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EXECUTIVE SUMMARY
This synthesis report highlights major changes in methodology and standards of evidence 
in impact assessment that have taken place over the past decade, taking as its starting point 
the publication of the landmark report When will we ever learn? Improving lives through 
impact evaluation by the Center for Global Development (CGD).  The CGD report called 
for greater rigor in the evaluation of development projects and in claims about the impact 
of aid. The report heralded a new era in which donors and other aid actors have insisted 
on higher-quality evidence on the effectiveness of aid expenditures. This shift, which we 
refer to as the “rigor revolution,” is the focus of section 1 of this synthesis report. Impact 
assessment in CGIAR has a long and proud tradition, focused on generating estimates of 
the economic returns to investments in agricultural research. Summaries of this literature 
have consistently shown large aggregate returns, suggesting that investing in agricultural 
research is a good use of scarce aid dollars. Donors to the CGIAR system have consistently 
communicated to the Standing Panel on Impact Assessment (SPIA) that they highly val-
ue such estimates. However, we highlight three major methodological challenges to the 
cost-benefit analysis tradition in CGIAR that need to be addressed to obtain more rigor in 
impact assessment. Section 2 (“Measurement matters”) highlights our findings concern-
ing measurement errors and data quality. Section 3 (“Causality and bias”) discusses the 
new emphasis on intellectual stringency in establishing causal inference between research 
investments and claimed outcomes. Section 4 (“Understanding CGIAR impacts on a large 
scale”) speaks to the challenges of evaluating impacts at large spatial scale based on mod-
els and observational data. Section 5 concludes. 

Section 1 reviews how calculations of the Internal Rate of Return (IRR), used for decades, 
may have consistently over-estimated rates of return to investment in agricultural research. 
Hurley, Pardey and Rao (2016) propose instead a “Modified Internal Rate of Return” (MIRR). 
Re-estimating prior studies using their MIRR across 2,829 evaluations they find that the 
mean IRR is an implausible 59.6 percent whereas the recalibrated MIRR is a more realistic – 
though still high --  14.3 percent. Impact evaluations (in which causality is established using 
rigorous research designs), have boomed and spread across many realms of the interna-
tional aid system having started first in health, and later permeating education and social 
protection before reaching agriculture in significant numbers only in the past few years. 
This rigor revolution has changed standards of evidence for demonstrating impact, and 
we argue that CGIAR needs to respond positively to these changes in the wider aid sector.

Section 2 shows how challenging it is to accurately measure – at the relevant scale and at 
reasonable cost – all the variables we need for the purposes of impact assessment. New 
insights from DNA fingerprinting, by collecting the same data using “traditional” methods 
and comparing these data to DNA fingerprinting results, have highlighted how the data 
we rely on for impact assessment may be subject to significant measurement error. These 
are errors that are sufficiently large to change the interpretation of analysis. Traditional 
approaches to measurement are often found to be biased rather than just “noisy”. In a dif-
ferent vein, new sensors and satellites are launching all the time, changing the possibilities 
for remote sensing as a tool for assessing diffusion and/or impacts– especially with regard 
to natural resource management research.
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Section 3 discusses how randomized control tri-
als have given us new insights into specific impact 
pathways from research to development outcomes. 
In particular, the behavioral adjustments that farm-
ers make during and following the adoption of an 
innovation may serve to amplify, or to dampen, the 
extent of the development outcomes that might 
have been expected absent such an adjustment. 
For example, when adopting an improved variety 
that reduces risk of crop failure (e.g. a risk-reduc-
ing trait such as flood tolerance), farmers may be 
more likely to apply fertilizer and invest their own 
labor more heavily on that crop. This can lead to 
increased yields and profits relative to a scenario 
in which the technology is appraised ignoring such 
adjustments. Heterogeneity in environmental con-
ditions, and among the population of potential 
adopters, significantly conditions outcomes. Failing 
to account for such heterogeneity can lead to un-
realistic expectations of adoption and impact. Giv-
en that not all innovations can be evaluated with 
randomized control trials, we argue that appropri-
ate methodology based on credible assumptions 
should be the gold standard in impact assessment 
for CGIAR research.

Section 4 addresses the themes of external validi-
ty – in other words, the process of going from “it 
worked somewhere” to “it will work here”. Many 
impact evaluation studies provide information on a 
particular context; but often we are interested in 
the broader question, of whether the innovation 
will work outside of its original context. For exter-
nal validity, individual empirical studies should have 
limited weight; we learn from evaluating multiple 
studies that provide a fuller and better rounded 
view of the technology. This is particularly impor-
tant for agriculture, where the contextual factors 
that can condition heterogeneity of outcomes are 
varied and impossible to fully control for. Howev-
er, as many recent reviews have highlighted, the 
average level of quality in the published impact 

assessment literature is low, with many biased 
studies. Rigorously documenting adoption rates for 
large representative populations is complementary 
to studies identifying specific causal relationships. 
Furthermore, given the complex nature of some 
impact pathways, macro-level models are needed, 
but we argue that these deserve more serious and 
sustained scrutiny than has been the case to date.

Section 5 concludes by making two key conclusions 
and one further affirmation of SPIA’s evolving role 
in CGIAR. The first conclusion is that we need to 
institutionalize detailed data collection related 
to CGIAR activities along the results chain from 
investments to outputs to outcomes. For such an 
effort to be practical, we suggest focusing on a few 
key locations as a first step toward catching up, 
with carefully implemented geo-located surveys 
featuring DNA fingerprinting of the major crops 
and livestock, reliable data on farmers’ manage-
ment practices, and detailed socioeconomic data, 
combined with information on the policy and in-
stitutional environment. The second conclusion is 
that impact evaluation and efficacy studies need 
to focus on causal relationships for which we have 
the greatest uncertainty and for which informa-
tion would have the highest value. This suggests a 
greater focus on theory—away from searching for 
“what works” in the abstract and toward finding 
out why certain things work and others do not in 
particular contexts. Finally, given the wide range of 
activities carried out by the CGIAR, it is clear that a 
broad toolkit of approaches will be needed to as-
sess impacts. This means that standardization and 
simple messages are hard to come by, but SPIA is 
committed to its role as convener and intermedi-
ary between the CGIAR research community, ex-
ternal researchers, and the donors that fund the 
system. In doing so, we hope to ensure that we can 
raise the ratio of signal to noise and help incentiv-
ize greater clarity, realism, and rigor in the thinking 
about impacts from investments in CGIAR.
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FOREWORD
In 2006, the Center for Global Development – an influential independent think tank in 
Washington DC – published a watershed report for the development sector entitled: When 
will we ever learn? Improving lives through impact evaluation. The report summarized 
long-held concerns about the role of evidence in decision-making in development and pro-
posed a way forward that emphasized the need for greater rigor in the design of studies 
of impact. In fact, so preoccupied were these authors with the idea that we needed more 
rigor, that the words “rigor” or “rigorous” feature a generous 72 times in that report. A little 
more than a decade later and this message has become quite mainstream. 

In this ISPC report – The Rigor Revolution in Impact Assessment: Implications for CGIAR 
– authors James Stevenson, Karen Macours and Doug Gollin reflect on the fundamental 
changes that have come about, partly resulting from the influence of the Center for Global 
Development report. The toolkit of applied economists has changed dramatically over the 
past decade, with a much greater emphasis on carefully identifying causal relationships. 
The saying that “correlation is not causation” is just the start in determining where we 
should draw the line on appropriate standards of evidence when we try to compare the im-
pacts of different kinds of aid investments. And given the sheer range of topics that CGIAR 
works on, and the very different modes in which it engages with those topics – from in-
venting new technological solutions to problems, to advising government agencies – there 
is much food for thought here on how we should think about the process of determining 
where things are working well and where they are not. 

The authors argue that accurate measurement of variables is a critical feature of any con-
cept of “rigor” we might want to employ, and yet this can be overshadowed by a preoccu-
pation with causal identification. Clearly both are important. New technologies (or at least 
cheaper and more accurate versions of old technologies) in the fields of DNA fingerprinting 
and remote sensing have emerged that make it possible to measure things that we simply 
could not measure accurately in the past. This is an active area of considerable research 
effort.

Finally, and perhaps most challenging of all, the authors argue that our understanding of 
impacts change depending on the timing of the assessment, and especially the scale at 
which we study. Typically, CGIAR impact assessments have been too localized in their ge-
ographic focus, making it hard to draw inferences for wide, representative geographies. 
Pursuing collaborations with well-institutionalized surveys that are routinely carried out 
in large geographies, is one strategy towards building more representative evidence. How-
ever, impact pathways linking research to development outcomes are often quite com-
plex, which suggest the need for developing models to study them at a macro level. Better 
farm-level evidence should help us with the design and testing of better models.

This report draws on the contributions of many researchers whose work was funded un-
der the Strengthening Impact Assessment in CGIAR program (SIAC) which SPIA ran from 
2013 – 2017. Rather than summarizing that body of work, it synthesizes some of the key 
insights on methodology that the SPIA team gleaned from their involvement. I recommend 
this report to research managers, science leaders and research scientists of all disciplinary 
backgrounds.

Leslie Lipper 
Executive Director, ISPC Secretariat

https://ispc.cgiar.org/workstreams/impact-assessment/projects/strengthening-impact-assessment-cgiar-siac-2013-2017
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THE RIGOR REVOLUTION

1.1 DOES INVESTING IN AGRICULTURAL RESEARCH PAY?

Impact assessment of investments in agricultural research has a long and proud tradition 
in CGIAR, aimed largely at providing answers to the question of whether it pays to invest in 
agricultural research. Until the mid-2000s, ex post impact assessments were dominated by 
the use of an economic model of demand for and supply of agricultural products in partial 
equilibrium. The basic ideas for this approach were sketched out by Griliches more than 
half a century ago (Griliches, 1957, 1958). Griliches had observed the rate of adoption of 
hybrid maize varieties in different states of the United States and created a simple model 
for linking the benefits from higher maize yields back to investments in research.

For CGIAR, the appeal of such a model is its simplicity. The first task in implementing the 
model is an adoption study to establish whether CGIAR innovations have been adopted at a 
large scale. The impact of widely adopted innovations on aggregate agricultural productiv-
ity is then modeled as an exogenous “shock” to a market that was assumed to be in partial 
equilibrium. In this model of research impacts, the supply curve is assumed to shift outward 
such that more output is produced for a given level of input use, and the magnitude of the 
shift is calculated using yield advantage data from agronomic trials, econometric analyses 
or any other sources the authors can find. All else being equal, this economic surplus is 
assumed to be shared out between producers and consumers according to a series of con-
ditions that approximate the context. The partial equilibrium model gives economists a way 
of then estimating a “stream” of the benefits that are assumed to flow from the adoption 
of innovations over time, measured in dollars. This has the tremendous advantage that it 
can be directly compared to the total funding used in the research, either by a particular 
research center or program that helped to generate the innovation or by the CGIAR system 
as a whole, in a cost-benefit analysis. 

Estimates of the economic returns to research—generated using such a partial equilibrium 
Griliches-style model feeding into cost-benefit analyses—have been produced periodically 
throughout the history of CGIAR (Alston, Norton, & Pardey, 1995; Raitzer & Kelley, 2008). 
Historically, donors to the CGIAR system have communicated to SPIA that they highly value 
such estimates, and there is continued demand for these aggregate numbers, which can 
play an important role in defending the allocation of scarce public funds to international 
agricultural research.

1
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Reappraising the literature on rates of 
return

The literature on rates of return to research is open 
to two broad critiques: (1) the methods used to 
generate the estimates are heavily dependent on 
strong assumptions leading to numbers that are 
implausible; and (2) the aggregate rate of return is 
no longer a useful metric in the era of Millennium 
Development Goals (MDGs)/Sustainable Develop-
ment Goals (SDGs), which is characterized by mul-
tiple objectives and concern about distributional 
consequences.

Hurley et al. (2016) address the first of these two 
critiques by comprehensively reviewing the liter-
ature on estimates of the internal rates of return 
(IRRs) to investments in agricultural research. The 
figures for IRR reported across hundreds of studies 
has remained very high, at well above 40 percent, 
whereas funding from donor countries to agricul-
tural research has stalled or declined over the past 
few decades. However, as Hurley et al. (2016) note, 
there has been a history of misinterpreting the IRR 
as being the correct metric for assessing social re-
turns to investment in agricultural research - the 
assumptions implicit to the calculation of IRR are 
not consistent with the realities of the benefit and 
cost streams associated with agricultural research.1 
Rao, Hurley, & Pardey (2016) therefore propose the 
modified internal rate of return (MIRR). Examining 
more than 2,829 evaluations in the database of the 
International Science and Technology Practice and 
Policy (INSTEPP, v3.0) program, they find that the 
mean IRR is an implausible 59.6 percent whereas 
the recalibrated MIRR is 14.3 percent2—still high, 
suggesting that aid investments in agricultural re-
search pay off handsomely, but at a much more re-
alistic order of magnitude.

1 As Hurley, Pardey, & Rao (2016) note, high IRR values and their implausible implications are the result of two key assumptions 
used in the calculation. First, the calculations assume that the beneficiaries of the investments (e.g., farmers and consumers) can 
reinvest their benefits at the same high rate of return. Second, the cost of the investment over time is discounted at the same high 
rate of return. These two assumptions inflate the reported rate of return on the investment when compared with historically more 
reasonable reinvestment and discount rates.

2 This figure reflects an assumed research lag of 30 years and a discount rate of 5 percent.

A profusion of models

Despite these methodological concerns, the in-
stitutional history of regularly publishing studies 
on the impact of investments arguably made the 
CGIAR of the late 1990s a leader in development 
aid effectiveness. Many other institutions operat-
ing in the same broad field of international devel-
opment were likely investing less in impact assess-
ment, less systematically, and less often. However, 
the introduction of the MDGs was a turning point 
in donors’ expectations regarding aid effectiveness 
and had significant implications for impact assess-
ment methodology.

Donor agencies became interested in a wider set of 
pathways from research to impact. The expected 
aggregate ratio of benefits to costs may remain an 
important criterion for guiding funding allocations, 
but donors increasingly look to CGIAR to deliver de-
velopment outcomes that address specific societal 
concerns—cutting poverty, reducing food insecu-
rity, improving nutrition, ensuring environmental 
sustainability. All these objectives speak directly to 
the SDG agenda (and the MDGs before them). In 
theory, the impact of agricultural research on some 
of these high-level objectives can be estimated us-
ing the same family of partial equilibrium models 
used to estimate aggregate rates of return, but 
would suffer the same shortcomings as the earlier 
IRR calculations. Hence, in practice, impact assess-
ment must adapt to using evidence from a broader 
range of methods to stay relevant.

In 2015, CGIAR published a revised Strategy and Re-
sults Framework (SRF) (CGIAR, 2015). This frame-
work of three system-level outcomes (reduced 
poverty, food and nutrition security, environmental 
sustainability) and 10 intermediate development 
outcomes describes a universe of potential causal 
pathways from investments in CGIAR (see figure 1 
below). Despite this, research strategies in CGIAR 
still often focus specifically on increasing agricul-
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tural productivity. Moreover, while agricultural 
productivity conceptually should measure a ratio 
of output to all inputs, agricultural productivity in 
practice often seems to be treated as synonymous 
with agricultural yields (kg/ha). And while yields 
may be the relevant metric to maximize when ag-
ricultural land area is limiting, in many contexts 
increasing farmers’ income by increasing their 

labor productivity ($/hour worked), rather than 
their land productivity, is what is needed to have 
impacts on poverty. Similarly focusing research ef-
forts on yield enhancement is not necessarily the 
best strategy to increasing food and nutrition secu-
rity, and it certainly does not automatically lead to 
environmental sustainability.

Figure 1. Top levels in the CGIAR Strategy and Results Framework for 2016 – 2030 (CGIAR, 2015)

Given that poverty reduction is a system-level 
mission, we should be troubled by patterns such 
as that outlined by Barrett and Upton (2013) who 
show that partial productivity gains in agriculture 
have been biased in favor of land rather than labor 
throughout Sub-Saharan Africa since the turn of 
the millennium. Between 2000 and 2009, produc-
tion (in USD) per hectare increased proportionally 
a lot more than production per worker across the 
majority of countries in the region. Given that in-
creasing labor productivity is essential for reducing 
poverty, and that Sub-Saharan Africa is the region 
of the world that received most attention from 
CGIAR over this period, we should ask whether the 
research is targeting the right problems. Certainly, 
identifying the kinds of research investments that 
will increase labor productivity may be difficult 
ex-ante. However, taking the task seriously is like-
ly to be critical to any sustained effort CGIAR may 
want to make to reduce poverty (Gollin, Probst and 
Brower, 2018). This argues for an important role for 
impact assessment results to feedback into priori-
ty-setting.

Thus, it is a broad range of pathways that donors, 
SPIA, and others interested in the impacts of the 

CGIAR should be interested in trying to analyze and 
document. Over the course of a decade, CGIAR has 
gone from arguably having too few mental mod-
els of how agricultural research leads to impact to 
having too many. CGIAR has been trying to meet 
these demands for evidence on an ever-broad-
er range of outcome metrics while also adapting 
to the new tools and norms of the “rigor revolu-
tion” of the past decade. It has been a struggle to 
keep pace with expectations. The risk for CGIAR is 
that without a coherent and plausible solution to 
the issue of results tracking and reporting, donors 
become more risk averse and double-down on re-
quirements for indicators in multiple formats, with 
different timelines and priority geographies. Our 
hope is that, with this paper, we can start a conver-
sation that leads us in a more productive direction.

1.2 A DECADE OF RAPID 
METHODOLOGICAL DEVELOPMENT

In a 2002 paper, Lant Pritchett developed a mod-
el addressing what he saw as the chronic under-
investment in rigorous evaluation in international 
development at the time. Pritchett’s model ex-

https://ispc.cgiar.org/blog/current-agriculture-technology-strategy-unsuitable-getting-smallholders-out-poverty
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plores the interplay between the actions of “advo-
cates” (program directors) and those providing re-
sources (“voting public”).3 Advocates must secure 
resources for their programs—they are the entre-
preneurs of the development industry. Advocates 
believe that they know the true effectiveness of 
the program they are implementing and that a rig-
orous evaluation will reveal this true effectiveness 
(Pritchett, 2002).

In Pritchett’s model, advocates can pursue one of 
two strategies to secure resources for their pro-
gram. The first is to subject their program to rigor-
ous impact evaluation and offer the evidence from 
these evaluations to donors for their consideration. 
The alternative strategy is to do what Pritchett calls 
“pilot and persuade”—that is, to implement the 
program in a location, to show that it is not physi-
cally impossible to do so, and then to invest in com-
munication materials to persuade donors to give 
money to replicate this “success.” Pritchett shows 
that in many circumstances pursuing rigorous eval-
uation is simply not rational from the perspective 
of the program director/advocate.4 Rather, it pays 
to be ignorant of the true effectiveness of the pro-
gram. The resources that could be spent on rigor-
ous impact evaluation are better spent on commu-
nication, which allows advocates to get even better 
at persuading donors (and the public that they rep-
resent) that their programs are effective.

When will we ever learn? 10 years of 
the impact evaluation boom

In 2006, the Center for Global Development pub-
lished its landmark report When will we ever 
learn? Improving lives through impact evaluation 
which laid out the extent to which the lack of rig-
orous evidence in international development was 

3 In the context of the CGIAR, instead of individuals providing resources to charities, donor agencies represent the public and pro-
vide resources to CGIAR Research Programs.

4 Three parameters are modeled as determining donor funding decisions in Pritchett’s model. The first is the donor’s prior belief 
held in the effectiveness of the program; the second is the weighting of gains achieved through the program rather than through 
some other use of those public funds (i.e., opportunity cost); and the third is a measure of how persuadable (using communi-
cations materials) a given donor is. Pritchett illustrates this framework with reference to three stylized types of donors: core 
supporters, the middle ground, and hard-headed donors. Core supporters have prior beliefs in the program, weigh gains achieved 
through the program highly (as opposed to development gains achieved through other means), and are highly persuadable—they 
are “loyal” to the program. Hard-headed donors are the opposite and will give money only when they see rigorous evidence of 
impact—they have low prior belief in the program, place a low weight on gains achieved through the program rather than through 
some other use of those funds, and are not at all persuadable using communications materials. The middle group, as the name 
suggests, falls between these extremes on all measures.

a pervasive problem (Savedoff et al., 2006). The 
report brought to the surface some long-term is-
sues in our understanding of aid effectiveness and 
led to the creation of the International Initiative for 
Impact Evaluation (3ie). Now a clearinghouse for 
rigorous evidence on aid effectiveness, 3ie coordi-
nates funding of impact evaluations and systematic 
reviews of development policies and programs. 3ie 
received initial funding from a small number of key 
donors—in particular, the UK Department for Inter-
national Development (DFID) and the Bill & Melin-
da Gates Foundation—with strong commitments 
to protecting the overall development aid budget 
and improving aid effectiveness.

In the period following the publication of When 
will we ever learn? several factors came together 
to generate both a greater demand for and supply 
of rigorous impact evaluations in the development 
sector. Certainly, more funding was made available 
for impact evaluation than ever before, supported 
by high-level multilateral agreements such as the 
Paris Declaration on Aid Effectiveness and the Ac-
cra Agenda for Action (OECD Development Assis-
tance Committee, 2005, 2008).

The past decade has also seen several other institu-
tional innovations that have helped program direc-
tors generate evidence and secure funds for evalu-
ations from donors that expected rigor. The Jameel 
Poverty Action Lab (J-PAL) is a network of academic 
researchers across the globe established in 2003 
at MIT, and has been running randomized control 
trials (RCTs) with a range of development agen-
cies, as well as providing training for thousands of 
nongovernmental organization (NGO) staff. Innova-
tions for Poverty Action (IPA) was founded in 2002, 
became an early partner with J-PAL, and is now an 
international nonprofit implementing RCTs with 
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researchers in countries around the world. Other 
academic initiatives soon followed (e.g. the Center 
for Effective Global Action (CEGA) at the Universi-
ty of California) and many donor agencies also in-
creased their in-house capacity and requirements 
for rigorous impact evaluations.

In addition, advisory bodies such as GiveWell, New 
Philanthropy Capital, and ImpactMatters were cre-
ated to foster greater effectiveness in the rapidly 
growing, multibillion-dollar NGO industry. These 
institutional innovations were underwritten by 
advances on the web and the data revolution that 
have taken place over the same period. Indeed, 
there is now a global movement for “effective altru-
ism” supported through a growing online commu-
nity. Their goal? To ensure that a commitment to 
helping others is married to an equal commitment 
to ensuring that such “help” does indeed help.

Impact evaluation answers a rather different ques-
tion from ex post impact assessment in the tradi-
tion of CGIAR, and it denotes a different method-
ological toolkit. Impact evaluation seeks to answer 
the question: What is the impact (or causal effect) 
of a program on an outcome of interest? (Gertler et 
al., 2011). In the case of CGIAR, the causal effect of 
a new technology or management practice would 
be estimated using experimental methods (RCTs) 
or econometric methods that seek to emulate the 
conditions of a randomized experiment (quasi-ex-
perimental methods). Perhaps the most funda-
mental difference between impact evaluation and 
CGIAR tradition of ex post impact assessment is 
that the former requires rigorous estimation of a 
counterfactual,5 whereas the latter was more prag-

5 In impact evaluation, the counterfactual is what the outcome would have been for program participants if they had not participat-
ed in the program. It is a concept that is central to any attempt at causal inference.

6 Referred to by Angrist & Pischke (2010) as the “credibility revolution” in economics and by Pearl and Mackenzie (2018) as the 
“causal revolution” for the field of causal inference in computer science and machine learning.

matic and willing to make stronger assumptions 
about a counterfactual.

As Figure 2 shows, ex post impact assessment is 
a methodology (and terminology) particular to 
CGIAR and international agricultural research. 
Within the sphere of international development, 
agriculture has lagged behind health, education, 
and social protection in adopting impact evaluation 
as a methodology (Figure 3). Of course, the share 
of aid allocated to agriculture research is dwarfed 
by the investments in health and education. More-
over the disparities between sectors in part reflect 
the long-established practice of medical trials with 
double-blind randomized treatment assignment to 
study the effectiveness of a new health or nutrition 
treatment. Those differ from the more recent surge 
in the use of RCTs by economists to evaluate devel-
opment interventions, which often specifically aim 
to study and incorporate behavioral adjustments 
to understand their impacts. Until recently, agri-
culture also lagged behind on such evidence, how-
ever, possibly in part because the complexity, dy-
namic nature and inherent uncertainty related to 
farmers’ decision making make them a particularly 
challenging population to study. Nevertheless, as 
the standards of evidence from other sectors have 
started to percolate through donor agencies, agri-
cultural research has been challenged to respond 
to this dramatic change in expectations for what 
constitutes rigorous evidence of impact.6 Recent 
examples show how researchers can properly ac-
count for the particularities of the agricultural sec-
tor in the design of RCTs (de Janvry, Sadoulet and 
Suri, 2017) and other impact evaluation studies.
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Figure 2. Use of ex post impact assessment in international agricultural research compared with other 
disciplines, 2000 - -  2015

Source: Authors
Note: Figure shows results for Google Scholar search (carried out in Dec 2016) for numbers of publications con-
taining the phrase “ex post impact assessment” by year. Publications were screened for their content to determine 
whether they related to international agricultural research or not.

Figure 3. Number of new impact evaluation publications by sector, 2000–2012

Source: Cameron, Mishra, & Brown (2016).
Note: Grey segment shows annual total of impact evaluations across all four sectors, with color band in each figure 
showing the relative contributions from each sector.
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1.3 DOES IT STILL PAY TO BE 
IGNORANT?

Between January 2013 and July 2017, the CGIAR 
Standing Panel on Impact Assessment implement-
ed a program called Strengthening Impact Assess-
ment in the CGIAR (SIAC). This synthesis report 
summarizes how the program has grappled with 
the dramatic changes in impact evaluation in the 
aid sector and shows how SIAC has attempted to 
change how impact assessment is carried out in 
CGIAR. In this report we have built on the initial 
revolution in impact evaluation, and have taken the 
lessons in areas important for CGIAR to improve 
the quality of the evidence base it uses to make the 
case for its impact.

We consider the rigor of impact estimates to be 
a function of three properties of the studies from 
which they are drawn: 

• accurate and valid measurement of treatment 
(i.e., agricultural technology use) and out-
comes (e.g., productivity, poverty, nutrition); 

• a research design that allows for an unbiased 
causal relationship between treatment and 
outcomes; and 

• the extent to which the estimates are statisti-
cally representative at scale

The work from the SIAC program, as well as select-
ed external papers, that illuminate these proper-
ties and their importance, are the focus of sections 
2 (measurement), 3 (causality), and 4 (statistical 
representativeness). Section 5 concludes.
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2  MEASUREMENT MATTERS

“As has often been remarked, probably no two individuals are identically the same. . .  
[W]hen the eye is well practiced, the shepherd knows each sheep, and man 

can distinguish a fellowman out of millions on millions of other men.” 

—Charles Darwin, The Variation in Animals and Plants un-
der Domestication (Darwin, 1868, 1:361)

As noted in section 1.1, CGIAR has now oriented its activities toward a Strategy and Results 
Framework (SRF), comprising 3 high-level goals (reducing poverty, improving food and nu-
trition security, and ensuring environmental sustainability) with 10 development outcomes 
nested immediately underneath. To be fully integrated into the CGIAR portfolio, all research 
programs must have causal pathways that are theorized to flow through at least one of 
these development outcomes and then contribute toward one of the high-level goals. Test-
ing whether such processes are indeed happening in reality requires a combination of valid 
measurement of “treatment” (outlined in sections 2.1–2.5); valid measurement of devel-
opment outcomes (section 2.6); and a research design that allows us to rigorously uncover 
causal relationships by controlling for the myriad confounding factors (section 3). These are 
big challenges that are essential for CGIAR to meet.

2.1 EXISTING DATA ON ADOPTION OF IMPROVED VARIETIES: FIT FOR 
PURPOSE?

Genetic technologies, in the form of improved varieties of major food crops, lie at the heart 
of the history of CGIAR, as well as its ongoing comparative advantage in the global market 
for agricultural research. The early period of the Green Revolution in Asia in the 1960s and 
1970s was underwritten by a huge turnover of genetic material in farmers’ fields. Semi-
dwarf varieties of wheat and rice, bred by scientists working for the nascent International 
Maize and Wheat Improvement Center (CIMMYT) and International Rice Research Institute 
(IRRI), spread rapidly through the irrigated wheat and rice production systems of several 
Asian countries (Dalrymple, 1978). The adoption of these improved varieties represented 
a significant shift, from the traditional tall-standing varieties that put much of their energy 
into vertical growth (and therefore relatively less into the production of grain) to shorter 
plants that had a much higher yield of grain per unit of area. The improved varieties were 
immediately noticeable to the naked eye—they looked different.

While the initial improved varieties from CGIAR were easy to identify in the field, 
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improved varieties from other crops were often 
less visibly distinct. Perhaps more important, fur-
ther improvements on secondary target traits for 
breeding built on the original high-yielding vari-
eties. This has led to a situation where it is diffi-
cult to identify varieties in the field—not only new 
generations of improved varieties compared with 
older generations of improved varieties, but also 
improved varieties compared with landraces.

This diversification of breeding effort across crops 
and across traits poses a deep challenge to under-
standing the adoption of new varieties in farmers’ 
fields. Reliable data on adoption of improved varie-
ties have long been recognized as the cornerstone 
of any assessment of the impact of investments in 
plant breeding (Walker & Crissman, 1996; Walk-
er et al., 2008). Adoption data have always been 
scarce, and yet obtaining such data has, as we have 
outlined, in some ways become even harder over 
the course of the past few decades. Darwin may 

7 DNA sequencing is the process of determining the specific order of nucleotides – the bases, or “building blocks”, namely adenine 
(A), guanine (G), cytosine (C) and thymine (T) – in a strand of DNA. DNA fingerprinting is the process of matching samples of ge-
netic material collected from individuals to known reference profiles. In our case, this means that DNA extracted from samples of 
plant tissue from farmers’ fields is compared to the DNA extracted from reference samples representing the universe of varieties 
that could be present in a specific country (or as close to this ideal as possible).

have been considerably less optimistic about man’s 
ability to distinguish variation within a population 
had he studied maize in farmers’ fields in sub-Sa-
haran Africa.

Fortunately, disruptive technological change, with 
the development and commercialization of “next 
generation sequencers,” has pushed down the cost 
of sequencing DNA so sharply over the past decade 
that the technology has beaten Moore’s law (see 
Figure 4).7 In just two years—2007 to 2009—the 
cost to sequence a million base pairs fell from the 
high hundreds of dollars to less than one dollar. We 
are now at a point where the laboratory costs are 
manageable for all but the smallest research pro-
ject, and the use of genotyping can be considered a 
core part of the methodological toolkit for impact 
assessment. SPIA has invested a significant amount 
of effort in understanding how to use this tool, and 
a number of experiments have been commissioned 
under the SIAC program.

Figure 4. Cost of sequencing one million bases of DNA, 2001–2015

Source: National Human Genome Research Institute (2016).
Note: Cost is given in constant US dollars on a logarithmic scale.
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2.2 DNA FINGERPRINTING 
FOR VARIETAL ADOPTION: 
ESTABLISHING PROOF OF CONCEPT

There is a growing literature on measurement ex-
periments in agriculture (e.g., Beegle, Carletto, & 
Himelein, 2012; Carletto et al., 2016; Kilic & Soh-
nesen, 2015)—empirical studies that collect the 
same data in multiple ways to test for consistency 
across methods. When one data collection method 
in a study is a clear benchmark for accuracy (as is 
the case for DNA fingerprinting), it is then possible 
to test the extent to which other methods for col-
lecting data are just noisy (i.e., measurement error 
is classical) or biased (i.e., measurement errors are 
biased).

Under the SIAC program, SPIA commissioned a 
series of tests in different contexts to compare 
DNA fingerprinting data against expert opinion 
elicitation data (as commonly used in ex post im-
pact assessment) as well as against a range of 
survey-based methods for eliciting adoption infor-
mation (as commonly used in impact evaluation). 
For each experimental test, the aim was to collect 
varietal adoption data about the same crop in the 
same geographies in multiple ways and compare 
them using the DNA fingerprinting estimate as the 
benchmark or “gold standard.” 

The designs of the eight data experiments commis-

8 In clonally propagated crops, plants are produced using material from a single parent and as such there is no exchange of genetic 
material so plants are essentially identical to the parent. In self-pollinated crops, pollen from the male parts of the plant (anthers) 
fertilize the female (ovum, via the stigma) of the same plant. In cross-pollinated crops such as maize, the anthers of one plant 
release pollen that is blown by wind (or pollinating insects) to the female of other individual plants. Hybrids are the product of 
cross-pollinating two compatible in-bred (successively self-pollinated) lines of the crop to make seed that, when grown out, will 
display uniformity for most traits in the first season after planting, but for which uniformity will be lost in each successive season 
for which the seed is recycled (thus farmers are advised to purchase new hybrid seed each year).

sioned under the SIAC program are summarized 
in Table 1. There are four cassava case studies, 
which partly reflects the fact that fingerprinting is 
a simpler operation for clonally propagated crops, 
so these are good candidates for testing. Sweet 
potato follows a similar logic, and beans and rice 
are both largely self-pollinating, whereas maize is 
a particularly complex case that requires careful 
handling (e.g., there are many hybrids with similar 
parentage; out-crossing occurs in the field).8

The full results for these experiments are at various 
stages in the peer-review process so we cannot pro-
vide full details here (but see Maredia et al, 2016, 
for results on cassava in Ghana and beans in Zam-
bia; and Kosmowski et al, 2018 for results on sweet 
potato in Ethiopia). However, we highlight two key 
messages. First, we find extensive mismatching 
between the DNA fingerprinting results and both 
expert opinion estimates and farmer self-reported 
data. Errors occur in both directions—in some cas-
es farmers and experts significantly overestimate 
the aggregate level of adoption of improved vari-
eties, and in others they underestimate. To date 
we have seen no clear pattern that would allow 
using a simple deflation or inflation of these other 
kinds of data to be good proxies. Second, as Figure 
5 shows, accurately identifying individual varieties 
(often the data needed to document adoption and 
diffusion and to understand impact pathways) may 
require DNA fingerprinting in many settings.
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Table 1. Experimental design for a series of eight new measurement experiments

SURVEY-BASED METHODS USING FARMERS’ SELF-
REPORTED DATA

CROP COUNTRY SAMPLE 
SIZE

SAMPLE 
DRAWN FROM

DNA 
FINGERPRINTING 
BASED ON 
SAMPLES OF: 
FINGERPRINTING 
BASED ON 
SAMPLES OF:

A: EXPERT 
OPINION 
ESTIMATION

B: ASK THE 
FARMER 
“IS THIS AN 
IMPROVED 
VARIETY OR 
A LOCAL/ 
TRADITIONAL 
VARIETY?”

C: ASK THE 
FARMER 
“WHAT IS 
THE NAME 
OF THIS 
VARIETY?” 
AND THEN 
ATTEMPT 
TO MAP 
LOCAL 
NAMES TO 
A KNOWN 
IMPROVED 
VARIETY.

D: ASK THE 
FARMER ABOUT 
PHENOTYPIC 
CHARACTERISTICS 
OF THE VARIETY 
(E.G., LEAF 
SHAPE; GROWTH 
HABIT) AND THEN 
MAP TO SET OF 
“REFERENCE 
RESPONSES” 
PROVIDED BY 
BREEDERS OF 
THESE VARIETIES.

Maize Uganda 550 Iganga and 
Mayuge; 
random

Grains Yes Yes Yes Yes

Sweet 
potato

Ethiopia 231 Wolayita zone; 
snowball

Leaf Yes Yes Yes

Cassava Malawi 1,200 National; 
random

Leaf Yes Yes Yes

Beans Zambia 855 Northern and 
Muchinga 
provinces; 
random

Seed Yes Yes

Cassava Nigeria 2,500 National; 
random

Leaf Yes

Cassava Vietnam 1,570 National; 
random

Leaf Yes Yes Yes

Rice Indonesia 798 Lampung 
province; 
random

Seed Yes Yes

Cassava Ghana 914 Brong Ahafo, 
Ashanti, 
and Eastern 
regions; 
random

Leaf Yes Yes Yes

Note: Cells shaded grey denote that this data collection method was not part of the experiment.
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Figure 5 – Correspondence between farmer-elicited data on varieties and genotype as established through 
DNA fingerprinting for sweet potato varieties in Ethiopia

Genotype            Farmer-stated

Source: Kosmowski et al. (2016).

2.3 OPENING PANDORA’S BOX? OR 
A GOLD MINE?

The findings of these studies raise questions about 
the accuracy of the accumulated stock of knowl-
edge about varietal diffusion to date. While it has 
simply not been possible to carry out this kind of 
empirical check on our methods before, method-
ological advances now allow to update the knowl-
edge base. Hence, rather than being too pessimis-
tic about what these results mean, we highlight 
two examples of how integrating DNA fingerprint-

ing into impact studies can expand the kinds of 
questions we can hope to answer.

Self-reported data can be biased 
against the technology

Wossen et al. (2017) carried out a nationally repre-
sentative sample of 2,500 cassava producers across 
Nigeria, asking for farmers’ self-reported data 
about varieties in use, as well as collecting samples 
of leaf material for DNA sequencing. Those au-
thors find a significant proportion of errors in the 
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self-reported data: 28 percent of responses were 
false negatives (farmers thought they were grow-
ing local varieties when they were actually grow-
ing improved varieties), and 13 percent were false 
positives (vice versa). Furthermore, Wossen et al. 
show that the likelihood that farmers misreport 
varietal status is not independent of observable 
household characteristics. That is, farmers who are 
better educated and have access to more sources 
of information about varieties are more likely to 
provide accurate data. This has significant implica-
tions for analysis of the impacts of improved cas-
sava varieties, as it reveals an additional source of 
endogeneity in studies that attempt to uncover the 
impact of agricultural technologies independent of 
the characteristics of the farmers that choose to 
use them. When the same model linking productiv-
ity to varietal status is estimated twice—once using 
self-reported data on varietal status and a second 
time using DNA-fingerprinted varietal status—the 
productivity advantage of improved varieties over 
landraces goes up 18 percentage points (from 42 
to 60 percent).

The kind of measurement error uncovered by 
Wossen et al (2017) is referred to as non-classical 
measurement error (NCME). The data are not just 
noisy, but exactly because measurement error is 
correlated to other characteristics may lead to bi-
ased empirical estimates. A recent paper by Abay 
et al (2018) takes this a step further and looks at 
correlated NCME when measurement error is pres-
ent in more than one of the key variables. In such a 
scenario, when we correct for NCME in one of the 
variables (e.g. by introducing a more reliable data 
collection technique such as DNA fingerprinting 
instead self-reported data on crop varieties), we 
may still have NCME present in other variables. If 
NCMEs in the original data for both variables were 
correlated with each other, only correcting for one 
of them, we may unintentionally bias the outcome 
of research even further. Abay et al (2018) use the 
example of agricultural yields and correcting for 
plot size NCME (using GPS or compass and rope) 
but not for harvests (still using self-reported data). 
We should hence not be overconfident in our in-
ferences from advances in measurement that only 
apply to a subset of the variables we are interested 

in. Whenever possible, data quality should there-
fore be tackled systematically on all fronts simul-
taneously, by doing fewer surveys and doing them 
better (as previously argued by Doss 2006). 

Adoption as a continuous rather than 
a discrete outcome?

When seed purchased by farmers is impure (with 
multiple varieties inadvertently or deliberately 
mixed together in the seed system), or when farm-
ers choose to cultivate multiple varieties in a single 
plot (mixing the seed from multiple sources or va-
rieties together before planting), it challenges the 
concept of “varietal adoption” as a discrete binary 
decision that can be neatly analyzed in an econo-
metric model. Indeed, an emerging literature on in-
put quality in African agriculture examines how the 
same issues may apply not just to seeds but also 
fertilizers (Bold et al., 2017; Fairbairn et al., 2016) 
and herbicides (Ashour et al., 2016).

Given that seed impurity and/or farmer mixing is 
likely to be the reality for many agricultural plots in 
sub-Saharan Africa, this argues for a more quantita-
tive and rigorous approach to measuring adoption 
and diffusion of new genetic technologies used by 
farmers. DNA fingerprinting has the potential to 
open up productive new directions for the study 
of how genetic, environmental, and management 
factors interact with farmers’ behaviors and deci-
sion-making to determine agricultural outcomes. 
There is much work to be done to take full advan-
tage of these opportunities.

2.4 NATURAL RESOURCE 
MANAGEMENT: HUGE SCOPE FOR 
IMPROVED DATA COLLECTION

An under-evaluated research portfolio

Research on natural resource management (NRM) 
technologies and practices now represents a sig-
nificant proportion of total investment in CGIAR. 
However, there have been few efforts to track 
adoption of NRM technologies or practices at large 
scale (Erenstein & Laxmi, 2008). As previous re-
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views have highlighted (Renkow & Byerlee, 2010), 
one possible explanation for this lack of attention 
to tracking adoption has been a lack of clear meth-
odology. For example, the Food and Agriculture 
Organization of the United Nations (FAO) compiles 
global estimates of the area under conservation 
agriculture, but these data are often based on the 
opinion of a single expert in each country in a man-
ner even more ad hoc than has been the norm for 
varietal adoption data. The spread of information 
technologies—such as the improved global cov-
erage of satellites equipped with sensors of ever 
greater acuity and the continuous increases in sat-
uration of cell phones in every country around the 
world—suggests that it should be possible to use 
these technologies to help gather better data on 
adoption of NRM technologies.

Certainly, there is no single gold-standard method 
for measuring adoption of NRM technologies that 
could serve as a reference, and many NRM technol-
ogies are complex bundles of practices, including 
some that are directly observable at a single point 
in time (e.g., whether a field has been plowed or 
not) combined with others that are dynamic prac-
tices (e.g., crop rotation). There is, however, sig-
nificant potential to harness the dynamic techno-
logical change taking place in data science in the 
service of assessing the technological change tak-
ing place in agricultural development. Indeed, the 
CGIAR platform on Big Data was conceived with 
exactly this goal in mind.

Remote sensing and related information technol-
ogies are in their infancy with regard to their ap-
plication to adoption and impact studies, so more 
time and piloting are required. Yet this message 
may be too conservative and cautious about an 
area of dynamic innovation. We are increasingly 
unconstrained in our ability to source useful re-
motely sensed data. For example, the European 
Space Agency is making vast quantities of data 
from its Sentinel 2 missions—satellites fitted with 
sensors capable of monitoring a range of agricul-
tural practices from space—freely available in the 
public domain. The limiting factor is often our ca-
pacity to handle, process, and make sense of the 
petabytes of data from a sophisticated range of 

sensors, but as competition continues to emerge 
in this field, the costs of private sector services are 
likely to drop over time.

A first step: A series of pilots

Remote sensing has been used to identify candi-
date geographies for NRM interventions for many 
years. However, such ex ante assessments offer 
only limited guidance to the challenges that arise 
in applying remote sensing to the real-time track-
ing, or ex post impact evaluation, of the adoption 
of specific technologies. To learn more about new 
measurement approaches to tracking adoption of 
specific practices, we reviewed all the adoption 
claims made in every CGIAR center annual report 
for the 10-year period from 2004 to 2013 (the 
start of the SIAC program). From this mass of in-
formation about potential research successes, we 
focused on five NRM technologies that have been 
the subject of sustained research funding and at-
tention over the years: 

• Conservation agriculture (primarily in maize-
based systems; CIMMYT/International Crops 
Research Institute for the Semi-Arid Tropics 
[ICRISAT])

• Fertilizer trees (as a specific agroforestry tech-
nology; World Agroforestry Centre [ICRAF])

• Fertilizer micro-dosing (primarily in maize-
based systems; ICRISAT)

• Alternate wetting and drying (in rice-based sys-
tems; IRRI/International Water Management 
Institute [IWMI])

• Integrated soil fertility management (primarily 
in maize-based systems; International Institute 
of Tropical Agriculture [IITA])

Measuring the adoption of each of these practices 
poses specific challenges. For example, the abili-
ty to monitor the extent of tree cover on farms is 
quite well established (Zomer et al., 2016). This in-
formation does not, however, tell us how the farm-
er manages the trees—which would build confi-
dence that this farmer had adopted the practice of 
agroforestry—nor about the species or the kinds of 
benefits that accrue to the farmer. Alternate wet-
ting and drying in rice relates to a change in the 
irrigation regime, so measuring adoption requires 
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capturing changes in periodicity of flooding and im-
plies a choice to change from a more intensive use 
of irrigation water. Similarly, a farmer’s conscious 
choice to practice fertilizer micro-dosing must be 
distinguished from another farmer’s low average 
fertilizer application rates by paying close attention 
to the spatial concentration of the limited fertilizer 
available. Conservation agriculture and integrated 
soil fertility management are complex technologies 
with multiple components operating in tandem. 

The empirical results of the adoption studies out-
lined above, and more reflection on the method-
ological lessons learned (as debated in a recent 
workshop9), are reported in detail in a subsequent 
synthesis report (Stevenson and Vlek, 2018) specif-
ically on NRM research outcomes.

2.5 DISADOPTION

Measuring disadoption is arguably much more 
important than most agricultural researchers ac-
knowledge. As social scientists have begun to ex-
plore more carefully the processes by which farm-
ers learn about technologies, there is much to be 
gained from studying disadoption patterns more 
systematically and rigorously. Such patterns reveal 
where new technologies and practices failed to de-
liver returns for the farmers who tried them. CGIAR 
should therefore place much more emphasis on 
understanding the reasons for such failures. In 
many ways, disadoption is more challenging for im-
pact assessment as it is harder to establish a good 
counterfactual through randomization. Moreover, 
the institutional incentives for individual centers to 
pursue such an endeavor may be unclear, so again 
this argues for SPIA (as a system-wide entity) to fa-
cilitate the kinds of longitudinal country-level anal-
yses that can help to understand these dynamics.

9 “Managing Natural Resources for Sustainable Production Systems: A Research Agenda at the Crossroads?” Organized by CGIAR 
Standing Panel on Impact Assessment (SPIA) and CGIAR Research Program on Policies, Institutions and Markets (PIM), 26th – 28th 
February, 2018, IFPRI, Washington DC

2.6 OUTCOME VARIABLES: ARE 
WE MEASURING WHAT WE THINK 
WE’RE MEASURING?

Validity of indicators

As Jerven (2013) exposes in his ethnographic study 
Poor Numbers: How We Are Misled by African De-
velopment Statistics and What to Do about It, while 
there is considerable heterogeneity across the con-
tinent, on average African governmental statistics 
agencies suffer from low political independence, 
misaligned staff incentives for rigorous work, and 
inadequate financial and human resources. This 
first-order concern about the veracity of official 
statistics at aggregate levels is troubling but is en-
dogenous to the politics of the continent and un-
likely to change in the medium term. And yet more 
fundamentally, even in cases where statistics are 
more reliable, we need to be cautious in accepting 
specific indicators as valid measures of the con-
cepts we are interested in. 

Consider the objective of increasing agricultural 
productivity – as previously discussed, an integral 
part of the strategy of CGIAR to date. Given the 
myriad factors other than agricultural research 
that influence productivity, it is safe to assume 
that CGIAR will need a careful approach to meas-
uring productivity in order to detect small marginal 
improvements over a baseline level. Data experi-
ments can help show how much the approach to 
data collection influences the validity of indicators, 
as for the DNA fingerprinting cases described in 
section 2.2. In the case of productivity, we are con-
cerned with measuring output and input not only 
accurately but also cost-effectively. Gourlay, Kilic, & 
Lobell (2017) compare self-reported maize yields to 
crop-cut estimates and remote-sensing productivi-
ty estimates for the same plots in Uganda. The re-
mote-sensing data are more closely related to the 
data from the crop-cuts than to the self-reported 
data. Examining the distribution of the self-report-
ed production data shows that significant rounding 
errors are associated with those data. When yields 
are comparatively small, these rounding errors 
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matter a lot.

The literature on accurate plot area measure-
ment is summarized in a guidebook by the Living 
Standards Measurement Study (LSMS) team at the 
World Bank (Carletto et al., 2016). In the 1970s the 
gold standard for area measurement was to use a 
compass to measure every angle around the pe-
rimeter of a plot and rope to measure the length 
of each side. With this process, it takes an average 
of one hour to collect the data from a single plot. 
At the other extreme, simply asking the farmer to 
state the area of the plot is easy and fast—it takes 
only a few seconds to ask the question and record 
the response. A compromise approach is to take 
GPS coordinates by walking the perimeter of the 
plot. The data quality of this approach is high—the 
correlation coefficient with the compass and rope 
is almost 1 but importantly, walking the plot with 
GPS takes much less time (≈15 mins) than compass 
and rope, and may be less susceptible to enumer-
ator error. GPS also has the tremendous advantage 
of being modern, which may make it more attrac-
tive to forward-looking ambitious senior officials in 
statistics agencies.

While clear empirical standards for best practices 
are emerging for some variables, many outcomes 
described in the CGIAR Strategy and Results Frame-
work (Figure 1) are either poorly defined and / or 
are conditioned by context. Resilience, market 
access, food security, natural capital, ecosystem 
goods and services, agricultural practices – all of 
these are examples of outcomes for which we could 
reach for any number of definitions and accompa-
nying measurement approaches. Therefore, within 
CGIAR (and the broader literature) these concepts 
get operationalized in a wide range of ways, some 

of them appealing, but others much less so. Argua-
bly, CGIAR has a comparative advantage in advanc-
ing theoretically-grounded, precise measurement 
or estimation of some of these concepts. Unfortu-
nately, as attested by external reviews by high-level 
panelists (e.g. Barrett et al, 2009; CGIAR Independ-
ent Science and Partnership Council, 2012), CGIAR 
has largely yielded this challenge to others, includ-
ing FAO, donor agencies and consultants. 

Nutrition outcomes are one area of research out-
comes with a long tradition of testing the valid-
ity of the metrics used. A standard approach to 
measurement can and has been established, part-
ly because social context is not necessarily seen 
as important in shaping the relationship between 
dietary intake and nutrition outcomes. As Steel 
(2007) has outlined, biological causal mechanisms 
are predictably “transportable” from one setting to 
another – at least more than is the case for those 
that determine social outcomes.  But metrics for 
social or complex ecological phenomena are un-
likely candidates for any future universal standard 
for data collection and some will always need to be 
defined in context specific ways, instead of aiming 
for standardized metrics. That said, there is ongo-
ing work to identify better ways to measure certain 
social outcomes such as women’s empowerment in 
ways that can be compared across contexts, and to 
reduce the cost of using those best-practice met-
rics that have been tested and confirmed. IFPRI re-
searchers have been instrumental in the develop-
ment of the Women’s Empowerment in Agriculture 
(WEAI) index, for example. The impact assessment 
community in CGIAR should be aware of these and 
the related opportunities for improving practice in 
CGIAR.

https://siteresources.worldbank.org/INTLSMS/Resources/3358986-1423600559701/LandGuide_web_final_b.pdf
http://weai.ifpri.info/
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3 CAUSALITY AND BIAS

 
 
3.1 RANDOMIZED CONTROL TRIALS: A POWERFUL METHODOLOGY TO BE 
USED WISELY

Adoption is a choice

Establishing whether a farmer’s outcomes improve because she adopted a new technology 
is fundamentally difficult because in almost all cases the farmer self-selected into using this 
technology. She presumably had a good reason to do so, and her decision-making likely in-
cluded consideration of a great many factors, such as the availability of alternative technol-
ogies; complementarity with her soil; her land and labor endowment; her access to other 
inputs, credit, or insurance; her access to output markets; trade-offs between higher yields 
and more risks; or food security considerations. She is likely to have imperfect information 
about many of these aspects; she needs to account for uncertainty related to weather, 
pests, prices, or health shocks; and she must factor in potential dynamic gains from learn-
ing. She will likely draw on her past experiences to make inferences about some of these 
uncertainties, and she may make mistakes in the process. The probability of making mis-
takes may depend on her skills and experience. These and many other factors are being 
considered by all farmers potentially exposed to a new technology. In any given season, 
some of them end up adopting whereas others do not. Comparing outcomes for farmers 
who adopt with those who do not adopt will lead to a fundamentally biased estimation 
of the gains from adoption. This follows simply because those who decided to use a new 
technology did so because they expected it to be beneficial for their particular case and 
in their particular circumstances. Given the sheer magnitude of factors that enter the de-
cision-making process, it is almost always impossible for the empirical researcher to take 
these factors into account ex post.

Some quantitative empirical methods are built on the assumption that we can observe, 
and therefore control for, the major factors that condition farmers’ decision to adopt. Such 
“selection on observables” methods, such as propensity score matching (PSM), are hence 
particularly ill-suited to shed light on the impacts of agricultural technologies. This was 
clearly argued by de Janvry, Dustan, & Sadoulet (2011) in a paper commissioned by SPIA. 
De Janvry, Dustan, & Sadoulet argued for microeconomic impact analysis with explicit re-
search designs based on either natural or randomized experiments. In some cases, insti-
tutional knowledge about the rollout of a new technology may provide a researcher with 
natural temporal variation that can be exploited to identify impacts, when verification of
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the plausibility of the underlying assumptions is 
feasible. In other cases, geographical discontinui-
ties or external factors driving technology availabil-
ity in ways unrelated to potential impacts can help 
establish counterfactuals. In short, impact evalua-
tions should seek exogenous sources of variation 
in access to technologies and need to be able to 
document the origins of variation in order to sup-
port the assumptions underlying the empirical es-
timates.

A particularly powerful way to solve the self-selec-
tion problem is for researchers to work with de-
velopment partners (NGOs, government agencies, 
agro-dealers) to create an experimental variation 
in which some farmers or villages have access to 
a new technology and others do not—i.e., setting 
up a randomized control trial. If such manipulation 
is random or quasi-random and properly accounts 
for potential spillovers (i.e., people getting access 
to, or benefiting from, the technological choices 
of others), this can provide the researcher with a 
credible counterfactual. If enough farmers with ac-
cess to the technology subsequently decide to try 
the new technology, its impacts can then be esti-
mated. The latter is a non-trivial condition, howev-
er, as take-up rates are often low, and temporarily 
subsidized (or free) provision may be needed to 
obtain sufficiently high take-up rates.

No causes in, no causes out

Randomization of an intervention offers the possi-
bility that it is a statistically independent (orthogo-
nal) factor and that it is the only variable that is dif-
ferent between the treatment and control group. 
All methods that aim to draw causal conclusions 
require casual identification assumptions (or, as 
philosopher Nancy Cartwright succinctly puts it: 
“No causes in; no causes out”) (Deaton and Cart-
wright, 2017). In RCTs, the treatment assignment is 
specifically manipulated by the researchers so that 

10 This point is noted in the commentary on RCTs by Oakes (2018) worthy of quoting at length as follows: “RCTs require researchers 
to do something. The actual experimental manipulation of a policy, drug, or environment is greatly underestimated. I maintain that 
too much of our collective research portfolio is devoted to observational studies with weak identification strategies and regrettable 
analytic approaches, including p-hacking. The amount of correlational health and social research is overwhelming. And a vast pro-
portion of it involves what I call hypothetical interventions, such as changing poverty rate, eliminating discrimination, establishing 
healthcare universal, or making higher education free. While laudable, such analyses are often red-herrings. I would prefer more 
real life manipulations, more scientific transparency, more data sharing, and more meta-analyses for key questions.” Oakes (2018, 
p.2)

the orthogonality assumption holds in expecta-
tion, which is the central advantage of the method 
of RCTs.10 However, randomization in and of itself 
does not guarantee orthogonality, but instead only 
buys balance between treatment and control in ex-
pectation. Hence with limited sample sizes, there 
may be some imbalance on observable or unob-
servable factors that remain different between the 
two groups after randomization. Unhappy rand-
omizations can happen, particularly when sample 
sizes are relatively small. Deaton and Cartwright 
(2017) therefore argue that the orthogonality as-
sumption must be defended on a case by case ba-
sis, and RCTs studies often include checks for bal-
ance on observables. Focusing specifically on RCTs 
in agriculture in developing countries, Barrett and 
Carter (2010) also point to the importance of cor-
rectly characterizing environmental and structural 
conditions in which RCTs are conducted, crucial for 
drawing the appropriate inference from the often 
highly-stylized experimental designs.

Another key set of assumptions (that collectively are 
referred to as the Stable Unit Variable Assumption 
or SUTVA) needed to derive appropriate inference 
from RCTs (and any other identification method) 
are spelled out by Cook (2018) in his deconstruc-
tion of the conditions under which RCTs warrant 
the label “gold standard” that they often attract: “… 
the control group does not include any dimensions 
that are meant to be unique to the treatment, for 
this will reduce the size of the planned treatment 
contrast; …  there is not “compensatory rivalry”, as 
when the control group responds to not getting the 
treatment by trying harder than it would otherwise 
have done, also called a “John Henry” effect; there 
is not “compensatory equalization”, as when an 
administrator observes the unequal distribution of 
resources that an [RCT] requires and tries to stifle 
any anticipated resulting discord by providing ex-
tra resources to the control group…; …the control 
group does not become demoralized through learn-
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ing they have not been favored with the interven-
tion – a process that entails a causal direction from 
the control group to the outcome rather than from 
the treatment to the outcome, as intended.” (Cook 
2018, p.3).

As such, violation of SUTVA may seem inevitable in 
RCTs that relate to agricultural technology. As Im-
bens (2018) argues, however, such violations may 
sometimes simply need to be taken into account, 
or in other contexts may actually be the main focus 
of the analysis. Saturation designs that experimen-
tally vary the density with which access to a new 
specific technology is offered, for instance, aimed 
to do exactly that, and can lead to important in-
sights regarding social learning and diffusion (Baird 
et al., 2012; Glennerster and Suri, 2015).

The recent chapter by de Janvry, Sadoulet, and Suri 
(2017) in the Handbook of Field Experiments dis-
cusses in more detail these and other considera-
tions for applying RCTs in agriculture and provides 
specific guidelines of how to avoid common pitfalls 
and maximize lessons learned.

Behavioral adjustments matter

The goal of a good impact evaluation is to establish 
not only whether a specific technology improved 
outcomes, but also how and for whom. Given the 
complexity of farmers’ decision-making as already 
outlined, behavioral responses to new technol-
ogies can be at least as, or even more, important 
in determining development outcomes as the im-
provement embedded in a technology per se. For 
example, Bulte et al. (2014) show that households 
adjust labor efforts when they are knowingly test-
ing new technologies, but not otherwise. Given 
that we are interested in impacts in real life, we 
do not want to “switch off” such adjustments.11 
Rather, impact evaluations ought to be designed 
to measure the different potential behavioral ad-
justments implicit in the process of adoption (de 
Janvry, Sadoulet, & Suri, 2017). Behavioral adjust-
ments by active economic agents with access to 
a new agricultural technology can be anticipated 

11 This is sometimes done through double-blind designs, in which, for example, farmers are given seeds that they are told could be 
a new improved variety or could be a placebo of the same variety they were using previously—as shown in section 2, it is difficult 
to tell the difference.

(e.g. the treatment group, being unblinded, allo-
cate more labor or other inputs than the control 
group) and should be measured to ensure that the 
most important adjustments or strategies do not 
go unobserved. Ultimately, it is the combination 
of the intended treatment and the behavioral re-
sponse by those adopting that we are interested in 
knowing about from a policy perspective.

Emerick, Janvry, & Sadoulet (2016) provide a pow-
erful case in point in showing that farmers who 
adopted the Swarna-Sub1 rice variety in India also 
adopted a more labor-intensive planting method 
and had greater cultivated area, fertilizer usage, 
and credit demand. It is through these behavioral 
responses that the returns to the new technology 
are substantially increased, and without a rand-
omized control trial it would have been impossi-
ble to observe these adjustments and learn from 
them. Managing the quality of the design and im-
plementation of randomized control trials is essen-
tial to avoid the pitfalls and to assure that relevant 
lessons can be learned from impact assessment. 
This includes careful consideration of the nature of 
the treatment that is being applied, and the pop-
ulation it is applied to, so that it can inform about 
impacts and the possible causal pathways in which 
it can affect outcomes beyond the specific case of 
the experiment.

3.2 HOW DO WE EVALUATE 
PROMISING TECHNOLOGIES?

Selection processes, conflicting 
objectives, and farmers’ desire to 
please

New technologies originating from CGIAR are de-
veloped with the objective of increasing food se-
curity, productivity, or resilience, often in combina-
tion with an environmental objective. Once these 
technologies leave the lab or the experimental 
station, it is often assumed they do exactly that. 
History provides some powerful examples where 
improved varieties played a major role in increas-
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ing yields and reducing the cost of production 
for smallholder farmers, most notably during the 
Green Revolution in Asia. Yet this type of large-
scale and first-order impact has proven hard to 
replicate for other technologies and in other set-
tings. A better understanding of whether, how, and 
under which conditions new technologies improve 
farmers’ outcomes in real-life conditions is there-
fore key to help guide the technology generation 
process.

Identifying the target population and assuring that 
a new technology is suited for this target popula-
tion and can contribute to the desired develop-
ment outcomes are criteria that should enter the 
technology production process much more system-
atically. The methods used to select populations on 
whom new technologies are initially tested, and 
how the testing is carried out, might well limit the 
potential payoffs of the development of new tech-
nologies. New technologies are typically evaluated 
based on their potential for yield increases in con-
trolled settings. While technologies are often sub-
sequently tested in farmers’ fields, agronomic trials 
conducted with farmers are often still highly con-
trolled by the researchers, in order to maximize the 
agronomic insights. Yield gains obtained in such tri-
als are typically compared with the costs of inputs 
to determine whether a certain technology holds 
promise. And the conclusions of such calculations 
guide not only dissemination efforts, but also fur-
ther research efforts. 

Yet there are multiple reasons to believe that yields 
gains obtained in typical agronomic trials are not 
very representative of yield gains the average farm-
er could obtain in real-world settings. Researchers 
might select certain types of plots and/or certain 
types of farmers for such trials, they may establish 
the agronomical practices to be applied, and they 
may even supply the specific inputs (seeds, fertiliz-
er, pesticides) to be used. Moreover, farmers them-
selves might adjust their practices on the trial plots 
(for example, by being more careful about weed-
ing), and hence applying more effort. Farmers may 
also learn from the process of participating in the 
trials, potentially increasing yields. And while trials 
are typically designed to maximize yields, farmers’ 

private decisions may be directed toward maximiz-
ing profitability, food security, or some other out-
come, making the maximum yield gains potentially 
irrelevant.

Indeed, the yields obtained in such trials are hard-
ly ever replicated in uncontrolled, larger-scale set-
tings in farmers’ fields. This was one of the main 
drivers behind the former Participatory Research 
and Gender Analysis (PRGA) program of the CGIAR 
in the early 2000s. Understanding the reasons for 
these yield gaps is key to understanding the impact 
of CGIAR technologies, because they can help ex-
plain potential reasons for lack of diffusion. More-
over, if trials can be designed and analyzed based 
on insights from the different farmer selection 
processes and farmers’ behavioral responses, they 
may lead to different conclusions, and as such to 
point to different directions in the future research 
agenda.

Learning from on-farm trials

Focusing on these problems with agronomic tri-
als, Laajaj et al (2018) study mechanisms through 
which the returns estimated from on-farm trials 
might not necessarily provide good estimates of 
gains from adoption in real-world circumstances in 
Western Kenya. They focus on the role of farmer 
and plot selection, but also on measurement ques-
tions, and the role of effort and complementary 
technical advice. Initial results from this study show 
large adjustments in yield and yield increment cal-
culations when these different factors are taken 
into account. These results in turn help us under-
stand the dynamic learning and adoption patterns 
by different types of farmers following the trials 
(Laajaj and Macours, 2016). Similar collaborations 
between CGIAR scientists and economists in the 
design and analysis of future trials will be useful to 
draw broader lessons and analyze different trade-
offs and selection concerns. This may ultimately 
result in the development of new guidelines for on-
farm trials that account for different selection and 
behavioral adjustments, so that broader lessons 
can be learned regarding the returns to different 
technologies for heterogeneous populations and 
conditions.
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On-farm trials, apart from being important steps in 
the R&D process, are separately also often used as 
mechanisms to promote technology diffusion. Sev-
eral extension approaches (such as “mother-baby” 
trials, volunteer farmer trainer programs, or farm-
er field schools) are designed to provide on-farm 
demonstration of new technologies by identifying 
and working with “lead farmers” in target commu-
nities. The theory has it that by carrying out trials 
of new technologies on their land, such lead farm-
ers influence the behavior of others in the commu-
nity and make it more likely that they will adopt 
the technologies. However, until recently the em-
pirical evidence supporting such approaches was 
weak. A systematic review of farmer field schools, 
for instance, concludes, “Farmer field schools can 
have beneficial effects for participating farmers, in 
pilot programmes in the short term. The impacts 
on agricultural outcomes may be of substantial im-
portance to farmers, in the region of a 10 per cent 
increase in yields and 20 per cent increase in profits 
(net revenues).  There is little evidence of diffusion 
of improved practices or outcomes from FFS partic-
ipants to non-participating neighbour farmers... [T]
here is no evidence that any diffusion of practices is 
sustained over time, nor any evidence for adoption 
of more complex IPM [integrated pest manage-
ment] practices via diffusion” (Waddington et al., 
2014, 18–19). Unanticipated or unobserved heter-
ogeneity between lead farmers and the rest of the 
community (i.e., the very factors that make them 
“leaders”) is likely a sufficient explanation for this 
situation.
Recent advances in the role of social networks for 
the diffusion of new technologies also points in 
that direction, but also provides more promising 
experimental evidence on the potential of diffu-
sion when appropriate local agents of change can 
be identified on whose farm to conduct the trials, 
and that learning from more than one person can 
be important (Beaman et al, 2015). Along the same 
lines, demonstration through field days to observe 
and hear about experiences and outcomes with a 
new rice variety also can increase adoption (Emer-
ick and Dar  2017). But social learning can lead to 
slower adoption than direct exposure if networks 
are segregated or small (Beaman and Dillon, forth-
coming) and trial farmers that more closely resem-

ble farmers targeted may be more effective (BenY-
ishay and Mobarak, 2014 and Tjernstrom, 2017).

The primary objective of impact evaluation studies 
and subsequent systematic reviews should be to 
help CGIAR reach its goals in orienting new research 
toward areas with potentially high payoffs rather 
than areas too slanted toward the short-term pri-
orities of donor agencies. Such a shift also requires 
putting in place feedback mechanisms that allow 
scientists to learn from the evaluations and adapt 
to their findings. In turn, the design of new impact 
evaluations should explicitly account for scientists’ 
own questions and concerns about the trade-offs 
implied by certain technologies. 

Thus, establishing credible causal evidence re-
quires a further shift toward planning that antici-
pates smart evaluation designs: once such designs 
are in place, they allow researchers to study both 
expected and unexpected behavioral responses 
and to understand the pathways to impacts as well 
as the underlying reasons for potential lack of im-
pact. Credibly documenting and learning from such 
“zero” results is arguably even more important 
than establishing success stories, and hence de-
serves attention and recognition in CGIAR’s impact 
assessment portfolio:

3.3 APPROPRIATE METHODOLOGY 
IS THE GOLD STANDARD

The case for methodological pluralism

Well-designed and implemented randomized 
control trials provide more rigorous causal iden-
tification than a reliance on observational data in 
econometrics.  Because the researcher directly ma-
nipulates the treatment assignment and hence by 
design can assure treatment assignment is not cor-
related with possible confounders, causal inference 
requires a more limited set of assumptions than 
alternative micro-econometric methods. There-
fore, when the objective is to learn the impact of 
a newly developed technology at the micro-level 
and before it is widely diffused, RCTs can provide a 
level of rigor higher than that attainable with oth-
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er methods. To assure that meaningful lessons can 
be learned from the RCT, it must be preceded by 
good diagnostics through preliminary qualitative 
work and piloting. Sometimes, however, the key 
questions will be about impact and effectiveness at 
scale across broad agricultural landscapes and over 
long periods of time. In these circumstances, other 
methods of impact evaluation may provide more 
relevant information, albeit at the cost of confi-
dence in causality.  Randomized control trials may 
be ill-suited, for instance. to document impacts 
of technologies that are already widely diffused. 
Measuring impacts of policy influence work or of 
institutional changes can also be challenging with a 
RCT, except where these have localized effects.  Re-
flecting this reality, in 2012 DFID commissioned a 
group of evaluators to reflect on the practice of im-
pact evaluation because it was widely believed that 
researchers had focused their methodologies too 
narrowly on randomized control trials that “DFID 
has found are only applicable to a small proportion 
of their current programme portfolio” (Stern et al., 
2012, S4, i).

The DFID-commissioned study concluded that 
most of the development interventions it funds are 
“contributory causes.” This language reflects a shift 
to a programmatic approach across the aid sector, 
away from simple provision of “treatments” and 
toward more complex designs that aim to address 
multiple development challenges. Evaluators use 
the term “causal packages”12 to describe the con-
fluence of causes that come together to produce 
outcomes in such cases. As the authors of the DFID 
report note, “A reality that often has to be faced 
in [impact evaluation] is that there is a trade off 
between the scope of a programme and strength of 
causal inference. It is easier to make strong causal 
claims for narrowly defined interventions and more 
difficult to do so for broadly defined programmes. 
The temptation to break programmes down into 
sub-parts is therefore strong, however this risks 
failing to evaluate synergies between programme 
parts and basing claims of success or failure on in-
complete analysis” (Stern et al., 2012, S15, ii).

12 The dominance of a quantitative, counterfactual-oriented view of causality is illustrated by the fact that when one enters the term 
“causal packages” into Google, the entirety of the first page of results is for econometric estimators to run in different statistical 
software programs.

Research focused on policies and institutions (an 
important part of the CGIAR portfolio) typically 
does not have large populations of potential users/
adopters as is the case for farmer-managed tech-
nologies. For these research investments, theo-
ry-based approaches—defined by White (2009) as 
“examining the assumptions underlying the causal 
chain from inputs to outcomes and impact”—offer 
much potential. In applying these evaluation ap-
proaches, and in judging the rigor of their causal 
claims, different standards of evidence should ap-
ply than in the case of interventions or technolo-
gies that can be randomly assigned or subjected to 
quasi-experimental econometric analysis (Rogers, 
2009).

Two key challenges apply broadly across NRM, 
policy and institutions research areas, namely that 
there is rarely both: i) sufficient observations to 
identify effects rigorously (e.g. nation states adopt-
ing a new policy; watersheds taking on a specif-
ic approach to NRM), and ii) homogeneity in the 
“treatment” since contextual adaptation of insti-
tutions, NRM practices and policies is the norm, 
not the exception. This is a space where method-
ological advances with / by CGIAR can make a ma-
jor contribution to the scientific community more 
broadly. Given the scale of CGIAR investment in 
policy, institutions and NRM, the dearth of careful 
impact assessment in this area is alarming. What is 
clear is that the methods that apply where these 
two conditions (small N, and varying or context-de-
pendent treatments) apply will be quite different 
from situations where they do not. Defining what 
it means to do rigorous impact assessment in such 
cases is an urgent and important task.

Systematic reviews: Throwing out the 
bathwater while keeping the baby?

The challenges of methodological pluralism come 
into sharp relief in the process of systematically re-
viewing the state of knowledge on specific topics. 
Systematic reviews—which “synthesize the best 
available research evidence on a specific ques-
tion” (www.3ie.org)—are increasingly influential 
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in evidence-based policy in medicine (through the 
Cochrane Collaboration), social programs (Camp-
bell Collaboration), and the international develop-
ment sector writ large (International Initiative on 
Impact Evaluation, 3ie). By comprehensively and 
systematically searching the universe of published 
evidence on a specific question, researchers can 
systematically filter out studies that are of limit-
ed relevance and then filter out studies based on 
quality criteria. The devil is in the details of these 
quality criteria—too loose and we increase the risk 
that low-quality or biased studies will influence the 
overall result; too strict and we might throw the 
baby out with the bathwater.

Take the example of a study carried out by Loevin-
sohn et al. (2013). Their systematic review, com-
missioned by DFID, set out to answer the question 

“Under what circumstances and conditions does 
adoption of technology result in increased agricul-
tural productivity?” The authors screened 20,299 
papers at the first stage, passing a healthy 214 
through to the second stage (Figure 6). However, 
only 5 of these papers passed the second-stage 
screening and were candidates for in-depth review. 
This second-stage screening eliminated the vast 
majority of studies on the basis of a single crite-
rion: whether a functional definition of adoption 
could be determined from the paper. Although this 
criterion is undoubtedly an important aspect of de-
signing a good impact assessment of agricultural 
technology, it is not obvious that rejecting 202 out 
of 214 papers on the basis of that criterion alone 
is a constructive or efficient strategy (the remain-
ing seven rejected papers being omitted based on 
other criteria).

Figure 6 – Screening process carried out by Loevinsohn et al. (2013)

Source: Authors based on Loevinsohn et al. (2013).

Herdt and Mine (2017) reviewed the Loevinsohn et 
al. report as part of the SIAC program and found 
that much useful evidence was filtered out un-
necessarily. Using a slightly less restrictive set of 
criteria, Herdt and Mine retained 30 studies—still 
a considerable cull of 184 papers that were rele-
vant but simply not of sufficient quality for inclu-
sion. Of the 30 studies retained by Herdt and Mine, 
23 had data related to agricultural yields, and of 
these, 21 demonstrated a positive relationship be-
tween technology use and productivity (the other 
2 showed no difference). Of 26 studies with data on 
incomes, 24 showed a positive relationship (again, 

2 showed no difference). These results are subject 
to two significant caveats: First, the technologies 
subjected to impact assessment are typically cher-
ry-picked in the first place. Second, before we even 
observe this population of published studies, they 
are subject to the “file-drawer” problem (self-cen-
soring by researchers) and publication bias (reflect-
ing a preference for positive or attention-grabbing 
findings by journals). Together these factors cer-
tainly bias the distribution of published results up-
ward relative to a strategy of selecting, evaluating, 
and publishing assessments from a random sample 
of candidate technologies. 
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Stewart et al. (2015) carried out a systematic re-
view of the impacts of training, innovations, and 
new technologies for African smallholder farmers. 
From a very large screening, they ultimately re-
tained only 19 studies owing to a “lack of rigorous 
research evidence” (Stewart et al. 2015, p.6). Of the 
19 studies retained, 5 studies on orange-fleshed 
sweet potato show a consistent pattern of positive 
impacts on nutritional indicators. Given the meth-
odological diversity of the retained studies—a mix 
of RCTs and econometric analysis from observa-
tional data—an excellent feature of the Stewart et 
al. systematic review is the process through which 
the authors score the studies for risk of bias aris-
ing from confounding, selection problems, depar-
tures from the intended intervention, missing data, 
measurement problems, and selective reporting of 
results. The authors provide summary judgments 
for the risk of bias: low (as for a well-implemented 
RCT—9 out of 19); moderate (sound for a non-ex-
perimental study—2 out of 19); serious (has some 
important problems—6 out of 19); and critical (too 
problematic to provide useful information—2 out 
of 19).

Garbero, Marion, & Brailovskaya (2016) take a fur-
ther step. In reviewing the impact evaluation liter-
ature on improved varieties, the authors first score 
the studies for risk of bias and then regress the 
effect sizes from the studies on these bias scores. 
Their overall result from a meta-analysis of results 
from 20 relevant studies assessing outcomes relat-
ed to poverty, income, or expenditure show sta-
tistically significant impacts on the order of 6 to 
32 percent relative to comparison farmers. When 
these effect sizes are regressed on the risk of bias 
scores for the studies, those examining poverty 
outcomes show a positive correlation, suggesting 
that biased impact assessment design for poverty 
studies could be inflating the effect size. The rela-
tionship for income- or expenditure-focused stud-
ies is ambiguous.

There is much work to be done on the specific ap-
proaches to statistical meta-analyses that are ap-

propriate for those interventions for which a criti-
cal mass of rigorous studies have been carried out. 
For example, Meager (2017) examines a controver-
sy in meta-analysis, looking at studies of the impact 
of vitamin A supplementation on child mortality – a 
group of RCTs characterized by high levels of heter-
ogeneity in context and reported effect sizes. Mea-
ger shows that the specific way in which meta-anal-
ysis is carried out matters a lot in determining the 
major messages from such a mixed evidence base. 
She compares fixed effects models, in which it is 
assumed that there is a single, common effect size 
across all studies (and thus all differences in esti-
mated treatment effect sizes can be attributable to 
sample or other error in the original studies), with 
a random effects model (in which the true effect 
size might differ from study to study). As the rate 
of Vitamin A deficiency in the population is likely to 
have major impact on the observed effect of sup-
plementation there are strong theoretical grounds 
for thinking that treatment effects are indeed likely 
to be heterogeneous. By allowing the true effect to 
be different across studies, Meager’s framework 
and result allow to demonstrate the importance of 
using methods which can distinguish estimate pre-
cision from estimate generalizability when the lit-
erature contains heterogeneous treatment effects.

The revolution in standards of evidence for caus-
al identification has transformed the toolkit of 
applied economists, but it has also brought some 
second-order methodological problems to the fore 
that were less important in the past. The issue of 
standards of evidence when comparing across 
methodologies remains a challenge, but the risk-
of-bias scoring carried out by Garbero, Marion, & 
Brailovskaya (2016) and Stewart et al. (2015), and 
Meager’s sophisticated examination of the correct 
statistical specfication for meta-analysis, show us 
productive ways forward. Certainly, while the inter-
nal validity of the existing evidence base was still 
in question, it made little sense to worry too much 
about external validity. This situation is now chang-
ing and is the subject of the next section.
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4 UNDERSTANDING CGIAR 
IMPACTS ON A LARGE SCALE

4.1 EXTERNAL VALIDITY, EVIDENTIAL STANDARDS, AND THE LONG-RUN 
EFFECT ON AID ALLOCATION

Nancy Cartwright and Jeremy Hardie’s book summarizes a literature from the philosophy 
of science on the process of going from studies telling you that “it worked somewhere” to 
the conclusion that policy-makers and aid donors really want, which is “it will work here” 
(Cartwright & Hardie, 2012). As they show, the road from ex post impact evaluation results 
of a specific intervention in a specific place to the ex ante planning process for the same 
intervention in a different place is fraught (and paved with good intentions).

Pritchett & Sandefur (2013) characterize four features of the challenge of balancing eviden-
tial standards: 
“(i) evidence rankings that ignore external validity, (ii) meta-analysis of the average effect 
of a vaguely-specified “intervention” which likely varies enormously across contexts, (iii) 
clustering evaluation resources in a few expensive studies in locations chosen for research-
ers’ convenience, and (iv) the irresistible urge to formulate global policy recommendations” 
(Pritchett & Sandefur, 2013, 164). These authors are not arguing against randomization 
as a methodological tool for impact assessment but rather in favor of attention to con-
text and heterogeneity via “orders of magnitude more use of randomization, but with far 
fewer grand claims to external validity” (ibid.). Any single empirical result should have far 
less weight, and there should be many more of them to draw from. This is particularly 
important for agriculture, where the contextual factors that can condition heterogeneity 
of outcomes are so varied and impossible to fully control for: soils, climate, water, social 
institutions, government policy, markets, transaction costs, etc. As Pritchett & Sandefur 
(2013) show, it can sometimes be preferable to take non-experimental evidence from the 
right context than experimental evidence from another context.

Failing to heed the warnings of Pritchett & Sandefur (2013) as well as those of Barrett & 
Carter (2010) and Deaton & Cartwright (2017)—by, for example, making impact assess-
ment synonymous with randomized control trials alone—could significantly skew the fo-
cus of the agricultural research and development aid portfolio away from areas that are 
difficult or impossible to evaluate using randomized designs. This would be an unneces-
sary and unfortunate outcome and would reflect a methodological fundamentalism that 
is at odds with the pragmatic tradition in impact assessment in CGIAR. However, as the 
reviews by Garbero, Marion, & Brailovskaya (2016), Herdt & Mine (2017), Loevinsohn et 
al. (2013), and Stewart et al. (2015) showed, the average level of quality in the published
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 impact assessment literature is low, with many bi-
ased studies. This is the case even for technologies 
such as improved varieties, which are highly suited 
to being studied using randomized control trials. 
Under the SIAC program, SPIA has launched a cam-
paign to increase the rigor of impact assessment 
central to our work program. Looking ahead, there 
is hence a need to simultaneously push ahead on 
improving the credibility of individual studies on 
the one hand and on broadening coverage across 
the CGIAR research portfolio and achieving cost-ef-
fectiveness on the other.

4.2 RIGOROUSLY MEASURING 
OUTCOMES AT SCALE

Empirical studies establishing causal evidence on 
farmers’ behavioral responses to the availability 
of new technologies are a key part of establishing 
credible evidence of CGIAR impacts. However, the 
low take-up of new technologies that is often ob-
served in real-life settings contains equally impor-
tant information about the potential profitability 
of new technologies that is all too often ignored. 
If farmers decide not to adopt, they likely have 
good reasons not to do so. Rigorously document-
ing adoption rates for large representative popula-
tions is hence complementary to studies identify-
ing causal relationships. While many CGIAR centers 
conduct “adoption studies,” they often involve 
small, non-representative samples, and short time-
frames (Doss, 2006). They are consequently of 
limited value. The question should not be whether 
some selected farmers adopted a particular tech-
nology once, but rather whether a large share of 
farmers representative of a population targeted 
by the technology decide to adopt and continue 
to use a new technology in the seasons after the 
initial adoption. This suggests the need to move 
from many small-scale, one-shot surveys to few-
er, well-designed, and representative longitudinal 
surveys. Crucially, these surveys need to be insti-
tutionalized so that they have a life of their own, 
independent of short-term donor assistance. Such 
a vision is best achieved through partnerships with 
institutions that have a comparative advantage in 
surveys in countries of highest priority to CGIAR—

such as the World Bank and FAO. These partner-
ships will need to be oriented toward meeting the 
needs of countries monitoring their progress on 
the SDGs.

4.3 MICRO-MESO-MACRO: 
INTERACTIONS ACROSS SCALES

Some impact pathways are complex—particularly 
those mediated by markets and over borders—sug-
gesting the need for models at a macro-level. The 
micro-foundations of macro models—particularly 
off-the-shelf models—need close and sustained 
scrutiny. Detailed microeconomic analyses are re-
quired to help answer questions related to, for ex-
ample, the modeling of labor demand in processes 
of technological change.

Most of the macro models that are used for agricul-
tural impact assessment are based on some com-
bination of partial equilibrium analysis and general 
equilibrium modeling. In all cases, one “primitive” of 
the model is typically an initial level and/or a growth 
rate in total factor productivity (TFP). Impact assess-
ment at the macro scale is then carried out by seeing 
how the model responds to changes in the TFP level 
or growth rate, such as might be generated by a new 
technology or innovation. In this sense, macro mod-
els may be highly complementary to detailed micro 
analysis of productivity growth. A careful micro esti-
mate of TFP increases in a particular crop could be 
inserted into a macro model, which could then be 
used to generate estimates of the economy-wide im-
pacts of the research impact. A challenge, however, 
is that it can be quite difficult even with detailed mi-
cro analysis to separate the TFP impact of research 
from the impacts of other kinds of TFP shifters (such 
as improvements in institutions or even weather-re-
lated factors). The models also require estimates of 
average TFP changes over broad geographies, rath-
er than location-specific estimates that emerge from 
narrowly focused studies at the micro level. Thus, a 
challenge remains in finding appropriate micro evi-
dence to feed into the macro models.

A further problem is that all the macro models inev-
itably build in strong assumptions about functional 
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forms as well as model closure assumptions. These 
assumptions are difficult to test or to assess through 
standard sensitivity analysis, but they can often mat-
ter a great deal for the outcomes of interest. For 
instance, models must make assumptions about 
production functions, such as the elasticities of sub-
stitution between capital, land, and labour; or about 
the functional forms used to produce output from 
intermediate inputs. These assumptions are not in-
nocuous, in the sense that they can have quantita-
tively significant effects on outcomes of interest.

For instance, most models make assumptions about 
how consumers perceive domestic goods in rela-
tion to imported substitutes. This is particularly im-
portant in models that allow for agricultural trade. 
Is domestic rice a perfect substitute for imported 
rice? If so, then consumers will dramatically switch 
between the two goods depending on which is less 
expensive. Most models instead assume a different 
relationship between imports and domestically pro-
duced goods, using some version of an “Armington 
aggregator” that converts domestic goods and im-
ports into a single composite good that is consumed. 
But the specific form of the aggregator will matter: 
a Cobb-Douglas aggregator will imply that consum-
ers will always devote a constant fraction of their 
expenditure on rice to imports and a constant frac-
tion to domestic production. Alternatively, a Leon-
tief aggregator will imply that, regardless of prices, 
consumers will always consume the two goods in 
specific proportions. These may seem like technical 
details, but they have quite different implications 
for a model’s predictions. In a similar vein, models 
will be sensitive to assumptions that are built into 
a model about the substitutability of different crops 
and commodities for different categories of use 
(e.g., consumption, processing, animal feed).

How should we understand rigor in the context of 
models? The generally accepted best practice is to 
validate models by testing them against data other 
than those that were used to calibrate them. Since 
these models are typically calibrated such that they 
duplicate historical data, it is not always obvious 
how they can be validated in this way. Practitioners 

sometimes object that there is no feasible way to 
run counterfactuals or to test the sensitivity of the 
model structure. They will normally offer some al-
ternative scenarios for certain key parameters (e.g., 
low, medium, or high population growth; or two 
scenarios for productivity growth). But the deeper 
structures of the models are very seldom tested.

One feasible way to validate the model and to test 
these deeper structures is to engage in a kind of 
historical forecasting. One might, for instance, take 
a model like that used by Laborde et al (2017) and 
instead of calibrating it to the data from 2000-2015, 
calibrate it instead to data from 1985-2000 and see 
how well the model then predicts the period from 
2000 onward. In other words, the point would be to 
show how well the model predicts out of the sam-
ple to which it is calibrated. One could equally take 
the model, as calibrated to data from 2000-2015 and 
feed it with base year data from 1985 to see how 
well it matches observations from 1985-2000. Any 
of these exercises would allow for some (qualitative) 
evaluation of the model against data other than 
those to which it was originally calibrated. If the 
model performs well out of sample, in this fashion, 
then we can trust it more for forecasting.

Another (more limited) way to test the model is to 
calibrate to one set of variables and to see how well 
the model then matches the data on a different set 
of variables. For instance, the calibration could in-
volve feeding in data on agricultural inputs and out-
put, with the validation based on seeing how well 
the calibrated model performs in matching variables 
such as service-sector productivity or non-agricul-
tural employment. This approach is less satisfactory, 
in that there are often underlying arithmetic or alge-
braic links that imply certain relationships will hold 
among the variables in the model, so that the two 
sets of variables are not in fact independent. But to 
the extent that a calibration to one set of variables 
can generate a good fit for other variables, and to 
the extent that these other variables can be claimed 
to be plausibly unrelated, this may be an acceptable 
way of validating the model.
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5 CONCLUSION AND SUMMARY

The CGIAR system represents a body of agricultural research and development activity of 
close to US$1 billion annually. Cataloguing and tracking the outputs from this system, and 
determining whether and how these outputs lead to development outcomes, is an enter-
prise worthy of significant investment. The individual CGIAR research centers have a high 
degree of autonomy and are incentivized to advocate for their own effectiveness. In the 
absence of strong and consistent demand for rigor from donors, one can hypothesize that 
those centers with the most able communications teams will be those that are best able to 
capture a larger share of the total funding to the system.

Pressure is building for a change in culture toward more rigorous evidence, with evidential 
standards from other sectors influencing donor attitudes toward CGIAR. For example, the 
Bill & Melinda Gates Foundation published its inaugural Goalkeepers report on progress 
toward the SDGs in 2017, with a commitment to continue doing so annually until 2030. 
The report picks 18 of the 232 SDG indicators for monitoring on a global scale. Time series 
for indicators such as stunting, global HIV deaths, and maternal deaths show progress from 
1990 to the present day and the possible trajectories to 2030. The aim of the report is to 
ensure that momentum for continued progress is not lost. However, data collection for ag-
riculture (as well as gender and education) is shown to be inadequate and the page is filled 
with an empty chart stating “Insufficient data”. The message from the Gates Foundation is 
clear—get your act together.

For the many reasons outlined in this report, the situation is a little more complicated than 
that, but certainly the rigor revolution demands that we do better, in the following ways. 
First, we need to institutionalize detailed data collection related to CGIAR activities along 
the results chain from investments to outputs to outcomes. For this effort to be practical, 
we need to focus on a few key locations as a first step toward catching up after years of 
neglect. This would allow CGIAR to reconnect with its historical track record of collecting 
longitudinal data, best illustrated perhaps by the large body of literature resulting from the 
longitudinal ICRISAT villages datasets. In a new generation of longitudinal studies, we need 
carefully implemented geo-located surveys featuring DNA fingerprinting of the major crops 
and livestock, reliable data on farmers’ management practices, and detailed socioeconomic 
data, combined with information on the policy and institutional environment. Data quality 
should be of the highest priority. If we do this right, we can calibrate and take full advan-
tage of the vast data output from the latest wave of remote sensors to interpolate certain 
indicators between survey waves, and possibly make out-of-sample predictions for other 
geographic areas.



29

THE RIGOR REVOLUTION IN IMPACT ASSESSMENT: IMPLICATIONS FOR CGIAR

Second, impact evaluation and efficacy studies 
need to focus on causal relationships for which we 
have the greatest uncertainty and for which infor-
mation would have the highest value. This suggests 
a greater focus on theory—away from searching 
for “what works” in the abstract and toward finding 
out why certain things work and others do not in 
particular contexts. Farmers’ behavioral responses 
should be factored in as an important component 
of management, and accurately measuring differ-
ent technologies through best-practice methods 
should be a priority. The integration across data 
types offers tremendous potential for new insights. 
It is less obvious how to make methodological 
breakthroughs on tracing policy influence or meas-

uring the outcomes from capacity-building efforts, 
though the principle of independent theory-based 
evaluation should be prominent.

Given the wide range of activities carried out by 
CGIAR, it is clear that a broad toolkit of approaches 
will be needed to assess impacts. This makes stand-
ardization and simple messages hard to come by, 
but SPIA is committed to its role as convener and 
intermediary between the CGIAR research commu-
nity, external researchers, and the donors that fund 
the system. In doing so, we hope to ensure that we 
can raise the ratio of signal to noise and help in-
centivize greater clarity, realism, and rigor in the 
thinking about impacts from investments in CGIAR.
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