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Abstract

Methodological, ethical and practical challenges make it difficult to use experimental and
rigorous quasi-experimental approaches to conduct impact evaluations in humanitarian
emergencies and conflict settings (HECS). This paper discusses recent developments in the
design, measurement, data and analysis of impact evaluations that can overcome these challenges
and provide concrete examples from our recent research where we analyse the impact of
agricultural emergency interventions in post-war Syria. More specifically, the paper offers
solutions: First, discuss the challenges in designing rapid and rigorous impact evaluations in
HECS. By doing so, we mainly show alternative ways to construct counterfactuals in the absence
of meaningful control groups; Second, we review how researchers can use additional data
sources to create a counterfactual or even data on treated units when it is difficult to collect data
and in some cases provide ethical and methodological benefits in addition to providing
cost-effectiveness. Third, we argue that finding and fine-tuning proxy measures for the
‘unmeasurable’ concepts and outcomes such as resilience and fragility are crucial. Fourth, we
highlight how adaptive machine learning algorithms are helpful in rigorous impact evaluations in
HECS to overcome the drawbacks related to data availability and heterogeneity analysis. We
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provide an example from our recent work where we use honest causal forest estimation to test
the heterogeneous impact of an agricultural intervention when sample sizes are small. Fifth, we
discuss how standardisation across methods, data and measures ensures the external validity and
transferability of the evidence to other complex settings where impact evaluation is challenging
to conduct. Finally, the paper recommends how future research and policy can adapt these tools
to ensure significant and effective learning in conflict-affected and humanitarian settings.

Funding
This work is supported by the Centre of Excellence for Development Impact and Learning
(CEDIL), funded by UK Aid.

Conflict of interest
The authors declare no conflict of interest.



1. Introduction

In 2022, an estimated 302 million individuals need humanitarian assistance worldwide, of
which 80% are from conflict-affected settings (UNOCHA, 2022; World Bank, 2022).
These figures underscore the global magnitude of the threat to lives and livelihoods
caused by conflict and other humanitarian emergencies. The international community
estimates that it requires USD 46.06 billion for humanitarian assistance only for the
targeted 202 million of those 302 million people in need, which is seldom met (UNOCHA,
2022). Hence, in a context where millions live in such fragile settings and resources to help
them fall far shy, efficient and impactful humanitarian assistance becomes more important

than ever.

Impact evaluation is “an assessment of how the intervention being evaluated affects
outcomes, whether these effects are intended or unintended” (OECD, 2006:1). Beyond
monitoring dashboards and ex-post assessments, which have been used extensively in the
humanitarian sector in the past two decades, rigorous and theory-based impact
evaluations are a simple yet powerful tool to measure if and how humanitarian assistance
or aid can causally contribute to achieving targeted outcomes of a pre-specified theory of
change (White, 2009). According to the impact evaluation repository of the International
Initiative for Impact Evaluation (3ie), 10,374 impact evaluations were completed between
1990 and 2021. And only 7.4% of them were conducted in fragile and conflict-affected
countries where 2 billion people live (United Nations, 2022). Besides, there are essential

evidence gaps across sectors, as seen in Table 1.

That said, impact evaluations have been well-established and used for development
programming in many contexts, yet they remain limited in the Humanitarian Emergency
and Conflict Settings (HECS) due to a myriad of methodological, ethical, and practical
challenges such as selection bias, information bias, contamination bias, non-random
attrition and response, need for rapid evaluations, attribution problem, and
(un)intentionally harming vulnerable populations (Puri et al, 2017). Although

methodological challenges can be overcome using randomisation in assigning treatment
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and control groups, using Randomised Control Trials (RCTs) is particularly difficult in
HECS due to security, ethical, financial and political reasons. Therefore, observational
data and quasi-experimental designs are preferred to establish a better counterfactual
without randomisation and, thus, estimate the causal impact. Recent years have presented
enormous improvements in creating and improving these tools to identify a
counterfactual, even without randomization. In addition, regression discontinuity designs,
difference-in-differences method, synthetic controls, and machine learning techniques

have strengthened their positions in the field of causal inference.

Table 1. Sectoral Distribution of Impact Evaluations Conducted in Fragile and Conflict-affected
Countries by the year of publication

Sector 1990-2000 | 2001-2010 | 2011-2021 | Total
Agriculture, fishing and forestry 0 5 86 91
Education 0 5 46 51
Energy and extractives 0 0 7 7
Financial Sector 0 1 23 24
Health 15 48 311 374
Industry, trade and services 0 1 15 16
Information and communication 0] 5 5
technologies

Social protection 0 8 100 108
Public administration 0 1 58 59
Transportation 0 0 2 2
Water, sanitation and waste 0 5 26 31
management

Notes: Authors’ calculations using the impact evaluation repository of 3ie.

Puri et al. (2017) asked the question of whether rigorous impact evaluations can improve
humanitarian assistance or not. Revisiting this question five years later, this paper

presents if there was indeed an improvement in the area of rigorous impact evaluations in
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the HECS and, if not, what are the main challenges for that. Therefore, in this paper, we
review, synthesise, and present the knowledge, insights and evidence generated from two
distinct streams - the existing literature and our own experiences of conducting impact
evaluations in HECS. As seen from the discussion below, we argue that it is possible and
necessary to conduct rigorous impact evaluations in HECS, which are still at deficient

levels compared to other settings.

That said, rapid and rigorous impact evaluations in HECS can be designed, for example,
through utilising innovative methods to construct a counterfactual group, being flexible to
use methods that are suitable in settings where multiple actors actively provide similar
interventions in the same field and at the same time as in emergency situations; having an
improved collaboration of different stakeholders during different phases of impact
evaluations; employing mixed methods more and effectively; and, generating and
improving the inclusivity of publication processes to motivate future researchers to
conduct the effective and efficient impact evaluation methodology. Moreover, we also
argue that big data sources such as remote-sensing, geo-spatial and administrative data
should be utilised more, not as a substitute but as a complement to the ‘traditional’ data
sources. In addition to design and data-related issues, it is also essential to have
fine-tuning measurements so that practitioners and researchers can use simple but
standardised measures to compare different settings, which is particularly important for
HECS. Lastly, machine learning algorithms can be utilised to construct a well-defined
counterfactual, which is arduous to manage in orthodox impact evaluation methods such
as RCTs, especially due to the ethical challenges of conducting impact evaluations in
HECS.

The structure of the paper is designed around four themes. Section 2 reviews the current
pitfalls and developments in designing rapid and rigorous impact evaluations. Section 3
focuses on data and discusses the possible ways to generate and use novel data to conduct
impact evaluations in HECS. Section 4 explains the possibility and necessity of fine-tuning
measurements, while Section 5 provides examples of how researchers can benefit from

machine learning tools in impact evaluations.



2.Designing Rapid and Rigorous Impact
Evaluations

Expanding Buttenheim (2009)’s framework for the HECS, Puri et al. (2007) list three
phases after the time of emergency where impact evaluations can be used. Those are the
relief, recovery and resilience phases, where impact evaluations present specific practical,
ethical and technical issues to consider, as project implementers might have different
goals in each. For example, urgent recovery from a disaster is indisputably key in the relief
phase, which necessitates a very rapid and leave-no-one-behind type of assistance, such
as providing latrines to all of the camp residents in Bentiu, South Sudan, after a natural
disaster. That is why randomised controlled trials (RCTs) - otherwise regarded as the gold
standard among all impact evaluation methods and “now entirely dominate development
economics”? -- cannot be applied in such a setting because the random allocation of
humanitarian assistance and leaving some emergency-affected populations as a control
group are both ethically and practically unfeasible. Therefore, flexibility and willingness to
use innovative data and methodologies to overcome complex challenges to a rigorous

impact evaluation in different phases in HECS are important.

This implies that researchers must use other quasi-experimental methods with a
well-defined counterfactual necessary for a rigorous impact evaluation. The main idea is
to construct or find a control group that will not receive the intervention but needs to be
structurally similar to the treatment group both in trends and preferably in levels during
the pre-treatment period and, by assumption, also in the post-intervention in the absence
of a treatment. However, various ethical, practical and methodological challenges exist to
construct a well-defined counterfactual in HECS. A crucial ethical challenge is, for
example, the difficulty of implementing an intervention considering the do-no-harm
principle since being pure counterfactual implies that no assistance will be received.

Moreover, the high mobility rates of conflict-affected persons and a lack of registration or

! Press release: The Prize in Economic Sciences 2019. Available at: https://www.nobelprize.org/prizes/economic-
sciences/2019/press-release/ (published 14 October 2019).



administrative data in HECS make longitudinal or representative data collection almost
impossible. This complicates the application of several of the key quasi-experimental
procedures in these circumstances, such as difference-in-differences with a never-treated
group. Furthermore, the presence of various stakeholders in such settings and the need
for quick and widespread interventions in HECS makes it hard, for example, to evaluate

the causal effect of programs using RCT.

However, there are four potential remedies to the challenge of having a counterfactual in
HECS. All these suggestions provide alternative ways to construct a well-defined control
group instead of a traditional one. Firstly, factorial designs can be particularly beneficial in
cases where ethical concerns are more pivotal, such as those implemented during the
emergency phase. In such designs, the question of which intervention has more impact
rather than what the effect of an intervention is more relevant. Answering this question is
particularly crucial in the early phases of an intervention, where many vulnerable
individuals wait for humanitarian assistance. Thus, such an impact evaluation would help
implementers to use the most effective and efficient tools in the field once the research
outcomes are rapidly obtained. Secondly, phased-in designs can be implemented after the
emergency relief phase. In such circumstances, households are included in the
intervention in a staggered roll-out base, which implies that late-comers act as a control
group for the early-treated units. Thus, this is ‘more’ ethical than a purely randomised
experiment once the staggered groups of treatment receivers are determined randomly
and, although, in different phases, everyone eventually receives the treatment. This way
of constructing counterfactuals is also preferable, considering the usual budget
constraints of implementers. Moreover, block randomization can be incorporated in
phased-in designs because it is a valuable tool to fairly allocate participants to receiving
treatment in a given study and thus reduces local tensions and prevents spillover effects
(Peter and Soetevent, 2019). The third way of creating a valid counterfactual is using
synthetic control groups. It is a recent method but has received considerable attention
since its first use in 2003. It is even branded as “arguably the most important innovation in

the policy evaluation literature in the last 15 years” (Athey and Imbens, 2017:3). This



method uses pre-intervention information to produce an optimally estimated control
group (called a “synthetic” control group) by assigning weights to statistically chosen units
(i.e. households) based on their similarity to treatment units. However, this approach
works best if the observations are collected over a long period, both pre- and
post-intervention, and requires a large number of control observations, which might not
be feasible or available in many HECS settings. Finally, unpacking the potential power of
spatially disaggregated data or geographic information databases (GIS) can help
researchers to construct valid counterfactuals in projects where physiographic
characteristics are crucial for treatment. They also have a tremendous potential to create
instrumental variables (Puri et al. 2017) and enable using spatial RDD designs or

geographic difference-in-discontinuities.

Moreover, even in rare cases where a never-treated control group is available in the data,
targeting in HECS might result in statistically significant imbalances between treated and
control units. The standard matching techniques to balance the distribution across these
two groups might still cause a biased estimation in those cases. Recently developed
methods such as entropy balancing (Hainmueller, 2012) or hierarchically regularised
entropy balancing (Xu & Young, 2021) can be used as they enforce the balance across
moments of distributions. Figure 1 below is from Kayaoglu, Baliki and Briick (2023), which
compares the trends between control and treatment units where the entropy-weighted
pre-treatment outcome in both groups, on average, is the same. This graph clearly shows
how the impact of an agricultural intervention in post-war Syria affects households' food
consumption scores (FCS) in the long term once their initial food security score, among
other baseline covariates, are the same. In their analysis, they used entropy balancing
with one period of pre-treatment data to estimate the weights that balance the
distribution of both main socio-demographic characteristics of households and their food
consumption scores. Then these entropy weights are used to estimate the average
treatment effect. These methods can even be used to balance the observable
treatment-invariant characteristics across groups in cases where pre-treatment data is

unavailable.



Figure 1. Trends between treated and untreated groups using the Entropy Balancing
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Source: Kayaoglu, Baliki and Briick (2023)

Moreover, in cases where researchers have pre-treatment data, then other available
methods can be used to create valid counterfactuals. One of these important methods is
the kernel propensity score matching DiD, where we can first generate kernel weights by
estimating the propensity scores following Heckman et al. (1997, 1998), which are then
used in the DiD estimations. Kayaoglu, Baliki and Briick (2023), for example, also use the
kernel propensity score matching DiD method to analyse the long-term impact of an
agricultural intervention in Syria and show that correcting the imbalances between
treatment and control units through kernel weights eliminates the bias. In cases where
more than one period of pre-treatment data is available, researchers can also use the
recently developed synthetic DiD (Arkhangelsky et al., 2021) to estimate the average

treatment impact of interventions.

In addition to the issues related to not having traditional counterfactuals, when designing

impact evaluation in HECS, power analyses and oversampling are key to preventing



underpowered studies resulting from unprecedented decreases in sample size through
attrition, lack of consent, or inaccessibility of the field. Underpowered studies are either
unable to detect the effect or present a biased estimation even in cases where it reveals
one (Rosch et al., 2021). Moreover, model specifications such as interaction terms and
investigation of impact channels through heterogeneity analysis should be considered

during the design phase of an evaluation to prevent unforeseen drops in statistical power.

Particularly in complex settings, designs often need to be adjusted in later stages for
several reasons, such as to remain ethically acceptable and statistically efficient. The use
of adaptive strategies allows researchers to use preliminary findings to change the
allocation of participants across groups without compromising statistical power. This
strategy is also ethically desirable, given that researchers can discontinue ineffective
treatments while extending the coverage of the effective ones. Besides, it helps
researchers understand how the interventions work along the causal chains or for
particular groups, allowing for better resource allocation and withholding the use of
unnecessary procedures. Despite the importance of this method, adaptive trials are rarely
used due to the need for more expertise and familiarity among researchers and funders

(Masset et al., 2021).

Another important challenge in conducting rigorous impact evaluations in HECS is
delineating the treatment while a multiplicity of actors is in the field. When Holland
(1986) said “no causation without manipulation”, he implied that a well-defined (one
without vagueness) intervention is needed for an impact to be attributed to a specific
treatment. However, it is challenging to attribute an estimated impact to a specific
intervention when multiple actors often implement their interventions simultaneously. In
such a case, coordination among different actors, particularly donor coordination, is vital,
which might lead to using factorial designs in impact evaluation. In addition, concerning
the problem with statistical power noted above, such contamination needs large sample
sizes so that researchers can distinguish the effects of a single intervention from those of

several comparable interventions.



Furthermore, the transportability of the impact is of paramount concern in HECS because
people’s behaviour in HECS differs systematically from peaceful settings (Verwimp et al.,
2019) Therefore, the rich evidence from rigorous impact evaluation from peaceful
settings cannot be directly transferred to HECS. This implies that researchers should find
the most appropriate method to conduct rigorous impact evaluations in HECS and help
build up the evidence pool for these distinct settings where billions of people continue to

live.

Moreover, continuous, delayed and concurrent interventions do not have a clear baseline
or endline and mostly lack a clear control group. Researchers tend to assess the impact of
a multi-component intervention as a whole intervention at the end of the program. This
approach is helpful for accountability purposes but fails to identify the most effective
component or combination of components. For this reason, the results cannot be
extrapolated to other similar contexts. A potential solution is to run multisite trials where
the intervention is implemented in different contexts and simultaneously, which allows
summarising the results using meta-analyses. However, using such a design is uncommon
because of the high costs, the existence of unique aspects of humanitarian emergency and
conflict settings, and the difficulty in standardising the measures. A similar approach is the
Metaketa initiative which aims to address the question of policy importance by
coordinating a cluster of field experiments implemented independently (Dunning et al.,

2019; Hartman and Kern, 2020).

A standardised, flexible, and open-source design that incorporates all the important
elements for rigorous yet feasible impact evaluation is critical to estimate the causal
effects of interventions (WHO, 2017). As resources are scarce and there is an immense
need for speedy and impactful interventions in HECS, researchers and implementers must
work closely in all phases of impact evaluations to make instant improvements to an
ongoing assistance program through this embeddedness approach. This implies that even
the results of short-term impact evaluations can be used to improve project
implementations in the near future. Moreover, engaging program implementers in

different stages of impact evaluation might also increase their awareness of the benefits
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of conducting a rigorous impact evaluation in HECS and their willingness to include

researchers in the project's risk management and security procedures.

Since a unique aspect of HECS is the possibility of encountering drastic changes in the
circumstances of impact evaluation design, it is also helpful to include an emergency
response preparedness (ERP) plan during the research design, which highlights practical
aspects to help implementers and researchers systematically and collaboratively respond
to unexpected shocks (OCHA, 2019). This off-the-shelf design template would allow
reproducibility and comparability across similar programs from different settings, which is
key to increasing the number and enhancing the quality of meta-analysis and systematic

reviews currently available.

Moreover, researchers have limited access to information about control villages and
households and, most importantly, about other interventions from other organisations
(which are usually geographically concentrated in HECS). Therefore, a web portal of
interventions that summarises each intervention’s characteristics, such as the
implementing organisation, inputs, outputs, time frame, and geographical coverage, can be
significant not only to developing better research designs in HECS but also to improving
knowledge transfer between implementers and to cultivate collaborations in such
complex settings. This kind of a portal can also feature information if any intervention had

an impact evaluation and transparently present its outcome to the wider audience.

Another important issue is the role and importance of mixed methods in conducting
rigorous impact evaluations in HECS. Most researchers specialise in one methodological
approach and often use only quantitative or qualitative methods to track changes in
conflict settings, missing out on all the additional analytical strength that could be
obtained from a mixed research inference. This is primarily the result of the inability to
conduct quantitative and qualitative data collection simultaneously due to logistic
reasons, high costs, security, legal restrictions and the overall sensitivity of the subjects to

be discussed. In addition, HECS is different from (more) stable contexts as it has its
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specific risks, vulnerabilities and unpredictabilities, making it difficult to benefit from the

evidence generated in stable settings (Blanchet et al. 2017).

Yet, on the one hand, the mere use of quantitative methods fails to provide a complete
understanding of the complex nature of the problems, potential solutions, and unintended
consequences. On the other hand, small-N studies have various disadvantages when used
alone, such as not being representative of the population studied, making it impossible to
draw conclusions for the impact evaluation. However, they can be instrumental when
complementing the quantitative methods. Using narratives to complement quantitative
research enables researchers to pinpoint the conditions for success and build evidence
about what does or does not work in an intervention (Wood, 2021). In other words,
qualitative methods can potentially suggest mechanisms and help derive an (implicit)
theory of change, while quantitative impact evaluation methods can identify the average
impacts of the interventions. Employing advanced mixed methods approaches can,
therefore, expand and triangulate research findings, particularly in complex, real-world
interactions. This necessity is another reason why strengthening the capacity of local
researchers and organisations is critical for an efficient and effective impact evaluation in
HECS. However, additional ethical issues might arise if local researchers and organisations
do not represent all sides of the population in conflict-affected regions. Thus, preserving

this neutrality is essential in deciding with whom to collaborate in those settings.

Furthermore, as mentioned above, a counterfactual-based identification strategy is
critical for impact evaluations. Researchers need to be creative to overcome many
methodological, practical and ethical challenges during impact evaluations in HECS.
However, peer-reviewed journals’ review processes are biased towards RCTs, which is
usually not preferable in HECS. Using the 3ie repository data, Ravallion (2018) shows that
60% of all impact evaluations after 2000 used RCTs. This domination of RCTs leads to
evidence gaps and biases in topics decisive for the well-being of the most vulnerable
people in the world. According to the impact evaluation repository of 3ie, around 65% of
all published impact evaluations in fragile and conflict-affected countries employ RCTs.

This apparent tendency to use RCTs implies that relief phase or even recovery phase
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interventions are not preferably evaluated as they are. In many cases, it is not feasible to
have RCTs in those stages of an emergency. This mismatch between real conditions in
HECS and journal requirements creates a crucial evidence gap and makes it more difficult
for implementers and policymakers to learn from impact evaluations and for researchers
to innovate new methods and designs. Therefore, it is crucial for peer-reviewed journals
to be more inclusive of sub-optimal designs other than RCTs, which are ethically more
suitable given the context it analyses. Besides, these analyses can imply important
contributions to the literature, knowing that there are crucial knowledge gaps in HECS, as
summarised in Table 1. This inclusivity of the publication process will also motivate and
train future researchers to innovatively adapt methods and designs more suitable to

HECS. This would also result in meticulous designs over time.

Finally, many ethical challenges arise in conflict settings, specifically in the design, conduct
of research and fieldwork. To overcome these concerns, the ‘do no harm’ approach must
be fundamental in emergency response preparedness plans (Anderson, 1999). Ethically
responsible research includes complete transparency in all stages, the consideration of
the trade-off between learning and ethics, informed consent to respect confidentiality,
ensuring privacy, and collaborative partnerships with local stakeholders. However,
researchers must also remember that respondents might be unable to give ‘actual’
informed consent if they fear jeopardising any assistance they already receive or hope to
receive in the future. Moreover, legal responsibilities and getting approval from local
authorities are also crucial for impact evaluations in fragile settings. Lastly, some ethical
considerations arise, such as the lack of targeting criteria in identifying the population
most in need and the exclusion of the control group from humanitarian assistance, at least

for the duration of the study.

We argue that complete transparency is key in the research design and program
implementation as a solution to these ethical concerns. And as mentioned above, if there
is a need to use a phased-in or staggered roll-out design, then block randomisation can be

used not to exacerbate the disagreements between different conflict-affected population
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groups inhabiting the same region. Moreover, collaborations with the actors in the field

will also be vital to reducing ethical concerns related to control groups.

3.Generating and Using Novel Data: Data
Hubris or Data Supplement?

High-quality data is key for a precise rigorous impact evaluation. However, conventional
face-to-face survey data collection in humanitarian emergencies and conflict settings is
prone to enumerator, selection, contamination, attrition and information biases, and recall
or response errors (Brick et al., 2016, Puri et al., 2017). In other instances, face-to-face
data collection is even impossible due to safety risks emerging from heightened conflicts
or public health crises. Alternative sources of data such as online or phone surveys
(Stojetz et al., 2022), demographic data (Corsi, 2012), administrative data (Altindag et al.,
2021), crowdsourcing (Baliki, 2017), open access data such as ACLED (Raleigh et al.,
2010), geospatial, satellite and remote-sensing data (Breunig et al., 2020) social media
data (Anson et al. 2017), virtual communication/telecommunication tools (Van der Windt
and Humphreys, 2016) and data footprints (Shiells et al., 2020; Aiken et al. 2022) are
powerful tools where conventional household survey data collection is impeded or
difficult to conduct. In the following, we discuss a selection of these data sources and their

usefulness in analysing impacts in HECS.

High-frequency phone and online surveys have gained attention in the past three years
during the Covid-19 and have been used extensively since (Stojetz et al., 2022; Gouraly et
al., 2021). There are advantages and disadvantages to using remote survey data collection
methods (Briick & Regessa, 2022; Hensen, et al 2021). On the one hand, remote survey
data is more affordable, is rapidly and easily set up compared to face-to-face survey data
collection, and it enables researchers to access valuable information from households
living in challenging and hard-to-reach areas during acute phases of emergencies. On the
other hand, remote data collection might discriminate against vulnerable groups who do

not have access to communication tools like mobiles or the internet have regular access to
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information networks, which increases self-selection bias. The literature on survey
methodology provides evidence of selection bias stemming from phone ownership in
low-income countries. For example, comparing different data collection modes in Nigeria,
Lau et al. (2019) show that mobile phone data had a significantly lower representation of
women, older people, less educated and rural population. Another option is to combine
multiple sources of conventional and modern survey data carefully. For example,
researchers and practitioners can use administrative data to sample households in an
impact evaluation study and collect baseline data using face-to-face interviews where
sufficient information on the households (e.g., mobile number) is collected. Follow-up
surveys can be then done more cost-effectively and frequently to revisit households at
different times during the programme implementation or after specific events or shocks.
A shorter, concise version of the questionnaire can be used to minimise non-response
rates over the phone but designed such that it can be merged and compared to the

baseline or the main administrative survey data.

Using geospatial data is another promising solution to access information on communities
and households living in challenging settings in the absence of conventional survey data.
Low-resolution satellite imagery is readily and publicly often accessible but not sufficient
to provide accurate, precise, and helpful information for assessing impact. While
high-resolution satellite data provides accurate remote-sensed information, it is still more
costly, particularly if the area of interest is large and the researchers require multiple
images of the exact location to conduct time-series analysis. To overcome the financial
constraints, expensive high-resolution Earth observation data? can be used to train
machine learning algorithms to use the free low-resolution data to generate larger
datasets for the outcome of interest. Earth observation data are increasingly popular in
development economics and social sciences, particularly once combined with machine
learning algorithms. Available high-value data with gaps can be used to train and then

predict target data (Paul et al., 2018) and single encoding of satellite images can overcome

2 Earth observation is defined as “the gathering of information about planet Earth’s physical, chemical and
biological systems via remote sensing technologies, usually involving satellites carrying imaging devices” by
the EU Scientific Commission.

Please see https://joint-research-centre.ec.europa.eu/scientific-activities-z/earth-observation_en for details.
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the limitations of accessibility and use of satellite imagery with machine learning (Rolf et
al., 2021). Furthermore, remote-sensed data is used to measure outcome variables or key
independent variables such as agricultural mapping and monitoring (Behrer and Lobell,
2022), or even to predict compliance to the treatment (Jack et al., 2022). Thus, machine
learning provides not only a methodological solution for conducting impact evaluations in
HECS but also facilitates and increases the utilisation of satellite imaginary data for

impact evaluation.

In the case where baseline data is not available, which is not uncommon in HECS, various
existing data sources can be leveraged to evaluate large-scale interventions. For example,
geo-spatial data can be used as a source of pre-intervention information to estimate
needs, which can be matched and incorporated with existing survey data to provide
deeper insights where key information and programme-level data are missing or not
available (Bunte et al., 2017). Once geo-coded data of all interventions in a geographic unit
are available for each year, then existing geo-referenced observational survey data such
as the Demographic and Health Surveys (DHS), Afrobarometer or the Living Standard
Measurement Survey (LSMS) can be used to assess pre- and post-intervention changes in
outcome variables using quasi-experimental tools. Howell et al. (2020) combined the DHS
with the geocoded Social Conflict Analysis Database (Salehyan et al., 2012) and found that

living closer to a conflict zone increases the acute malnutrition of Nigerian children.

Furthermore, assignment to treatment and compliance are not always clear to the
researchers either due to the lack of communication with the program implementers or
the possibility of multiple interventions in the same region, particularly in HECS.
Geospatial data help to estimate programme participation through environmental
changes, such as land or water use of households, for impact evaluations in agriculture and
environment sectors (Berger, 2017). Besides that, remote-sensing can complement
conventional survey data to measure outcomes that are traditionally hard to measure in
humanitarian and conflict-affected settings, such as agricultural productivity or water
usage (Hoffman et al., 2011; Santika et al., 2019) or provide supplementary information

that can be used to refine the statistical models used to assess impacts. Like this, in-field
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work can be complemented or even replaced using geospatial data. Granular datasets
such as IPUMS TERRA and NASA's Earth Observing System Data and Information System
(NASA EOSDIS) can help researchers measure reliable outcome variables which are

otherwise difficult or simply impossible to collect in HECS.

However, one must note that obtaining ground-truth data in HECS is very difficult. To
overcome this drawback in HECS, unsupervised classification algorithms can be
employed. Sujud et al. (2022) is a good example of using satellite imagery with
unsupervised classification algorithms to predict agricultural productivity and to identify
fields with access to irrigation. Through these methods, they conducted a rigorous impact
assessment of an agricultural intervention in one of the conflict-affected regions of Syria.
As shown in Figure 2, they normalised and standardised the satellite imagery data by
rainfall to derive irrigated areas and agricultural activity across time. In other words, they
could use only satellite imagery and deep learning image classification techniques to
differentiate which areas were agriculturally productive due to rainfall and which areas

were irrigated.
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Figure 2. Standardised and normalised remotely sensed indices coupled with machine learning
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Administrative data is logistically simpler to use in impact evaluations; however, access to
it might be the main issue for researchers in HECS where governments might become
more restrictive in sharing data due to security reasons. In addition, other technical,
governance-related and logistical barriers cause the underutilisation of administrative
data even in developed countries (McGrath-Lone et al., 2022) despite the important
advantages of using them. For example, as it is regularly collected for administrative
purposes and provides information with almost universal coverage, it enables researchers
to estimate long-term impacts with high external validity (Harron et al. 2017). And
through the objective assessment, we can exclude the selection, enumerator and recall
biases (Isaksson, 2021). Therefore, administrative data is instrumental in measuring data
with high levels of reporting biases, such as income and tax payments. However, we must
keep in mind that it might only be useful for some research questions as it only provides
registered data which is limited in nature and might not be useful to measure detailed

outcomes or analyse complex analytical models. Thus, it cannot be beneficial if the
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research is about informal markets or irregular migration because these activities are not
declared to the authorities. In addition, administrative data could be outdated in countries
that need more capacity to gather high-quality data. That said, it is often not available in
countries affected by the conflict, which puts an additional barrier for researchers.
However, collaborations with local and international institutions in those countries might
ease the process of obtaining the administrative data. One recent example of using
administrative data in a humanitarian crisis case is Peitz et al. (2022) which analyses the
impact of formal labour market integration of Syrian refugees in Jordan. Another example
is Kayaoglu (2022), who combines the administrative data on court cases and the refugee
population at the province level and analyses the impact of refugees on crime rates in

Tirkiye.

Despite all these alternative advances in data sources that can be used in conducting
impact evaluation in HECS, we identify several interrelated aspects that should be
developed and addressed more thoroughly in data curation to improve the learning

potential in crisis and conflict-affected settings.

First, impact evaluations of humanitarian emergency and development aid in HECS often
lack long-term effects since fieldwork is usually limited in time, and post-intervention
data is collected shortly after the aid distribution. The lack of long-term data in
humanitarian impact evaluation impedes our understanding of the sustainability of
targeted outcomes and whether humanitarian assistance leads to any expected or
unexpected changes in the long term. Moreover, this drawback is one of the reasons that
we do not have enough information about the impact of humanitarian assistance on
development. The above-mentioned alternative data sources can extend impact insights,
but this requires effort from all stakeholders to allocate additional interest and funding
for collecting data not only when interventions ended or a few years after the treatment
but also to develop data systems and advanced and safe tracking tools to follow up with

households for longer periods.
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Second, and related to the first point, one of the main issues in designing rigorous impact
evaluation in HECS is clearly identifying the treated group. This is particularly challenging
in settings where multiple organisations coordinate their efforts to provide emergency aid
to crises-affected or displaced households. Broad selection criteria and lack of data on
how beneficiaries were identified and selected in practice generate additional barriers.
This is particularly prevalent in HECS, where multiple interventions co-occur at the same
locations between different actor, and where the rapid response does not allow for
rigorous selection, which further complicates developing good research design. Therefore,
it is imperative to develop and maintain standardised data sources about the
interventions, including location, target groups, and type of support, which is uniform
across all involved humanitarian stakeholders. researchers and practitioners can
co-develop strong yet implementable guidelines and co-create monitoring tools and
platforms to collect intervention-level data that can be consistent across settings and

actors.

Third, access to new data sources provides us with a novel richness of information. They
also make it easier to conduct retrospective impact evaluations. However, there is a need
to develop data value chains (build data infrastructure); again, standardisation is key to
getting the full benefit of this big data ecosystem. Measurement pluralism prevents
researchers from comparing impact evaluations across different geographical settings,
even within the same population. Thus, standardisation would help researchers and
program implementers to benefit from other impact evaluations, which could help

program effectiveness and research design.

Finally, improving the technical capacities in data collection, curation, and maintenance in
fragile and conflict-affected settings and raising awareness on the importance of rigorous
impact evaluation and evidence-based learning in informing policymakers and making
decisions is important. Therefore, researchers of the Global North should increase their
collaborations with local researchers in the Global South. Initiatives such as the

Geo-Enabling Initiative for Monitoring and Supervision (GEMS) of the World Bank are
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essential and should be thoroughly and methodically expanded in HECS to build local
capacities in digital data collection (World Bank, 2021).

4. Fine-tuning measurements

In the past few years, measurement tools for impact evaluations in HECS have flourished.
Measures in these settings need to be simple to be applicable for practitioners,
comparable across different settings and informative to capture reality accurately.
Dimensions of particular interest are demographics, experiences, behavioural parameters,

economic well-being and social stability.

Gender-sensitive measurements are key to understanding the how and why impact of a
program or policy changes across gender. We can measure gender-based welfare on the
micro level, for example, through information on sex, marital status, household headship,

household composition, female inclusion, empowerment, and access to assets and capital.

Experiences can be measured in HECS through exposure to adverse events. Exposure to
conflict or fragility is of particular relevance (Baliki, et al 2022). On the macro level,
critical information can be derived from geo-referenced conflict event data like ACLED?
(Raleigh et al., 2010) or UCDP GED* (Sundberg et al., 2012) or Social Conflict Analysis
Database (Salehyan et a., 2012), from big data such as phone data (Van der Windt and
Humphreys, 2014) as well as from socioeconomic databases®. However, not all households
living in the same sub-district, village or even community are equally exposed to conflict
or are impacted by adverse events similarly. Thus different measurement instruments are
needed for the micro level. Measuring exposure to conflict on the micro-level is feasible by
directly assessing conflict measures through household surveys (Briick et al., 2016). In
addition, behavioural measures such as risk preferences, coping and resilience strategies

are important to measure with a minimum bias with concise and well-designed survey

3 Eck (2012) advises researchers that the Armed Conflict Location Events Dataset (ACLED) may provide
biased results if the subnational version of ACLED is used due to its uneven quality control.

*The Uppsala Conflict Data Program Georeferenced Events Dataset.

> Martin-Shields and Stojetz (2019) present a detailed review main conflict event data sources.
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tools. Moreover, measures of economic well-being, poverty and social stability are crucial
for fragile and conflict-affected countries but challenging to be captured. Yet, absolute
poverty shifted from being a moral concept to a measurable indicator through a person’s

daily budget.

Furthermore, drawing macro implications from micro research is essential to reach a
sufficient level of external validity to transfer findings to other similar contexts where
in-field research might be challenging. Micro, meso and macro levels of measurement

often require different indicators.

Another critical challenge of measurement in HECS is measuring the unmeasurable. There
are decisive dimensions for research in humanitarian emergencies and conflict settings,
such as resilience, fragility or adaptation, that are not yet measurable through available
indicators. The FAO developed the Resilience Index Measurement and Analysis to
measure resilience (FAO, 2020). However, this measure is criticised by interviewers for its
complexity in fragile settings. At the same time, the reduced version is also criticised, for
not being informative enough for rigorous research. That said, we have examples of using
remote sensing data to measure damage (Bevington et al., 2010), community vulnerability
(Flax et al., 2012) and community resilience (Burton 2012) in cases of natural disasters,
and researchers in HECS can benefit from these tools in their impact assessments. Thus,

there is still a long way to go to find suitable fine-tuning measures for HECS.

Moreover, many key figures in the context of humanitarian emergencies and conflicts
cannot be categorised and could only be representative on a continuous scale. For
example, merely binary classification of population groups into ‘vulnerable’ and
‘non-vulnerable’ is misleading. Assigning a vulnerability score as per their distinct
challenges would be more informative. Furthermore, sometimes it is crucial to distinguish
between ‘within’ and ‘between’ measures. For example, the implications differ

substantially between a person being poor and a country being poor.

There is a trade-off between comparability and innovation in measures. For the

establishment of new measures, the correlation to the traditional measures often tends to
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serve as a benchmark of goodness. This fosters comparability but conveys potential biases
in measurements. Thus, it is vital to thoughtfully derive the objective and potential pitfalls
when developing new measures. Where required values are not measurable, proxies
might be used to approach an indicator. For example, food prices serve as a proxy for food
security. Proxies are also essential to use to measure the unmeasurable outcomes in
HECS, where survey questions have a risk of not being allowed or other government
restrictions, such as data collection by drones, are forbidden. Moreover, in evaluations
where the time frame is short, and longer-term data collection has budgetary and
operational costs, the “surrogates” -which are short-term proxies for long-term outcomes-

and “surrogate indices” can be used to estimate the long-term impacts (Athey et al. 2019).

On the other side, a range of measures exists for other variables, which partially overlap.
For example, while FAO measures food security through the Food Insecurity Experience
Scale, WFP applies the Food Consumption Score. On the macro level, leading
organisations agreed on the Integrated Food Security Phase Classification (IPC) as a
measure for food security; however, this does not apply to the micro level. Using different
indicators can lead to broader insights but also different conclusions. Therefore, the
comparability and standardisation of measures are vital, especially in light of drawing
meta-analyses and external validity. An essential dimension for comparability is also a
standardised time dimension. In other words, there is a need for an agreement on the
time frame used for each measure (Briick et al., 2016). For example, comparing the same
variable measured in different periods might produce misleading conclusions. For
example, there is a ‘perverse incentive’ problem since the impact for late arrivals (and
‘low-quality administration’) will exceed the impact for early arrival (and ‘high-quality
administration’) (Puri et al., 2017). Besides, it is essential to interconnect different
measures meaningfully and to elaborate on which measure serves the desired scope.

Therefore, measure selection should always be built on the theory of change.

Measures can be explanatory as well as explained variables in HECS. To serve as an
explanatory variable, independent indicators are needed. However, climate shocks or

conflicts are mostly anticipatable to a certain extent, i.e., they are not entirely exogenous
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(Puri et al. 2017). Likewise, humanitarian assistance is mainly targeted to the most
vulnerable population, so full exogeneity is challenging to achieve. Measures should assess
the unintended and the intended as well as direct and indirect outcomes. Further

challenges in the development of measures are language and enumerator biases.

Lastly, gaps in the literature indicate the need for more adequate measures. Evidence gap
maps proposed by IFAD are a powerful tool to unfold which outcome dimensions lack

investigative addressing (IFAD, 2022).

5. Complementing Orthodox Evaluation Methods with

Machine Learning

One of the toughest challenges to impact evaluation in HECS is finding the proper
evaluation method which needs to fit the data’s pitfalls. Orthodox impact evaluation
methods such as RCTs, quasi-experimental designs and other observational studies can be
easily implemented in peaceful settings but constructing a well-defined counterfactual is
very tricky in HECS. Moreover, traditional linear regressions are prone to a lack of power
in the attempt to include several interaction terms with a restricted sample size. Selection
bias, information bias, contamination bias, non-random response, and high and systematic
attrition are important methodological challenges in conflict settings and humanitarian
emergencies (Puri et al., 2017). They can lead to inconsistent impact estimations and
sample imbalances, which further challenge the credibility of counterfactuals. Systematic
attrition and non-random response also make heterogeneity analysis impossible, which is

crucial in learning the channels of impact.

Innovative and adaptive machine learning algorithms, such as honest causal forest (Athey
and Wager, 2018) and support vector machines (Imai and Ratkovic, 2013), can overcome
these pitfalls, thanks to the availability of new (big) data sources. These algorithms enable
us to unfold heterogeneous treatment effects, impute missing values, optimise targeting
and increase external validity. Forecasting allows anticipatory action and efficient

resource allocation. Wager and Athey (2019) present an empirical example of using
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random forests to estimate the average treatment effect of a binary treatment. Moreover,
machine learning can also be very useful for an objective model selection when
researchers have many covariates (Samii et al. 2016). Another advantage of machine
learning methods is that this data-driven approach can be used, for example, to calculate
optimal weights that improve the balance between treatment and control groups in

impact evaluation studies (Athey and Imbens, 2017).

Furthermore, in cases where the sample size is enough to estimate the average net impact
but not across different demographic groups, then machine learning algorithms can be
used to overcome this barrier for the heterogeneity analysis. Weiffen et al. (2022) use
honest causal forest estimation to evaluate an agricultural intervention's short-term
impact across gender and violent conflict levels in Syria. Figure 3 below from Weiffen et al.
(2022) is a nice example of visualising the conditional average treatment effects of the
agricultural intervention in Syria across the gender of household heads and incidence of

violence.

These novel methods still have input and output limitations, such as the lack of
information on the underlying procedure of the output generation, the resulting
uncertainty of the model quality, and the risk of overfitting, i.e., a lack of generalizability
(Maleki et al, 2022). Therefore, it is essential to link machine learning to the
corresponding theory of change, particularly in covariate selection, to construct a valid
model. Moreover, it is key to cross-validate the model, ensure reliable data quality, and
disclose the underlying data, assumptions and approximations. Chernozhukov et al.
(2018) present a detailed review of machine learning theory and applications that can be

used for impact evaluations.
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Figure 3. CATE by gender of the household head and incidence of violence.

590 0.915 (4.451)

b=l
=
b

No. of fatalities in year before endline
(Evaluated at quintile medians)

2.386 (2.169)

male female

Gender of HHH

Source: Weiffen et al. (2022)

6. Concluding Remarks

RCTs are now dominating the development economics and impact evaluation field;
however, it is often infeasible to use them in HECS. This domination results in very few
impact evaluations done in such fragile contexts, which correspond to, according to the
3ie Impact Evaluation Repository, only 7.4% of all impact evaluations completed between
1990 and 2021. Still, the total share of RCTs in this very limited number of impact
evaluations is high which clearly shows that this domination pushes researchers not to
adopt sub-optimal methods which are ethically, practically, and methodologically more

suitable to HECS, particularly during its relief and recovery phases. Moreover, the ethical
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barriers to conducting an RCT in the emergency relief phase result in evaluations of
interventions in later phases where randomisation is regarded as a lesser concern. This
also creates critical evidence gaps in HECS for different phases of conflict and

reconstruction.

Researchers conducting impact evaluations in HECS are expected, therefore, to be
flexible and ready to use off-the-shelf designs and innovative methodologies to overcome
those challenges in different phases of HECS - namely relief, recovery, and resilience.
Alternative ways to construct a counterfactual such as factorial designs, phased-in
designs, synthetic control groups, and granular spatial data, or using appropriate
balancing methods can be used where possible instead of giving up once a ‘traditional’
control group is unavailable. Therefore, untraditional but still rigorous ways of conducting
an impact evaluation should be preferred with the support of these unorthodox methods,
standardisation of measurements, and measuring the otherwise ‘unmeasurable’ variables
and outcomes thanks to the increased availability of innovative data sources with machine
learning algorithms. Moreover, innovative and adaptive machine learning algorithms can
help overcome causal challenges, particularly when used in tandem with the existing

impact evaluation designs.

After discussing the challenges and summarising the new frontiers of impact evaluationin
HECS, this paper discusses the need for standardisation across design, methods, data and
measures for external validity and to transfer evidence to unavailable settings. Thus,
developing a framework that enables the comparability of results across contexts and
increases the possibility of external validity is crucial. That said, variable measurement in
HECS needs to be simple, comparable across different settings, and informative to
capture reality accurately. Finding and fine-tuning proxy measures for unmeasurable
concepts and outcomes such as resilience and fragility are crucial. However, prioritising
the standardisation of modules and measurements across various contexts is also
important to check the external validity of findings. However, the appetite of donors for
fuzzy concepts - which might imply different meanings to different people- can make it

difficult to make these comparisons.
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Given all the discussion in the paper, we provide recommendations for the main
stakeholders in an impact evaluation framework. We believe researchers should engage
more with local stakeholders, project designers and donors before research design and
provide their feedback even during the implementation phase so that the impact of the
applied intervention can be improved even in the very short run, which is key in HECS.
This also implies that researchers should be flexible and anticipate all possible challenges.
However, at the same time, collaboration is not a one-way issue. Program managers and
implementing partners should also look for ways to collaborate with researchers. This is
vital in all phases of program development and implementation so that the impact of
projects can be estimated. And, it will help program developers ensure high-impact
program development in an environment that demands rapid and cost-effective
interventions. As rigorous impact evaluations require researchers to be rapid and flexible
while working in challenging environments, funding agencies can also adjust their
decision-making processes faster to support researchers. They can also increase the
effectiveness of impact evaluations by investing in the capacity building of local
researchers in HECS. That said, demand from aid agencies for rigorous impact evaluations
of programs they fund is crucial to strengthen program managers' willingness and
implementation partners to cooperate and collaborate with researchers to overcome the
various challenges of establishing causality between inputs and outcomes in HECS. This,
in turn, will help create and sustain high-impact humanitarian and emergency programs.
Finally, we argue that research transparency is crucial in HECS as the low number of
impact evaluations are highly important sources of information for everyone working in
these fields. That is why researchers should try to be as transparent as possible in all

stages of their impact evaluations and not avoid reporting study imperfections.
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