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Abstract

Artificial Intelligence (AI) and Machine Learning (ML) capabilities have the potential for large-scale impact
to tackle some of the world’s most pressing humanitarian challenges and help alleviate the suffering of mil-
lions of people. Although AI and ML systems have been leveraged and deployed by many humanitarian
organizations, it remains unclear which factors contributed to their successful implementation and adoption.
In this study, we aim to understand what it takes to deploy AI and ML capabilities successfully within the
humanitarian ecosystem and identify challenges to be overcome. This preliminary research examines the
deployment and application of an ML model developed by the Danish Refugee Council (DRC) for predicting
forced displacement. We use qualitative methods to identify key barriers and enablers from a variety of
sources describing the deployment of their Foresight model, a machine learning-based predictive tool. These
results can help the humanitarian community to better understand enablers and barriers for deploying and
scaling up AI and ML solutions. We hope this paper can spark discussions about the successful deployments
of AI and ML capabilities and encourage sharing of best practices by the humanitarian community.
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1 Introduction

Global trends, such as climate change, may result in a rising number and greater severity of natural disasters in the
coming years. Simultaneously, the rise of worldwide geopolitical and economic tensions may prompt an increase in man-
made disasters. Meanwhile, the humanitarian community is striving to respond to the increasing needs by stretching its
resources to reach as many people around the world as possible. As the scale and cost of responding to humanitarian
needs is growing, new ways to improve efficiency and responsiveness need to be explored.

During the World Humanitarian Summit, there were many calls to promote and adopt innovative solutions to improve
the efficiency and effectiveness of humanitarian aid delivery [1]. Artificial Intelligence (AI) and Machine Learning (ML)
stand out as potentially transformational innovations, with ability to solve complex problems and change the future of
businesses in this digital age [2]. Studies emphasize the potential for the anticipatory capabilities of AI and ML to be
harnessed by the humanitarian community [3, 4, 5]. While the adoption of AI and ML solutions is now happening at a
faster rate, there is still, in practice, a need for more systematic knowledge and understanding about the enablers and
barriers. Practitioners need to cope with a variety of decisions and hurdles in order to avoid missing out on current and
future AI and ML opportunities [6]. Despite the need for guidance and hands-on knowledge, academic literature on the
subject is limited.

This study is a preliminary attempt to address this gap by analyzing a single case study to identify enablers, barriers, and
influential factors that contributed to the successful development of an AI and ML anticipatory tool (Foresight) developed
by the Danish Refugee Council (DRC). This study seeks to provide preliminary evidence and facilitate understanding of
this emerging topic.



2 Literature Review

AI and ML solutions are being employed as anticipatory tools for making data-driven forecasting in various contexts
and sectors because of their ability to use intelligent algorithms for facilitating knowledge discovery and formulating
key insights [7]. Unlike traditional models, such as statistical and operations research techniques, AI and ML have the
ability to learn from vast data and imitate human behavior [8]. Research and case studies from commercial and hu-
manitarian sectors show many potential advantages of using AI and ML to analyze data and support human decisions [9].

Humanitarian actors are under increasing pressure to improve efficiency and effectiveness, and AI and ML capabilities
may be able to support this goal. They can process massive and complex data to derive insights and predictions that
can support decision makers [10]: a task that might take a human hours or days to do can be handled in mere seconds by
algorithms. Many similarly novel technologies, such as the Internet of Things (IoTs), big data analytics, and blockchains,
along with AI and ML, have been seen as potential solutions for improving the operational performance of humanitarian
action; they may represent building blocks of transformational digitization for improving humanitarian response [3]. A
study of over a hundred social impact use cases shows that while AI and ML technologies are not cure-all solutions, they
can contribute to the mix of solutions that aim to tackle challenges and issues faced by humanitarian actors aiming to
achieve efficiency [6].

Many humanitarian organizations have started to realize the potential benefits of deploying AI / ML solutions. The
COVID-19 response contributed to the recent wider and accelerated adoption of AI / ML, which was hailed as a game
changer for anticipatory forecasts [11]. The United Nations agencies are demonstrating a great interest for exploiting
the power of AI and ML technologies to achieve the Sustainable Development Goals and improve operations [12]. The
increasing attention that is given to the use of AI and ML for humanitarian actions shows promise for wider adoption;
however, it is essential to note that using these technologies also comes with significant challenges and risks.

One study discussed the minimum requirements for developing humanitarian-focused AI and ML systems and highlighted
potential opportunities and risks of scaling up these systems in the humanitarian context [5]. Additionally, the United
Nations Office for the Coordination of Humanitarian Affairs (UNOCHA) study on emerging technologies showcases both
the promise of AI and ML capabilities and the need for further understanding about the requirements and pitfalls associ-
ated with the deployment and adoption of these solutions [13]. Despite the piloting and adoption of AI and ML solutions
by humanitarian organizations, there is still, in practice, a lack of understanding about the enablers and barriers and
a need to cultivate knowledge about factors that can lead to a successful or unsuccessful deployment of AI and ML
capabilities in the humanitarian context [13, 5, 6]. Further research is crucial to inform and guide humanitarian actors
developing and integrating AI and ML capabilities into their larger system [13].

As knowledge about AI and ML solutions in humanitarian context is still nascent, this study is an attempt to broaden
our empirical knowledge base by conducting a case study to identify enablers, barriers, and influential factors for the
successful development and deployment of AI and ML systems in the humanitarian context. We seek to facilitate the
understanding of this emerging topic by examining one successful case in detail.

3 Background: The Foresight Tool

This paper analyzes the experience of developing and deploying a tool for predicting forced displacement. Increasing war,
conflict, violence, and food insecurity have led to increasing forced displacement in many parts of the world [14]. Forced
displacement refers to both internal displacement (people who leave their homes but remain in their own countries) and
refugees, who cross borders and flee outside their countries. For example, the recent war in Ukraine resulted in a major
displacement, and the humanitarian community mobilized their resources to provide aid and shelter to the vulnerable
people. Forced displacement drives an urgent need to respond with humanitarian aid, as people who have fled their
homes may be very vulnerable, with few resources, and require aid to survive and thrive. A timely and appropriate
response requires anticipating needs; this drove the international community to explore new ways (shifting from reactive
to anticipatory mode) for predicting the number of people who are likely to be displaced.

The DRC is one of the leading international NGOs that plays a major role in assisting people affected by forced
displacement. The organization is part of humanitarian efforts in both responding to protracted displacement situations
and designing and implementing interventions that could reduce displacements and their impacts. As part of the efforts
to use anticipatory tools for planning, DRC partnered with IBM to develop a model that can predict forced displacement.
The machine learning model, Foresight, utilizes data from multiple sources to predict how many people will be displaced
and from where. In addition, the model has several features including causal network and scenario analyses. The model



is intended to be used for developing plans, informing decision makers, and supporting policy formulation. Currently,
the model has been used to predict displacement from 26 countries, which accounts for approximately 87 per cent of all
the global displacement.

4 Methodology

The study’s methodology comprises qualitative archival research based on publicly available data sources detailing the
implementation of an ML technology in a humanitarian organization. Qualitative case study research is chosen because
of the need for greater insight into the factors affecting the adoption of AI and ML solutions in the humanitarian context.
It is a first step intended to gain deeper understanding about one case as a basis for future study of AI and ML projects in
the humanitarian context. The DRC Foresight project was chosen for this study because it is one of the most prominent
successes with the most information sources available to understand its implementation.

Various sources of information were collected, including official reports and videos by the organization describing the de-
velopment and usage of the tool, scholarly published articles, and other documents published by reputable organizations,
such as UN-OCHA and IBM, about the project. However, there were only a small number of published resources about
the project, so the findings from this preliminary study are limited to the perspective of public-facing documents from
the authoring organizations. Future research should examine a wider array of sources, but here we also include other
sources of information as available, such as news outlets, for triangulation and validation purposes.

The analysis of data was an iterative process aiming to find patterns in the data that represent the enablers and barriers
for deploying AI and ML solutions. The documents and other information sources (e.g. videos) were coded (open
coding; [15]) to identify factors that impacted the tool’s development and adoption. Three main themes emerged: data,
development, and applications. In the next iterations, the codes and coded data were re-examined and the codes refined,
aiming to combine similar emerging themes. Through this process, a set of themes emerged that described the factors
that influenced development and adoption of the Foresight tool, from the perspective of the data sources. To summarize
these themes, a table that contains category, code, definitions, and a summary of the evidence was developed. The table
summarizes the findings from the data analysis process.

5 Results

The findings of the study shed light on the factors that impact the deployment and development of AI and ML systems
by humanitarian actors. The enablers, barriers, and influential factors are summarized in Tables 1-3, categorized into
three main thematic areas, namely, data, development, and applications. The table lists factors and their definitions
along with evidence that supports the findings. Enablers are defined as the factors that contributed to the successful
development of AI / ML tools and/or facilitate adoption, while barriers are obstacles that prevented wider adoption
and/or exploitation of the tool capabilities. We also highlight some influential factors, which did not directly impact the
development and adoption of the tool; however, they are worth considering during various stages of the development.
Note, however, that a factor that functioned as an enabler in this context, such as data availability, may function as a
barrier in another context, for example if data availability were limited. In this paper, we describe which factors were
enablers and barriers for the case studied here. Second, note that the limited information about the Foresight model
did not always provide strong evidence about whether a factor actually influenced the adoption of a tool, only that the
factor was considered important by the authors of the data sources. Therefore, the discussion of enablers and barriers
should be considered preliminary as a basis for future work.

It was surprising to find out that data availability was one of the enablers for the Foresight project (this fact is sup-
ported by most of the information sources that are studied), since data is typically seen as scarce in humanitarian aid.
Its availability for this application is an indicator of the progress made in collecting and cultivating humanitarian data
during the last few decades. AI and ML systems are data-hungry technologies that are trained on a vast amount of data
to produce accurate results [5]. Based on the collected evidence, there appears to be an adequate amount of data for the
development of some AI and ML systems, without the need to invest in additional data collection efforts. There was even
sufficient data available for the Foresight model to utilize a comprehensive set of indicators (148 indicators) that cover
8 dimensions. Having such data, from reputable sources, gives flexibility to expand the number of indicators and build
a holistic model. On the other hand, uneven data quality hindered the tool’s development, and ethical considerations
prevented the use of some kinds of data such as social media.



Table 1: Summary of findings: data
Data

Factors Definitions Evidence from case
Data availabil-
ity

A key enabler is the availability of a
wide range of open-source data from
reputable sources to train the model

The Foresight model data was all derived from open and
reputable sources, such as the World Bank, UN agencies,
NGOs and academic institutes

Data quality Uneven coverage, outdated, and/or de-
layed data are potential barriers and
limitations of short-term and timely
forecasting

Foresight experienced various issues with data, including
uneven data availability across different indicators and
geographical regions, with some indicators having bet-
ter data availability than others. Additionally, delayed
data was also a concern. Therefore, the model was not
designed to provide timely and subnational level short-
term forecasts, but rather to provide strategic forecasts
at the national level

Updating data
and handling
missing values

Handling outdated or missing values
are critical enablers, e.g. through auto-
matic updating or techniques for deal-
ing with missing data

Whenever possible, regression and heuristic approaches
were used to treat data gaps. Additionally, techniques
for updating data automatically, when a new set is avail-
able, were used

Extent and
breadth of in-
dicators and
data

Large sets of indicators and data from
relevant contexts is a potential enabler

An extensive list of over 148 indicators from 18 sources
was used for training the Foresight model, along with
techniques for leveraging data from relevant countries

Regarding the model development process, one of the more interesting findings is how the partnership between DRC and
IBM resulted in incorporating both operational context and technical expertise. The process of developing the model
was guided by the outcome of a survey of over 15,000 forcibly displaced people (the aim of the survey was to identify
indicators to use for building the model) and dozens of interviews conducted by IBM developers with field offices and
people familiar with the context. Building a context-centered anticipatory model, while ensuring the users and affected
population are involved, bridges the gap between understanding the context and designing a relevant tool. The other
major influences in model development involved the validation and evaluation of the model; extensive and ongoing eval-
uations were critical to building trust in the model outcomes.

The most challenging domain was neither the data nor the model development but rather the application or use of the
tool. A critical enabler was Foresight’s clear positioning as a supplemental source of information for decision-makers
rather than as a replacement to existing decision approaches. Nevertheless, its limitations, such as its inability to
predict unprecedented events, was a major concern and a barrier for wider adoption. Another critical challenge was
information sensitivity. The humanitarian community recognizes the importance of developing tools and technologies
that are centered around ethics and have harmless impact on the vulnerable people, which reflects a commitment to
responsible and ethical use of AI and ML. However, this fact could limit the exploitation or wider application of AI and
ML capabilities. In general, these barriers are one of the main hindrances for adopting ML learning models and may
undermine trust [16], particularly in the humanitarian field [17].

6 Conclusion

This study is an attempt to understand enablers and barriers that impact the development and deployment of AI and
ML technologies for humanitarian aid. We complement existing studies that focus on identifying opportunities, chal-
lenges, and risks of AI and ML systems in the humanitarian context by examining one successful tool’s development and
deployment. The case study format enables us to delve deeper to understand how a combination of factors contributed
to success in one case.

Since these findings are based on a preliminary analysis of a single case, further research is needed to refine this set of
influential factors and understand how they function in different contexts – e.g., for different types of models, different
organizations, and with different data and expertise availability. Also, the case considered for the study generated a
successful tool. For the future, including cases where an organization failed to deploy AI/ML could provide broader
perspectives, especially on the barriers to deployment. Finally, the limited availability of information sources means that
the findings are based primarily on the perspective of published information sources generated mainly by the organizations



Table 2: Summary of findings: development
Development

Factors Definitions Evidence from case
Technical ex-
pertise through
partnership

Partnering with technical experts for
developing the model can be an essen-
tial enabler

DRC partnered for three years with IBM to support the
initial development phase of the Foresight model, while
it will be maintained by DRC

Incorporation of
operational con-
text

Incorporating operational considera-
tions and knowledge from stakeholders
and data sources is important

DRC leveraged expertise from stakeholders such as field
offices and feedback from other organizations, such as
the Health Sector in Syria. Additionally, both IBM and
DRC employed other qualitative and quantitative meth-
ods for guiding the development of the Foresight model.
For example, a survey of over 15,000 people involved
in the forced displacement helped to identify relevant
indicators

Model eval-
uation and
revision

Conducting revisions and evaluation,
both internal and external, are critical
to success

In additional to the internal evaluation by DRC and
IBM teams, the model was evaluated by external or-
ganizations (UNHCR - through UNOCHA evaluation
matrix and model card)

involved in the project. A better understanding of enablers, barriers, and, critically, their link to the tool’s reception and
use in the humanitarian community, would require deeper insight from those within and outside of the project.
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Table 3: Summary of findings: applications
Applications

Factors Definitions Evidences
Relationship to
human decision-
makers

Positioning the model’s relationship to human
decision-makers is critical: e.g., to provide an ad-
ditional source of information rather than to replace
human judgment or qualitative analysis

The Foresight model was intended to sup-
port decision makers by serving as an addi-
tional source of information and was not in-
tended to replace a human decision-maker
or dictate action in isolation.

Use cases and
general applica-
bility

Use cases may be broad or narrow, such as providing
one or several types of analyses and insights, with
capability to include more contexts

Foresight has additional uses beyond fore-
casting forced displacement, such as causal
analysis, scenario and network analysis,
and visualization with links for relevant
articles and reports. The list of the in-
cluded countries is expanding to include
more countries with time

Acknowledgment
and under-
standing of
limitations

It is critical to acknowledge and understand a
model’s limitations and assumptions that are based
on historical patterns. These limitations may be an
enabler or a barrier or neither

The Foresight model was not able to
predict and capture unprecedented and
sudden-onset crises, such as the Rohingya
crisis in 2017. The model is trained on his-
torical data and on the assumption that
historical relationships are valid for the fu-
ture

Information
sensitivity

The ethical implications limit how model results can
be shared or even which model capabilities are ex-
plored and used

Some Foresight predictions, such as the
possible destination(s) of the forced dis-
placement, were excluded to eliminate ex-
ploitation that can harm vulnerable people

Performance
relative to cur-
rent techniques

Even where model accuracy may not be perfect, it
may still be better than the current qualitative fore-
casting and planning techniques used by humanitar-
ian organizations. Developing such comparisons may
facilitate model acceptance

The accuracy of the Foresight model was
compared with Humanitarian Response
Plans (HRPs), and the model shows lower
margin error and better forecasting in 13
out of 17 of the cases, which suggests that
its performance is superior to the currently
employed techniques
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