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Abstract

This thesis aims to look at the potential uses of Artificial Intelligence (Al) in humanitarian
needs assessments. This thesis argues that integrating Al into humanitarian needs
assessments offers significant potential and deserves thorough examination. It highlights that
further investment and integration of such technologies could prove useful in the field of

humanitarian needs assessments.

To prove this theory, this thesis explores a comparative analysis of traditional methods of
humanitarian needs assessments, primarily the Multi-Cluster Initial Rapid Assessment
(MIRA) and Humanitarian Needs Overview (HNO), and Al-assisted needs assessments. Five
parameters have been chosen to compare both methodologies to provide a comprehensive

approach to the theory.

This thesis examines how Al is used in other fields of research and the outcomes of said
research, and tries to link those outcomes to relevant applications in humanitarian needs
assessments. This thesis aims to provide a basis of knowledge on the field of Al and

humanitarian action and serve as a stepping stone for further research and exploration into

this field.
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1.1. Chapter 1: Introduction

Artificial intelligence (Al) is one of the most significant technological advancements
in recent history. As Kai-Fu Lee Al expert and CEO of Sinovation Ventures put it, “I believe
Al is going to change the world more than anything in the history of humanity. More than
electricity”.! With AI technologies rapidly spreading across the globe and showing no signs
of slowing down, it’s natural to question their role in the humanitarian sector. The
humanitarian sector is an important sector when it comes to Al primarily because of the
potential that Al has for reducing costs, increasing efficiency and speed of aid delivery, and
potentially providing faster insights and assistance to affected populations. With that in mind,
it is crucial to recognize that this sector serves some of the most vulnerable populations.
Therefore, the use of technology in this context must be carefully monitored to prevent

exploitation and ensure that individuals fully understand how its use can affect them.

Beyond this, we can see that Al has the potential to reshape the entire structure of
humanitarian organizations. This is achieved through the way organizations engage with
affected communities. This can be achieved through language translation tools, interview
transcribing tools and predictive analytics. These tools can assist organizations in the direst
situations. Furthermore, Al can assist organizations with crisis mapping and early warning

systems, allowing for a better response to disasters and crises.

This is where the integration of Al in humanitarian needs assessment becomes
valuable. Unlike more sensitive areas of humanitarian action, such as refugee status
determination or eligibility for assistance, which require more human oversight because these
decisions affect livelihoods and safety, needs assessments offer a practical entry point for Al
in the humanitarian sector. Needs assessments usually rely on physical presence and analysis
of qualitative and quantitative data. AI can enhance this process and help organizations
prioritize the urgent needs. Furthermore, these assessments are often the foundation of
response planning and are usually constrained by limited access, tight timelines, and

fragmented data.

! Courtney Boone, "Top 10 Expert Quotes That Redefine the Future of Al Technology," Nisum Knows, July
25, 2023, https://www.nisum.com/nisum-knows/top-10-thought-provoking-quotes-from-experts-that-redefine-
the-future-of-ai-technology.
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1.2. Research Problem and Questions

This thesis will primarily be aimed at better understanding the potential uses of Al in
the field of humanitarian action and primarily within the scope of humanitarian needs

assessments. It will predominantly focus on answering the following questions:

1. How can the integration of Al enhance the efficiency, accuracy, scalability, and cost-
effectiveness of humanitarian needs assessments?

2. What are the ethical implications of using Al in humanitarian contexts, particularly
concerning transparency, bias, accountability, and informed consent?

3. How can Al be responsibly and practically implemented within existing humanitarian
needs assessment frameworks such as Multi-Cluster Initial Rapid Assessment

(MIRA) and Humanitarian Needs Overview (HNO)?

1.3. Objectives and Significance

1.3.1. Objectives

As technology continues to evolve, the humanitarian sector must strive to align with

emerging technologies to more effectively help those in need. This study is going to:

1- Analyze current challenges within humanitarian needs assessments, which will
include time constraints, potential bottlenecks, and the methodology of the
humanitarian needs assessments.

2- Assess the application of Al that is used in humanitarian action and needs assessments
in the current context, such as natural language processing and data analysis tools.

3- Identify risks and ethical considerations with the implementation of Al in
humanitarian needs assessments.

4- Develop recommendations to provide humanitarian organizations with a roadmap to

implementing Al in humanitarian needs assessments.

11



1.3.2. Significance

With the increase in the complexity of humanitarian crises and the general protraction of
these crises,? Data-driven decision making ensures effective intervention and response
strategies.® Al aligns with this strategy and assists with more effectiveness and efficiency.
This study is significant because it can help bridge the gap between Al and humanitarian
action, enhance crisis response, mitigate risk, provide policy and operational insights and act

as a foundation for further research.

Al is widely used in other fields, however, its implementation in humanitarian action is
limited.* This research aims to address this gap by exploring how Al can enhance
humanitarian needs assessments and, in turn, improve the effectiveness of aid delivery and
resource allocation. It also seeks to examine the risks and ethical challenges associated with
Al-driven assessments, offering guidance for the development of responsible and context-
sensitive frameworks. By expanding the understanding of AI’s practical and ethical
implications in humanitarian contexts, this study can contribute to policy development at
governmental, agency, and donor levels. Ultimately, it aspires to lay the groundwork for
future research on the integration of Al in humanitarian action and its broader potential to

transform the sector.

1.4. Academic and Humanitarian Relevance

This study is highly relevant to academia as it explores a relatively new topic with
significant implications for the field of humanitarian action. Al has been studied to a higher

degree in other fields such as finance, healthcare, and predictive analysis. This study is going

2 World Food Program USA, The new normal of protracted humanitarian crises,
https://www.wfpusa.org/articles/the-new-normal-of-protracted-humanitarian-crises/ (Accessed: 20 March
2025).

3 Wood, G., Healy, S., Lévesque, J.-F. and Haskew, C., ‘The need for standardised methods of data collection,
sharing of data and agency coordination in humanitarian settings’, BMJ Global Health, 7(Suppl 8), 007249,
https://gh.bmj.com/content/7/Suppl_8/e007249 (Accessed: 20 March 2025). 2.

4 Stefan Hajkowicz et al., Artificial Intelligence Adoption in the Physical Sciences, Natural Sciences, Life
Sciences, Social Sciences and the Arts and Humanities: A Bibliometric Analysis of Research Publications
from 1960-2021, June 15, 2023, arXiv, https://arxiv.org/abs/2306.09145.
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to try to establish a link between AI’s role in humanitarian needs assessments. By examining

the impact of Al on humanitarian response, this research will try to provide:

1-

2-

3-

A theoretical framework to build a connection between humanitarian action theories
and methodologies with Al, and provide insights into the evolving role of technology
in humanitarian action.

Empirical evidence of the potential uses of AI in providing efficiency and
effectiveness in the field of humanitarian action.

Ethical considerations and potential ethical concerns in implementing Al in
humanitarian action. This will be done by guiding the responsible deployment of Al

in humanitarian settings.

Moreover, this study takes a more concrete approach to Al implementation in

humanitarian action, as demonstrating its effectiveness could support timely adoption and

improve services for affected populations. This aligns with the humanitarian principle of

humanity, emphasizing that providing the best possible assistance should be the highest

priority for organizations.

As previously stated, in humanitarian crises, timely needs assessments are crucial for an

effective response to disasters and crises. This is a potential bottleneck with traditional needs

assessments, as they provide challenges such as delayed data collection, data analysis, and

subjectivity of the methodological framework, which can lead to ineffectiveness. Al has the

potential to:

1-

2-

Increase the speed of data processing and provide instantaneous insights and
information.

Improve the accuracy and predictive capabilities of humanitarian organizations. This
is achievable through AI’s detection methods of patterns unforeseen to human beings.
Furthermore, it could help in forecasting potential crises and try to mitigate their
impact.

Boost scalability by providing a better understanding of potential issues that could
have been missed in traditional humanitarian needs assessments as well as providing

insights into future crises.

13



4- Enhance adaptability as Al applications can be implemented in different contexts such

as natural disasters, conflicts, displacements, and public health emergencies.

Al’s role in humanitarian needs assessments can enhance the effectiveness of crisis
response and provide policymakers with the necessary knowledge to implement better
decisions. This research will also provide recommendations for policymakers about
humanitarian action and ethics, data protection concerns, and how to operationalize the

theoretical perspective of Al in humanitarian action.

1.5. Limitations and Ethical Considerations

While this study aims to provide insight into the role of Al in humanitarian needs
assessments, there are several limitations. Firstly, the availability of previous literature on the
topic is limited. This is because Al has only recently become widely accessible to the public.
Secondly, the other limitation is that this study will presume and infer on the implementation
of Al in humanitarian needs assessments without studying any actual implementation that
has been done by organizations to compare it to the traditional method. This implies that this
study will solely examine the “potential” advantages of Al in comparison to traditional
methods. Even though the findings could be informative, however, it could not be universally
applicable to all humanitarian settings. Additionally, this study focuses on comparing the
stages of a humanitarian needs assessment with the AI’s potential contributions to each stage.
The absence of primary or field-based data may limit the study's scope; however, it will
provide a comprehensive analysis based on existing literature. This also ties into the results,

which may not capture the evolving nature of Al in humanitarian contexts.

This study will adhere to the principles of academic integrity and responsible
research. All the data that will be collected will be assessed for its credibility. This research
will also adhere to providing an objective and non-biased analysis of the topic. Furthermore,
the sources that will be used will not only examine the positives but also the negatives of the
topic. Additionally, this study will look at the ethical considerations of responsible
interpretation of data and if there are information gaps in the available literature it will be

acknowledged.

14



1.6. Outline

This thesis is structured into nine main chapters, each addressing a specific dimension of the

research topic. It is divided as follows:

Chapter I: Introduction

Chapter II: Literature Review

Chapter III: Conceptual Framework.

Chapter IV: Research Methodology

Chapter V: Different Needs Assessment Methods
Chapter VI: AI’s Potential Uses in Needs Assessments
Chapter VII: Al and Traditional Methods Comparison
Chapter VIII: Analysis

Chapter IX: Conclusion

This thesis starts with an introduction and literature review to introduce the topic and
review the previous literature. It further establishes a theoretical framework and research
methodology to inform the main concept and comparative analysis. It then continues with an
introduction to the MIRA and HNO methodologies and an in-depth analysis of them.
Furthermore, it then provides the potential for Al integration in each of the MIRA and HNO
phases. The comparative framework forms the main analytical foundation of the core
argument that this study uses. Finally, an analysis of the whole process and conclusion is
formulated based on the comparison between both Al and traditional methods. Through the
integration of the abovementioned outline, this thesis will try to provide the necessary

knowledge and information on the topic of Al in humanitarian needs assessments.

15



2.1. Chapter II: Literature review

The literature on artificial intelligence in humanitarian action remains relatively
limited in both scope and depth. However, recent global Al summits, including the World Al
Summit in Paris,”> The UK Al Safety Summit,® and the Al Seoul Summit,” have highlighted
the growing significance of this topic. These events highlight the crucial role Al can play in
addressing humanitarian challenges and emphasize its broad benefits for society. For the
scope of this thesis, the use of other literature relating to AI’s practical uses from different
fields, such as medicine and business, will be considered. This is due to the lack of practical
implementations of Al in the humanitarian field. Although some pilot projects have started
to use Al in the humanitarian field, it remains limited and unstudied due to a lack of
implementation. This chapter will be divided into the following sections: history of Al, Al in
needs assessments, Al in disaster response, ethical challenges for Al, studies in other fields

on Al, and pilot projects Al in humanitarian action.

2.2. History of Artificial Intelligence

Al is not a new term, and its concepts can be traced back to humans’ fascination with
replicating human intelligence and behavior through machines. The formal study of Al began
in the mid-20"™ century. This can be seen with the coining of the term “Artificial Intelligence”
in 1956 at the Dartmouth Summer Research Project led by John McCarthy, Marvin Minsky,
Nathaniel Rochester, and Claude Shannon, which started the field of Al as an academic field.®

In the early 1950s-60s, the field was focused on reasoning, logic, and gameplay
programs. Researchers believe that they are close to breaking through and will soon have a

machine that has human-level intelligence. Unfortunately, due to a lack of computing power

5 Emmanuel Macron. “Summit for Al Action.” E‘lysée, February 2025. https://www.elysee.fr/en/sommet-pour-
l-action-sur-l-ia.

® UK Government. “Al Seoul Summit 2024.” GOV.UK. Accessed May 14, 2025.
https://www.gov.uk/government/topical-events/ai-seoul-summit-2024/about.

" Ibid.

8 McCarthy, John, Marvin Minsky, Nathaniel Rochester, and Claude Shannon. 4 Proposal for the Dartmouth
Summer Research Project on Artificial Intelligence. 1955. https://www-
formal.stanford.edu/jmc/history/dartmouth/dartmouth.html
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and the difficulty of real-world problems, the “Al winter” was a period of reduced interest

and funding from academia that funded this research.’

In the 1980s, there was a resurgence of interest in Al, which made systems to simulate
the decision-making capability of humans in different fields. One notable example was
MYCIN, an expert system designed to diagnose blood infections and recommend treatments,
which performed very well even though it was never deployed in clinical settings.'® These
systems found some success in different domains. However, they were limited by their

reliance on rule-based computer programming.

The contemporary resurgence of Al has been driven by the idea of big data and
advanced computing technologies. Big data is a term that refers to large sets of data that are
not processed using traditional data management tools. Big data’s defining features are
volume, velocity, and variety.!! With the introduction of the internet at home, cellphones, and
sensors, data began to be generated at an enormous volume. This abundance of information,
coupled with improvements to hardware and algorithm design, paved the foundation of
modern machine learning and deep learning, which are the basis of Al. This is done through

allowing machines to learn from patterns in data rather than just programming rules.*2

Today, Al is embedded in a multitude of applications such as voice assistants, search
engines, and more complex systems such as healthcare and transportation. This field changed
from a field that was purely theoretical to becoming extremely practical and has the potential
to shape the world. AI’s use in the humanitarian field remains rather limited, however, it is

since research on this topic is necessary.

% Russell, Stuart J., and Peter Norvig. Artificial Intelligence: A Modern Approach. 4th ed. New York: Pearson,
2020.

10 Buchanan, Bruce G., and Edward H. Shortliffe. Rule-Based Expert Systems: The MYCIN Experiments of the
Stanford Heuristic Programming Project. Reading, MA: Addison-Wesley, 1984.

11 Laney, Doug. "3D Data Management: Controlling Data Volume, Velocity, and Variety." META Group
Research Note, February 2001.

12 Jordan, Michael 1., and Tom M. Mitchell. “Machine Learning: Trends, Perspectives, and Prospects.”
Science 349, no. 6245 (2015): 255-260. https://doi.org/10.1126/science.aaa8415
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2.3. Artificial Intelligence in Disaster Response

Between 2000 and 2019, a total of 7,348 major disaster events were recorded globally,
compared to 4,212 incidents between 1980 and 1999, marking a significant increase in
disaster occurrences over recent decades.'® AI’s use in disaster response is one of the leading
pathways in the field of humanitarian action with artificial intelligence. This is achieved
through various ways in which Al can be used to help with preparedness, mitigation,
response, and recovery. These four stages are the basis of the disaster response cycle and are
tied together to better respond and prepare for future and current disasters. It is important to
note that Al can be used in all phases and can be very beneficial for intervention. It is believed
that Al can be used to increase the efficiency of the response to recovery activities and
improve preparedness for disasters.'* This can be implemented through several ways but
primarily through the analysis of vast data to enable proactive measures to try to mitigate
natural disasters.'® Furthermore, AT can be used to assist in efficient resource distribution and

real-time decision making, ensuring humanitarian efforts are more robust and effective.®

The ways in which Al can extract and analyze data are immense. Geographical
information systems (GIS) can provide geographic and spatial data using satellites and
drones. This data can then be used to assess the situation of a disaster and aid in response.
Accordingly, GIS is used in disaster preparedness, response, and mitigation.!” Furthermore,
other machine learning approaches can be used to mitigate disasters and ensure adequate

response. Artificial Neural Networks (ANN) is a branch of Al that can be used to forecast the

13 United Nations Office for Disaster Risk Reduction (UNDRR), The Human Cost of Disasters: An Overview
of the Last 20 Years (2000-2019), 2020. Available at: https://www.undrr.org/publication/human-cost-disasters-
overview-last-20-years-2000-2019.

14 Gupta, T., & Roy, S. (2024). Applications of Artificial Intelligence in Disaster Management. Proceedings of
the 2024 10th International Conference on Computing and Artificial Intelligence (ICCAI), 1-6.
https://doi.org/10.1145/3669754.3669802

15 Lazima Faiah Bari et al., “Potential Use of Artificial Intelligence (Al) in Disaster Risk and Emergency
Health Management: A Critical Appraisal on Environmental Health,” Environmental Health Insights 17, no.
1 (2023): 1, https://doi.org/10.1177/11786302231217808.3.

18 Tbid.4.

7 Tbid.3.
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susceptibility of floods.*® Technology like this did exist with early warning systems, however,
it had to be compiled, monitored, and analyzed by human beings using data sets and data
analysis tools. With the inclusion of Al, forecasting can be streamlined and improved in
efficiency and effectiveness. ANN has been proven useful in floods in Ethiopia, droughts in

India, and power cuts during hurricanes in the United States.!®

Limitations in Al technologies are also very prevalent. Al technology uses data, and
a lack of data can hinder the results of the outcomes and recommendations that Al provides
in disasters. Furthermore, even in a perfect scenario, Al in natural disasters can under-/over
-predict outcomes and either hinder the preparedness and make it less cost effective or
underestimate the disaster and increase the potential issues.?’ Other limitations include the
quality of data that the Al will interpret which can affect the outcome. Better data extraction
and more accuracy will ensure that Al is more accurate when dealing with disaster response

and effectiveness.

2.4. Artificial Intelligence in Needs Assessments

Although Al in needs assessments is not yet widely studied, there is a notable article
that theorizes Al in needs assessment. This article primarily focuses on a sub-branch of Al
with much detail. An article by Roberta Rocca et al. titled “Natural Language Processing
(NLP) for Humanitarian Action: Opportunities, Challenges and the Path toward NLP”
discussed the uses of NLP in humanitarian needs assessments. NLP is a subfield of Al that
enables computers to understand and communicate using human language. 2! This article
discusses the intricacies of NLP and how it can be used to help with humanitarian action in
general and, more specifically, needs assessments. The premise of this article is that

humanitarian work produces many reports that have a multitude of uses, but usually are not

18 Tbid.
19 Tbid.
2bid. 4.

2L IBM, "What is Natural Language Processing?," IBM, accessed April 13, 2025,
https://www.ibm.com/think/topics/natural-language-processing.
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all read with a high degree of comprehension.?? This can be improved through NLP methods,
which offer humanitarians enhanced response strategies and deeper operational insights.
However, this text highlights limitations to implementing NLP in humanitarian action, such
as a lack of humanitarian data sets and standards, the fact that NLP is still relatively new, and
data biases.?® Roberta Rocca et al. look at three ways, which NLP can assist humanitarian
actors, namely tracking external data sources to monitor, predict, and understand the
dynamics of crises, enhance communication with the affected population, and generate

structured data sets from unstructured text.?*

Furthermore, this article investigates domain specific constraints to implement NLP
technologies in humanitarian action, namely: satisfying strong ethical requirements,
supporting low resource languages and supporting the deployment of this technology by non-
experts i.e. humanitarians using the technology without intervention from the company that
created it.®® These constraints often manifest in the difficulty of implementing such
technologies in humanitarian action and hinder the process of humanitarian NLP.
Additionally, Rocca et al. recognize that NLP is naturally biased towards languages that have
resources and data sets available and look at ways in which the humanitarian community is
looking for ways to work around this. Firstly, there is research and process on cross-lingual
alignment, which can greatly help in situations such as these and not require an immense
number of resources.?® Furthermore, community initiatives such as the Masakhané initiatives
aim at promoting resources and data on languages without written text focusing primarily on

African languages.?’

22 Roberta Rocca et al., “Natural Language Processing for Humanitarian Action: Opportunities, Challenges,
and the Path Toward Humanitarian NLP,” Frontiers in Big Data 6 (2023): Article 1082787,
https://doi.org/10.3389/fdata.2023.1082787. P2.

2 Ibid.

2 1bid. 6.
% Ibid. 8.
2 Ibid. 11.
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2.5. Ethical Challenges for Artificial Intelligence

The previous literature on Al in the humanitarian sector has largely focused on the
ethical challenges associated with this topic. This is obvious as Al has presented the
humanitarian field with challenges that are unique compared to other technologies introduced
before. This is due to the nature of the algorithms that are used and how they can create
inferences and change. Al is defined as “[the] activity devoted to making machines
intelligent, and intelligence is that quality that enables an entity to function appropriately and
with foresight in its environment”.?® The learning aspect of Al, which is difficult to track and
explain, presents unique ethical challenges in its humanitarian application. The challenges
discussed in the previous literature are on three main topics and various subtopics. These

topics are transparency and explicability, independence, and accountability.

2.5.1. Transparency & Explicability

Firstly, transparency, as mentioned by Coppi et al, Beduschi 29 & Pizzi, Romanoff,
and Engelhardt, is the core topic of discussion due to Al not being easily explainable and
transparent when it comes to decision making. This makes Al similar to a “black box.”*° This
means that when entering a command from one end and receiving an output on the other end
one does not know the process by which the Al took the decision.®! This core concept is quite
important and is the focus of Coppi et al. as they push for explicable Al in their analysis of
the topic to provide a better understanding of Al. Although Pizzi, Romanoff, and Engelhardt
believe that providing explicable Al is difficult,> Coppi et al. believe it is the only way

28 Stone, Peter, Rodney Brooks, Erik Brynjolfsson, Ryan Calo, Oren Etzioni, Greg Hager, Julia Hirschberg, et
al. 2016. Artificial Intelligence and Life in 2030: One Hundred Year Study on Artificial Intelligence: Report of
the 2015-2016 Study Panel. Stanford, CA: Stanford University. https://ail00.stanford.edu/2016-
report/section-i-what-artificial-intelligence/defining-ai. 314.

29 Beduschi, A. (2020). Harnessing the potential of artificial intelligence for humanitarian action:
Opportunities and risks. International Review of the Red Cross, 102(912), 1759-1784.
https://doi.org/10.1017/S181635832100029X, 1161.

30 Coppi, S., Moreno Jimenez, J., & Kyriazi, K. (2023). Explicability of humanitarian Al. A and Ethics, 3,
1043-1057. https://doi.org/10.1007/s43681-023-00282-y, 6.

31 Pizzi, Michael, Mila Romanoff, and Tim Engelhardt. 2020. "AI for Humanitarian Action: Human Rights
and Ethics." International Review of the Red Cross 102 (913): 145-80. https://international-
review.icrc.org/articles/ai-humanitarian-action-human-rights-ethics-913, 152.
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forward for Al to be implemented in the humanitarian sector, with specific guidelines to

provide Al with a robust mechanism to audit and potentially make changes.?

2.5.2. Impartiality

The second concept is the concept of impartiality, which relates to the topic of
information and biases. Information or data is not without bias, as data and power coexist.
With data sets being biased, it is important to note that Al thinks like a human being, so it
would believe that if there were more data on one thing, it is more likely that it could provide
conclusions on it. This concern was voiced by Coppi et al. & Pizzi, Romanoft, and Engelhardt
provided that the main focus of data should be unbiased and impartial in several ways.**
Firstly, data that is insignificant has to also be considered because a lot of times, especially
in the humanitarian sector, data is not abundant on specific topics, depending on the nature
of the intervention.*® Some interventions in the sector are in smaller areas, places where
people live, and the previous data could be unreliable. An example of this would be if'a flood
hit a small village, and the census on this village was conducted five years ago. The data is
not very accurate, however, the data from five years ago can be considered reliable because
it came from an official source. Furthermore, Pizzi, Romanoff, and Engelhardt mention that
some Al and machine learning systems in the past have displayed racial or gender biases,
such as “... an ML tool used by Amazon for CV review that disproportionately rejected
women, or facial recognition tools that are worse at recognizing non-white faces”.*® This
compounds the problem, and as mentioned in the transparency and explicability section, it

has been shown that mechanisms must be put in place to increase the explicability of Al

2.5.3. Accountability

The third topic of discussion is accountability and how to ensure accountability is

present with Al in humanitarian action. This ethical conundrum has two main concerns.

33 Coppi, Moreno Jimenez, and Kyriazi, Explicability of Humanitarian Al, 8.
34 Ibid.
% Pizzi, Romanoff, and Engelhardt, "Al for Humanitarian Action," 154.
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Firstly, the use and the extent of use of Al in humanitarian settings could pose a problem of
impeding rights and “in humanitarian contexts, where impacted individuals are often not able
to give meaningful consent to data collection and analysis (e.g., because it is required to
receive essential services)”.®’ This is also through the implication of how much impact Al
has on their rights. Secondly, as stated in the transparency and explicability section, it is very
difficult for Al to be audited and monitored. This can be shown as “...lack of accountability
for human rights can make it difficult for individuals to learn of harms to their rights and to
seek redress when those harms occur”.® This turns the problem into a bigger issue; not only
is it hard to understand how AI works, but there aren’t proper channels to ensure
accountability when these systems strip people of their rights. On top of that, the opaque

nature of AI’s decision-making makes it even harder to challenge these injustices.

Building on this issue of accountability is the issue of informed consent. Beduschi
argues that in crisis situations, obtaining genuine informed consent from affected populations
is inherently problematic because individuals usually lack the autonomy, capacity, or
information to provide that consent.3® She further argues that this lack of information is
intensified due to Al systems, where explaining how they use sensitive data is quite
unrealistic in crises. Likewise, Michael Pizzi, Mila Romanoff, and Tim Engelhardt argue that
consent cannot be treated as a justification for the use of Al in a complete fashion.*® They
further argue that consent in crises is considered a “legal fiction™ as affected populations are
compelled to agree due to dependence on aid without fully understanding the consequences.*
Lastly, Coopie et al. argue that consent must be supported by explicability.*? They argue that

the transparency must go beyond the technical documentation and extend to explanations by

37 Ibid.
38 Pizzi, Romanoff, and Engelhardt, "Al for Humanitarian Action," 152.

% Ana Beduschi, Harnessing the Potential of Artificial Intelligence for Humanitarian Action: Opportunities
and Risks, 1161.

40 Pizzi, Romanoff, and Engelhardt, "Al for Humanitarian Action," 155.
“bid. 160.

42 Coppi, Moreno Jimenez, and Kyriazi, Explicability of Humanitarian Al 7.
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non-expert users and be understood by affected communities.*® They further confirm that
without these critical steps and clarity, individuals cannot truly give consent to the use of this
technology. All the mentioned perspectives highlight the sensitive approach to Al,

specifically in the matter of informed consent.

2.5.4. Other Ethical Challenges with Artificial Intelligence

Pizzi, Romanoff, and Engelhardt explore additional dimensions of the ethical
concerns surrounding Al, including the potential problems they may cause and strategies for
mitigating them. They first mention the unpredictability of Al and how it can identify new
problems and solve these problems in unforeseen ways for those who programmed it.** This
is a concern because sometimes the solution to problems is not within the parameters of
humanitarian and human rights law, or is unethical, which creates a layer of concern for
implementing Al in humanitarian settings. Additionally, another problem with Al
implementation is the limit for adaptability, as Al was built more for business purposes and
cannot generalize well depending on the data that is given from different humanitarian
settings.*® Furthermore, data differences and a lack of data are other concerns that can shape
how Al responds to different humanitarian settings. Another problem that arises with Al is
the erosion of privacy in the space they are given.*® Data sets that are extracted could be not
only from data that people voluntarily give but also from data that is found through social
media, applications on their phones, and street surveillance cameras. Furthermore, Pizzi,
Romanoff, and Engelhardt mention that the lack of contextual knowledge with a lack of data
could result in discriminatory actions from Al and machine learning (ML) systems, and these
decisions can impact fundamental rights and cannot be taken lightly.*” They also mention
that Al can be overused by organizations as it could be a “one solution to fix all,” which is

not a good idea when it comes to dealing with essential rights and services to affected

3 1bid.7.

4 Ibid.153.
 Tbid.
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24



populations.*® Lastly, they mention the problems relating to getting an Al contract with
businesses as they could exploit organizations to get a “better” solution; however, that

solution can lead to higher data exposure or the collection of unnecessary data.*®

2.6. Pilot Projects of Al In Humanitarian Action

As previously stated, there are very few studies conducted on Al in humanitarian
action, however, there are several pilot projects that use Al in humanitarian action to varying
degrees. These projects are undertaken exclusively by the organizations that developed them.
This thesis will not list all the pilot projects; however, it will examine some of the most
promising projects that bring significant traction. This paper will examine three subcategories
of those projects mainly disaster response and early warning, conflict and displacement, and
communication systems. These subcategories were chosen due to their relation to

humanitarian needs assessments.

2.6.1. Disaster Response and Early Warning

Integrating Al in disaster response and early warning systems can potentially enhance
the predictive capabilities of those systems and help in a better response. For example, WFP
and Google partnered to start SKAI to provide a crisis mapping tool to automate tasks in the
post-disaster.®® Using computer vision and machine learning, SKAI can assess damage to
buildings by comparing them to satellite images. This project aims to provide a remote
assessment of the damage within 24 hours post-disaster. Another project by the United
Nations Office for the Coordination of Humanitarian Affairs (OCHA) and Google is using
Google’s flood forecast to provide early warning for first responders and start anticipatory

action.>! The flood forecast from Google works using Al and publicly available weather data

8 Ibid. 156-157.
49 Ibid. 157.

50 World Food Programme Innovation Accelerator, “SKAIL” accessed May 14, 2025,
https://innovation.wfp.org/project/SKAI.

51 UNOCHA Centre for Humanitarian Data, “Google and UNOCHA — Generating Flood Alerts in Nigeria
Based on Google Forecasts,” Google Blog, accessed May 14, 2025, https://blog.google/outreach-
initiatives/sustainability/4-flood-forecasting-collaboration-case-studies-show-how-ai-can-help-communities-
in-need/.
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to provide accurate forecasting of river flooding. ° These projects showcase a small number
of the uses of Al in disaster response and early warning systems that can potentially assist in

protecting vulnerabilities and increase the speed of action.

2.6.2. Conflict and Displacement

Another area of Al pilot projects is conflicts and displacement. The Danish Refugee
Council (DRC) developed some predictive models for forced displacement.>® These models
use data such as conflict, socioeconomic and climate to try to forecast refugee movement.
These models were tested on historical data and found promising results suggesting that this
can be another use of Al. The International Rescue Committee (IRC) and Search for common
ground have also developed Al chatbots for displacement.®* IRC used chatbots for queries
from vulnerable populations and Search for Common Ground uses chatbots and NLP to find
conflict indicators in social media.>® These show examples of uses of Al in conflict and

displacement and show potential promise in this sector.

2.6.3. Communication

Communication with the affected population is key in understanding struggles and
keeping frustration at bay. WFP has been using chatbots in South America to deliver
food/security information.>® These bots provide answers to basic questions such as ration
delivery dates and protection concerns, and further collect the affected population’s feedback
to try to reach people in remote areas. Furthermore, CartONG has an Al chatbot that looks to
explore how Al and NLP can classify and respond to the affected population’s SMS in

52 Yossi Matias, “How We Are Using Al for Reliable Flood Forecasting at a Global Scale,” Google Blog,
March 20, 2024, https://blog.google/technology/ai/google-ai-global-flood-forecasting/.

58 Danish Refugee Council, “Foresight: Displacement Forecasts,” accessed May 14, 2025,
https://pro.drc.ngo/what-we-do/innovation/predictive-analysis/foresight-displacement-forecasts/.

%4 International Rescue Committee, “OpenAl x International Rescue Committee: Leveraging Al to Scale Ed-
Tech in Crisis Affected Settings,” accessed April 16, 2025, https://www.rescue.org/press-release/openai-x-
international-rescue-committee-leveraging-ai-scale-ed-tech-crisis-affected.

% Search for Common Ground, “Bridging Differences, Building Understanding,” accessed May 14, 2025,
https://www.sfcg.org/bridgebot/.

% World Food Programme, “Humanitarian Chatbot: How Tech Bridges Gap Between People and Assistance
They Need,” accessed May 14, 2025, https://www.wfp.org/stories/humanitarian-chatbot-how-tech-bridges-
gap-between-people-and-assistance-they-need-ukraine.
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multiple languages.®” This tries to enhance two-way communication and tries to ensure that
the bots remain ethical and context sensitive. This project is piloted with several NGOs and
is showing promise. Overall, chatbots do provide a solution to the problems of the affected
population’s frustration with delivery and communication. This stems from the limited
resources available to organizations, which often prevents them from addressing every

inquiry, prompting the use of strategies to minimize frustration.

2.7. Other Fields’ Studies on Al

Due to the limited studies and implementation of Al in humanitarian action, as
highlighted above, with some pilot projects serving as early examples, this thesis will explore
how AI has been applied in other fields. It will then attempt to draw conclusions that may
inform future use of Al in the humanitarian sector. Three main studies will be looked at that
provide a solid basis for understanding how effective Al and machine learning can be in
humanitarian action and how to mitigate some of the risks, as mentioned before. Below are

each of those studies and their conclusions based on their testing of Al

2.7.1. Expert-Augmented Machine Learning

Expert Augmented Machine Learning (EAML) is an approach to AI model
development that provides a hybrid approach that integrates structured inputs from experts
into ML. This is done by training an Al model, testing it with results, giving experts the same
test, and comparing the outcome. Rather than the Al learn solely from patterns that it finds
in data, it will also learn from experts to potentially penalize unwanted patterns. These
patterns can usually be biased and lack interpretability, which are important aspects of the
potential ethical problems with Al implementation in humanitarian settings. A study by
Gennatas et al. uses a case study on hospital mortality prediction to test EAML.%® In this
study, they trained an AI model on old data of patients to predict mortality rates and tested it
on other patients. They provided the experts with this data and asked them to provide their

57 CartONG, “Al Chatbot for Multilingual SMS Classification,” accessed May 14, 2025,
https://cartong.org/news/ai-chatbot-multilingual-sms-classification.

%8 E. D. Gennatas et al., “Expert-Augmented Machine Learning,” Proceedings of the National Academy of
Sciences 117, no. 9 (2020): 4571-77.
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input on patient mortality rates. They then penalized the model for its “bad pattern”
recognition to reinforce better patterns. This technique improved the AI model’s
generalization, increased its robustness and removed unhelpful patterns. This enhanced
interpretability and identified hidden data biases. Furthermore, expert insight can be inputted
as a data stabilizer, which in turn will make the Al models require less data to learn the
proposed output. This can be particularly valuable in humanitarian action, where data scarcity
is a common challenge across various operational domains. Furthermore, this study
demonstrates the power of using experts in the field of humanitarian action, which can
provide Al models with better insights and can contribute to the safety of implementing Al

models in humanitarian action.

2.7.2. Protein Structure Predictions

The use of data to derive predictions is one of humanitarian actors’ current focuses.
Data-driven decision-making in humanitarian action is the use of evidence gathered from
assessments and data analysis to better inform and optimize operational responses. According
to OCHA’s data responsibility guidelines, these approaches help humanitarian actors better
understand and deliver timely interventions.”® A study conducted in the field of molecular
biology was intended to test Al’s ability to accurately predict protein structures.®® This study
marked a groundbreaking advancement in Al's ability to predict protein structures; a task that
previously required significant time and effort. This study’s core contribution is to showcase
AT’s potential in solving complex scientific problems. Even though this study focused on
molecular biology, it shows how Al can analyze data and provide a highly accurate
representation of said data, and provide decisions based on that data. This further showcases
the potential of Al in humanitarian action, as complex problems can have solutions with the
use of Al. Furthermore, if the training model is provided with enough data, predictions can

be provided by the Al in this framework to better drive decision-making. Lastly, this study

59 United Nations Office for the Coordination of Humanitarian Affairs (OCHA), Data Responsibility, accessed
May 14, 2025, https://centre.humdata.org/data-responsibility/.

8 John Jumper et al., “Highly Accurate Protein Structure Prediction with AlphaFold,” Nature 596, no. 7873
(2021): 583-89, https://doi.org/10.1038/s41586-021-03819-2.
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shows how much faster AI models can analyze data compared to human beings and even

experts in the field.

2.7.3. Prediction of Cardiovascular Risk

Inferring outcomes from data is an important aspect of humanitarian needs
assessments, and even the whole humanitarian field. Humanitarians like to anticipate the
likelihood of something happening primarily based on data and tend to analyze data in several
ways, such as in the cluster system and within each organization. Furthermore, data analysis
serves as a fundamental pillar, as it informs project development by identifying how many
people are in need, what their specific needs are, and what solutions would effectively address
those needs. Beyond these core insights, data analysts often look for subtle patterns and
anomalies in the data to identify marginalized or overlooked groups. These nuanced findings
can inform more targeted interventions and open opportunities for additional funding or
tailored projects to address the specific needs of these populations. This shows the essential
role of data analysis in understanding complex needs, which can deliver evidence-based

humanitarian aid.

A study conducted on retinal images of patients found that deep learning models of
Al predicted several factors from retinal images.%! They trained the model on 280,000 retinal
images and patient files. The deep learning model could then predict gender, age, smoking
status, blood pressure, and risk of major cardiovascular events in new retinal images
produced. The study concluded that this Al model can predict gender and age to a high degree
and moderately for smoking status, blood pressure, and risk of major cardiovascular events.
Retinal images were not used before this study to investigate age, gender, and the other
factors included in this study. An important aspect of this study is that the Al model was able
to find these patterns without prior knowledge, meaning it identified patterns on its own. This
demonstrates how deep learning and AI models can detect complex patterns in raw data
without explicit instruction. This suggests that the emergence of novel insights from Al can

play a critical role in advancing analysis and decision-making. This further showcases that

61 Poplin, R., A. V. Varadarajan, K. Blumer, Y. Liu, M. V. McConnell, G. S. Corrado, and L. Peng. “Prediction
of Cardiovascular Risk Factors from Retinal Fundus Photographs via Deep Learning.” Nature Biomedical
Engineering 2, no. 3 (2018): 158—164. https://doi.org/10.1038/s41551-018-0195-0.
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Al can extract actionable insights from unstructured or unconventional data sources. This
could make a significant contribution to the field of humanitarian action, where vast amounts

of unstructured data exist but are often not directly analyzed.
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3.1. Chapter III: Conceptual Framework

The main overarching concept that this thesis will be based upon is technological
advancement. Technological advancements have significantly impacted and improved the
humanitarian sector over the past years. Most organizations have some form of system to
conduct their day-to-day work.%? Systems such as project management systems, casework
systems, and monitoring and evaluation systems have shaped the new humanitarian era.
These systems have provided more tools for humanitarian organizations to conduct their
work according to the principle of humanity, in the best way possible. Al should be

considered the next phase for technological advancement.

3.2. Defining Technological Advancement

Technological advancement is the process of developing new tools and technologies
to enhance efficiency, productivity, and quality of life.%% Technological advancement stems
from the use of science to enhance life and is directly related to technological innovation.
Technological innovation is the act of creating innovations to improve overall human
progress.® Technological innovation happens every day and is defined or categorized by the
impact that is driven by these innovations on a societal and economic scale. The categories
that define these types of innovations, from least impactful to most impactful, are incremental
innovations, radical innovations, technological systems, and finally, technological

revolutions.® Al is classified on this scale as an evolutionary technological innovation, with

82 Hamed Zarei et al., Technological Advancements in Humanitarian Aid, International Journal of Disaster
Risk Reduction 109 (2024), https://doi.org/10.1016/j.1jdrr.2024.104527. 1.

83 Technological advancements play a crucial role in shaping economic growth and social development
(Begum, 2018). 1.

84 Mario Coccia, "Technological Innovation," in The Blackwell Encyclopedia of Sociology, ed. George Ritzer
and Chris Rojek, 1st ed. (John Wiley & Sons, 2021),
https://doi.org/10.1002/9781405165518.wbeost011.pub2.
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the potential to transform the way we operate across various domains. This is illustrated by

the table below, which was created by Mario Coccia:

Innovation  Intensity of the impact  Type of technological Examples
degree of diffusion innovation
1 Lightest Elementary, micro-incremental ~ From black to red rollerball
2 Mild Incremental Progressive lenses
3 Moderate Minor radical innovation Contact lenses
4 Intermediate Major radical innovation that Laser
affects different industries
5 Strong New technological paradigm Television
6 Very strong New technological system Satellites
7 Revolutionary Change of techno-economic  Electricity; information and

paradigm

communication technology;
artificial intelligence

Table 1: “Measuring the Intensity of Technological Change: The Seismic Approach,” Technological Forecasting and

Social Change 72, no. 2 (2005): 120.

This specificity can help us understand the importance of technological advancement and

measure the impact of specific technologies on society.

In addition to the impact of technological advancement, some theories explain
technological evolution and further define it in the context of how technologies are created
and how to understand them. There are primarily two main theories for this understanding,
which are the traditional theories and the new theories. Traditional theories argue that
technological evolution is the process of substitution, meaning change from one modality to
another.®® This can be thought of as an example of computers replacing typewriters. The other
theory looks at technological evolution as technologies interacting with a system or other
technologies and innovations.®’ It offers the outlook of a symbiotic relationship between
current technology and new technology. This can be thought of as speakers needing to
interact with music software or instruments to produce or amplify sound. This theory is more
comprehensive in that it does not look at replacement but rather the harmonious interaction

between both existing innovations and innovations that complement each other. The key

% Ibid. 4.
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takeaways from technological innovations and evolution are that technology aims to help
society achieve more with less effort, improving speed and efficiency. This continuous

evolution has been the driving force behind our species' prosperity.

Another concept that builds on the theories of technological advancement is the
concept of the adjacent possible. This concept, originally introduced by Stuart Kauffman in
theoretical biology, can be defined as ... a set of all those things — molecules, species,
inventions, or ideas — that are one step away from what exists, which could emerge next
given the current conditions of the system”.®® Building on this concept was Lennart
Bjorneborn, who offers a theoretical lens through which we can understand this concept at a
deeper level. He argues that innovation and technological advancements are not isolated
disciplines but rather seen as within a constrained space of possibilities.%® This space of
possibilities is shaped by the existing technologies, social contexts, and institutional
frameworks.”® This lens shifts our perspective from unpredictable breakthroughs to the
gradual unfolding of innovation through interaction with the current technological space.
Bjorneborn further argues that this unfolding usually happens in a combination of intentional
exploration and accidental discovery, where organizations and individuals navigate their
immediate environment to create what is just within reach.”* Understanding the concept of
the adjacent possible showcases how fostering adaptable environments where incremental
increases and complementary innovations thrive can potentially enable breakthroughs. This
demonstrates that we can see Al as a natural extension of already existing systems rather than
a disruptive force. Reflecting on the history of Al, the period known as the “Al winter”, which
was characterized by reduced funding and limited breakthroughs, can be explained through

the lens of the adjacent possible. During that time, the technological space lacked sufficient

88 Kauffman, S. A. (2000). Investigations: The Nature of Autonomous Agents and the Worlds They Mutually
Construct. Oxford University Press. 142.

8 Bjdrneborn, L. (2023). Adjacent Possible. In M. Richter & B. R. Snyder (Eds.), The Palgrave Encyclopedia
of the Possible, Springer Nature 1. https://www.researchgate.net/publication/367416541 Adjacent Possible
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data and computational power, which in turn constrained the possibilities for advancement

and innovation in Al research.

Technological advancement can be further refined within the context of humanitarian
action to encompass technologies that enhance the capacity of humanitarian organizations to
alleviate suffering more effectively and more efficiently.”? Furthermore, within the context
of needs assessments, technological advancements have evolved from paper-based surveys,
in-person data collection, and manual analysis to mobile data tools, satellite imagery, and
data analytical software. The advancements came due to the use of certain technologies, such
as the GIS systems that enabled mapping of crisis-affected areas, mobile data collection,
which changed manual surveys to remote surveys with tools like Kobo Toolbox, and finally,
data analysis tools such as Power BI and Tableau. Technological advancement has enabled
numerous organizations with minimal investment to be involved in situations that they might
not have been able to prior. When understanding Al tools, it is important to examine them
through this lens that they are the next advancement in technology and will provide further

assistance to organizations in that regard.

3.3. Needs Assessments within Technological Change

Needs assessments have primarily been reliant upon the best available technology of
their time. Tools such as the previously mentioned were usually incorporated within the needs
assessment criteria. This has led to the integration of these technologies in the organization
and the standardization of these tools. Technological change is constantly evolving in finding
the best ways to get the best results. An examination of needs assessments over time reveals
that earlier assessments were more time-consuming, resource-intensive, and prone to human
error. Over time, technological advancements have improved the efficiency of resources and

time use while significantly reducing human error.

Humanitarian crises are increasing in their complexity and protraction, thus creating
challenges for traditional methods of all the solutions. Technological advancement has the

potential to require fewer resources and achieve the same or better results. As previously

72 Lisa Frost, Shibab Khan, and Patrick Vinck, "Technologies in Humanitarian Settings: Digital Upskilling of
Humanitarian Actors," Harvard Humanitarian Initiative, December 2022,
https://hhi.harvard.edu/publications/technologies-humanitarian-settings-digital-upskilling.
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mentioned, Al could be the next type of advancement that will affect humanitarian action and
help with the achievement of better results and outcomes. As the literature review highlights,
Al systems often face significant criticism regarding their implications and associated ethical
issues. However, it is important to recognize that, while these concerns are valid, the benefits
of Al are equally noteworthy. There is a notable gap in the theoretical frameworks addressing

technological advancement, more specifically Al, in the context of humanitarian action.
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4.1. Chapter IV: Research Methodology

This thesis is a qualitative research study based on data collection and analysis.

4.2. Data collection

The data collected in this research paper will focus on an analysis of past literature
and compare it to methods applied in the field of humanitarian needs assessments. This will
be done through a systematic review of each aspect of humanitarian needs assessments and
methods, and will take a critical approach to how these aspects can be influenced by Al. This
research will draw upon research in similar fields such as the healthcare sector, natural
sciences, and business sectors that have researched and found ways in which Al can be
helpful to their field of work. This will be achieved by taking a specific outlook on

humanitarian needs assessments and comparing each stage and what Al can provide.

Since the main approach of this research will be to review past literature, the sources
found in the paper must be primarily objective and reliable. This will be done through
investigating recent research in academic journals, peer-reviewed articles, and reports from
organizations. This will ensure that the research is accurate and credible. Furthermore, the
inclusion of other disciplines such as healthcare and Al, business and Al, science and Al, and
lastly, Al ethics will increase its merits. By incorporating this data collection method and the
holistic approach, this study aims to present an informed and balanced discussion on the topic

of Al in humanitarian action.

4.3. Research Approach

This research paper will primarily focus on a qualitative comparative analysis
between traditional methods of humanitarian needs assessments and Al-assisted needs
assessments. The comparison is informed by the logic of Most Similar Systems Design
(MSSD), where both systems aim to achieve the same goal, comprehensive needs
assessments, but differ in their technological approach.” This will be done by comparing all

the components of a needs assessment and providing an example of Al executing a similar

8 Adam Przeworski and Henry Teune, The Logic of Comparative Social Inquiry (New York: Wiley-
Interscience, 1970), 32-35.
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task to that component in a needs assessment. Its primary driver will be to look at the binary
of better than or worse than when initiating the comparison between Al and traditional
methods. Furthermore, it will look at the shortcomings of Al and provide recommendations
for when implementation in humanitarian needs assessments will be deemed necessary or
not. This research will also investigate a roadmap for the implementation of Al in

humanitarian action.

This research will investigate the traditional method of humanitarian needs
assessments found in MIRA, developed by the Interagency Standing Committee (IASC), and
the HNO, developed by OCHA. The use of both these standards and guidelines will develop
connections between them to ensure that the comparison is comprehensive. Additionally, to
better refine this topic, it is important to note that the MIRA and HNO complement each
other. While HNO is usually prevalent in OCHA’s work and the UN to look at needs
throughout crises or stability, the MIRA informs the response to crises and is usually
incorporated during the event of a crisis. One of the important aspects of MIRA and HNO is
that they are inclusive of all actors in each cluster, so they incorporate the main actors on the
ground for the response to crises and post-crisis. There are other agency guidelines for needs
assessments; however, most of the agencies follow the MIRA and HNO as part of their

guidelines, or the MIRA and HNO are incorporated in their methodologies.

4.4. Comparative Framework

This framework will take a structured evaluation of AI’s advantages and drawbacks
with traditional methods. Since this research compares the traditional methods of needs
assessments with AI’s potential in humanitarian action, it will need a comparative framework.
This comparative framework will look at several aspects pertaining to the comparison of each
positive and negative. The comparative framework will provide a structured way to evaluate
the similarities and differences between Al and traditional methods. However, the
comparative approach will dive deeper, interpreting these findings to understand why Al
might perform better or worse in certain areas. It will also consider the broader implications
for humanitarian action and identify potential challenges to implementing Al in this context.
The comparative framework will compare both traditional and Al-enhanced approaches

based on the following:
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Efficiency
Accuracy
Scalability
Cost-effectiveness

Ethical considerations

By analyzing these key aspects, this research will highlight the areas where Al can

enhance humanitarian needs assessments while also identifying potential limitations for

implementing this technology.

4.5. Limitations and Challenges

While this research aims to provide a comprehensive comparative analysis of traditional

needs assessment methods and Al-driven approaches, it has several limitations. These

limitations are the following:

1-

Data availability is a challenge as this study primarily relies on existing literature,
reports, and case studies. Additionally, this topic is relatively new and still emerging,
with much of the available research on Al conducted in the private sector. This will
provide a limitation on the accuracy of the claims. Furthermore, the implementation
of Al is very limited in humanitarian needs assessments, which removes any case
study potential.

One of the main problems and limitations of Al is data biases. In the humanitarian
action sphere, the context in which organizations work is quite wide in scope,
geography and affected populations. With that in mind, data on specific contexts
could be readily available or hard to obtain which will impact AI’s accuracy.
Potential biases in literature will be another concern as the literature written on Al
may be subject to biases. It is potentially drawn to biases as most of the literature will
be out of organizations or authors that advocate for the adoption of this technology.
To counter this issue this research must ensure a balanced analysis of the literature to
give a better overview of it.

The conclusions drawn from this study could also not be universally applicable across
all humanitarian crises and contexts. A significant part of the effectiveness of Al in

humanitarian action is going to be the context in which it should be implemented.
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This concern is also part of the idea of “techno-solutionism,” which refers to
“decision-makers’ willingness to utilize digital technologies to solve complex societal
problems which require more than solely technical solutions”.’

5- The use of the comparative framework will be in a binary fashion for the purposes of
this research. This can potentially be misleading, indicating that either Al or
traditional methods are “best” when comparing each parameter, which is not the case
because each has its benefits and drawbacks. The use of the binary comparison in this
case gives direction to what is more beneficial and how it could enhance the needs
assessment process. This comparison cannot be considered definitive in determining
which option is superior, primarily because contextual factors play quite a significant
role.

6- The testing parameters provide for an important comparative analysis; however, the
testing parameters are not definitive. Al and traditional methods can be tested through
a multitude of parameters and yield completely different results. While these
parameters offer a structured comparative lens, they miss variables such as cultural
sensitivity, political feasibility, and sustainability. Furthermore, the interpretation of
these parameters plays a role in the bias that can be deduced from them. Factors such
as efficiency and ethics are largely subjective, and by definition, the comparative
parameters cannot yield all their subject matter.

7- Lastly, much of the literature, even in other fields, and how they interact with Al, is
limited, as it is quite a new technology. Therefore, it is important to note that
applications for Al are not well studied, which in turn can provide ineffective
generalizations. This thesis will provide several ways in which Al can assist in
humanitarian needs assessments through the lenses of other fields and potential
applications; however, it cannot be generalized as the implications of said

technologies are not definitive and not widely studied.

The qualitative and comparative methodology adopted in this study examines how Al can
potentially enhance traditional humanitarian needs assessments. Through a critical review of

the literature and from fields such as healthcare, business, and natural sciences, the research

4 Beduschi, A. (2020). Harnessing the potential of artificial intelligence for humanitarian action.1152.
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uses a structured framework to compare Al and traditional methods through five key
dimensions. Despite the limitations indicated, this study aims to provide a balanced
perspective of the potential benefits and potential challenges of implementing Al in

humanitarian needs assessments.

40



5.1. Chapter V: Needs Assessment Methods

Needs assessments are tools by which governments, humanitarian actors, and
stakeholders can identify needs before, during, or after a crisis.’® Therefore, it is a continuous
process of assessing the needs of affected populations and overall issues found. However, in
humanitarian crises, needs assessments are conducted more vigorously during and post-crisis
or disaster to better understand the impact of the crisis/disaster. Essentially, needs
assessments consist of two parts: the consistent part, which is the HNO, and the MIRA, which
is primarily used in the event of a disaster or crisis. This chapter will explore both methods

as they help the response to disasters/crises and plan for the future and protracted crises.”®

5.2. Multi-Cluster/Sectoral Initial Rapid Assessment (MIRA)

As mentioned before, the MIRA is a tool that can be used in sudden-onset
emergencies, and this toolkit was developed by the IASC.”” The MIRA should be integrated
into the HNO for the country/area in question so the MIRA effectively should look at the
very first phases of the crisis from day 0 till day 14 of the crisis. One of the main purposes of
the MIRA is to enable actors to reach a common understanding of the situation, remove

redundancies by reducing the amount/eliminating double work for all actors.
For a MIRA to be successful, it must include these conditions:

1- New & Sudden — Crises/disasters must be sudden and onset with significant

deterioration of the situation and new risks to lives.’®

2- Stability — Safe and sustainable way to reach the affected population / no anticipated

great changes in the short term.”®

75 United Nations Office for the Coordination of Humanitarian Affairs (OCHA) (2025) Needs assessments.
Available at: https://knowledge.base.unocha.org/wiki/spaces/hpc/pages/3992616975/Needs+Assessments
(Accessed: 24 March 2025).

76 Inter-Agency Standing Committee (IASC), Multi-Cluster/Sector Initial Rapid Assessment (MIRA) Manual,
2015, https://reliefweb.int/report/world/multi-clustersystem-initial-rapid-assessment-mira-revision. Foreword.

T 1bid. 2.
8 Ibid.
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3- Urgency — Need for urgent information to better understand the situation.®
4- Joint — Has to be supported by the Humanitarian Country Team (HCT). Additionally,

the clusters and agencies are willing to contribute resources and share information.®

The MIRA is further divided into two phases composing of the first phase: Initial
assessment which is conducted in days 0-3. Then the second phase, which is the joint data

collection and analysis which is concluded during the first two weeks.

5.2.1. Phase 1: Initial Assessment

Phase 1 is the initial assessment conducted usually by a government authority or in
dire situations by the HCT. During this time there is also the appointment of a humanitarian
coordinator (HC). In the initial phase it is important to establish a scope, timeline and
coordination.8? Furthermore, the initial phase should contain the initial secondary data
review. This will inform the situation analysis report, which will then lead to the design of

the MIRA phase 1.8

5.2.2. Phase II: Joint Data collection and analysis

During phase II the main part of the analysis is made. This is done by the identification of
secondary data and the initiation of primary data.®* The data is then analyzed jointly by all
stakeholders, and the outcome of the second phase is the generation of the MIRA report.

5.2.3. Analytical Framework: MIRA

The MIRA framework is divided into two themes: Crisis impact and operational
environment. This is done through looking at the scale and scope of the crisis, conditions of
the affected population, capacities, response, and humanitarian access. These determine the

scope and intervention that organizations can join in and better understand the crisis. From

8 Ibid
& Tbid.
8 Tbid.
& Ibid. 6.

8 Ibid. 2.
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this analytical framework, the output should be the likely evolution of the crisis and priority
humanitarian needs.®® The analytical process of the MIRA considers the time and logistical
constraint of the situation and disaggregates data in simple terms to control the number of

categories being analyzed. This helps speed up the MIRA process.&

5.2.4. Secondary Data Review: MIRA

Secondary data provides and helps the MIRA process in determining information that
can be found in different outlets such as news, government censuses or information from
reputable sources. This is divided into two types of secondary data collection, pre-crisis and
in-crisis. Pre-crisis helps with the historical and background information that identifies
patterns in priorities and investigates how some groups might be affected differently.®” In-
crisis data is data that makes us understand the effects of the current crisis on the population

to better assess the impact of the disaster.®®

5.2.5. Primary Data Collection: MIRA

Primary data in needs assessments is a very important source of information for the
analysis of the ongoing crisis. Primary data is collected from interviews with affected
communities. Primary data must have a clear objective and scope.?® The imperative of the
data collection method is to ensure the “do no harm” principle and prioritize information

sharing with relevant stakeholders.

Primary data collection can be further expanded into three subcategories or

techniques by which the data can be collected by the stakeholders:

1- Direct observation: Direct observation is done for looking at structured or

unstructured issues at the site of the crisis.®

8 Ibid.4.
8 Ibid. 11.
8 Ibid.12.
8 Ibid.

8 Ibid. 13.

% Ibid. 15.
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2- Key Information Interviews (KII): KII is a method used in needs assessments to gain
in-depth insights into a crisis and its impact. This is done by semi-structured
interviews with KII. KlIs are additionally conducted with individuals with prior or
specific knowledge in the community. They can be community leaders, religious
leaders, health workers and members of social groups in the community.”® The
important aspect of KlIs is finding the correct informant who can provide information
on specific topics.

3- Community Discussion Groups (CDGs): CDGs consist of interviews with specific
individuals pertaining to similar characteristics. This will provide a better
understanding of the situation and the impact due to their shared characteristics.
Furthermore, the CDGs are more coherent when understanding the populations
issues. This approach helps identify specific segments of the affected community that

may be marginalized or require additional support.

Some of the other important information that needs to be understood when conducting
primary data collection include security, logistics and translation services. Field assessments
should have standard operating procedures to ensure that the team knows how to deal with

situations in the field and interviews if they may arise.

5.2.6. Joint Needs Analysis

After the consolidation of the primary and secondary data, the MIRA suggests that
the data needs to be analyzed to look for patterns and trends.®? This process investigates new
and old data to compare. It is an ongoing process, and to ensure sufficient joint analysis, the
HCT must ensure that they allocate some time for this process. Furthermore, during this step,
it is important to make sure that the analysis contains an acknowledgement of weaknesses
and limitations.% Data analysis also has infinite combinations of variables to explore, so it is

important that the analysis does not take too much time and ensures collective agreement on

% Tbid.
%2 Tbid.

% Tbid.
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the most pressing humanitarian issues at the time. Analysis can be looked at in four ways to

ensure the output of the data is well understood:

1- Describe: Analyze the data and incorporate it into the appropriate aggregate category.
2- Explain: Identify why the conditions are observed in the data.

3- Interpret: Look for meaning in the data and contextualize patterns.

4- Forecast: Looks at what happens next and what is the likely evolution of the

disasters/crises.

Data can be further analyzed on the sectoral level, which will be more detailed, or on the
intersectoral analysis, which looks at the cross-cutting issues.®* It is important to have the
relevant stakeholders involved because data can be analyzed by specialists with different

expertise in different ways.%

5.2.7. Reporting: MIRA

The MIRA report is produced to inform relevant stakeholders, potential donors, and
plan appeals. The report helps decision makers to collectively communicate the nature and
dynamics of a humanitarian crisis.*® When the final report is out, it is important to note that
it should include cited limitations, describe methodology, and provide methods of data
collection and analysis.®” Data from the MIRA should be shared with stakeholders based on
a tiered data-sharing approach, ensuring appropriate access levels while upholding data
protection principles. This approach safeguards sensitive information and promotes

responsible data management.*

% Inter-Agency Standing Committee (IASC), Multi-Cluster/Sector Initial Rapid Assessment (MIRA)
Manual.19.

% Tbid.
% Tbid.20.
7 Tbid.

% Tbid.
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5.3 Post MIRA — Single Cluster coordinated needs assessments: Phase

111

After the completion of the MIRA and prioritization of the most urgent needs, as per
the “Operational Guidance for Coordinated Assessments in Humanitarian Crises,” which is
part of the IASC and is adopted by the UN and other organizations to respond effectively to
crises, is the single/cluster coordinated assessments. These assessments are to be determined
at the sectoral level to investigate additional needs of this sector. This is possibly through
monthly meetings to assess the in-depth reports.*® During this phase each cluster should be
harmonious in data extraction and presentation. Furthermore, the cluster should conduct
coordinated assessments and/or share results/planning of the assessments with the cluster to
provide more overlap between agencies and to decrease the workload on conducting any of

the different methodologies of the needs assessments.'%

After the completion of the needs assessments further data analysis is conducted to
provide the cluster level analysis. This will interpret the trends and provide the cluster
coordinator with the necessary data to be added to the Humanitarian Dashboard.'%! The next
step is the inter-sectoral data analysis and interpretation based on the linkages and cross-

cutting issues found will help the priority of interventions.1%2

5.4. Phase IV — Recovery Needs

This last phase of the intervention of need assessments is considered a continuation
of Phase III however, the priority is not just interventions as per cluster, but more
interventions to start the recovery process post crisis. This is highlighted by the start of the

Post-Disaster Needs Assessments or Post-Conflict Needs Assessments, which are more

% OCHA (Office for the Coordination of Humanitarian Affairs), Operational Guidance for Coordinated
Assessments in Humanitarian Crises, United Nations OCHA, 2012.17.

100 Thid
101 Tbid
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tailored towards recovery.!%® However, even though this phase is focused on recovery, it does

not stop providing relief.

The MIRA and HNO methodologies offer structured guidelines for conducting
humanitarian needs assessments. While these frameworks are not meant to be applied rigidly
in every context, they provide a coherent and standardized approach for interpreting needs
and facilitating effective communication among all humanitarian actors. Additionally, these
methodologies ensures inclusive participation, communication and accountability in the
interventions that are provided. Moreover, these methodologies help present a unified front
for humanitarian organizations when engaging with the government and key stakeholders

which improves credibility in response efforts.

103 Ibid.
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6.1. Chapter VI: AI’s Potential Uses in Needs

Assessments

This chapter will primarily explore the potential of Al in conducting humanitarian
needs assessments. This can be thought of as the main framework of this thesis and will
measure the differences between Al and traditional methods. This chapter’s output will
investigate the best possible ways to conduct a needs assessment regarding the humanitarian
principles, more specifically, the principle of humanity. As stated in the methodology, this
chapter will investigate how Al can be better or worse than the MIRA and HNO methods in
each element of the humanitarian needs assessment. It will primarily investigate each step,

how it is conducted, and ways in which Al can potentially be of assistance or offer little value.

When conducting needs assessments as per the MIRA and the HNO, there is a distinct
structure and flow of phases and steps. As mentioned in the previous chapter, the needs

assessment process can be broken into the following chart:

Table 2: MIRA & HNO Process

Sectoral
Reports

Gap Analysis
Report
Initial
Situation
Analysis MIRA Report




As per the chart above, there are some of the elements that will not be included since
there is no direct intervention that can be assessed by Al. These elements are requests for
intervention by humanitarian organizations from the government, as this is not an element
per se that needs Al intervention. Additionally, assignments of the humanitarian coordinator

and task force are another element that AI’s intervention will not be required.

6.2. Early Warning Signs

Early warning signs are signs that indicate the start of a disaster, such as earthquakes,
floods, or conflict arising. Early warning signs are usually found using an early warning
system. An early warning system is defined by the United Nations Disaster Risk Reduction
(UNDRR) as “An integrated system of hazard monitoring, forecasting and prediction,
disaster risk assessment, communication and preparedness activities systems and processes
that enables individuals, communities, governments, businesses and others to take timely
action to reduce disaster risks in advance of hazardous events”.1% These systems are in place
to try to predict and better prepare for disasters and crises. UNDRR defined early warning
systems as four key elements: risk knowledge, monitoring and warning systems,
dissemination/communication, and finally, response capacity. Regarding needs assessments,
this section will only investigate risk knowledge and early warning systems, as
dissemination, communication, and response capacity are included within the other elements

of the needs assessment highlighted in Table 2.

6.2.1. Risk Knowledge / Monitoring and Warning Systems

Risk is defined as hazards and vulnerabilities at a specific place. Risk is analyzed
through the systematic analysis of data to understand how different and dynamic the nature
of hazards is.1% Risks include mapping and assessing the likelihood of a hazard occurring.

This can be measured further in other ways, such as mapping flood-prone areas. Much of

104 United Nations Office for Disaster Risk Reduction (UNDRR). 2017. The Sendai Framework Terminology
on Disaster Risk Reduction. "Early warning system". Accessed 10 April 2025.
https://www.undrr.org/terminology/early-warning-system.

105 United Nations Office for Disaster Risk Reduction (UNDRR), Developing Early Warning Systems: A
Checklist (Platform for the Promotion of Early Warning, 2006), https://www.unisdr.org/2006/ppew/info-
resources/ewc3/checklist/English.pdf. 2.

49


https://www.undrr.org/terminology/early-warning-system
https://www.unisdr.org/2006/ppew/info-resources/ewc3/checklist/English.pdf
https://www.unisdr.org/2006/ppew/info-resources/ewc3/checklist/English.pdf

understanding risk is data analysis and expert knowledge about risk indicators. When this
type of expert-informed data is introduced to Al systems, it can serve as a foundation for
machine learning, allowing Al to internalize and apply these insights. One study on EAML
was conducted on in-hospital mortality rates using an Al and machine learning model to learn
from clinicians who ranked the patients on perceived risk.1% This study’s result concluded
that this Al had incorporated better judgment compared to generalized data sets that were
available. Furthermore, this study highlighted that the EAML models were more robust to
dataset shifts because they prioritized expert data over treating all data equally, thereby
enhancing model reliability in varied contexts.'” This study indicates that Al can learn from
not only generalized sets but also from experts, which can be incorporated into risk

knowledge.

When it comes to data analysis, Al also outperforms humans by a large margin. This
can be seen in a study in molecular biology in predicting protein structures. Protein structures
are the exact chain of amino acids, and they take an exceptionally long time for researchers
and scientists to determine. They are essential in drug discovery and disease treatment. There
are billions of known proteins, but a significant number of them have yet to be structured.
Traditional methods have failed to create a solution to this problem. However, a group of
researchers tested this theory using AlphaFold 2, an Al that uses deep learning to predict
protein structures.® This Al was given a massive amount of data and trained to understand
it. The results were that AlphaFold 2 predicted protein structures to extreme accuracy.'®® This
discovery is revolutionary for molecular biology because with AlphaFold 2, they can predict
most other structures or at least decrease the time needed to predict the structures. This type
of machine learning can also be applied to early warning systems and risk knowledge. Using

data extracted from early warning systems, Als can better predict the likelihood of a disaster

198 E. D. Gennatas et al., "Expert-Augmented Machine Learning," Proceedings of the National Academy of
Sciences, vol. 117, no. 9, pp. 4571-4577, 2020

107 Thid.

108 John Jumper et al., Highly Accurate Protein Structure Prediction with AlphaFold, Nature 596, no. 7873
(2021): 583-589, https://doi.org/10.1038/s41586-021-03819-2.

109 Ibid.
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or crisis to arise. This can be groundbreaking for disaster preparedness and early conflict

indicators.

6.3. News Reports & Information Reports

After the start of an onset disaster/crisis, there are a multitude of ways to get data and
information on the unfolding of the events. There are news outlets, social media,
governmental and organizational reports, and onsite visits. At the start of a disaster, this
information can be limited, however, this information is crucial to know the impact of the
crisis. Traditionally, this information was received by stakeholders in a multitude of ways
mentioned above, however, data validation and accuracy were obstacles that stakeholders
had to navigate. However, Al has proven that it can assist in this regard. One pilot project
called Data Entry Exploration Platform, or DEEP, uses Al to analyze large volumes of
unstructured data from many sources. This platform is being used by humanitarians to
improve the structure and assess the data that is being provided. It has a multitude of uses
such as helping with field assessments, reporting, social media, and media articles, meeting
minutes, and interviews or debriefs.!'® DEEP can be used during the start of an onset
disaster/crises to better grasp the information at the start from news articles, governmental
reports, and situation reports. This can directly streamline the process and help organizations

and the MIRA team better assess the situation.

6.4. Phase 1

6.4.1. Establishment of Scope, Scale, and Timeline

When the MIRA process starts, one of the most important decisions is to establish the
scope, scale, and timeline of the intervention. These three key decisions are based on a
multitude of characteristics such as funding, staffing, magnitude of disaster/crises, and
number of people affected. As established above, Al has the power to analyze data and better
assess situations if we can presume that Al has learned from experts and has previous data to

look at. Al can help in this stage by doing the following:

1- Provide estimates of the money needed to intervene in disasters/crises.

110 The DEEP Platform, "About DEEP," accessed April 12, 2025, https:/thedeep.io.
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2- Provide the estimated time needed for the intervention.

3- Provide the number of staff that will be needed for the intervention and their positions.

At the very start of the intervention, these numbers can be helpful; however, as more
information arises, the accuracy of the information will be much greater. Furthermore, Al can
provide the above information, however, this specific step needs a much more holistic
approach and careful consideration. Firstly, regarding the estimated cost needed for the
intervention, it is important to note that Al can assist, however, it could also be a rough
estimate that is as accurate as other experts' estimates. Secondly, regarding the time needed
for the intervention, also experts can estimate it as a rough estimate as accurately as Al
Finally, the number of staff needed and their positions is a subjective matter, depending on
the humanitarian situation and the scope of the intervention. The probable outcome in
situations such as this is that the humanitarian response and staffing will be directly related
to the funding available before the disaster/crisis. Best practices in this regard will be known
by the MIRA team; however, most of the time, it is the amount of funding they have at the
time to start the process. During this stage, Al’s intervention is helpful; however, it is not

highly necessary to establish the scope, scale, and timeline of the intervention.

6.4.2. Initial Secondary Data Review

In the last stage of Phase I, after a team has been established, the MIRA methodology
investigates secondary data and tries to provide a representation of the current status of the
disaster/crisis. This can be through news articles, initial government reports, and initial on-
ground data collection. This step is crucial for providing the information that is necessary to
provide the initial situation analysis report and the end of phase one. As mentioned before,
Al is exceptionally good at data analysis if it is trained with the correct data and reinforced
with previous knowledge and expert insight. Al can provide a much better outlook on the
data than a team of experts can. This is not to say that experts will not be able to provide that
information, however, they might be slower to provide those insights. Furthermore, Al can
also provide insights that were previously not thought of, which could have an
insurmountable impact on the secondary data review. A study conducted in biomedical
engineering observing retinal scans of patients and provided an Al with an enormous amount

of data from previous retinal scans to try to identify new information from the scans, such as
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age, gender, smoking status, systolic blood pressure, and major adverse cardiovascular
events. The study showed that training Al, through deep learning, to observe information on
retinal scans, such as patterns, colors, and shapes, can be a determining factor for
understanding someone’s health.'* This groundbreaking discovery shows that not only can
Al provide quick data analysis, but it can also provide more pattern recognition and insight
that was previously not thought of. This applies to the secondary data review and the MIRA
process because it can investigate information and ideas previously not thought of at this
stage. If the Al is trained and has sufficient information, it could provide insights at the initial

stage, such as:

1- Outcome of the disaster/crisis.
2- Potential bottlenecks in the intervention.
3- Insights into the needs at an early stage.

4- The number of affected populations that need assistance.

The insights provided can be endless, with the right data and correct learning algorithms,
Al can potentially bolster the needs assessment process and help with a more data-driven

intervention approach.

6.4.3. Initial Situation Analysis Report

After compiling the data, the next step is to provide the initial situation analysis. This
analysis is used in Phase II of the MIRA and is the initial report about the ongoing situation.
The key components of the situation analysis report are the following: drivers of the
emergency, scope of the crisis, status of the populations, national and international response
capacities, humanitarian access, coverage gaps, and strategic humanitarian priorities.!!?
These factors contribute directly to inform strategic planning and funding appeals in the
initial stages and primarily serve as a foundation for more detailed assessments in Phase II.

Al can contribute to this regard by assisting in creating this document with the data inputted

111 Poplin, R., Varadarajan, A. V., Blumer, K., Liu, Y., McConnell, M. V., Corrado, G. S., & Peng, L. (2018).
Prediction of cardiovascular risk factors from retinal fundus photographs via deep learning. Nature
Biomedical Engineering, 2(3), 158—164. https://doi.org/10.1038/s41551-018-0195-0

112 Inter-Agency Standing Committee (IASC). Multi-Cluster/Sector Initial Rapid Assessment (MIRA) Manual.
2015. https://reliefweb.int/report/world/multi-clustersystem-initial-rapid-assessment-mira-revision.

53


https://doi.org/10.1038/s41551-018-0195-0
https://reliefweb.int/report/world/multi-clustersystem-initial-rapid-assessment-mira-revision

by the MIRA team during the initial phase. An example of this can be found in an Al named
Insight7. Insight7 is an Al-powered platform that is designed to assist in data analysis and
report creation. It is used by companies all over the world to help with bulk data processing,
automated transcription, and analysis, and finally for customizable reports.'*® While this is
not directly related to humanitarian action, tools such as this are available now to utilize for
different needs, depending on the sector, and can be customized to fit the needs of
humanitarian needs assessments. These tools will potentially utilize the MIRA team to have

more time for discussion and analysis rather than work on reporting.

6.5. Phase 11

6.5.1. Identification of Secondary Data / Initiation of Primary Data

The next phase of the MIRA assessment investigates the existing secondary data and
tries to find ways in which primary data will provide more information. The primary data is
gathered and collected in three distinct ways using qualitative data from: KII’s, direct
observations, and CDG’s. During this step, direct contact with affected populations and
visiting affected areas is used to try to grasp the problems that arise on the ground in the
disaster/crisis. Much of this data requires teams to be on the ground, consisting of security,
logistics, programme or MIRA teams, interpreters, drivers, and guides. These teams are
created to have fast and efficient interview processes and usually use mobile devices to ensure
the interviews go smoothly in the field. This could be achieved by utilizing smartphones or
tablets to input data, recording devices, or any other sort of hardware or software that can
assist in the data extraction process. These missions are typically rapid and must be precise
to avoid the need for revisiting the same issues. Efficient and timely interventions help save
a lot of time and resources. This can be due to factors such as security, time constraints,
access, and the urgency of needs of the affected population. With these constraints, missions
must be made to count, and every minute spent on any of these interviews needs to be very

carefully documented and include the necessary information.

113 Insight7, AI Tool For Interview Analysis & Market Research, (n.d.) accessed April 13, 2025,
https://insight7.i0/.
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Al can assist in this process. A study titled on NLP tackles this topic specifically
within needs assessments. NLP is a subfield of Al that enables computers to understand and
communicate using human language.'** This study investigates two main ways NLP can
assist in primary data, which are: information extraction and multilingual support.
Information extraction in this context means extracting information from unstructured data
and reports. This can be in the form of social media, SMS, and other forms of communication
between an organization and affected populations.'® This type of communication is optimal
in places where access is limited, and humanitarian organizations are unable to go to the field.
Furthermore, information extraction means extracting information from an interview
transcription, meaning understanding the meanings of the words and the actual needs. NLP
can assist in this regard because it can make sense of the interview, transcribe it, or find
patterns. Multilingual support involves having words in one language and changing them
into another without the need for translation.'® This is another use of NLP and could assist
in primary data collection by providing humanitarians with the necessary translation on the
spot. Additionally, there are tools such as TurboScribe an Al tool that can transcribe audio
and video using around 100 languages.'!’ These tools can also be used to increase the speed

of the process of primary data collection and can further assist the needs assessment process.

6.5.2. Joint Secondary Review / Joint Needs Analysis / MIRA Report

After the completion of the primary data collection and secondary data identification,
the second phase of secondary data review happens. This is due to the evolving nature of
disasters and crises, and further review will be conducted on the data. Furthermore, this is
the time for the joint needs analysis as the sectors will look at each of the priorities and
outcomes of the primary data collection and secondary data review. This step is crucial

because the outcome of Phase II is the MIRA report. The MIRA report should primarily

114 IBM, "What is Natural Language Processing?," IBM, accessed April 13, 2025,
https://www.ibm.com/think/topics/natural-language-processing.

115 Roberta Rocca et al., "Natural Language Processing for Humanitarian Action: Opportunities, Challenges,
and the Path Toward Humanitarian NLP," Frontiers in Big Data 6 (2023): Article 1082787,
https://doi.org/10.3389/fdata.2023.1082787.

118 Thid.

117 TurboScribe, “FAQs,” (n.d.). accessed April 14, 2025, https://turboscribe.ai/#fags.
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provide the strategic humanitarian priorities for the disaster/crisis that is ongoing, informed
by the joint needs analysis. The analysis and reporting segment of this joint analysis can also
be done with the help of Al. As mentioned before, Al can analyze unstructured data and
provide reporting mechanisms to speed up the process. This will ensure that the MIRA team
has the capacity and capability to provide the MIRA report on time. Their main job with Al-
enhanced secondary review and needs analysis is to come to a consensus on the strategic
humanitarian priorities with all the information they have. Furthermore, as mentioned before,
Al can find links and create inferences that can be unnoticed by humans in different ways.

This skill can enrich the MIRA report.

6.6. Phase 111

6.6.1. Identification of Cluster Needs / Gaps

With the start of Phase 111, and after the completion of the MIRA report, intersectoral
analysis and review become the top priority for humanitarian needs. The MIRA report
analyses the highest priority needs; however, in Phase III, clusters examine their specific
sectors to identify the most pressing needs. This can be in, for example, Water, Sanitation
and Hygiene (WASH), the sewage system not working in a specific location, or the lack of
access to hygiene products. Each cluster will have its own needs to assess and will require
further needs assessments or a different outlook on the already existing primary and
secondary data. To better represent clusters, this figure illustrates the clusters found in an

emergency:
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Figure 1: Cluster System UN (Source: UNHCR. “Cluster Approach.” UNHCR Emergency Handbook. Accessed April
17, 2025. https://emergency.unhcr.org/coordination-and-communication/cluster-system/cluster-approach.

The primary imperative of the cluster approach is to have each cluster coordinate
within their cluster to find the most pressing needs. This means that from Phase I and Phase
II needs, humanitarian organizations have a much more in-depth analysis of the disaster/crisis
to find ways to alleviate the suffering for their respective cluster. Going into Phase 111, these
assessments become more nuanced. Each cluster operates in a different way from other
clusters, each having its own standard operating procedures (SOP). During this time and
analysis, the clusters hold meetings, prioritize questions they need to answer, and tackle the

most pressing issues found in their cluster.

When it comes to Al and how it can assist in cluster needs and coordination, there are
several ways in which it could be of assistance. Most of the clusters operate with their SOPs,
however, Al can bridge the gap in communication and coordination. Tools such as DEEP,
which was mentioned before, can help in significant ways. Clusters conduct meetings, and

meetings would require minutes to be written. This process can be automated with Al to help
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prioritize the needs and assist clusters in that regard. Communication between clusters, if
they have a shared workbook or work files, can become easier to compile with Al. The
already existing tool of Humanitarian Data Exchange (HDX) by OCHA is a great place to
start, as it aggregates and shares data with organizations. Furthermore, it creates and
customizes dashboards that can be used by humanitarians.'!® However, this tool is not Al-
powered, but it can create a foundation for integrating other Al applications that can inform
the process. An important factor about HDX is that it has some limitations. Firstly, HDX does
not have real-time data, which is due to organizations not uploading the data in a timely
fashion to the platform. Another issue is data fragmentation, which is that data may be
uploaded more than once by different agencies, which can lead to duplication and
inconsistencies. Additionally, although HDX is a good data centralization tool, it is not a
good analysis tool, which makes it lack the imperative of having a holistic data approach.
Some of these issues remain due to the lack of initiative from organizations, such as correctly
uploading data and coordinating within their cluster on who uploads the data. These issues
Al cannot be of assistance with. However, with the issue of data analysis, Al can help in
analyzing the data on the platform. Specific AI and ML algorithms can be implemented for
HDX to better help with data analysis in the long run. This can lead to the tool becoming a
more effective tool to be used by humanitarians to centralize and analyze data. Furthermore,
this tool can reduce costs for organizations by minimizing the need to invest in similar tools

individually.

6.6.2. Primary & Secondary Data Collection & Review / Sectoral Reports

As the needs assessment process continues, we can see a pattern of primary data
collection and secondary data review. This happens in each of the steps in the needs
assessment in the MIRA and HNO methodology to keep human needs at the center of their
approach. As mentioned in the Phase II analysis before, we can see that Al can assist in
secondary data review and primary data collection in various ways. There is no specific
sectoral insight that will differ in this regard, however, as previously mentioned and due to

each sector having vast differences and highly specialized experts, Al can learn from expert

118 OCHA. (n.d.). Humanitarian Data Exchange (HDX). Retrieved April 17, 2025, from
https://data.humdata.org
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experience in clusters and provide a more insightful approach to the analysis. Furthermore,
regarding the sectoral reports as mentioned above, there are a multitude of ways that Al can
assist in the reporting process and reporting procedure. This will in turn focus the attention

on greater detail on the review, analysis, and insights from the clusters.

6.7. Phase IV

6.7.1. Identification of Recovery Needs

Phase 1V is the final phase of the MIRA and HNO methodology. Phase IV focuses
primarily on finding durable and sustainable solutions to the disaster/crisis at hand. This will
shift the focus from the immediate needs emphasized in Phases II and III, and focus more on
rebuilding and restoring. The premise of identification of the needs assessment is much
different than the premise of the identification of recovery needs. This phase could require
different secondary data and primary data, which will in turn trigger another needs
assessment. In recovery needs assessments, Al can also assist in data analysis and during the
needs assessment. In the stage of recovery, much more coordination is done with the
government of the country that requires it. With that identification of recovery needs can be
deduced from previous needs assessments with the help of Al It can provide the necessary
analysis to understand ways forward to provide an understanding of the new recovery needs.

This can be valuable knowledge to find the main recovery needs for the affected community.

6.7.2. Joint Updated Needs Analysis

When the situation requires an additional needs assessment, with a greater focus on
recovery, a new needs assessment should be conducted. The premise of this needs assessment
could be quite different from only interviewing the affected population because their primary
focus could be on their household needs or neighborhood needs; thus, the recovery needs
assessment takes a wider approach to investigate the affected area as a whole. This is
achieved through a thorough analysis of the physical needs, such as infrastructure, buildings,
and roads, or economic needs such as job creation, cash needs, and other important needs for
the community of affected population to return to normalcy. Thus, most of the needs
assessment could be conducted with the government and municipalities found in this area,

which will involve a more critical approach to the rebuilding of this area. All these factors
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vary greatly from the previous needs assessments and need to be addressed by humanitarian
actors on the ground. Thus, with Al, it could additionally assist in the previously mentioned
ways. Al can help with interviews with government officials in transcribing, NLP, and
translating. Furthermore, it could assist in analyzing and prioritizing the recovery needs of
the community, with the help of secondary and primary data. These can help in providing the
necessary needs for the community and assist in meeting the recovery needs. However, it is
important to highlight that recovery needs are not as pressing as initial life-saving needs,
showcasing that the time that the Al can save in this step is much less impactful than the time
it can save in Phases I and II. Al in this step can give a different outlook on ways to assist in

recovery, which can prove to be vital in times of need.

6.7.3. Recommendation for Operational Adjustment / Gap Analysis Report

The last step of Phase IV is to provide a gap analysis report, which is used to see if
any operational adjustments need to be made. This report is imperative to drive further
intervention by the humanitarian actors to assist the affected population in a disaster/crisis.
Al can assist with creating recommendations for operational adjustments and a gap analysis
report to have a holistic view of the whole disaster/crisis. This is achievable by data analysis
of the overall intervention and recovery needs assessment, which will lead to an
understanding of the operational adjustments that can be initiated and give recommendations
for further intervention. However, Al is not an imperative during this step as the factor of
time is not highly relevant in this step. The Gap Analysis report solidifies the
recommendations for operational adjustments and further informs the humanitarian actors
working in the crisis. Al can assist in creating this report with the correct inputs to speed up
the reporting process. This can be important to have time to send this report to relevant
stakeholders and inform donors on the possibility of extending the scope of intervention. This

can be imperative in speeding up the recovery and expansion of humanitarian intervention.

Al’s intervention in the MIRA and HNO methodologies shows significant promise.
From data analysis, NLP, and report writing, Al has the potential to greatly improve the way
needs assessments are conducted. This chapter showcased the intricacies of how effective Al
is when it comes to providing aid to the needs assessment process. Furthermore, Al’s

improvement in these steps is quite widespread, showcasing how many ways it could be of
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assistance. However, these are not the only ways in which it can potentially help, but rather

a small example of ways it can.
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7.1.

Chapter VII: Al and Traditional Methods

Comparison

After completing each stage of the MIRA and HNO methods and their relation to

implementing Al in their scopes, the main purpose of this chapter is to compare the binary of

the following: Is Al better than or worse than traditional methods as per the assessment

criteria? Table 3 shows each section and the main better than or worse than between Al and

traditional methods. The indication of a “v”” indicates which method is better at each of the

parameters used for testing efficacy. The analysis that will be followed is based on the

previously mentioned reasoning in the methodology. The parameters that will be used are

highlighted below:

1-

Efficiency: This parameter refers to the speed and resources needed for the needs
assessment. This can mean the time required to collect, analyze, and report data. This
can additionally mean the time saved to avoid duplication, analyzing data, and
information.

Accuracy: Accuracy is the reliability and validity of the information collected and
how well it reflects the needs on the ground. This can mean error rates and consistency
of findings.

Scalability: This measures the ability of this method to be expanded and replicated in
other areas with different populations. Furthermore, this measures the ability to
achieve the same results without a considerable increase in resources.
Cost-effectiveness: This parameter measures the balance between financial inputs and
final outcomes and how economic this method is. This can include parameters such
as direct costs (staff travel, logistics) and indirect costs such as time delays and
inefficiencies.

Ethics: This evaluates how the different methods respect data protection, consent,
inclusion, and accountability. Other ethical considerations include respect for

humanitarian principles and the principle of “do no harm”.
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Table 3: Comparison of Traditional Methods Vs Al

Needs Assessment
Process

Efficiency

Accuracy

Scalability

Cost-
effectiveness

Ethics

Traditional / Al

Traditional

Al

Traditional

Al

Traditional

Al

Traditional

Al

Traditional

Al

-Phase |

Early Warning Signs

v

New reports / Information
Reports

Phase |

4

Establishment of Scope,
Scale, and Timeline

5

Initial Secondary Data
Review

6

Initial Situation Analysis
Report

«

«

&

<

Phase 11

7

Identification of
Secondary Data

8

Initiation of Primary Data

9

Joint secondary data
review

10

Joint needs analysis

< < |« «

11

MIRA Report

N EN IEN BN IR

N EN IEN BN IR

N LIRS BN IR

<<« [«] «

Phase 111

12

Identification of cluster
needs/gaps

&

<«

&

13

Primary & secondary data
collection & review

14

Sectoral Reports

Phase 1V

15

Identification Recovery
Needs

16

Joint updated needs
analyses.

17

Recommendations for
operational adjustment /

Gap Analysis Report

Referring to table 3, we can see that each of the proposed stages of the needs

assessment Al can greatly assist with are marked with a checkmark for Al, and stages where

Al’s intervention into the needs assessment is not needed or will not render great

improvement are marked for the traditional methods. According to the parameters and

63




processes presented in the table above, Al can enhance needs assessments by 77.5%. The

below section will expand on the rationality of each of the parameters.

7.2. Needs Assessment Processes
Early Warning Signs

Early warning signs employ a variety of methods, including flood detection systems,
GIS systems, and other systems. These systems function independently and are capable of
providing various indicators to facilitate the identification of potential disasters. The
utilization of Al has to potential to enhance their efficiency, primarily due to the capacity of
Al’s “learning”. This process enables improvement of their accuracy as Al can access data
from various sources, triangulate the data, and thereby enhance its efficacy. Furthermore,
Al’s scalability with these systems can be groundbreaking, as it can process a high volume
of data, enhancing early warning signs if given the proper training and data. In terms of cost-
effectiveness, traditional methods are more economical and generally yield satisfactory
results for their investment. The implementation of Al would necessitate a substantial
investment to ensure cost-effectiveness over the long run. However, the incremental change
in this issue is likely not that high due to the existence of early warning systems that do not
require Al integration. In the context of ethical considerations concerning early warning
signs, the traditional methods demonstrate a significant ethical decorum compared to Al-
assisted interventions. This is primarily attributed to the reduction in data distribution, which

consequently ensures enhanced data protection.

News Report / Information Reports

In the initial phases of the needs assessments, news reports and information reports
play a pivotal role. With regards to efficiency in searching and sorting news reports, Al proves
to be much more advanced than traditional methods in any information that can be found in
text, online, or other formats. However, for classified information that is not public, Al will
be worse than traditional methods. In terms of accuracy, artificial intelligence has
demonstrated proficiency in the classification of diverse news and report content based on
their significance. Additionally, Al has the potential to validate the data through triangulation

to compare multiple sources simultaneously. Furthermore, the scalability of Al is a significant
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advantage, as it can implement the same methodology regardless of the context. The cost-
effectiveness of Al is further supported by its potential for implementation in multiple
contexts, thus reducing costs. In the context of ethical considerations, traditional methods are
usually regarded as more ethical than AI methods. This is due to the potential for data
protection breaches if classified information is leaked, which is a significant concern in the

field of humanitarian needs assessments.

Establishment of Scope, Scale, and Timeline

Understanding the scope, timeline, and scale of a crisis is currently better achieved
through traditional methods among humanitarian actors rather than through Al-based
approaches. The limited contribution of Al in this process is that the scope, scale, and timeline
will be primarily determined by government entities, humanitarian organizations, or funding
capacities. Additionally, Al lacks effectiveness in achieving accuracy at this stage. This is
attributable to AI’s limitation to infer the dynamic on-ground activities and to see the scale
and contribution that can be attributed to that. Scalability in this process is also going to be
skewed towards using traditional methods, as most contexts require specific parameters and
differ depending on those factors. As the implementation of Al in this specific process is not
warranted, it is less cost-effective than the traditional methods. Furthermore, the ethical
considerations of the implementation of Al to try to understand the scope, scale, and timeline
of a sudden onset disaster/crisis are unlikely to yield significant benefits. This is since it is
not advisable to disclose the details of such meetings due to concerns regarding data privacy.
This step highlights that the imperative of planning must be developed through the traditional
method to ensure the implementation of a robust strategy for addressing any potential disaster

Or Crisis.

Initial Secondary Data Review

As part of the MIRA method, initial secondary data review is an important step in
determining what is unraveling in the field. The efficacy of Al in this regard is notable. When
provided with accurate information, Al can analyze data, compare it with other data, and
summarize the most significant factors. Furthermore, Al surpasses traditional methodologies
in accuracy because it can verify information, data, and further measure the data’s accuracy

based on source strength. Scalability is an additional key strength, as it can be implemented
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in a wide range of contexts. With traditional methodologies, data analysts from different
contexts will have different ways of analyzing data. Al in this regard can unify the data
analysis component. The utilization of Al is often more cost-effective because it can be
employed in multiple contexts. However, ethical considerations predominantly support
traditional methods due to significant data protection concerns and accountability issues with

Al

Initial Situation Analysis Report

As previously stated, Al has demonstrated superior efficiency, accuracy, and
scalability in reporting over traditional methods. This can be attributed to AIl’s capacity to
learn nuances of report formulation and replicate them with the data at its disposal.
Furthermore, these previously mentioned characteristics are also attributed to making Al
more cost-effective, reducing the number of team members necessary to produce a report.
Additionally, when it comes to ethical parameters, Al is more likely better suited to address
this step as reports are usually shared among stakeholders and the public alike. This usually

mitigates the concern of AI’s data protection issues, specifically in report generation.

Identification of Secondary Data

In the step of secondary data identification, Al can provide sources of secondary data
in an efficient and calculated manner. This can be achieved through browsing the internet
and highlighting key sources. Furthermore, its data can be more accurate due to the
triangulation of the data that is provided by the sources. This mechanism can ensure that the
data is accurate and dependable. Moreover, the scalability of Al in identifying secondary data
will improve over time as Al models are trained, which can enhance further implementation
in various contexts. Al’s cost-effectiveness stems from its versatility, which contributes to
the fact that it can be used in various contexts. This can save time and effort in identifying
secondary data sources. In comparison to traditional methods, Al is less ethical as data

confidentiality and privacy could be breached by implementing an Al.

Initiation of Primary Data

Primary data is the foundation of needs assessments. Al can have various effects on
the efficiency of implementing primary data through transcribing interviews, NLP, and

translating interviews. Furthermore, with more advanced models of Al, the accuracy of
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translating and transcribing will be remarkably accurate, which in turn facilitates easier
primary data collection for the on-ground teams. Furthermore, the scalability of Al is
noteworthy, as it can learn a multitude of languages and know how to translate and transcribe
them. Additionally, the cost-effectiveness of implementing Al in such contexts has the
potential to reduce the cost and decrease the time it takes to hire interpreters. Finally,
traditional methods are generally considered safer and more data-sensitive than Al-based
approaches. This is since traditional methods typically involve the use of recording devices,

human translators, and standardized documentation tools such as Microsoft Word.

Joint Secondary Data Review & Joint Needs Analysis

These two sections are conjoined because their primary function is relatively
comparable, which is to analyze secondary data and primary data collected on the field. When
investigating efficiency, Al is better equipped than traditional methods to provide analysis
and review, as previously stated. Accuracy is additionally Al-favored because Al is very
effective at ensuring all information that it has is recognized. Furthermore, Al is cost-
effective and scalable as it can be implemented in multiple contexts, demonstrating its cost-
effectiveness in the long run. In terms of ethical considerations, traditional methods have a
clear advantage. The analysis and review process may involve sensitive information, such as
interviews with affected populations. Additionally, the analysis may be subject to bias due to

the inherent biases of Al
MIRA Report

Regarding the MIRA report, please check “Initial Situation Analysis Report” as it
provides the same reasoning for the scoring between Al and traditional methods. In essence,
if Al can learn what you need to do in a specific report, it can generate a multitude of those

reports to help in report writing and decision making.

Identification of Cluster Needs / Gaps

Cluster needs and gaps are the next phase of the HNO review process and provide for
a much more in-depth approach and analysis to the MIRA review process. This phase is
characterized by a marked shift towards a more profound level of inquiry and analysis, in

comparison to the MIRA review process. The primary objective of this stage is to deliver a
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data-driven understanding of the gaps in response and cluster needs. Al is more efficient in
this process due to Al’s insight into the needs assessment process. A method to implement
this is through reinforced learning with the EAML method to better understand the cluster
needs and apply them to the current context. In terms of accuracy, traditional methods have
proven to be superior, primarily due to the extensive expertise of cluster members in their
respective subfields. The viability of Al is predicated on its scalability and cost-eftectiveness,
which are enabled by its adaptability across different contexts. Ethical considerations are

primarily traditional methods favored due to data privacy and information security concerns.

Primary and Secondary Data Review and Collection

In essence, this process is similar to the process mentioned above, “Joint Secondary
Data Review & Joint Needs Analysis,” and thus the rationale provided in that process is
identical to this process. The primary difference is that the data review and collection are

based on a cluster structure, ensuring that each cluster functions within its specific workflow.

Sectoral Reports

Similar to the “Initial Situation Analysis Report” processes, sectoral reports follow
the same rationale as the initial situation analysis report when comparing Al and traditional

methods.

Identification of Recovery Needs

The identification of recovery needs is grounded on the same rationale as the
“Initiation of Primary Data” process. The fundamental distinction in this stage is the shift of

emphasis from immediate needs to recovery needs.

Joint Needs Analysis

In the joint needs analysis section of the recovery needs, the main objective is to
formulate an exit strategy for humanitarian actors. This step will include primary and
secondary data that was collected in the previous step and has been collected from the start
of the MIRA process. The utilization of Al can facilitate this process by ensuring a holistic
approach to the joint needs analysis. This will enhance efficiency and provide a much more
accurate representation of the needs. Furthermore, the scalability of Al and its cost-

effectiveness are contingent on its ability to be implemented across contexts. Finally, from
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an ethical standpoint, traditional methods are preferable because they provide fewer data

protection concerns and promote accountability.

Recommendations for operational adjustment / Gap Analysis Report

Upon completion of the analysis, the output should include recommendations for
operational adjustments in the form of a Gap Analysis Report. In this regard, the same
rationale highlighted above in the “Initial Situation Analysis Report” is applicable here. The
main difference in the Gap Analysis report is that it offers supplementary intervention tools

for humanitarian actors and other relevant stakeholders.

Traditional methods provide pivotal roles in the needs assessment process and are the
prevailing approach. They are often more ethically grounded than Al-assisted methods.
However, Al shows strong potential in improving efficiency, scalability, and cost-
effectiveness. It performs well in data analysis, reviewing secondary sources, helping in
primary data collection, and report writing. Nevertheless, its application must be restricted
and limited in sensitive areas. Ethical risks, especially around data privacy, also need to be

considered.
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8.1. Chapter VIII: Analysis

This chapter builds on the comparative findings outlined earlier, reflecting on how Al
can be used to shape humanitarian needs assessments. Rather than viewing Al and traditional
methods as opposing paradigms, this analysis will highlight the complementary perspectives
of both methods and show the unique strengths of each. Through the same comparative lens
and conceptual framework, this chapter will highlight the broader implications of how Al can
enhance, not replace, humanitarian needs assessment frameworks. It will further include a

roadmap for implementation of Al in humanitarian needs assessments.

8.2. Efficiency

As observed in the previous chapter, Al has an undeniable advantage in data
processing, which enables quicker identification of needs in dynamic crises. This not only
shows speed, but rather the amount of data that Al can process at scale, which traditional
methods struggle to do. However, this does not necessitate that traditional methods are
ineffective, but rather that they require more labor-intensive work than AI’s methods. AI’s
efficiency can provide humanitarian actors with less pressure, especially in times of needs
assessments, which will allow humanitarian actors to focus on qualitative work, strategies,
and implementation efficiencies. An example of this would be for Al to provide a quick
situational overview that can enable the MIRA team to focus on assessment and on-ground
operations. This coordination will enhance the overall effectiveness of the needs assessment

framework and does not deny the fact that traditional methodologies are still very relevant.

8.3. Accuracy

Al’s accuracy, especially powered by NLP and satellite imagery, can improve the
precision with which we detect emerging trends and provide a better preliminary assessment.
This can be especially useful in rapidly evolving disasters/crises and even in remote areas
where the need for this technology can be a daily need. But the key here is that traditional
methods are harmonious with direct engagement. This can be seen with key informant
interviews and field observations, which capture the lived experience and the contextual
differences between each disaster/crisis that algorithms can miss. Accuracy in this case

cannot be just a technical issue, but rather a human issue as well. Combining Al’s data
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processing with contextual traditional methods of needs assessment comprises a more
nuanced approach where Al provides more scope and traditional methods provide more depth

that cannot be captured by algorithms.

8.4. Scalability

The scalability that Al provides is quite rapid, which can transcend geographies and
provide for all different contexts. It has been shown that it can contribute to the reduction in
duplication, speeding up early warning systems, assisting in data analysis, and improving
real-time data accessibility. Yet Al cannot replace existing assessment structures, rather, this
scalability can be harnessed to extend the reach of assessments across different regions and
geographies. In this case, Al could pre-identify areas of need or likely need, which can allow
humanitarian organizations to prioritize and perform an in-depth needs assessment. With this
approach, humanitarians can still have the contextual advantage on the field, while benefiting
from the Al system’s monitoring and analysis. This creates a bond between both

methodologies to enhance their effectiveness and showcases what the new humanitarian era

could look like.

8.5. Cost-Effectiveness

AT’s cost-effectiveness stems from the repetitive use and long-term benefits that Al
technologies can provide. This is achieved through reducing redundant and repetitive tasks
and reducing resource-intensive assessments. Al can provide an optimization of humanitarian
resources, providing humanitarian organizations and practitioners with more freedom to
provide a strategic and helpful contribution to the affected populations that they serve. Al can
further reposition the needs of humanitarian agencies, rather than having a role dedicated to
a very repetitive task of data entry, humanitarians can have more time to analyze and provide
real action to the communities they serve. This will create inclusive innovation with

humanitarians at the forefront rather than exclusion from key responsibilities.

8.6. Ethics

Ethical considerations in the use of Al in humanitarian action have a lot of merit. Al
can potentially reinforce some ethical conundrums, such as data bias, explicability, and
techno-solutionism. It can be difficult to enforce a decision made from start to finish by an
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Al that provides for affected populations. This provides a hurdle for ethics and Al to be
incorporated. However, some ways could work around this. Firstly, one way is to provide Al
with minimal tasks, tasks that would require tedious work but with very little outcome. This
can provide for a much less invasive Al integration into needs assessments. Secondly, Al can
be taught through methods of EAML to ensure that it can have an ethical standard. This will

improve the explicability of Al and increase trust in Al use.

Building upon ethical considerations is the issue of informed consent. Informed
consent is not as simple as requiring permission, rather, it is how affected populations
understand how their data is being collected and used, with the potential risks involved. This
concept can become difficult because of the nature of humanitarian settings with language
barriers, lack of digital literacy, and power dynamics between organizations and affected
populations. This issue furthermore has two distinct phases: the pre-implementation of the
Al system phase and the post-implementation Al system phase. In the pre-implementation
Al phase, the machine learning process requires large sets of data, which, if it were
confidential and it was not specified that this data would be used for “Al training purposes,”
could be a breach of data confidentiality. This will hinder the AI’s ability to be trained in a
meaningful way. Furthermore, the post-implementation phase must provide adequate
informed consent on the data being collected. This is because some of the data that can be
collected is through social media activity, locations, biometric data, or interview
transcription. To counter this, it is imperative to ensure that Al-supported needs assessments
integrate mechanisms for consent, which include clear communication about data usage and
practices in a language and setting where objections do not have negative consequences on
affected populations. Furthermore, consent for training data must be communicated with the
affected populations in a meaningful way that can provide them with the option to omit their
data from the training data. Ultimately, informed consent is about building trust and
legitimacy between the affected populations and humanitarian organizations and is an
ongoing process to provide the utmost care for affected populations. Without informed

consent, Al will risk undermining the populations that it aims to serve.
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8.7. The Way Forward for the Humanitarian World

The integration of Artificial Intelligence into humanitarian needs assessments reflects
a symbiotic relationship in which technological innovation and humanitarian needs
complement one another. Drawing on Mario Coccia’s analysis of innovation as a response to
societal challenges, Al can be seen not as a replacement for traditional assessment
methodologies, but as a complementary force that evolves said methodologies. This
evolution is in response to the humanitarian sector’s growing demand for speed, accuracy,
cost-effectiveness, and scalability. This interdependence highlights the potential of Al not
merely as a tool but as a partner in reshaping how humanitarian needs are identified,
prioritized, and addressed. Furthermore, AI’s use in humanitarian action can be considered
the adjacent possible. In this regard, Al is a current technology that can be expanded to reach
the humanitarian sector, and the sector could potentially emerge changed and better. This lens
can shed light that Al is not merely enhancing the process but rather expanding the boundaries
in which needs assessments are possible. Al can unlock new capabilities, pushing
humanitarian operations into new adjacent possibilities. Through the adjacent possible, the
humanitarian sector can grow and evolve into new paradigms that have yet to be discovered.
It is primarily by pushing the boundaries of current methods and exploring emerging

possibilities that such paradigm shifts can occur.

As part of the assessment of Al in needs assessments, it is important to roadmap a
way forward to proceed with the implementation of Al in humanitarian needs assessments.
As previously mentioned, Al is already being piloted by humanitarian organizations through
a range of initiatives that illustrate some of the emerging possibilities at the intersection of
artificial intelligence and humanitarian action. It is of utmost importance to establish proper
safeguards and ensure effective implementation practices before proceeding with Al
implementation. Certain frameworks highlight Al, such as the Principle of the Ethical Use of
Artificial Intelligence in the United Nations System'*® and the AI policy by the International

119 United Nations Chief Executives Board for Coordination (CEB), Report on the Operational Use of Al in
the UN System, November 2024, https://unsceb.org/sites/default/files/2024-
11/Report%200n%20the%200perational%20Use%200f%20A1%20in%20the%20UN%20System_1.pdf.
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Committee of the Red Cross (ICRC).1? These policies and principles guide the ethical use
of Al and showcase the importance of Al governance. Although AI governance following
these policies is relatively broad, it shows an important aspect of humanitarian organizations
taking the initiative to provide actionable policies to guide the implementation of Al in

humanitarian action.

To implement Al in needs assessments, it needs to be through already existing
structures such as the IASC’s cluster structure, MIRA method, and HNO. This could be
achieved through a more abstract approach of using the traditional methods and Al
techniques simultaneously, where humanitarians can reliably confirm that the provided
output is close to the desired output from traditional methods. Al can be used in, for example,
secondary data collection since it has a lower risk of ethical exposure as opposed to primary
data collection and early warning systems, since in parallel, the already established systems
will also be working to provide that data. Furthermore, this methodology must be tested
across different humanitarian needs assessments to ensure its scalability and reliability across
different contexts. Another method to implement Al in humanitarian needs assessment is
through using machine learning in data analysis and data mining. This will be done through
using already existing structures such as HDX, which can provide a needed structure for
humanitarian data to be mined and understood by Al. This can improve AI’s interoperability
and improve genuine data practices. Furthermore, as noted by Coppi et al., Beduschi and
Pizzi, Romanoff, and Engelhardt, explicability, interpretability, and auditability are
foundational to the ethical implementation of AI. These principles not only promote
transparency and accountability but also contribute to the development of more robust and
trustworthy Al models, which are essential for their safe deployment in humanitarian
contexts. Al systems that lack these safeguards should not be used, as they risk harming the

populations they aim to help.

Another key approach to Al implementation is maintaining humans at the center of
the process, ensuring that Al serves to enhance, rather than replace, human judgment.

Moreover, this concern reflects the issue of techno-solutionism, as discussed by Beduschi,

120 International Committee of the Red Cross (ICRC), The ICRC's Policy on Artificial Intelligence, November
2024, https://www.icrc.org/en/publication/building-responsible-humanitarian-approach-icrcs-policy-artificial-

intelligence.
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which warns against the tendency to implement systems with the expectation that they can
single-handedly solve the nuanced and deeply rooted challenges faced in humanitarian
settings. Furthermore, an important aspect is the capacity building of humanitarian experts
to use such technologies with care. This can ensure better judgment and enables practitioners

to not only understand but also report if there is a problem with the Al system.

The Al systems lifecycle can be difficult to understand and comprehend for
humanitarians. Mostly, Al is created by tech companies, where Al experts create software
and provide it with testing parameters. It is imperative that the staff members or
representatives who will be the end users of this technology are included in the lifecycle.
Additionally, the same ethical standards that are applied to humanitarians must be applied to
the tech companies that will provide the system. This can be through internal policy or legal
mechanisms that ensure strict adherence to Al guidelines, guaranteeing that the utmost care
is taken when providing these services and systems. Furthermore, continuous cooperation
between the Al implementing company and the humanitarian organization must be strictly in
place to request updates and report bugs or issues with the software to ensure uninterrupted

acCcCess.

The integration of Al in humanitarian needs assessments offers a unique opportunity
to improve how crises are understood and managed. Al offers to complement rather than
replace traditional methods by offering speed, scale, and efficiency, where traditional
methods offer depth, contextual awareness, and ethical judgment. This system creates a more
balanced and effective approach to humanitarian needs assessments. Al can handle time-
consuming data tasks, which frees up time for humanitarians to focus on more concrete
strategic decisions and community engagement. However, some ethical concerns can be
addressed by ethical safeguards such as strong governance, informed consent, and capacity
building. This will ensure that Al is used safely and carefully, to is designed and implemented
in a manner that promotes the humanitarian principles. Working closely with tech providers

will ensure that these goals are met and Al can be safely adopted.
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9.1. Chapter IX: Conclusion

Integrating Al into humanitarian needs assessments marks a pivotal shift in
humanitarian response and evolution. This thesis explored AI’s potential role within the
MIRA and HNO frameworks, comparing the advantages of efficiency, accuracy, scalability,
cost-effectiveness, and ethical dynamics. This research has demonstrated that Al offers
significant promise in enhancing the speed and depth of data analysis. Furthermore, Al has
demonstrated its uses in early warning systems, supporting real-time decision making,
particularly in dynamic contexts. This showcased a significant difference between traditional
needs assessments, which are usually limited by time and resources. The findings also
emphasized that Al is not a replacement for traditional methods, but rather a powerful
complement to them. Where Al brings automation, speed, and insights, traditional methods
offer contextual understanding, strategic decision-making, and community engagement.

Enforcing a hybrid approach where both are integrated offers the best outcomes.

Ethical considerations remain a consistent theme throughout the thesis, from the
literature review to the analysis. Al’s potential data biases, explicability, and techno-
solutionism present genuine risks if implementation is not highly regulated. This therefore
shows that adherence to Al governance frameworks, such as those implemented by the UN
and ICRC, is pivotal. Humanitarian organizations should strive to create Al systems that are
explainable, transparent, and auditable. Beyond this, it is important to capacitate staff and
include them in the design of Al systems to help ensure that the proper safeguards are in place
for Al systems. Furthermore, a close collaboration and partnership between Al providers and
humanitarians is crucial to the upkeep of the system, ensuring that issues that arise are
considered. This method ensures the longevity of these systems, allowing humanitarians to

benefit from them over a longer period.

Implementing Al in humanitarian needs assessments requires a cultural and structural
shift. Al should be introduced and integrated through existing mechanisms such as the MIRA
and HNO methodologies, with an emphasis on using Al for low-risk high high-efficiency
tasks. Humanitarians must build internal capacities, establish proper safeguards and reporting

channels to ensure that Al is ethical for use in humanitarian contexts. The role of Al is
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ultimately to empower humanitarians and support already existing mechanisms to do what

they do, but better.

Given the rapidly evolving nature of Al and its growing use in the humanitarian
sector, further research is required to explore its efficacy and ethical implications. Field-based
research on its implementation, particularly in needs assessments, compared to traditional
methods, would broaden the horizon with implications such as community perception,
reliability, and performance. Additionally, there is a need to investigate different Al models
such as NLP, predictive analysis, and early warning systems. This research will potentially
be linked between computer scientists, humanitarians, and social scientists. This research can
be essential to guide the responsible use of Al in humanitarian action and further build trust

in Al systems that can work in the field of humanitarian action.
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