFreedom again enters 

with a negative coefficient estimate, statically significant for Grants and marginally significant for 

Technical Assistance.  internet access enters with a negative coefficient across the board, 

statistically significant except for Technical Assistance. 

[Table 2] 

There are a number of interesting hypotheses that one can explore further via interaction 

terms.  We might push harder on the negative Table 1, Column (4) negative PressFreedom and 

web results.  For PressFreedom, there are two competing hypotheses.  First, a free the local press 

means the more civil society material is available.  If that material is in English, RAs are more 

likely to uncover Chinese aid projects.  Alternatively, a free press might translate into civil society 

opposition to the social and environmental impact of Chinese projects and thus the actual number 

of Chinese projects might be lower.  This effect should be unrelated to the country’s official 

language.  Estimating a specification that interacts EOL with PressFreedom supports the latter 

story.  The coefficient on PressFreedom is negative (as above) and the interaction term is 

insignificant.8  Considering the same scenario for internet access (web), results are the same, i.e., 

no interactive effect, consistent with our interpretation. 

The takeaway from this analysis is that, consistent with Dreher et al. (2018), there is 

evidence that language barriers impact the number of projects identified by AidData RAs. In 

settings conducive to civil society push-back (more free press, more internet access), there are 

fewer Chinese projects that might have a negative impact (Grant, Loan, and Technical Assistance 

projects; the number of Scholarship projects is not impacted). 

 
8 Results are similar using the standard Freedom House measure (the average of political rights and civil liberties) or 
the combine Polity2 score from the Polity V project. 
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3.  Are there systematic biases in determining funding? 

I examine this second question at the project level, looking at whether an amount is reported 

and, if so, how big it is (since the size of projects found might tell us something about the size of 

projects missed). 

Amount data availability 

First, I estimate the probability that the dataset reports a funding amount for the project.  

The estimation sample includes up to 2951 projects, covering 114 countries and years 2000 to 

2014.  The dependent variable (has_amt) equals 1 if amount data are reported for the project.  

Amount data are available for 58% of projects; at the country-year level, this ranges from 0% (true 

for 22% of country-years with the number of projects ranging from 1 to 6, averaging 1.4) to 100% 

(true for 36% of country-years with the number of projects ranging from 1 to 8, averaging 1.7).  

Figure 2 shows the strong downward trend over time in reporting of amount data and underscores 

the importance of year dummies in this model.  Because it is estimated at the project level, the 

model also includes flow and sector dummies in addition to region and year dummies.9  Reported 

z-statistics are based on country-year clustered standard errors.10 

[Figure 2] 

Table 3 reports marginal effects (evaluated at the sample mean) for a probit estimation.  

Country size is generally unrelated to project-level reporting but income shows a strong negative 

relationship—projects in low-income countries are more likely to report amounts, ceteris paribus.  

A doubling of income is associated with about a 3.5% reduction in the probability that the amount 

 
9 Flow dummies indicate whether the project is a grant, a loan, a scholarship, or technical assistance; this can be 
important since reporting for the latter two often gives quantities (number of scholarships, number of technical experts) 
rather than values.  Loans are the most likely to report amounts; technical assistance is the least likely.  The model 
also estimates 20 sector dummies. 
10 Statistical significance is not sensitive to the choice of clustering (no clustering, clustering by country, clustering by 
year, or clustering by country-year). 
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of the project is reported.  This might be a feature of government or press reporting; Chinese flows 

are more central to the welfare of poor countries and so the government and the media are more 

likely to provide the monetary details in poorer countries. 

[Table 3] 

The key variables of interest are again ones related to RA ability to gather data (EOL, 

PressFreedom, and web).  Column (1) reports results for EOL, which indicate a 11% increase in 

the probability of amount data if English is an official language, ceteris paribus.  Column (2) 

confirms that the key language issue is with official reporting; the percentages of the population 

speaking English or Chinese do not impact the results.  Column (3) includes instead 

PressFreedom, which enters with a positive and significant coefficient.  For a one standard 

deviation change in PressFreedom this implies a four-percentage point change in reporting; over 

the sample range of PressFreedom (from 0 to 92) this implies a 20-percentage point differential.  

internet penetration (Column (4)) is not significant but has a similar size effect.  Including all three 

variables (Column (5)), EOL is significant, PressFreedom marginally significant, and web not 

significant.  Results are similar (EOL significant and positive) if we add in English_spoken and 

Chinese_spoken again.  This evidence suggests that RA ability to find amount information for 

projects they have identified is greater in countries where English is an official language.11 

We might push this a step farther and ask whether the language advantage depends on 

either press freedom or internet penetration.  If the estimated EOL effect is driven by RAs’ ability 

to access official project information, this effect may depend on the level of press freedom since 

the advantage of documents in English only materializes if those documents are made public.  A 

similar argument applies to internet penetration if it makes government documents more readily 

 
11 Results are similar with a linear probability model. 
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availability online.  These comparisons involve interaction terms in a nonlinear setting with the 

ensuing complications (Ai and Norton 2003) so I provide several approaches to explore this.  The 

first is the most straightforward—switch to a linear probability model.  Second, figures present the 

impact of EOL over a range of values of press freedom and internet penetration.  Finally, I report 

the average marginal effect (AME) of the conditioning variable (freedom of the press or internet 

penetration) on the impact of EOL: 

𝐸𝐸 �
𝑑𝑑
𝑑𝑑𝑑𝑑

�
∆𝑃𝑃
∆𝐸𝐸𝐸𝐸𝐸𝐸

�� 

where 𝑃𝑃 is the probability of that amount data are reported, 𝑑𝑑 is either PressFreedom or web, and 

𝐸𝐸( ) indicates the effect is averaged over the estimation sample. 

[Table 4] 

 The first column of Table 4 reports probit coefficient estimates for the latent variable model 

that includes the interaction of EOL and freedom of the press.  The interaction term (EOL × 

PressFreedom) is positive but only marginally significant in this model.  Results from the linear 

probability model in Column (2) are similar; the interaction term is positive and marginally 

significant.  Figure 3 presents the estimated probit model’s marginal effect of EOL for values of 

PressFreedom ranging from 0 to 100.  The upward sloping line in the center of the shaded region 

indicates the estimated impact of EOL on the probability the project amount was reported at a 

given level of PressFreedom; that impact ranges from about 0 percentage points (at 

PressFreedom=0) to 20 percentage points (at PressFreedom=100).  The shaded area itself is the 

95% confident band.  At PressFreedom levels of 35 and above, the lower edge of the confidence 

band rises above zero so the estimated impact of EOL is significantly different from zero in these 

cases—about two thirds of the observations.  So although the impact of EOL is significantly greater 

than zero for higher values of PressFreedom, the gradient is not steep enough relative to the 
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precision of the estimates to conclude that the impact of EOL increases with PressFreedom.  The 

AME calculation confirms this; it is positive (.0017) and marginally significant (z-stat 1.78).  In 

short, the EOL results are largely driven by cases with a free press—the language effect is larger 

and statistically different from zero when press freedom is high and is smaller and statistically not 

different from zero when press freedom is low—but the gradient and the precision of the estimates 

are not high enough to say that the EOL effect is statistically significantly larger when press 

freedom is higher. 

[Figures 3 & 4] 

We see a somewhat different pattern when conditioning the effect of EOL on internet 

penetration.  Column (3) reports a statistically significant interaction term (EOL × web) for the 

probit latent variable model and Column (4) finds a parallel result for the linear probability model.  

Figure 4 shows an upward sloping line, with the estimated impact of EOL significantly different 

from zero over the entire range of values.  Finally, the AME is positive (.003) and statistically 

significant (z-stat 2.12), indicating a statistically significant increase in the impact of EOL as 

internet penetration increases. 

Using a Linear Probability Model for ease of interpretation, I explore a little further the 

link between country size and income on the one hand and project amount data availability on the 

other.  Table 5 reports an additional specification that interacts EOL with population and GDP per 

capita.  For simplicity I omit freedom of the press and internet penetration but results are 

unchanged when these are included.  To illustrate results more directly, I estimate two coefficients 

for population and for GDP per capita, one with EOL=0 and one with EOL=1.  This highlights 

what drove earlier results for these two control variables.  The results are striking.  The positive 

link between country size and data availability is driven entirely by countries where English is not 
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an official language.  In these cases, larger countries see better data availability.  For countries 

where English is an official language, country size has no impact on data availability; the 

coefficient estimate is small, the opposite sign, and not statistically significant.  In a parallel 

fashion, the GDP per capita results are a driven entirely by countries where English is not an 

official language.  When English is not an official language, amount data are more likely to be 

reported in poorer countries.  For countries where English is an official language, average income 

is unrelated to to data availability; the coefficient estimate is small and not statistically 

significant.12 

[Table 5] 

 Finally, I explore a little detail about what limits data availability by taking advantage of 

some additional information AidData provides, the number of sources used to verify project 

information.  One would expect that finding more sources typically improves the likelihood that 

an RA can determine the dollar amount of a project.  The question is whether that alone determines 

whether amount data are available.  Table 6 presents two estimates of a Linear Probability Model 

with has_amt as the dependent variable.  The first omits the number of sources (# sources); the 

second repeats the estimation but including it.  As one would expect, the number of sources is an 

important determinant, each source adding 2 percentage points to the estimated probability of 

having a dollar figure.  However, the key takeaway is that the other estimates change very little 

from Column (1).13  This pattern holds for the previous results as well (Tables 3-5) and illustrates 

that the impact of the variables examined on data availability is not just through the number of 

documents found but also linked to how informative those documents are for the RA. 

 
12 This difference is not driven by systematic differences in GDP or population between the two groups of countries.  
In this sample when EOL=1, the mean for lnGDP is 8.2 and for lnPop is 15.5 (n=1172).  For EOL=0, the mean for 
lnGDP is 8.1 and for lnPop is 16.4 (n=1777). 
13 The interaction terms are jointly significant (p=0.0229). 
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[Table 6] 

Project size 

The natural next question is whether the reported size of projects with amount data also reflects 

the availability of information.  Do the data limitations explored thus far also lead RAs to miss 

some portion of the financial flow?  Table 7 examines the determinants of project size for those 

cases where we have data, using log of amount as the dependent variable.  None of the factors 

considered in Column (1) has a significant link with the amount; collectively these variables add 

less than 1 percentage point to the explanatory power of the regression (R2 rising from 0.4395 with 

the control dummies for flow, region, sector, and year to 0.4596 with additional 5 variables).14  

Column (2) interacts EOL with the other four variables.  The only significant term (nearly:  

p=0.055) is the interaction of EOL with web.  Widespread internet access is associated with larger 

projects when English is an official language ceteris paribus, suggesting that there is more 

complete information in these cases.15  The point estimates indicate that when English is an official 

language, a one-percentage point increase in internet penetration is associated with a 2.4% increase 

in reported project size, ceteris paribus.  Presumably this indicates underreporting of project size 

on average in other circumstances.  Thus, a small portion of the variation in reported project size 

may be attributable to constraints on data availability. 

[Table 7] 

 
14 Excluding controls for funding type (loan, grant, etc.), GDP enters with a positive and significant coefficient: a one 
percent increase in GDP per capita is associated with a 0.2 percent increase in project size.  This reflects the larger 
size of loans relative to other flows and the greater share of loans in flows to richer countries. 
15 # sources is likely to be endogenous in this setting (with larger projects generating more publicly available 
documentation) though results for other variables do not change if it is included.  This indicates that their effect is not 
just through their impact on # sources, ruling out an instrumentation strategy based on such an exclusion restriction.  
Note that the EOL × web result does not survive introducing country fixed effects, i.e., it is primarily driven by cross-
sectional variation.  
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Is OOF different? 

The analysis up to now has focused on ODA.  I expect that OOF may be systematically different 

based on two pieces of evidence.  Comparing the numbers in Facts 4 and 5, it is evident that 

recorded OOF expanded faster and earlier than ODA.  Second for OOF, the size distribution of 

project amounts displays a clear link to English language.  Figure 5 illustrates this with EOL, 

plotting the smoothed distribution of OOF amounts (logged) for EOL and non-EOL countries.  The 

curves have a clear single crossing property:  the likelihood of each project size below $40 million 

is uniformly higher for EOL countries than for non-EOL countries and the likelihood of each 

project size above $40 million is uniformly lower for EOL countries than for non-EOL countries.  

The link is even stronger using English_spoken as the language variable (looking at correlations 

or a regression—the continuous English_spoken variable is less conducive to a graph).  The link 

disappears with controls for funding type (Grant, Loan, TA or Scholarship).  In non-EOL 

countries, project amounts are disproportionately for Loans while across the sample project 

amounts for Loans are on average larger than project amounts for Grants, TA or Scholarships.  

Thus the higher amounts in non-EOL countries (and lower amounts in EOL countries) are driven, 

ceteris paribus, by compositional differences in AidData reporting across this language divide.  

This suggests that RAs do not rely heavily on EOL sources to identify large OOF Loans but do 

rely on EOL sources to identify smaller OOF flows.16 

[Figure 5] 

 
16 Loans are generally larger than grants and the share of loans varies by official language.  For OOF flows with known 
amounts, there are 57 grants averaging USD 16 million and 511 loans averaging USD 425 million.  Looking just at 
OOF grants and loans with known amounts, in EOL countries grants account for 19% of flows (by count; 1.4% by 
amount) but in other countries only 7% (0.3% by amount).  The probability that a project is a grant rather than a loan 
is 14% higher for countries with EOL, ceteris paribus.  (This controls for GDP, population, sector, region, and year).  
This asymmetry between EOL and other countries does not hold if we look at ODA flows only. 
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 Table 8 replicates some representative previous specifications but for OOF projects.  In 

Column (1) the dependent variable is the number of OOF projects per country-year; results should 

be compared with Table 1, Column (4).  The population coefficient point estimate in Table 8 is 

twice the size and highly significant (versus not significant in Table 1).  More striking, the 

coefficient for GDP per capita is now positive rather than negative and marginally significant.  The 

coefficient estimate for EOL is less than one tenth the size and no longer significant, while 

PressFreedom now is significant, entering with a negative sign. 

[Table 8] 

 Column (2) moves to the project level, examining whether a dollar amount is reported.  

Comparing with Column (5) of Table 3, the estimated marginal effect for population shifts from 

positive and significant (Table 3) to negative and insignificant (Table 8).  The estimated marginal 

effect for EOL shrinks by a factor of four and is no longer significant.  The estimated marginal 

effect for PressFreedom and web shift from small, positive and (marginally) insignificant to small, 

negative, and insignificant. 

 Finally, Column (3) reports factors influence reported project size.  Comparing with 

Column (1) of Table 7, the coefficient estimates for population and GDP per capita shift from 

small and insignificant to (relatively) large, positive, and highly significant.  The coefficient 

estimate for EOL, PressFreedom and web are small and not significant in both tables. 

 The clear pattern in these changes is that ODA and OOF flows are very different.  In both 

their links to economic variables and variables that reflect data availability, ODA flows and OOF 

flows in the AidData database is dissimilar.  These differences reflect both how China allocates 

funding on different terms (and for different purposes) and the process of capturing these data.  
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That includes what projects are identified, whether and what amount data can be found, and the 

process of classifying a flow as either ODA-like or OOF-like or uncertain. 

4.  Accounting for underreporting 

I pursue this third question by implementing an interval regression at the country-year level that 

interprets the reported amount as a lower bound in the case that for some identified projects no 

amount information was available.17  Accounting for censored data has several important 

implications.  First in regressions that ignore censoring, coefficient estimates are inconsistent 

(often biased toward zero); using a censored regression avoids this.  Second, count models provide 

an alternative but it is not clear what we learn about the volume of aid—usually the quantity of 

interest—as we cannot reasonably assume projects with no amount data are of similar size to 

projects with amount data.  In addition, the reporting issues highlighted in Tables 1 and 2 above 

would need to be addressed. 

 As an example, I estimate Chinese aid allocation equations that include a few basic 

economic and political variables.  Two approaches are common when looking at aid allocation 

equations, estimating a two-part model (with a selection equation and a conditional allocation 

equation) or a single unconditional allocation equation.18  Economists typically use a probit model 

for the selection equation, with the dependent variable equal to 1 in years when a country received 

any aid.  The allocation equation is conditional in the sense that it only examines cases when the 

country did receive aid; the dependent variable is the log of aid received.  I turn first to the two 

part model. 

 
17 An interval regression is a generalization of a tobit where the upper and lower bounds can vary by observation.  
Estimation is by maximum likelihood. 
18 Heckman selection models are less common due to the lack of a theoretically valid exclusion restriction. 
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 The knowledge about missing data (rising to 52% of the underlying project observations 

for 2014) presents some challenges for the standard two-part model.  Should one just ignore this 

information and base the model purely on the available amount data?  In this case, a country is 

selected for Chinese aid in a given year if we have positive amount data and is not selected if we 

do not (even if we know there were projects that year).  Alternatively, one could drop all country-

years known to have partial coverage.  Finally, selection could be based on having any projects 

(with or without amount data) and conditional allocation estimated via an interval regression that 

treats the amount data for observations where some underlying projects did not report their 

amounts as a lower limit on the country-year total. 

 Results of these three approaches are presented in Table 9.  Columns (1) and (2) present 

estimation results for the first approach, i.e., ignoring the problem.  The selection equation finds 

that poorer countries, countries that vote more inline with China in the UN General Assembly 

(UNGA), and countries where English is an official language are more likely to receive Chinese 

aid flows, ceteris paribus.  Country size, the level of democracy, and internet penetration are not 

significant determinants.  The conditional allocation equation is based on cases where there were 

positive identified amounts (772 country-years in this data set).  Here we see that EOL is associated 

with 86% higher Chinese aid flows while an increase of 1 percentage point in internet penetration 

is associated with a 3% lower Chinese aid flow for countries that do get Chinese aid, ceteris 

paribus.  Country size, income level, and level of democracy are not significant predictors of how 

much such countries receive, while UN voting record is marginally significant. 

[Table 9] 

 The next two-part model (Columns (3) and (4)) takes the “conservative” approach of 

dropping any observations with known errors, i.e., any country-years for which AidData was able 
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to identify projects but not their amounts.  This reduces the overall sample to 1023 country-years 

and only 356 country-years with positive known Chinese aid flows.  Results are similar to the first 

two-part model. 

 Columns (5) and (6) report results for the last two-part model.  The overall sample again 

covers all observations but the conditional allocation equation now includes country-years where 

at least one project were identified even if no amount data was found; this adds 215 observations 

to the conditional allocation sample.  Selection equation estimated marginal effects and statistical 

significance are similar to the other two models.  There are some differences in the allocation 

equation, which is estimated via an interval regression.  Of the 987 observations, the estimation 

procedure treats 631 (two thirds of the sample) as lower bounds due to projects with unreported 

amounts.  Democracy now enters the conditional allocation equation with a significant (negative) 

coefficient estimate.  Democracies are no less likely to receive Chinese aid but do receive smaller 

amounts.19  In general, the magnitude of the coefficient estimates increases somewhat. 

 Table 10 turns to unconditional (single equation) aid allocation models.  All models cover 

the available data (1708 country-year observations).  Column (1) is a pooled regression where the 

dependent variable is the log of 1 plus Chinese aid.  This is a frequent (if inelegant) approach to 

deal with log of zero.  This model finds that more Chinese aid flows to countries that are poorer, 

vote inline with China in the UNGA, have English as an official language, and have poor internet 

penetration, ceteris paribus.  Column (2) presents results from a negative binomial regression.  

While coefficient estimates are naturally of a different scale since the dependent variable is the 

number of projects rather than the amount, they agree in terms of sign, statistical significance, and 

(roughly) relative magnitude—with one exception:  Democracy is significant in the count 

 
19 Including PressFreedom in the specification, the negative coefficient estimate for the democracy measure (FH) 
increases by a factor of 2.5 and remains significant. PressFreedom enters with a positive, significant coefficient. 



20 

regression.  Column (3) reports results from a tobit estimation with a lower limit set at zero, true 

for 882 country-years (left censored).  Comparing results with Column (1), coefficient estimates 

are larger and standard errors are smaller.  The last column is the interval regression; of the 1654 

observations, 667 are left censored (no projects reported) and 631 are right censored (projects 

reported without amount data).  Coefficient estimates are uniformly larger than with the tobit. 

5. Conclusion 

This paper explores three questions related to the new data set on Chinese foreign aid developed 

by AidData using its web-based TUFF methodology.  Are there systematic biases in AidData’s 

ability to identify Chinese aid projects across countries and over time?  For projects identified, are 

there systematic biases in the ability to determine funding amounts?  In cases where there is known 

underreporting, what methods can appropriately incorporate this information? 

 As in Dreher et al. (2018), I find more ODA projects (those with softer terms that mirror 

aid from other donors) in countries with English as an official language (EOL), ceteris paribus.  

One explanation is that projects are easier to find for English-speaking research assistants when 

their searches uncover English language documents.  This EOL effect continues after ODA 

projects are identified.  Of the identified ODA projects, only 58% report amount data; entries are 

significantly more likely to include amount data for EOL countries.  This search advantage proves 

stronger in countries with higher internet penetration (as measured by the percent of the population 

with internet access) and also varies with country size and income.  The combined 

language/internet advantage carries over to ODA project size as well; the reported project size is 

significantly larger in EOL countries with higher internet penetration, ceteris paribus.  The 

combination of these results suggests that AidData’s TUFF methodology itself explains some of 

the variation in the reported Chinese aid data. 
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The pattern, however, is different for less concessional OOF projects.  The links with basic 

economic variables (population and income) are not the same and measurement issues appear quite 

different (with freedom of the press rather than EOL playing a role in the number of OOF projects 

identified, the odds of having amount data, and the size of projects with data).  These differences 

suggest that pooling ODA and OOF data is a nontrivial decision and requires weighing costs and 

benefits carefully. 

With 42% of project data lacking dollar amounts, country-year level data generated by 

aggregating project level data underreport aid flows 36% of the time.  An efficient approach to 

using these data (i.e., also incorporating our knowledge of which observations underreport) is an 

interval regression that treats such observations as a lower limit on the actual aid flow.  The interval 

regression approach provides a logically consistent way to develop either a two-part model (with 

a selection equation estimated via probit/logit and a conditional allocation equation estimated via 

interval regression) or an unconditional allocation equation.  By logically consistent, I mean that 

the underlying model estimated is precisely the model of interest rather than an approximation.  

Take, for example, the case of estimating a two-part model when ignoring the data limitations.  

The selection equation of that model actually estimates the probability there is a recorded aid 

amount, not the probability there is an aid flow.  The conditional allocation equation estimates the 

determinants of a reported amount, conditional on there being a being reported amount, not the 

size of the actual aid flow, conditional on there being an actual aid flow.  The two-part model based 

on an interval regression has none of these shortcomings.  The paper provides a quick 

demonstration of these models with a comparison to other approaches as a sort of “proof of 

concept.”  The approach is certainly well suited to a number of other aid allocation studies using 

AidData’s new Chinese aid database.  
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Figure 3 
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Figure 5 
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Table 1:  Impact of information on ODA project count 

 (1) (2) (3) (4) 
lnPop 0.0409 0.0174 0.0158 0.0144 
 (1.14) (0.51) (0.50) (0.42) 
lnGDP -0.287*** -0.249*** -0.165*** -0.177*** 
 (-4.15) (-3.80) (-2.67) (-3.00) 
EOL 0.330**   0.435*** 
 (2.26)   (3.27) 
PressFreedom  -0.00282  -0.00619** 
  (-0.78)  (-2.03) 
web   -0.0144** -0.0156*** 
   (-2.39) (-2.62) 

N 1710 1703 1672 1669 
Countries 114 114 114 114 

Estimation via negative binomial regression.  Dependent variable is ODA Project Count (by 
country-year). All specifications include region & year dummies.  z-statistics based on country 
clustered SEs. * 0.1 ** 0.05 *** 0.01 

 
Table 2:  Impact of information on ODA project count, by flow type 

 (1) (2) (3) (4) 
lnPop 0.00691 0.0817 0.00736 -0.000957 
 (0.19) (1.52) (0.16) (-0.02) 
lnGDP -0.272*** 0.210 -0.103 0.212 
 (-4.29) (1.51) (-1.18) (1.49) 
EOL 0.462*** 0.381* 0.369** 0.544** 
 (3.08) (1.81) (2.18) (2.21) 
PressFreedom -0.00744** -0.00145 -0.00769* -0.000241 
 (-2.06) (-0.26) (-1.93) (-0.04) 
web -0.0127** -0.0377*** -0.0229** -0.00573 
 (-2.04) (-3.96) (-2.34) (-0.48) 

N 1669 1669 1669 1669 
Countries 114 114 114 114 

Estimation via negative binomial regression.  Dependent variable is ODA Project Count (by 
country-year). All specifications include region & year dummies.  z-statistics based on country 
clustered SEs. * 0.1 ** 0.05 *** 0.01.  (1) Grants only; (2) Loans only; (3) Technical Assistance 
only; (4) Scholarships only.  
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Table 3:  Probability Amount is reported, ODA projects 

 (1) (2) (3) (4) (5) 
lnPop 0.0135* 0.0121 0.0156* 0.0105 0.0186** 
 (1.74) (1.52) (1.94) (1.34) (2.32) 
lnGDP -0.0503*** -0.0531*** -0.0445*** -0.0514*** -0.0589*** 
 (-3.02) (-3.16) (-2.66) (-2.60) (-3.10) 
EOL 0.113*** 0.116***   0.0904*** 
 (4.03) (3.34)   (3.03) 
English_spoken  -0.0863    
  (-0.60)    
Chinese_spoken  7.341    
  (0.59)    
PressFreedom   0.00232***  0.00134* 
   (3.13)  (1.71) 
web    0.00236 0.00166 
    (1.32) (0.97) 

N 2951 2951 2949 2890 2888 
Countries 114 114 114 114 114 

Estimation via Probit. Dependent variable: has_amt=1 if dollar amount given. Unit of observation 
is project. All specifications include flow, sector, region & year dummies.  Table reports 
probability derivatives/differentials evaluated at sample mean.  z-statistics based on country-year 
clustered SEs.  * 0.1 ** 0.05 *** 0.01 
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T able 4:  Probability Amount is reported for ODA projects, with interaction terms 

 (1) (2) (3) (4) 
lnPop 0.0488** 0.0125** 0.0500** 0.0130** 
 (2.38) (2.29) (2.33) (2.31) 
lnGDP -0.135*** -0.0354*** -0.147*** -0.0362*** 
 (-3.16) (-3.08) (-2.97) (-2.74) 
EOL -0.0745 -0.0114 0.183** 0.0470** 
 (-0.39) (-0.22) (2.18) (2.12) 
PressFreedom 0.000614 0.000214   
 (0.25) (0.33)   
EOL ×_PressFreedom 0.00691* 0.00165*   
 (1.86) (1.68)   
web   0.000293 -0.000278 
   (0.06) (-0.20) 
EOL × web   0.0122** 0.00332** 
   (2.19) (2.28) 

N 2949 2949 2890 2890 
Countries 114 114 114 114 

Estimation via Probit.  Dependent variable: has_amt=1 if dollar amount given.  Unit of observation 
is project.  Table reports coefficient estimates from latent variable model.  All specifications 
include flow, sector, region & year dummies. z/t-statistics based on country-year clustered SEs. 
* 0.1 ** 0.05 *** 0.01 
(1) Probit Model with Freedom of the Press 
(2) Linear Probability Model with Freedom of the Press 
(3) Probit Model with internet penetration 
(4) Linear Probability Model with internet penetration  
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Table 5:  Probability Amount is reported for ODA projects, Population & GDP interactions 

 (1) 
EOL 0.0631 
 (0.20) 
lnPop × noEOL 0.0244*** 
 (3.36) 
lnPop × EOL 0.00150 
 (0.18) 
lnGDP × noEOL -0.0450*** 
 (-3.70) 
lnGDP × EOL 0.00157 
 (0.07) 

N 2949 
Countries 114 

Estimation via Linear Probability Model.  Dependent variable: has_amt=1 if dollar amount given.  
Unit of observation is project. Specification includes flow, sector, region & year dummies. t-
statistics based on country-year clustered SEs.  * 0.1 ** 0.05 *** 0.01 

 
Table 6:  Impact of Number of Sources for ODA-like projects 

 (1) (2) 
EOL -0.0339 -0.0434 
 (-0.64) (-0.81) 
lnPop 0.0162*** 0.0148*** 
 (2.83) (2.61) 
lnGDP -0.0384*** -0.0367*** 
 (-2.93) (-2.79) 
PressFreedom 0.000338 0.000193 
 (0.50) (0.28) 
     × EOL 0.00148 0.00169* 
 (1.48) (1.66) 
web -0.0000836 -0.0000296 
 (-0.06) (-0.02) 
     × EOL 0.00310** 0.00272* 
 (2.10) (1.91) 
# sources  0.0222*** 
  (9.40) 

N 2888 2888 
Countries 114 114 

Estimation via OLS.  Dependent variable: has_amt=1 if dollar amount given. Unit of observation 
is project. Specification includes flow, sector, region & year dummies. t-statistics based on 
country-year clustered SEs.  * 0.1 ** 0.05 *** 0.01  
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Table 7:  Factors influencing project size, ODA-like projects 

 (1) (2) 
EOL -0.00881 0.927 
 (-0.07) (0.43) 
lnPop 0.0157 0.0131 
 (0.45) (0.26) 
     × EOL  0.0234 
  (0.32) 
lnGDP -0.0449 0.00512 
 (-0.49) (0.05) 
     × EOL  -0.158 
  (-0.76) 
PressFreedom -0.00191 0.00130 
 (-0.59) (0.31) 
     × EOL  -0.00511 
  (-0.78) 
web 0.00506 -0.00270 
 (0.59) (-0.27) 
     × EOL  0.0238* 
  (1.93) 

N 1685 1685 
Countries 112 112 

Dependent variable: log amount. Unit of observation is project.  Specification includes flow, 
sector, region & year dummies.  t-statistics based on country-year clustered SEs.  * 0.1 ** 0.05 
*** 0.01 
[Note: 2 countries have ODA projects but never a reported amount & so drop from the sample] 
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Table 8: Select estimation results with OOF flows 

 (1) (2) (3) 
lnPop 0.257*** -0.0110 0.305*** 
 (6.10) (-0.80) (6.15) 
lnGDP 0.358** -0.0166 0.489*** 
 (2.46) (-0.48) (4.56) 
EOL 0.0899 0.0202 0.0172 
 (0.40) (0.33) (0.09) 
PressFreedom -0.0121*** -0.00135 -0.00429 
 (-3.00) (-0.87) (-0.89) 
web -0.00686 0.00113 -0.00487 
 (-0.81) (0.50) (-0.54) 

N 1669 789 535 
Countries 114 103 94 

All specifications include region & year dummies.  t/z-statistics based on country-year clustered 
SEs.  * 0.1 ** 0.05 *** 0.01 

(1) Dependent variable: count of OOF flow projects, by country-year. Negative binomial 
regression estimator. 

(2) Dependent variable: has_amt=1 if dollar amount given, project-level OOF flows data.  
Probit estimator with flow & sector dummies.  Table reports marginal effects @sample 
mean. 

(3) Dependent variable: log amount in 2014 USD, OOF flow project-level data.  Pooled 
regression estimator with flow & sector dummies. 

[Note: Sample for (1) includes countries with no OOF projects. Sample for (2) excludes countries 
with no OOF projects. Sample for (3) excludes countries with no reported amounts for OOF 
projects.]  
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Table 9.  Comparison of Two Part Models 

 (1) (2) (3) (4) (5) (6) 
lnPop -0.000115 -0.0271 -0.0121 -0.110 -0.0167 -0.0434 
 (-0.01) (-0.36) (-0.83) (-1.52) (-1.10) (-0.51) 
lnGDP -0.102*** 0.0585 -0.0994*** -0.0313 -0.0918*** -0.203 
 (-3.26) (0.35) (-2.72) (-0.16) (-2.60) (-1.01) 
CHN_UN 0.709*** 1.990* 0.707*** 0.619 0.475** 1.102 
 (3.70) (1.81) (3.31) (0.46) (2.39) (0.80) 
FH -0.0110 -0.0944 -0.00348 -0.174 -0.0171 -0.190** 
 (-0.66) (-1.31) (-0.18) (-1.59) (-0.90) (-2.00) 
EOL 0.157** 0.855*** 0.126* 1.196*** 0.123* 1.202*** 
 (2.29) (3.27) (1.74) (3.34) (1.78) (3.71) 
web -0.00325 -0.0305* -0.00189 -0.0335* -0.00380* -0.0606*** 
 (-1.51) (-1.98) (-0.86) (-1.69) (-1.67) (-2.80) 

N 1654 772 1023 356 1654 987 
Countries 113 111 112 105 113 113 

All specifications include region & year dummies.  t/z-statistics based on country-year clustered 
SEs.  * 0.1 ** 0.05 *** 0.01 
(1) Selection Equation: Probit on ODA amount>0. 
(2) Conditional Allocation Equation: Pooled Regression on log ODA amount. 
(3) Selection Equation: Probit on ODA project count>0, for sample where no missing data. 
(4) Conditional Allocation Equation: Pooled Regression on log ODA amount, for sample where 

no missing data. 
(5) Selection Equation: Probit on ODA project count>0 (including missing data cases). 
(6) Conditional Allocation Equation: Interval Regression on log ODA amount (including missing 

data cases). 
All probit results reported as marginal effects evaluated at the sample mean.  
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Table 10.  Comparison of Unconditional Allocation Models 

 (1) (2) (3) (4) 
lnPop 0.0360 -0.0140 -0.0571 -0.739 
 (0.15) (-0.38) (-0.25) (-1.01) 
lnGDP -1.372*** -0.223*** -2.987*** -4.717*** 
 (-3.15) (-3.11) (-4.90) (-2.95) 
CHN_UN 10.59*** 1.395*** 22.69*** 23.38** 
 (3.91) (3.07) (5.14) (2.46) 
FH -0.171 -0.0728** -0.386 -0.952 
 (-0.69) (-2.08) (-1.28) (-1.09) 
EOL 2.664** 0.440*** 5.064*** 6.725** 
 (2.59) (3.42) (5.21) (2.12) 
web -0.0652** -0.0124* -0.111*** -0.236** 
 (-2.30) (-1.96) (-2.61) (-2.11) 

N 1654 1654 1654 1654 
Countries 113 113 113 113 

All specifications include region & year dummies.  t/z-statistics based on country-year clustered SEs 
where applicable.  * 0.1 ** 0.05 *** 0.01 
(1) Pooled Regression on log ODA amount + 1. 
(2) Negative Binomial Regression on ODA project count. 
(3) Tobit on log ODA amount+1 allowing for truncation at (zero) lower bound. 
(4) Interval Regression on log ODA amount+1 allowing for truncation at upper and lower bounds.  
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Appendix 1:  Data Sources 
 
Count_ODA AidData (2017) 
lnPop Azevedo (2011), World Bank (2020) 
lnGDP Azevedo (2011), World Bank (2020) 
Grant_ODA Azevedo (2011), AidData (2020) 
Loan_ODA Azevedo (2011), AidData (2020) 
Scholarship_ODA Azevedo (2011), AidData (2020) 
EOL Melitz & Toubal (2012, 2014) 
PressFreedom Freedom House (2017) 
web Azevedo (2011), World Bank (2020) 
 


