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Abstract 
 
This paper introduces a novel methodology aimed at addressing a critical knowledge gap related to 
the lack of a systematic understanding of agriculture projects across spatial and temporal 
dimensions. This gap has impeded efforts to enhance learning and accountability, thereby reducing 
the overall effectiveness of foreign assistance to the agriculture sector. To address this gap, 
deductive and inductive methodologies are applied to develop a standardized taxonomy for 
benchmarking United States Agency for International Development (USAID) agricultural projects. By 
applying this taxonomy to code all available final evaluations of USAID projects, a large qualitative 
dataset was generated. This dataset facilitates the analysis of the rich qualitative information 
available within public project evaluations and covers ninety countries over a span of six decades. 
The result of this research is a new dataset on the multi-layer composition of development projects, 
forming the foundation for a machine learning algorithm that expedites the process of synthesizing 
qualitative evidence and measuring the impact of development aid projects at a systems level. The 
overarching objective of this research is to contribute to the improvement of project and policy 
implementation in the field of agriculture development. 
 
JEL codes: C40, F35, O13  
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1. Introduction  
 
The current body of research on individual agricultural development projects is extensive. However, 
the existing evidence largely consists of case studies from a single project or multiple projects in the 
same country, often studying only a short period of time. The absence of a systematic 
comprehension of projects has undermined efforts to enhance learning beyond micro-level projects 
and does not hold the institutions accountable for their work, thereby impacting the efficacy of 
foreign assistance to the agriculture sector overall (Fløgstad & Hagen, 2017; Oliver et al., 2014; 
Strydom et al., 2010; Takaaki et al., 2017; Tierney et al., 2011). The central challenge is the 
absence of a standardized taxonomy for benchmarking projects making it difficult to compare the 
evidence of project success across sectors, institutions, and countries (Belcher and Palenberg, 
2018). Consequently, the development community lacks critical data and tools that make the 
application of data accessible and easily understandable.  
 
To address this critical knowledge gap, this paper introduces a novel methodology that enables  
quantitative analyses of the rich qualitative information that is available within the public project 
evaluations. It is based on the creation of a comprehensive taxonomy that enables the comparison 
of project interventions and outcomes across spatial and temporal dimensions. Project evaluations 
serve as the primary data source as they are one of the most frequently used and most informative 
sources of development data for practitioners within the international development sector (Takaaki 
et al., 2017). The result of this research is a new dataset on the multi-layer composition of 
development projects. The research forms the foundation for a machine learning algorithm that 
expedites the process of synthesizing qualitative evidence and measuring impact of development aid 
projects at a systems level.   
 
Efforts to advance aid effectiveness research agenda in recent years have focused primarily on 
expanding access to data and enhancing the quality of data related to the determinants and 
mechanisms of the development assistance (Addison et al., 2005; Alesina & Dollar, 2000; Boone, 
1996; Headey, 2008). Although thought-provoking research inquiries and complex models can 
impact scholarship and policymaking, their conclusions may be misguided and prone to error if the 
foundational data on foreign aid flows are deficient or incomplete. Despite efforts to improve the 
quality and availability of data on the determinants and mechanisms of development assistance, few 
researchers have made contributions to enhance the breadth and depth of data related to the 
fundamental dimensions of aid allocation.  
 
Tierney and colleagues (2011) have contributed to the overall comprehension of the basic aspects of 
aid allocation by utilizing the Creditor Reporting System to track aid flows reported by OECD 
member countries. Their dataset, AidData, specifies the financial flows and specific projects from 42 
bilateral donors and 44 multilateral donors. Similarly, Honig et al. (2022) constructed a dataset 
based on success ratings made by donor staff and independent evaluators to evaluate the degree to 
which projects encourage the adoption of “Access to Information” and efficiently allocate resources. 
In another study, Denizer and colleagues (2003) examined 6,000 evaluations of World Bank projects 
over a period of 26 years to determine the project-level factors that contribute to success. 
Furthermore, Bulman, Kolkma, and Kraay (2017) evaluated 5,000 assessments of World Bank and 
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Asia Development Bank projects over a span of 30 years. However, none of these datasets include 
data at the intervention level, and all omit data from the largest bilateral donor, USAID. 
Consequently, an important literature gap exists in providing a fundamental understanding of the 
nature and composition of agricultural projects at the intervention level. Without this basic 
understanding of project characteristics, answering more complex questions surrounding the specific 
determinants and effects of foreign assistance is impossible.  
 
In the realm of machine learning, limited research has been conducted to explore its potential in 
gaining insights into the complex landscape of development interventions. Toetzke et al. (2022) 
employed machine learning techniques to analyze textual descriptions of aid activities in developing 
countries, as reported by the Creditor Reporting System. Ricciardi (2020) conducted a literature 
review using machine learning to map existing research on on-farm interventions that improve the 
incomes or yields of small-scale farmers in water-scarce regions. Porciello (2020) conducted a 
machine learning-assisted review of text summaries from agriculture research. However, no 
attempts have been made to use machine learning to extract, label, and rate text from full 
evaluation reports.  
 
In this research, we develop a methodology that contributes to the development communities’ 
ability to leverage data from a vast number of reports to enhance project and policy implementation. 
Before doing so, it is imperative to establish a clear and concise understanding of the terminology 
and concepts that will be utilized throughout the analysis. The definitions of interventions and 
outcomes utilized in this study are adapted from the Office of the Director of U.S. Foreign Assistance 
of the State Department and USAID (2009: 6). Specifically, intervention refers to “an action or entity 
that is introduced into a system to achieve some result.” An outcome is defined as” the results or 
effect that is caused by or attributable to the project, program or policy” (Office of the Director of 
U.S. Foreign Assistance of the State Department and USAID 2009: 8). 
 
In Section 2, the sampling strategy for the inclusion of the projects in this study is explained. In 
Section 3, we present the taxonomic approach that will be used to categorize interventions and 
outcomes as well as the coding methodology of the qualitative evaluation reports. In Section 4 we 
present the data set and descriptive outcomes of the coding effort. Section 5 discusses the limitation 
and concludes.  

2. Sampling Strategy 
 
As the largest resource for USAID-funded technical and project materials, the Development 
Experience Clearinghouse (DEC) is an online database mandated to store all data collected by USAID 
and USAID’s contractors (USAID 2015). USAID’s Evaluation Policy (2016b) stipulates that all 
quantitative data collected by USAID or one of the Agency’s contractors or for an evaluation must be 
uploaded and stored in the DEC (USAID, 2015). Such data could include many different types of 
materials such as text, images, video, audio, maps, charts, and raw data. 
 
This research employs a sampling strategy that draws from a subset of the DEC database, 
encompassing all countries and years. Our sampling frame consists of all projects that have final 



 
 
 
 
 
 

4 
 

evaluation documents available and offer detailed information at both the intervention and outcome 
levels. For this study, we focus on the agricultural sector. This results in the selection of only those 
documents within the DEC database related to the agriculture sector as defined by the 2000 Famine 
Prevention and Freedom from Hunger Improvement Act and cited in USAID's Agriculture Strategy 
(2004: 1) as "the science and practice of activities related to production, processing, marketing, 
distribution, utilization, and trade of food, feed, and fiber." All evaluation documents within the 
agriculture selection were extracted through the DEC Application Programming Interface (API) using 
the search terms detailed in Table 1. Based on this sampling strategy, a total of 446 agriculture final 
evaluations was obtained 
 
Table 1: Inclusion Criteria 
 
Category Search Strategy Range and Keywords 
Countries  All available Afghanistan, Albania, Angola, Armenia, Thailand, Azerbaijan, 

Bangladesh, Belarus, Benin, Bosnia and Herzegovina, Botswana, 
Brazil, Burkina Faso, Burma, Burundi, Cambodia, Cameron, 
Central African Republic, Chad, Columbia, Cote d’Ivoire, Cuba, 
Cyprus, Democratic Republic of Congo, Djibouti, Dominican 
Republic, Ecuador, Egypt, El Salvador, Eswatini, Ethiopia, 
Georgia, Ghana, Guatemala, Guinea, Guyana, Haiti, Honduras, 
India, Indonesia, Iraq, Jamaica, Kazakhstan. Kenya, Kosovo, 
Kyrgyz Republic, Laos, Lebanon, Lesotho, Liberia, Libya, 
Madagascar, Malawi, Maldives, Mali, Mauritania, Mexico, Moldova, 
Mongolia, Montenegro, Morocco, Mozambique, Namibia, Nepal, 
Nicaragua, Niger, Nigeria, North Macedonia, Pacific Islands, 
Pakistan, Panama, Paraguay, Peru, Philippines, Republic of the 
Congo, Rwanda, Senegal, Serbia, Sierra Leone, Somalia, South 
Sudan, Sri Lanka, Sudan, Syria, Tajikistan, Tanzania, Thailand, 
The Gambia, Timor-Leste, Tunisia, Turkmenistan, Uganda, 
Ukraine, Uzbekistan, Venezuela, Vietnam, West Bank Gaza, 
Zambia, Zimbabwe  

Years  All available 1970-2020 
Search 
Terms  

Limited to 
Agriculture Sector 
 

Agriculture (General), Agricultural policy, Agricultural markets, 
Agricultural management, Agricultural finance, Agricultural 
enterprises and companies, Agricultural education, Agricultural 
economics, Agricultural development, Animal husbandry, Animal 
nutrition and health, Aquacultures and fisheries, Agribusiness, 
Agricultural technology, Agricultural research, Fertilizers, Farming 
systems, Crop protection, Crop production, Crop pests and control, 
Crop diseases and control, Cash crops, Sustainable agriculture, Soil 
Sciences and Research, Livestock, Irrigated farming, Food supply, 
Food security, food crops, and Plant breeding, seeds and physiology
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To understand the representativeness of our sample, we compared the basic characteristics of our 
sample to USAID’s total project base within agriculture for the period 2010-2020.1 A total of 705 
agriculture projects implemented during this period were identified, including the 183 evaluated 
projects that are sampled (see Figure 1). We, therefore, estimate that approximately 30% of all 
implemented agricultural projects are included in the sample for this research. 
 
Table 2: Sample and Population Characteristics 
 
Category Sample (Evaluated Projects) Population2 (All Projects) 
Average Project Length Six Years Six Years 
Average Project Budget $20,000,000 $10,000,000 
Number of Countries 90 90 

 
As can be seen in the data in Table 2, the sample of projects is different from the population in 
terms of budget. While the average project length and geographical coverage are similar, the 
average budget size of the sample is approximately $20 million while the average budget size of the 
population is approximately $10 million. This difference is likely because larger projects are more 
often evaluated. 
 
  

       Figure 1: Sample Size by Country 
 
 

                                                 
1 Determining the population size of agriculture projects conducted by USAID since its establishment in 1961 
presented unexpected challenges. This is primarily due to the absence of a disaggregated record of USAID projects 
by sector before 2000 (Department of State, USAID, 2022). Consequently, the population size of agriculture projects 
is approximated by leveraging data on the obligation of funding managed by USAID in the agriculture sector from the 
U.S. Government's foreign assistance database from 2010 onward (U.S. Government, 2023). Each entry within this 
dataset underwent manual scrutiny to remove incorrectly tagged projects that did not fit the definition of agriculture. 
Given the possibility of incomplete data for the years 2000-2009, which could result in an underestimation of the 
population size, calculations were based on the period 2010-2020.  
2 Outliers, as defined by projects above $400,000, were removed from the average calculation. In total, two projects 
from Afghanistan were removed. 
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While USAID’s Evaluation Policy (2016b) stipulates that all quantitative data collected by USAID or 
one of the Agency’s contractors must be uploaded and stored in the DEC, not all projects 
implemented have an evaluation in the DEC. This is either because the project was not evaluated, or 
because the project was evaluated but the evaluation was not uploaded.  
It is however important to be mindful that small projects are being underrepresented in our sample 

3. Taxonomical Approach based on Qualitative Data Coding 
 
This study aims to generate a quantitative data set from the rich qualitative information available in 
evaluations to enable a comparison of different approaches taken in agriculture development across 
projects, countries, and years. Our methodological approach has two stages. In the first stage, we 
create a project taxonomy both inductively and deductively based on the text data extracted from 
the evaluation documents from the DEC database. In the second stage, we apply the taxonomy to 
projects to determine if the text of a project described an intervention, an outcome, or both. 
 

3.1. Taxonomy 
 

To achieve a comprehensive representation of all the various interventions and outcomes in 
agricultural projects, we employed a taxonomic categorization approach to disaggregate the data 
into quantitative data points. This approach provides a granular understanding of the projects, which 
has not been previously available. 
 
The taxonomy was built using both inductive and deductive methodologies. Deductively, we adopted 
the variables of interest from a pre-existing list of interventions developed from a USAID evaluation 
synthesis based on 200 evaluations conducted between 2010 and 2015 across 64 countries (USAID, 
2016a). During the coding process, it was discovered that the original list adopted from the USAID 
synthesis was not sufficiently comprehensive or nuanced. For example, many codes such as 
‘economic growth’ were not specific enough to be classified as an intervention. Thus, inductively, 
through an iterative coding process described in Section 3.2, we identified and grouped 
interventions based on their similarities and added interventions that were not included on the initial 
USAID list. The final taxonomy catalogues the universe of all USAID agriculture interventions and 
outcomes including clear definitions for each intervention. 
 
The resulting taxonomy consists of three hierarchical levels of codes, which span from the most 
general to the most specific. First-order codes, at the highest level, offer a general categorization of 
intervention types, as exemplified by ‘value chain intervention’ in Figure 2. Conversely, third-order 
codes, at the lowest level, provide the most detailed description of the intervention, such as ‘vertical 
linkage’ in the same example. 
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Figure 2: Example Code Orders 
 
 
 
 
 

3.2. Coding Methodology 
 

The application of the taxonomic categories to project documentation facilitates the identification 
and standardization of interventions and outcomes across projects. The research team was 
composed of a multidisciplinary group of technical experts in the field of agriculture, including both 
USAID technical experts and Ph.D. students. The coding process included 3 steps, namely 1) 
identification of excerpts, 2) labeling the excerpt, and 3) assigning a rating based on the extent to 
which the intervention achieved the described outcome. 
 
The first step of the coding process involved identifying relevant text excerpts that described either 
an intervention, an outcome, or both. Each evaluation report is extensive, with an average length of 
150 pages, including a seven-page Executive Summary. To identify the relevant excerpts, the 
researchers reviewed their assigned reports' Executive Summary and applied three-point criteria to 
identify relevant text. The criteria for text selection included: 1) text detailing the degree to which 
an intervention achieved a specific outcome; 2) text explaining the interventions implemented by the 
project; and 3) text about an outcome without explicitly attributing that success to a particular 
intervention. The researchers then thoroughly reviewed the report's body to ensure all interventions 
and outcomes were identified and labelled.   
 
Secondly, the excerpts were labelled with the applicable codes from the taxonomy. To ensure the 
validity of the coding, each report was independently coded by two researchers and then reviewed 
by a third researcher for consistency. Any inconsistencies in the coding were discussed among the 
researchers to arrive at a consensus regarding the correct code. When an intervention or outcome 
was identified in an evaluation but not listed in the coding taxonomy, it was noted. If the same 
variable appeared in two additional reports, it was adopted as an official variable in the taxonomy. 
This process enabled the research team to continually improve the taxonomy to capture all 
interventions and outcomes implemented across projects historically. 
 
Thirdly, the excerpts were assessed to rate the degree to which the intervention achieved the 
outcome. Consistent with the literature on the effectiveness of foreign aid, the researchers 
employed a Likert scale ranging from 1 to 4 to gauge the degree to which the intervention met its 
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intended outcome. Prior research has employed comparable approaches to evaluating project 
performance, such as overall success ratings that are assessed by both donor personnel and 
independent evaluators post hoc (Denizer et al., 2013; Dreher et al., 2021; Honig, 2014; Honig & 
Gulrajani, 2018). The ratings adhere to several widely accepted evaluation criteria of the OECD 
which capture two primary aspects of performance: 1) the attainment of project objectives and 2) 
the effectiveness, or efficiency, with which project resources are utilized (Honig et al., 2022).  
Specifically, the ratings were defined as follows:  

1. A rating of 1 indicated that the intervention had little or no positive effect or mainly a 
detrimental effect on the stated objectives. 

2. A rating of 2 indicated that the intervention contributed in a small way to achieving the 
objective with a minor negative effect on the stated objectives 

3. A rating of 3 denoted a positive impact, indicating that the intervention had a largely positive 
impact on the project's objectives. 

4. A rating of 4 signified that the intervention exceeded expectations by having a significant 
and measurable effect on the project's objectives, fully achieving or surpassing them. 

 
The final data set was used to train a machine learning algorithm as a third verification method to 
reduce the potential for human error and bias in the coding process. By feeding the algorithm data 
that had been labeled with the correct taxonomical terms, it was trained to accurately classify and 
label different interventions and outcomes. To test the accuracy, a subset of the final data set was 
reserved for validation purposes. The algorithm was then applied to this subset of data, and the 
predicted classifications were compared to the true classifications to measure the accuracy. 

4. Descriptive Outcomes 
 
The final dataset comprises approximately 6,000 rows of data. Figure 3 provides a snapshot of the 
final data set. Each row includes details on the project name, extracted excerpt, intervention labels, 
implementing organization name, project start and end date, outcome codes (where relevant), and 
the numerical ranking of intervention success in achieving the outcome. For example, the first row 
of the dataset pertains to the Accelerating Sustainable Agriculture Program (ASAP) in Afghanistan 
implemented by Chemonics from 2006 to 2011 in Afghanistan. The extracted excerpt in the first row 
states "Efforts to upgrade farm-level production technologies involved numerous field 
demonstrations and trainings. Impact studies indicated greater revenues from these new inputs and 
technologies" (Wazir et. al, 2010: 2). The excerpt was labelled with the intervention labels 
'extension services', 'inputs', and 'technology', and rated a '3' for the outcome 'increased revenue 
generation' as it states that impact studies found farmers to have achieved greater revenues owing 
to these interventions.  
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Figure 3: Example of Final Dataset 
Note: For enhanced visualization, this table presents only two of the 33 outcome variables, namely "increased 
exports" and "increased revenue or income generation." 
 
 
The 6,000 rows of data, taken as a corpus, offer the first systematic view of USAID projects at the 
intervention level, which lends itself to various forms of analysis. For instance, as shown in Figure 4, 
the evidence can be used to visualize trends in the popularity of interventions over time. To 
calculate these trends, a panel data set was created by computing the number of projects that used 
each intervention per year between 1975 and 2016.3 The prevalence of each intervention per year 
was calculated as the ratio of projects that used the intervention to the total projects implemented 
that year, representing the intervention's popularity in the overall agriculture portfolio. For example, 
in 1991, 73 projects employed the ‘strengthening government Institutions’ intervention, while the 
total number of projects implemented that year was 95. Therefore, the prevalence of ‘strengthening 
government institutions' intervention in the agriculture portfolio was calculated to be 76%, indicating 
that most agriculture projects that year included a component working with government institutions. 
The resulting panel dataset aggregates the prevalence of each intervention over time, cataloguing 
the multi-layered composition of agriculture approaches in 457 development projects across six 
decades (1970-2015) in 65 countries. 
 

                                                 
3 The start date of 1970 was selected as it is when the first USAID evaluation is available, while the end date of 2016 
was chosen as the year with all evaluations likely published, given the average six-year time lag between project 
inception and evaluation publication. 
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Figure 4: Popularity of Interventions Over Time 
 
 
Overall, a comprehensive understanding of the trends in the popularity of interventions over time 
can provide valuable insights to inform foreign assistance strategies. For example, as depicted in 
Figure 5, the popularity of the ‘Research and Development intervention appears to have declined 
markedly starting around 1987. This could be related to the Bumpers Amendment in 1986 which, in 
the words of Bumper was to “prevent American tax dollars from being used to help foreign countries 
who are trying to take our export markets” (Barjon, 2011: 19). The Bumpers Amendment was the 
response to a protest by the American Soybeans Association (ASA) over the USAID research project 
INTSOY, which was developing soybean varieties in competing countries such as Argentina and 
Brazil (Barjon, 2011). ASA, with the help of Senator Bumper, demanded the termination of research 
and technical assistance to foreign nations that compete with the USA and asked for a redirection of 
research funds (Manicad, 1995). This example highlights the importance of a systematic 
understanding of intervention-level trends in providing deeper insight into the factors driving project 
and policy design. Such insights can lead to a more informed understanding of the drivers of aid 
effectiveness, improving decision-making in the field of international development. 
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Figure 5: Research and Development Over Time 

5. Conclusions and Limitations 
The current body of research on individual agricultural development projects has been limited by a 
lack of a standardized taxonomy for benchmarking, hindering the systematic scrutiny of agricultural 
development projects across temporal or spatial dimensions. To address this gap, this paper 
introduced a novel methodology for the quantitative analysis of rich qualitative information within 
project evaluations based on the creation of a comprehensive taxonomy that enables the 
comparison of project interventions and outcomes across spatial and temporal dimensions. The 
result of this research is a new dataset on the multi-layer composition of development projects that 
serves as the foundation for a machine learning algorithm that expedites the process of synthesizing 
qualitative evidence and measuring impact at a systems level. The model can be used to 
automatically identify and classify interventions and outcomes in new documents, with the results 
compared to the existing taxonomy for accuracy. This new approach addresses critical knowledge 
gaps and provides a valuable tool for the development community to enhance project and policy 
implementation.  
 
The methodology employed in the present research has certain limitations that must be 
acknowledged. Firstly, the identification of variables and assignment of weights on a Likert scale 
from one to four is to some extent subjective and may be influenced by the individual researcher’s 
perspective. To mitigate this subjectivity, the research methodology employs experts in agriculture 
and international development to code the reports and employs a clear taxonomy with precise 
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definitions. Additionally, multiple reviewers are tasked with revising the same report to further 
enhance the reliability of the coding process. 
 
Secondly, evaluations are often conducted by independent evaluators, but it is possible that the 
authors of evaluations may be inclined to overstate the successes of a project and underplay its 
weaknesses or failures to secure future funding from donors. As a result, the coding of interventions 
may be skewed towards the positive side. Nevertheless, the research methodology attempts to 
control for this potential bias by considering the ratings as a relative measure of the impact of an 
intervention compared to that of another intervention, rather than an absolute measure. Notably, 
the research has found that while a positive bias may exist in summary statements, reporting at the 
individual intervention level is frequently more critical.  
 
This new approach provides a valuable tool for the development community to enhance project and 
policy implementation, not only in the agriculture sector but potentially in other sectors as well. 
Further research can expand the methodology to new sectors, enabling a deeper understanding of 
the determinants and effects of development assistance. Overall, this study contributes to a more 
rigorous and systematic evaluation of development projects, providing a foundation for evidence-
based decision-making in the field of international development. 
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