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WHAT IS IN THIS BRIEFING 
PAPER AND WHO IS IT FOR?
This briefing paper is funded by a grant from the 
UK Humanitarian Innovation Hub (UKHIH). UKHIH 
is funded by the UK’s Foreign, Commonwealth and 
Development Office (FCDO) and hosted by Elrha – a 
global humanitarian organisation and the UK’s leading 
independent supporter of humanitarian innovation and 
research. It is part of the initial background research 
and analysis for a year-long ‘Accelerated Innovation 
Collaboration’ to research, design and test collective 
crisis intelligence (CCI) solutions for community-based 
and first-line humanitarian responses. The partners in 
this project are Nesta and the International Federation 
of Red Cross and Red Crescent Societies (IFRC) Solferino 
Academy, with additional support from the Alan Turing 
Institute and the Digital Civics Centre (led by Open Lab 
at Newcastle University).

The analysis in this paper provides a conceptual 
framework for the efforts of our partnership to 
operationalise participatory AI approaches by designing, 
developing and testing collective crisis intelligence 
solutions with affected communities and frontline 
responders in Nepal and Cameroon Red Cross Societies. 
It accompanies our report: Collective crisis intelligence 
for frontline humanitarian response. 

We are publishing it for the wider humanitarian 
community and hope it can serve as a guide and 
inspiration for those responsible for developing and 
supporting AI solutions in humanitarian contexts. It sets 
out how participatory approaches for developing AI 
systems can be employed in the sector based on existing 
examples. Participatory design for AI development is 
still an emerging and nascent practice. As it matures it 
will be important for the sector to introduce additional 
regulatory measures as well as instilling a culture of 
responsible data practices and data literacy to ensure 
that the use of machine intelligence remains appropriate 
and aligned to core humanitarian principles.
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Introduction

In 2016, the World Humanitarian Summit’s Grand Bargain alliance 
committed to a ‘participation revolution’. The subsequent emphasis on 
localisation within the sector has sought to shift the balance of power in 
favour of crisis-affected communities. Despite this, in most cases, local 
actors remain far from decision making when it comes to the design and 
delivery of humanitarian interventions.

By the end of 2020, more than a third of the 
signatories of the Grand Bargain alliance had 
missed the target of allocating 25 per cent of 
funding locally,1, 2 while a research mapping 
and prioritisation exercise by humanitarian 
innovation funder, Elhra, revealed that only 33 
per cent of all innovation projects and 57 per 
cent of all research projects consulted with 
members of affected communities during the 
development of an output. For emerging digital 
innovations, the challenges of community 
participation can be made worse by low 
digital and data literacy or failures of technical 
infrastructure.3 

At the same time, humanitarian interventions 
are increasingly supported by data-driven 
solutions and there is growing interest in 
predictive or decision-support methods powered 
by artificial intelligence (AI) technology.4 As 
we and others have outlined, these types of 
approaches can be powerful tools for the 
humanitarian sector to draw on.5, 6 At their best 
they enhance the speed, scale and processing 
capabilities of anticipation and response to 
crises. But they also pose new risks to the rights 
and freedoms of the communities who are the 
recipients of humanitarian aid and threaten 
to reinforce the power imbalances that have 
shaped past humanitarian interventions. 
In addition, discussions about the ethics of 
using social media, mobile and other data 
from vulnerable crisis-affected communities 
to understand crises as they unfold are still 
underdeveloped.7 

We stand at an important moment in time: 
there is a unique opportunity to unite the 

participation agenda with the development 
of new AI-enabled humanitarian interventions 
drawing on the foundational principles 
of participatory design of technology. 
Starting in the 1970s, participatory design of 
computational systems intended not only to 
improve the usability and accuracy of emerging 
technologies but also to provide a new process 
for democratisation and dialogue in society. By 
foregrounding discussion of stakeholder values 
and the conflicting priorities of different groups, 
resulting tensions were treated as resources of 
design rather than viewed as an inconvenient 
threat. These principles are not new to the 
humanitarian and development sectors – being 
reflected in the Participatory Learning and 
Action approaches of the 1990s. However, they 
have not yet been applied to the way the sector 
designs or develops AI solutions. 

In this working paper, we have mapped out the 
current approaches to participatory design of AI 
systems from the nascent field of participatory 
AI,8 and explored how these approaches may 
be adapted to a humanitarian setting to design 
new ‘collective crisis intelligence’ (CCI) solutions. 
We define collective crisis intelligence as 
the combination of methods that gather 
intelligence from affected communities and 
frontline responders with AI for more effective 
crisis mitigation, response or recovery. We 
hope that by returning to the emancipatory 
roots of participatory design, these approaches 
can offer a practical solution to the tensions 
between localisation, meaningful participation 
and the increased use of AI across the 
humanitarian sector. 
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Participatory artificial intelligence or participatory machine learning 
in their broadest sense refer to the involvement of a wider range of 
stakeholders than just technology developers in the creation of an AI 
system, model, tool or application. As a field, it sits within the broader 
category of participatory design of technology. 

There is growing interest in using participatory 
approaches for the design, development 
and evaluation of AI systems across industry, 
academia and the public sector. This area of 
scholarship and practice has emerged from 
the AI ethics and design research communities 
in response to growing concerns about the 
limitations of AI systems and the harms they 
cause.9, 10 

In this paper we refer to AI using a range 
of terms that includes models, algorithms, 
tools and systems. We define AI as intelligent 
technology systems that react to inputs from the 
environment to make decisions or take actions 
that can affect that environment. This includes 
everything from the back-end algorithms that 

power Google’s search engines and voice 
assistants on smartphones to AI-powered 
hardware systems like robots and drones.11 

Participatory design has been suggested as 
a way of operationalising the multiple ethics 
frameworks, guidelines and principles to ensure 
a more responsible approach to AI.12, 13 The 
paradigm of participatory design for technology 
was originally created to distribute power 
when emerging computational systems were 
developed and used. The field was spearheaded 
in the 1970s by researchers in Scandinavia who 
used participation to ensure that the resulting 
tools reflected the needs and values of the 
people and groups using or impacted by the 
use of technology.14 

Participatory AI has drawn on a range of different theoretical framings within the broader 
category of participatory design. These paradigms influence the choices that practitioners make 
with respect to methods and the overall design of the participatory process:

a. Human and user-centred design15, 16 where 
solutions are developed to meet the needs 
of end users in specific contexts. 

b. Value-sensitive design,17, 18 that emphasises 
human values of different affected 
stakeholder groups throughout the design 
process. 

c. Human-in-the-loop machine learning,19, 20  
which focuses on creating accessible user 
interfaces that enable non-experts to 
interact with and test machine learning (ML) 
models. 

d. Participatory modelling,21 where 
computational models of real-world systems 
are co-created with input from different 
stakeholder groups to facilitate discussion 
and planning.

e. FAccT agenda,22 that foregrounds fairness, 
accountability and transparency as core 
principles in the design of socio-technical 
systems. 
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Currently, using participatory methods to shape 
the development of AI technology is still far 
from the norm.a Most existing case studies of 
participatory AI have focused on time-limited 
engagements, where participants contribute to 
just one part of the technology development 
pipeline. We found fewer examples of a more 
comprehensive approach to participatory 
design where stakeholders are involved 
from concept design all the way through 
to governing the resulting AI system post-
deployment.23 There was also little evidence 
of real-world examples where participatory 
approaches helped to negotiate value 
tensions and competing interests of different 
stakeholders impacted by AI.24 

To date, the practice of participatory AI has 
been driven by academics, who sometimes work 
in partnership with community organisations, 
foundations or private companies. Although 
major technology companies, notably Google 
and Microsoft, have also started to explore 
participatory approaches, in most cases, they 
still ‘design for’ not ‘with’ users and affected 
stakeholders. This often means that the 
communities affected by the system have little 

scope to influence the problem selection or 
determine the process. 

We found almost no examples where 
communities or stakeholder groups who would 
be directly impacted by the use of an AI system 
were involved as ‘co-creators’ at any stage 
of model development. Our research showed 
that co-created projects were typically a 
collaboration between technical teams and 
the frontline-users of the model. This finding 
foregrounds the challenge we are likely to face 
when trying to apply participatory AI methods 
in the context of CCI – namely the lack of good 
practice and evidence around the efficacy of 
different participatory approaches.

Previous work has highlighted the crowd labour 
dependence of supervised machine learning 
approaches.25, 26 We distinguish between the 
default ‘participation’ of crowdworkers27 in the 
creation of AI systems to serve existing systems 
of power28 and participatory AI approaches, 
where participation is motivated by improving 
outcomes or usefulness of the tool for frontline 
users and those impacted by the decisions of 
the AI in question.b 

a. Particularly when considering participatory AI projects as a proportion of the total number of AI systems being developed 
worldwide.

b. The boundary between these modes of engagement is not always clear: participatory design projects with deep community 
engagement sometimes remunerate community members in recognition of their expertise and other projects may use 
hybrid models where they engage both local and distributed volunteers.



8

A framework for 
operationalising 
participatory AI

02  



9

Based on a rapid analysis of existing participatory AI case studies and 
the academic literature, we have proposed a new framework which 
identifies the multiple opportunities for participatory approaches to 
inform the design, development and implementation of AI solutions. 

Box 1: Five key design questions

Who defines the process and what counts as 
success?

Whose participation is required?

What is the intent behind participation?

How will participants be rewarded?

What is the process for closing the project?

The framework highlights the different purposes 
of participation at each stage of the AI 
pipeline and suggests methods that may be 
used to achieve this. Not all opportunities for 
community participation will be, or will need 
to be, incorporated for the development of 
every single AI solution. Some solutions may 
incorporate participation at just one or two 
touchpoints in the AI development process, 
while others may seek a more comprehensive 
approach to engagement. 

The opportunities suggested (green circles in 
Figure 1) have been drawn from existing case 
studies of participatory AI initiatives, which 
are cited as examples. The framework focuses 
specifically on the potential participation of 
frontline users and communities affected by 
the use of the tool or the problem that it has 

been developed to solve. It is non-exhaustive. 
As the field matures we expect the methods 
used in participatory AI will expand beyond 
those currently covered by the framework. We 
look forward to engaging with this emerging 
practice to help build an evidence base for 
what works as part of our ongoing research into 
collective intelligence for better AI.29 

For now, we hope practitioners can use it 
as a starting point to help them plan their 
own participatory approaches in response 
to the challenges posed by AI technology. 
We recommend using the model in Figure 1 
alongside the classification of the different 
levels of participation in the pages that follow 
and the design questions in Box 1 (see Part 4 for 
detail). 



10

Figure 1: A framework for operationalising participatory AI

Collaborative problem framing with frontline users 
and/or affected stakeholders ensures AI addresses local

 needs e.g. Sepsis Watch, Participatory Modelling

Ethnographic methods with affected communities
 gathering insights from lived experience

 to suggest relevant data e.g. Project Jetson

Ongoing oversight of AI and complaint mechanisms 
by frontline users and communities to enable

 long-term governance e.g. ORES

Frontline workers guide data collection
 and curation process e.g. Sepsis
 Watch, Participatory Modelling

Communities create datasets for 
low-resourced topics e.g. ORBIT, 
Masakhane

Open crowdsourcing and
 communities of practice to create

 more diverse and accurate data
 e.g. Masakhane, Common Voice

Consultation and deliberation with 
representative groups to establish 
values and consensus for data 
governance e.g. ORES

Problem
selection

Data
collection

and
curation

Deployment
and oversight

Testing for AI blindspots by
 frontline users or the broader

 public to evaluate AI performance
 e.g. CATS4ML, Sepsis Watch

Eliciting notions of fairness from 
different stakeholders to set 
benchmarks and evaluate AI 
performance e.g. WeBuildAI

Frontline users are trained
 to spot and report AI errors

 e.g. HITL Dorian

Community audits ensure 
value alignment after 
deployment e.g. ORES

Algorithm
development
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We identify four potential levels of activities 
for participatory AI. These draw on the types 
and levels of participation previously identified 
by researchers in the citizen science and other 

participatory research communities,30, 31 namely 
consultation, contribution, collaboration and 
co-creation (or co-design). We explain each of 
these terms below.

Consultation refers to participation where input 
occurs outside of the core AI development 
process. The goals of consultations are typically 
twofold; some initiatives seek to understand 
public attitudes for different applications of 
AI or regulatory policy, while others aim to 
increase data literacy and raise awareness of 
the impacts of AI systems. These approaches 
are more often framed as public engagement 
exercises rather than participatory design. 
Frequently used methods include traditional 
research methods such as focus groups and 
interviews or surveys and polls. Deliberative 
approaches have also been used, but these 
are less frequent and more often in relation 

to public views of technologies and their 
regulation, rather than specifically focusing on 
the design of tools. Deliberation enriches more 
quantitative consultation methods by offering 
insight on why people hold certain opinions and 
the values involved.

Consultation typically has a less direct pathway 
to technology development but some high-
profile initiatives can influence regulators 
and politicians who shape future technology 
policy and procure AI for public sector use. 
For example, the Citizens’ Biometrics Council 
convened by the Ada Lovelace Institute in the 
UK,32 where a group of 50 demographically 

Four levels of participatory design of AI

Consultation

Figure 2: Four levels of participatory AI 

Consultation
Input occurs outside of 

the core AI 
development process 

and it is not guaranteed 
that it will impact the 

design of the AI.

Contribution
Participation is 

time-limited and 
involves stakeholders 
completing tasks that 

are necessary to AI 
development. 

Participants do not 
interact with each other 
or the technical team.

Collaboration
Participation has 

multiple touchpoints 
along the AI pipeline 

and includes activities 
where the technical 
team interacts with 

participants.

Co-creation
The most 

comprehensive form of 
participation where 

external stakeholders 
help to initiate and 

oversee the project as 
well as collaborating 

throughout the AI 
pipeline.
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diverse individuals was convened to 
discuss biometric technology such as facial 
recognition. Over six months, the group met 
for a series of workshops where they learnt 
about and deliberated the use of biometrics. 
The recommendations made by the group 
were shared with researchers, regulators 
and technology developers. Consultations 
can also be an important stepping stone 
towards increasing each individual’s capacity 
to participate in designing technology in the 
future. Data literacy and activism projects 
that empower individuals and marginalised 
communities such as Our Data Bodies33 
prioritise building the skills that individuals and 
community groups need to determine how their 
data is used through activities and tools, such 
as their Digital Defense Playbook.34 

Sometimes, technical teams or organisations 
use consultation methods like focus groups 
and interviews as a form of ‘user research’ in 
the scoping phase of technology development. 
Here, consultation helps innovation teams or 

engineers to better understand the problem 
the technology is aiming to address. These 
consultations can have a direct impact on 
technology development by surfacing important 
data sources, model features and performance 
benchmarks to include in a predictive model. 
In this case participation still occurs outside 
the core development process and participants 
may not realise that their contributions 
will impact the design of an algorithm. For 
example, during the development of the UN’s 
displacement prediction tool, Project Jetson, 
the UN innovation team used ethnographic 
methods to reveal unexpected relevant factors 
to include in their model. Through observation 
and interviews with Somali refugee communities 
about their experiences, they realised that 
the market price of goats was correlated with 
patterns of displacement (see Case study 4 
in the Appendix). They used this insight as a 
core input for predicting the likelihood of new 
arrivals in refugee camps located in Ethiopia, 
Kenya and Djibouti.35 

Contribution refers to participation that is 
usually time-limited to one stage of the AI 
development pipeline and involves external 
stakeholders completing one of the tasks 
that is necessary to AI development e.g. data 
collection, data labelling, validation of model 
outputs. Common methods include both 
targeted and open crowdsourcing. In this type 
of participation, the engineering teams who 
design the model often develop self-guided 
training materials for volunteers to develop 
their skills and ensure that tasks are completed 
to a consistent standard. 

Open crowdsourcing initiatives typically aim to 
increase the diversity of data or perspectives 
for analysis and benefit from large scale online 
participation. Mozilla’s Common Voice project36 
is an example where online crowdsourcing is 
being used to generate the world’s most diverse 

and largest open dataset for training AI voice 
assistants. When the input from a specific 
community is requested it is usually to draw on 
their frontline and contextual expertise in order 
to improve the accuracy and performance of 
the model. The AI system developed by the 
Qatar Computing Research Institute to gather 
and classify real-time data in the immediate 
aftermath of a natural disaster is one example 
where frontline humanitarians help to oversee 
and correct a model’s performance. The model 
was deployed during Hurricane Dorian in the 
Bahamas to rapidly assess building damage 
based on social media images. Thanks to the 
efforts of a group of local frontline responders, 
any classification errors made by the model 
were quickly identified and corrected. The 
participatory process a novel labelled dataset 
that could be used to retrain the model for 
future deployment (see Case study 1). 

Contribution
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Collaboration refers to participatory 
practices with multiple touchpoints along 
the AI development pipeline and/or where 
external stakeholders are able to meaningfully 
contribute to interrogating the model and 
shaping the features that it uses to make 
predictions or classifications, even if they were 
not involved in problem setting. Collaborative 
participatory AI projects can have higher 
time and resourcing demands on participants 
because everyone needs to develop a good 
understanding of the problem being addressed 
as well as the technology. Common methods 
include the use of workshops, collaborative 
workspaces, shared tools and regular face-to-
face or virtual meetings where stakeholders can 
test models as they are being developed and 
share best practice. 

For example, the WeBuildAI project used a 
collaborative approach to develop a new 

matching algorithm for the non-profit 412 
Food Rescue which helps to connect and 
deliver food donations (see Case study 5). 
The aim of participation was to ensure 
that the performance of the algorithm was 
optimised according to the values of different 
stakeholder groups including employees, 
community volunteers and recipients of food 
donations. Participant groups had different 
priorities for how food should be distributed, 
with some favouring efficiency and volunteer 
experience, while others emphasised equity as 
the most important optimisation criteria. The 
research team behind WeBuildAI used small 
group workshops to surface these different 
preferences and create representative models. 
Holding these interactive sessions helped the 
research team to improve the final model, 
as well as helping different stakeholders to 
understand how the algorithm made decisions. 

Co-creation is the most comprehensive form 
of stakeholder involvement in AI design and 
development. Engagement occurs at multiple 
stages throughout the pipeline and outside 
it. Multiple stakeholder groups involved 
discuss their needs, values and priorities, 
both with respect to the problem space and 
the technology. In these examples, smaller 
groups of end-users or frontline experts set 
the initial problem definition and work closely 
with developers to iterate on the design of 
the model, the user interface and even the 
processes that can support its use post-
deployment. This typically involves multiple 
rounds of iteration between the technical 
team and a small core group of participants, 
although a larger community of practice/
interest may also be peripherally involved. 

These collaborations can also help end-users 
build their skills and expertise in using AI over 
the course of the initiative. Occasionally they 
may result in the creation of governance and 
oversight structures for the AI system after it is 
deployed. 

Co-creation processes typically require 
considerable time and resourcing commitments 
from all stakeholders, which can be difficult 
to achieve, making them rare. But they also 
have the broadest potential range of benefits 
from participation, moving beyond model 
accuracy towards building trust and feelings 
of ownership by all parties. Sepsis Watch, an 
AI-based tool that predicts the likelihood of 
patients developing sepsis in hospitals, applied 
a co-creation approach to involve multiple 
stakeholder groups throughout the design 

Collaboration

Co-creation
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process (see Case study 2). From the outset, 
the development of the tool was driven by 
frontline users, in this case doctors and nurses. 
These frontline workers helped to define the 
problem, led the curation of data sources used 
to train the model and tested early versions 
of the tool. Importantly they also took part in 
the governance and oversight of the process 
throughout the two-and-a-half years it took to 
develop the tool. During co-creation different 
stakeholders might contribute more or less at 
different stages of the AI pipeline depending on 
their interests and skills. 

The ORES process for AI development (see Case 
study 6 in the Appendix) was introduced by the 
engineering team of Wikipedia to allow their 
different language communities to co-create 
AI-enabled content moderation systems. Each 
time the ORES process has been used, it has 
been adapted to the needs and values of the 

volunteer community requesting the model. A 
smaller group of community members have 
multiple touchpoints with the engineering 
team during model development but after the 
model is deployed, all community members 
can be involved in the oversight of the AI 
system. The ORES process allows for ongoing 
monitoring of the model’s performance with 
community-led auditing or error reporting 
mechanisms. Importantly, the communities 
also have the agency to withdraw the model 
if they are concerned about its performance. 
This action was taken by the Spanish language 
Wikipedians when they spotted an error in the 
model following a crowdsourced audit of the 
AI. At its best co-creation demonstrates some 
of the original principles behind participatory 
design, where communities retain decision 
making power over both the development and 
use of new technology.
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Participatory approaches can serve 
various objectives 

The aim of participation varies between 
different participatory AI projects. Consultation 
and contribution models often allow for shorter-
term engagement, where participants might 
provide more diverse and/or contextual data, 
assign labels to train a model, or validate and 
contest errors produced by the AI system. The 
primary intent behind these projects is often 
to improve the accuracy and performance of 
a model so optimisation criteria are geared 
towards speed or accuracy metrics and 
validating a technical proof-of-concept. This 
mode of participation is not always tied to 
particular value commitments, and it’s not 
explicitly oriented towards ensuring that people 
of different experiences, backgrounds, and 
expertise are involved and empowered to make 
decisions. It allows for a more flexible approach 
to participation, for example drawing on open 
crowdsourcing to access a larger pool of 
contributors who all contribute individually. 

On the other hand, the projects whose overall 
intent is about trust, legitimacy and long-term 
stakeholder buy-in often foreground discussion 
and seek to establish collective understanding 
of preferences and values. These types of 
initiatives follow the collaborative or co-creation 
approaches to participation with a smaller core 
group of individuals who participate throughout 
the development process. These smaller groups 
have more time to build relationships with the 
technical teams through regular participatory 
workshops and can have more influence on the 
process that is used to develop the tool. 

Shifting the power dynamics of AI design 
and deployment

The four levels describe how participatory 
design differs in terms of the tasks involved in 
the design and development of a technology, as 
well as the resources and time that are needed. 
But on their surface, they say little about 

the ability of participation to challenge the 
distribution of power, trust and agency between 
the different stakeholders affected or involved 
in the use of AI.37 In participatory research, 
these issues are sometimes framed as the 
‘depth’ of engagement,38 which is expected to 
increase between the four levels. For example, 
our review showed that consultation typically 
resulted in less influence on technology 
development while co-creation offered more 
opportunities to shift power towards affected 
stakeholders or frontline users. Yet co-creation 
is rare and requires significant resources and 
commitment, as evidenced by our case studies 
where co-creation processes took between two-
and-a-half and five years from start to finish.

Still, it is possible for engagement to be 
meaningful and impactful within any of the 
four levels,39 as long as the contributions 
of participants can influence or shape the 
process of technology development. When 
the contributions of those involved are taken 
seriously, it helps to build trust between the 
different stakeholder groups. This can ultimately 
lead to a more equitable distribution of power, 
reconnecting to the original principles of 
participatory design. The framework in Figure 1  
and levels of participation described above 
aim to centre communities in decision making 
about technology. Unfortunately, the label of 
participation is often used to justify political 
agendas that are not open to change or as 
part of extractive technocratic practices with 
little benefit to the participants.40 Realising 
the original democratisation agenda of 
participatory design will require significant 
humility from those who currently hold power. 

In the next section we have applied the 
framework to three existing case studies to 
illustrate different levels of participation: 
contribution, collaboration and co-design.c The 
cases all follow different participatory processes 
but ultimately result in outcomes that are useful 
to frontline users and/or other groups directly 
impacted by the tool and problem it addresses. 

The intent behind participation

c. Further case studies can be found in the Appendix.
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Throughout our research, we identified multiple 
initiatives that had used different approaches 
to participatory AI. We completed a detailed 
case study analysis for six of these to illustrate 
the differences in intentions, methods and 
outcomes, as well as practical considerations. 

Table 1 gives an overview of all six case studies, 
including the level of participation used and the 
intended outcome of the initiative. Three of the 
case studies are presented below alongside the 
participatory AI framework: the remaining three 
case studies can be found in the Appendix. 

Table 1: Case studies

Level of participation:  
Contribution

Intent behind participation:

• Improving model performance

Level of participation:  
Co-creation

Intent behind participation: 

• Improving model performance

• Increasing usefulness of tool 
for frontline users

• Increasing trust and ownership 
of tool for frontline users 

Level of participation:  
Consultation

Intent behind participation:

• Improving model performance

Level of participation:  
Collaboration

Intent behind participation: 

• Optimising model performance 
for diverse values and 
preferences

• Increasing trust in the tool by 
all stakeholders

Level of participation:  
Co-creation (frontline staff) 
Collaboration (local communities)

Intent behind participation: 

• Improving model performance

• Increasing usefulness of tool 
for frontline users

• Increasing trust and ownership 
of tool by all stakeholders 

Level of participation:  
Co-creation

Intent behind participation: 

• Optimising model 
performance for diverse values 
and preferences

• Increasing usefulness of tool 
for frontline users

• Increasing trust and ownership 
of tool for frontline users 

Human-in-the-Loop Project 
Dorian 

Sepsis Watch

Project Jetson*

WeBuildAI*

Participatory Modelling in 
Zimbabwe

ORES*

Humanitarian or development sectors

Other sectors

*Case studies marked with an asterisk can be found in the Appendix.
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Human-in-the-loop Project Dorian (humanitarian) 

CASE STUDY 1

What’s the context? 

Rapid damage assessment is one of the core 
tasks that response organisations perform at 
the onset of a disaster to understand the scale 
of damage to infrastructure such as roads, 
bridges, and buildings. Traditionally experts 
would be sent to the disaster-affected area to 
conduct field assessments in order to gather 
relevant data, but increasingly social media 
data is being incorporated into crisis workflows. 
This helps responders assess damage without 
the need to gather data directly from the field, 
which can increase the speed of response and 
improve the safety of workers. The accurate 
interpretation of the large volumes of data 
that are generated on social media in the 
aftermath of a disaster can be challenging. 

Several AI solutions have been developed to 
help classify social media data automatically 
using supervised learning, an approach that 
requires large amounts of labelled examples 
to train the algorithm. In 2019, a team of local 
emergency responders helped to evaluate the 
accuracy of an AI classifier in real time as it was 
used to identify social media images containing 
evidence of damage during Hurricane Dorian.41

Who is driving participation and why is it 
being used?

Even AI systems that have undergone 
extensive training on historical datasets and 
demonstrate high accuracy during testing 
can make classification errors when they 
encounter real-world data after they have 

CATEGORY OF PARTICIPATION: Contribution

PAI APPROACH: Human-in-the-loop machine 
learning

ACTIVITIES: Labelling of datasets by frontline 
responders, human-in-the-loop technology 
development

DESIGN ARTIFACTS: Labelling platform

TECHNOLOGY STAGE: Data collection and 
cleaning, Deployment

PEOPLE: Montgomery County Community 
Emergency Response Team, Qatar Computing 
Research Institute (part of Hamad bin Khalifa 
University)

STATUS: one-off, research proof-of-concept

TIME REQUIRED: 2 weeksd 

d. This was the time required for the participatory engagement and does not include the initial development time for the core 
technology, the Artificial Intelligence for Digital Response platform, which had been developed previously by the team in 
Qatar.

Deployment
and oversight

Algorithm
development

Data
collection

and
curation

Problem
selection

Novel labelled dataset to refine
the model for future deployments

Frontline users are
trained to spot
 and correct or
report AI errors



19

been deployed. Classification errors can have 
devastating consequences, particularly when 
they are incorporated into decision making in 
high-stakes contexts like criminal justice42 or 
humanitarian aid. Ensuring human oversight 
of algorithms after deployment can help to 
identify and correct these errors in a timely 
manner. For this project, a group of volunteers 
from the Montgomery County Community 
Emergency Response Team (MCERT) helped 
to check and correct labels assigned by the AI 
classifier. This participatory approach, known 
as human-in-the-loop, was used to verify the 
classifications being made by the system and 
correct any mistakes in real time. The process 
also resulted in a novel image dataset with 
expert labels of damage to further train the 
algorithm and improve its accuracy during 
future deployments. 

What and how of participation?

During the two-week period that followed the 
landfall of Hurricane Dorian, the system was 
deployed to collect and filter social media 
images. Approximately 160,000 images were 
tagged as relevant by the system, with ~26,000 

of these containing some damage content. 
All images that the system ranked as severe 
or mild were sent for human validation. Using 
a dedicated web-interface for microtasking 
to support humanitarian efforts, local domain 
experts from MCERT examined this evolving 
sample, performing a two-stage verification. 
They first checked if the image contained 
damage content and then assigned a severity 
level based on a predetermined taxonomy. 
The research team also developed a detailed 
tutorial to ensure that all labellers were 
approaching the task in a consistent manner. 

What is the impact on the AI and the 
problem being addressed?

The corrections made by the community 
responders helped to identify common types 
of errors made by the algorithm. For example, 
the AI system struggled with images taken from 
afar or in low-light and poor resolution settings. 
Isolating this weakness helped the technical 
team to develop targeted improvements and 
the response teams to better understand the 
potential added value of the AI tool for their 
operations during crisis response. 
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Participatory Modelling for Agro-Pastoral Restoration in Zimbabwe 

CASE STUDY 2

What’s the context? 

The knowledge and experience of local 
community members are vital for creating 
accurate models of natural resource systems,43 
particularly when competing interests and 
behaviours of different stakeholder groups 
need to be accounted for. Ecological 
restoration initiatives have often ignored the 
role of indigenous people and local groups in 
maintaining ecosystems and failed to account 
for the local history and political context. In 

Mazvihwa Communal Area, Zimbabwe, there 
are ongoing land management problems where 
woodland grazing areas are increasingly being 
converted to cropland. Despite a high level 
of understanding about the problem among 
stakeholders and the motivation of local 
leaders to take action, coordination between 
the different parties involved is difficult. To 
address these issues the Muonde Trust, a 
community-based research organisation, 
partnered with a group of international 

CATEGORY OF PARTICIPATION: Co-creation 
with Muonde Trust (frontline staff); Contribution 
by local communities

PAI APPROACH: Participatory modelling 

ACTIVITIES: Stakeholder workshops, Interviews, 
Focus groups

TECHNOLOGY STAGE: Problem selection, Data 
collection and curation, Algorithm development, 

Deployment and oversight

PEOPLE: Researchers from Santa Fe Complexity 
Summer School, leadership and research team 
from the Muonde Trust (Zimbabwean NGO 
dedicated to indigenous innovation), local 
farmers, community leaders

STATUS: One-off

TIME/RESOURCE REQUIRED: 5 yearse

e. Five years was taken for active development of the model but the researchers highlight that preliminary work that helped to 
trigger the development of the project had been ongoing for almost 30 years.

Deployment
and oversight

Algorithm
development

Data
collection

and
curation

Problem
selection

Frontline users are
trained to oversee and

govern how the model is
used to guide community
discussion and decisions

Frontline users calibrate the
model to evaluate AI performance

and recommend changes

Frontline users guide data
collection and curation process

Collaborative problem 
framing with frontline users
and/or affected stakeholders
ensures AI addresses local needs
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researchers to create an agent-based model 
(ABM) representing the dynamics of land 
use in Mazvihwa Communal Area, using a 
participatory modelling approach. 

Who is driving participation and why is it 
being used?

The project was initiated by the cofounders 
of the Muonde Trust. One of the cofounders 
participated in an academic summer school 
where he worked with others to create the 
concept for the model of land-use management 
in Mazvihwa. Using a participatory modelling 
approach allowed local stakeholders to be 
involved in setting the parameters and data 
used for the model as well as exploring the 
impact of different interventions through 
simulations. Overall participation was intended 
to improve relevance of the model whilst also 
ensuring that it could be interrogated by local 
stakeholders to help support their discussions 
and decision making.

What and how of participation? 

The original modelling goals were determined 
collaboratively by Muonde Trust and the 
external research team, drawing on the 
research questions that had emerged from the 
35-year research programme of the NGO. The 
model used data that had been collected by 
Muonde researchers over three decades and 
they also advised the external modelling team 
which elements the ABM needed to include 
during the early stages of development. After 
the external researchers created the first version 
of the model, they held multiple workshops 
with the Muonde researchers to further 
calibrate and refine it. These workshops gave 
the Muonde team the opportunity to increase 
their understanding of how the model worked 
and grew their confidence in using it. Their 
involvement in developing the model helped 

ensure that enough complexity was retained to 
make the model useful and recognisable to the 
community.

What is the impact on the AI and the 
problem being addressed?

After the model was finalised, the Muonde 
team held workshops with local traditional 
authorities, including the local Chief, the ward 
head (machinda), and the individual village 
heads (sabhuku). In these workshops, they 
used the model to visualise different actions 
and resulting impacts, which helped local 
stakeholders to discuss land management 
practices, past actions that had resulted in 
drought and the challenges associated with 
their agro-pastoral system. These discussions 
led to policy changes that allowed the re-
use of fallow fields for farming. Months after 
these workshops, the community members 
reported that the model helped them realise 
the interaction between their different 
behaviours, understand the systemic drivers in 
the ecosystem and to take responsibility for the 
collective action that was necessary to improve 
outcomes. 

Through interviews and ethnographic 
observation,44 the research team established 
that the participatory process helped local 
leaders and the Muonde team to trust the 
model as a discussion tool, which led to 
more productive dialogue during workshops 
that eventually resulted in long-lasting 
pro-environmental policies. Over the two 
year period following the initial community 
workshops, 41 new homesteads had been 
established on previously fallow land. The 
Muonde team also found the model easier to 
understand and communicate to other local 
stakeholders because they had been involved in 
its development.45 
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Sepsis Watch 

CASE STUDY 3

What’s the context? 

Machine learning technologies are increasingly 
being developed for healthcare settings. These 
models are often created by engineering 
teams outside of the clinical environment 
and implementation decisions are made at 
the leadership level, rather than with the 
involvement of clinicians or nurses who are 
expected to use and integrate the tool into their 
existing workflows. Research has also suggested 
that machine learning models in healthcare 
have poor generalisability. This means their 
performance suffers when they are used in 
real-world settings where the local data follows 
statistically different patterns to the datasets 
they were trained on. Sepsis Watch is a sepsis 
detection and management platform that uses 
deep learning to predict the likelihood of a 

patient developing sepsis. It was co-created by 
a multidisciplinary team that included hospital 
staff and a technical team to improve the 
clinical outcomes associated with sepsis, which 
was a major issue for the local hospital. 

Who is driving participation and why is it 
being used?

The original proposal to develop a technology 
solution originated with a team of frontline 
doctors who secured funding to work with a 
local innovation team to improve detection 
and treatment of sepsis. The team assembled 
to design, develop, and integrate Sepsis Watch 
into routine clinical practice included a full-time 
innovation team, as well as implementation 
experts, machine learning experts, and clinical 

CATEGORY OF PARTICIPATION: Co-creation

PAI APPROACH: Human-centered design 

ACTIVITIES: Stakeholder workshops, Collective 
governance, User training, UX feedback

DESIGN ARTIFACTS: Model fact-sheet

TECHNOLOGY STAGE: Problem selection, Data 

collection and curation, Algorithm development, 
Deployment and oversight

PEOPLE: Clinicians, Machine learning experts, 
nurses, Hospital management, Hospital IT staff, 
External innovation team

STATUS: One-off, Model is deployed and in use

TIME REQUIRED: 2.5 years

Deployment
and oversight

Algorithm
development

Data
collection

and
curation

Problem
selection

Frontline users are
trained to spot and 

report AI errors

Testing for AI blindspots by frontline
users to evaluate AI performance

Frontline workers guide data
collection and curation process

Ethnographic methods with
affected communities gathering

insights from lived experience
to suggest relative data

Collaborative problem 
framing with frontline users
and/or affected stakeholders
ensures AI addresses local needs
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experts. Participatory design was used for 
multiple reasons: to improve the accuracy and 
appropriateness of the technology solution 
for the problem, overcoming the limitations of 
tools that had failed in the past; to cultivate 
institutional buy-in, trust and ownership of the 
tool amongst clinical teams; and importantly, to 
retain agency and control of decision making 
for clinical staff. 

What and how of participation?

The Sepsis Watch model was created in close 
collaboration with clinicians over two and a half 
years, with participation integrated throughout 
the AI development pipeline.46 Throughout the 
process the team placed a strong emphasis 
on developing trust between the individuals 
involved and also in the technology solution. 
A governance committee with members from 
the leadership across nursing, clinicians, 
hospital medicine, information technology, 
and innovation teams met monthly throughout 
the pilot to review progress, address concerns 
surfaced by frontline staff, and make decisions 
about changes to workflow. This helped to 
maintain leadership support for the project 
across the board.

The first twelve months of the project were 
used to establish the team, characterise the 
problem, and start designing the data pipeline 
and workflow for the model. First of all, clinical 
experts curated the local datasets and selected 
the parameters that the model was trained 
on. After this, the teams dedicated one year to 
developing the AI system, and integrating it into 
a user-facing platform which became Sepsis 
Watch. After a model was created, clinicians 
evaluated the performance of the model based 
on known cases of sepsis, which led to further 
fine-tuning. Together with nurses, the clinical 

experts also reviewed multiple versions of the 
user interface for the tool. During this process of 
building and tuning the model, the clinical and 
engineering teams met regularly.

The final six months of the process focused on 
training of clinical staff and integration of the 
model into existing workflows. The development 
team held regular meetings with all stakeholder 
groups who would interact with the model 
including the technology team responsible for 
managing data, hospital management, and the 
nurses who were the intended end users of the 
tool. Sepsis Watch was initially rolled out to a 
small group of nurses who provided feedback 
after a month of using the tool, leading to a 
handful of final workflow changes.

What is the impact on the AI and the 
problem being addressed?

The thirty month co-design process for Sepsis 
Watch eventually resulted in its integration 
into the clinical setting. This process resulted 
in securing institutional buy-in and retaining 
ownership over decision making among 
frontline staff. Doctors and nurses developed 
new processes for decision making that made 
use of the tool alongside their expertise. As 
the frontline users of Sepsis Watch, nurses also 
reported that the tool helped them expand their 
professional skills. 

The researchers involved with the project 
credited the success to the combination of 
rigorously defining the problem in context, 
building relationships with stakeholders across 
multiple levels of the organisation, respecting 
professional discretion and creating multiple 
touchpoints with stakeholders to enable 
feedback and iteration on the design.



24

Five key design 
questions for 
participatory AI 

04  



25

Although the exact contours of meaningful participation in the 
development of AI systems are still being defined, our review of case 
studies revealed at least five important design considerations. These 
questions should be considered honestly by practitioners as they face 
the reality and challenges of participation in their field. 

1. Who defines the process and what counts 
as success?

Who is actively involved in defining the 
process and will make the decisions about 
what success looks like and the extent 
to which the views of contributors will be 
incorporated into the AI development? If the 
parameters of participation are narrowly 
proscribed by tech developers without 
acknowledgement or action to address 
the unequal power dynamics inherent in 
their role, there is a risk that participation 
becomes instrumental, extractive or even 
deliberately performative.47 

2. Whose participation is required?

How will you reach the groups whose input 
you’re seeking? Can you adapt the process 
to make it easier for them to contribute? 
Some participatory models involve large-
scale distributed crowdsourcing open to all 
interested members of the public or domain 
experts. Others focus explicitly on intended 
end-users from specific professional or 
demographic groups. The most successful 
collective intelligence projects typically 
involve some opportunity for participants 
to self-select. By enabling people to 
contribute to projects that interest them 
and that speak to their experience and 
know-how, participation becomes more 
robust.48 However, this needs to be balanced 
with specific action to acknowledge 
whose participation may be missing 
or more difficult to achieve. Given the 
disproportionate impact of humanitarian 

crises on women,49 and the persistent digital 
gender gap,50, 51 it is especially important 
that measures are taken to ensure their 
inclusion, along with other groups whose 
views may be sidelined, such as individuals 
with disabilities, indigenous communities 
and ethnic minorities. 

3. What is the intent behind participation?

Do you want or need participation to 
improve your AI model’s accuracy? Is it 
to increase the appropriateness of the AI 
for a particular context or user? Is it to 
build more trust or ownership in the AI 
model amongst a target community or 
stakeholders? Is it to spot or prevent future 
harms from its deployment? Or do you 
hope to foreground the perspectives of 
target communities or marginalised people 
throughout the AI development process? 
Clarifying your motivations for participation 
will help you determine at which stage(s) 
of AI development participation is needed, 
as well as the methods and timescale 
of participation desired. Referring to 
Table 2 which provides an overview of 
participatory AI in a humanitarian context 
may help you identify specific goals. It is 
important to be honest about the extent 
to which participants will be able to 
challenge unexamined assumptions and 
institutional agendas,52 and therefore the 
degree to which participation will lead to 
empowerment. Funders should also consider 
asking these critical questions and allowing 
sufficient time and resources if the goal is 
meaningful and long-term participation. 
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4. How will participants be rewarded?

What is the value of contributing for 
people taking part? Will different groups 
need different incentives? How will you 
keep track of their motivations and how 
they change? Many AI technologies in 
the commercial sector have been based 
on the unpaid or low paid labour of 
crowdworkers, particularly in the production 
of training data for machine learning 
models. Participatory AI approaches should 
not replicate this process of exploitation 
or extraction from people. Practitioners 
need to carefully consider the value and 
incentives that are offered to participants 
in return for their time and energy. 
Humanitarian organisations should be able 
to harness intrinsic motivations – providing 
people with opportunities to contribute to 
the collective good, but should be clear 
what else people will receive in return. 
It may be important to consider which 
additional incentives, from recognition, 
to new skills or financial remuneration, 
are appropriate and how the costs of 
participating can be offset.  

5. What is the process for closing the project?

How will you give feedback to participants? 
How will participation be evaluated and 
by whom? What will happen to the data 
that has been collected or produced? 
Planning for how to close the project is 
as important as initiating it. This includes 
thinking about what happens with all the 
data that is collected or created, as well 
as how to evaluate the participation and 
provide feedback to those who have been 
involved. Projects are often started without 
considering these questions, which can 
lead to unused tools,53 poor data practices 
(e.g. data not archived or removed) and 
self-exclusion by affected communities and 
local stakeholders after failures of previous 
experiences.54 

A unique challenge with AI systems is 
that they evolve over time and may 
change through use. If the intention of 
participation is evaluation and oversight, 
the design process needs to plan for 
ongoing participation or allow participants 
to explore ‘possible futures’ to anticipate 
unwanted effects.55 
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Common critiques of AI in humanitarian settings and a 
potential role for participatory approaches

AI systems, in their ability to learn, predict, and in some cases make 
decisions, are increasingly shaping humanitarian interventions. 

As we have outlined in the accompanying 
report on opportunities for CCI,56 AI systems can 
be powerful tools for the humanitarian sector to 
draw on, helping to enhance the speed, scale 
and processing capabilities of anticipation and 
response to crises. But they also pose new risks 
to the rights and freedoms of the communities 
who are the recipients of humanitarian aid. 
Many of the concerns relate to irresponsible 
data practices in addition to the models 
themselves.

For example, the prevalence of unstructured 
data in CCI applications has led to the 
disproportionate use of deep learning 
algorithms which are more able to process this 
type of data. Deep learning approaches have 
been called ‘black box’ algorithms – meaning 
it is difficult for human decision makers to 
understand and explain how they arrive at their 
outputs, which is problematic in domains like 
crisis management where the wrong decision 
can affect thousands of lives. 

In Table 2 we review some common critiques 
of the design and deployment of AI tools for 
disaster and crisis management. Although many 
of these are not unique to the humanitarian 
setting, they become particularly relevant 
when examined alongside the humanitarian 
principles of neutrality, independence, 
impartiality and humanity. Drawing on the 
Core Humanitarian Standard,57 we highlight 
how AI systems can jeopardise these principles 
and how participatory AI approaches may 
help to mitigate against some of the risks. The 
people creating new AI-enabled tools for the 
humanitarian sector need to spend as much 
time understanding humanitarian principles and 
the local context as developing the technology. 
Only then will it be possible for AI to play a 
part in helping humanitarians to advance the 
localisation agenda. 

The table does not cover the full range of 
concerns raised by the AI ethics and critical 
data studies communities.58 For example, we 
do not address the challenge of implementing 
AI in contexts where technical and network 
infrastructure is fragile.59, 60 Instead we have 
tried to focus on the opportunities that exist for 
overcoming common AI and data limitations 
through participatory practice with local 
stakeholders. Of course participation alone 
will not be enough to address these concerns. 
Participatory AI will only succeed if it is 
developed alongside other complementary 
measures that strengthen the ecosystem for 
responsible AI. This should include new sector-
wide regulation, as well as data collection and 
sharing practices that promote privacy-by-
design and trial new models for governing data 
(e.g. data trusts). 
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Table 2: Common critiques of AI in humanitarian settings and a potential role for participatory approaches

Communities and people 
affected by crisis receive 
assistance appropriate and 
relevant to their needs.

Communities and people 
affected by crisis are not 
negatively affected and are more 
prepared, resilient and less at-
risk as a result of humanitarian 
action

Communities and people 
affected by crisis are not 
negatively affected and are more 
prepared, resilient and less at-
risk as a result of humanitarian 
action

Communities and people 
affected by crisis have access to 
the humanitarian assistance they 
need at the right time

The design and implementation stages of an AI project are disconnected. 

AI systems may be designed without adequate contextual knowledge or input 
from experts in humanitarian response. This can lead to an oversimplified or 
over-fitted model, driven by selection of the wrong data sources and/or incorrect 
weighting of different variables,61 ultimately resulting in a loss of predictive 
accuracy. Even when models are designed in a humanitarian context, they 
often cannot be easily transferred to a different location without adapting the 
algorithm.62 

Lack of high-quality, representative, machine-readable data.63 

Quality data is required for AI to be trustworthy and secure. Finding high-
quality data has historically been more difficult in developing countries and 
humanitarian contexts, where technical infrastructure, resources, and expertise 
are often limited.64 When the data used to train an AI model is incomplete, 
biased, or otherwise inadequate, the system can produce discriminatory or 
unfair decisions and outputs.65 

Data availability and accessibility often reflect social, economic, political, and 
other inequalities. The dominance of AI methods that use supervised learning 
techniques may privilege certain types of data66 that are more readily available 
(e.g. social media data), limiting the types of questions that can be addressed 
and that receive attention for innovation.

Limitations of data, get amplified throughout the model development process, 
further exacerbating inequalities and discrimination.67 

Other factors, such as the selection and weighting of variables can also cause 
models to be discriminatory. Those in need of humanitarian assistance are 
already in vulnerable circumstances. Many may be suffering from discrimination 
and persecution, and therefore, the risk of an algorithm perpetuating past bias 
and discrimination is even more serious.

AI systems are designed to meet the needs of frontline users and affected 
populations in specific contexts: 

• Ethnographic methods to gather insights from lived experience about 
the context where the tool will be used to help technical teams identify 
relevant data sources (e.g Project Jetson: Case study 4) 

• Co-design with frontline workers to guide the problem selection, data 
collection and curation process (e.g Sepsis Watch: Case study 3) 

AI systems are able to more accurately cover a diverse range of contexts, including 
those typically ignored or underrepresented by: 

• Crowdsourcing of data in an ethical way that considers human 
factors, to ensure more diverse and representative participation (e.g 
Rehumanised crowdsourcing)

• Participatory research with a community of interest to gather more 
complete datasets in low-resourced or under-represented topics (e.g 
Masakhane and Common Voice).

• Crowdsourcing datasets which help to surface blindspots of an AI 
system (e.g. CATS4ML)xx

Creating a collective understanding of what is meant by a fair outcome helps to 
avoid or identify inequality of outcomes when training data are limited:68 

• Participatory research to crowdsource and establish new benchmarks 
for evaluating AI systems. (Masakhane)

• Developers work with frontline experts to identify problems with the 
data or any factors that may impact data collection and document this.

• Preference elicitation and prioritisation of fairness notions by affected 
communities (e.g. WeBuildAI: Case study 5)

Core humanitarian standard Common critiques of AI in humanitarian settings Potential role of participatory AI with example methods
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Table 2: Common critiques of AI in humanitarian settings and a potential role for participatory approaches (continued 1)

Communities and people 
affected by crisis can expect 
that the organisations assisting 
them are managing resources 
effectively, efficiently and 
ethically.

Communities and people 
affected by crisis know their 
rights and entitlements, have 
access to information and 
participate in decisions that 
affect them.

Lack of transparency and explainability. 

The recommendations or classification of some AI systems, particularly those 
that use deep learning algorithms, can be opaque to human decision makers. 
This means that even the technology teams that develop the AI systems cannot 
audit or explain them to the public or those in charge of monitoring their use. 
Even when machine learning algorithms are interpretable, this often requires a 
high technical expertise that frontline staff in humanitarian contexts lack. 

Loss of privacy and control over the use of data. 

The ability of AI systems to make inferences from either publicly or privately 
accessible data can have severe impacts on privacy rights. For vulnerable 
persons in humanitarian contexts, participation or providing certain types of 
personal or personally identifiable data may be conditionally tied to aid.70 Such 
populations are unlikely to know their rights regarding their data, nor be in the 
position to protect them.

Trust in the recommendations or predictions generated by the model is 
undermined by proprietary models. 

Developers and designers of AI systems don’t always communicate clearly 
what is included and excluded from the algorithm or how replicable and 
shareable their algorithm is. The hype around the private technology sector and 
availability of private sector funding of AI for disaster risk management and 
humanitarian response can lead to overstatement of the capacities of these 
tools and the deployment of untested approaches in safety-critical scenarios.69 
There is a potential source of tension between corporate interests and the 
interests of the communities served by humanitarian actors.

User interfaces and/or other design artifacts to support end-user understanding 
and agency are given as much attention during development as the algorithm 
through: 

• Interactive tools that allow users to query the input parameters and 
thresholds of the algorithm and can adapt these to reflect the needs of 
their community (e.g. ORES Wikipedia: Case study 6)

• Thorough documentation and/or Model Fact Sheets that explain where 
and how the model can and cannot be used (e.g. Sepsis Watch: Case 
study 3)

Communities affected by the use of an algorithm are involved in setting the 
constraints and benchmarks to prevent harm and preserve their rights: 

• Consultation and public deliberation to derive consensus priorities for 
data governance can enable a more equitable and informed approach 
to data use and sharing to allow individuals control over the use of their 
data (e.g. Ada Lovelace deliberative dialogues on data governance 
and AI policy)

• Good documentation and impact assessment of data protection and 
management from start to finish to ensure ethical approaches to the 
use, storage and archiving of data (e.g. Datasheets for Datasets)71

• Introducing feedback loops and consent mechanisms alongside working 
with communities to understand data practices and how they affect 
them (e.g. Our Data Bodies)

Trusted intermediaries work with end users and affected communities to interrogate 
and calibrate models helping to build understanding, and trust about how and 
when it can be used: 

• Multistakeholder community mapping efforts to create, detail and 
improve models representing real world environments as a tool for 
deliberation and decision making (e.g. Participatory Modelling in 
Zimbabwe: Case study 2)

• Working with end-users and domain experts throughout the model 
evaluation and refinement process, to address concerns and increase 
confidence in the performance of the system (e.g. SepsisWatch: Case 
study 3)

Core humanitarian standard Common critiques of AI in humanitarian settings Potential role of participatory AI with example methods
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Table 2: Common critiques of AI in humanitarian settings and a potential role for participatory approaches (continued 2)

Communities and people 
affected by crisis have access to 
safe and responsive mechanisms 
to handle complaints and 
participate in decisions that 
affect them.

Communities and people 
affected by crisis have access to 
safe and responsive mechanisms 
to handle complaints.

Communities and people 
affected by crisis can expect 
delivery of improved assistance 
as organisations learn from 
experience and reflection.

Potential errors due to AI drift. 

Complex real-world issues are constantly changing, meaning that the accuracy 
and appropriateness may drift as the AI system evolves through use.72 This 
unpredictable behaviour after deployment of live AI systems may undermine 
user agency. We also know relatively little about the harms that have been 
caused by the use of AI in humanitarian contexts due to poor tracking and 
sharing of these occurrences and a general attitude not to report incidents.73 
Individuals may be unable to detect when their rights have been violated due to 
algorithmic errors and, as a result, may be unable to seek redress. 

Unclear accountability mechanisms. 

Establishing accountability in data science and obtaining remedy is hard, 
especially when applied in a complex humanitarian situation. For example, 
many individuals are unaware of the scope, degree, or even existence of 
algorithmic decision making processes that may determine their rights. The 
organisational complexity in development and humanitarian projects can 
exacerbate this challenge. It’s often not clear who is responsible when a decision 
or analysis is discriminatory in projects that involve a large number of actors 
such as funders, international organisations, contractors, private sector suppliers, 
local civil society partners etc.

Lack of evidence about impact and best practice on AI-based systems in the 
humanitarian sector and absence of impact evaluation from the perspective of 
humanitarian principles for AI applications.

Frontline users are trained to spot and report errors, and have agency to 
discontinue use of AI systems that do not perform as expected:

• Human-in-the-loop feedback mechanisms are integrated into the user 
interface for the AI system allowing trained volunteers and frontline 
experts to correct classification errors in real time to train the system for 
future deployments (e.g. HITL Project Dorian: Case study 1)

• Community audits of algorithms after deployment and coming to 
collective decisions about their continued use when outputs violate 
community norms (e.g. ORES WIkipedia: Case study 6)

The governance of algorithms and their use is decided together with stakeholder 
groups affected by an AI system: 

• Public participation in deciding on the benchmarks the AI is tested 
against through modelling individual preferences and ranking (e.g 
WeBuildAI: Case study 5)

Participatory processes and the AI system are evaluated across a broad set of 
qualitative and quantitative criteria, taking into account the relevance of the AI 
system for the specific context and problem: 

• Participatory processes are evaluated using both technical and socio-
cultural dimensions, across multiple timescales (e.g. Participatory 
Modelling in Zimbabwe: Case study 2) 

• Community of practice develops new sector-wide standards to share 
best practice and impact stories (e.g. Peer-review framework for 
predictive analytics by Humanitarian Data Exchange)74

Core humanitarian standard Common critiques of AI in humanitarian settings Potential role of participatory AI with example methods
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We hope this briefing paper is useful both for humanitarian practitioners 
and technology developers working across the development and 
humanitarian sectors. We will use the key takeaways from this rapid review 
to help us design the participation and evaluation approaches planned for 
the next phase of the CCI project. 

Participatory practices for designing 
technology cannot be viewed in isolation. 
The application of participatory design to AI 
should be tightly coupled with responsible data 
practices, investment in the wider ecosystem 
of technology regulation and attention to the 
inherent power structures in society.75, 76 To 
allow for meaningful engagement, technology 
development needs to happen alongside 
data literacy efforts and robust technical 

infrastructures that prioritise the safety and 
privacy of contributors rather than the interests 
of private companies.77 

For anyone interested in learning more about 
this broader context, we recommend the 
summary paper from the Working Group for 
Responsible AI in Disaster Risk Management 
convened by the World Bank, Global Facility 
for Disaster Reduction and Recovery (GFDRR), 
Deltares, and University of Toronto.78 
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Project Jetson 

Appendix

CASE STUDY 4

CATEGORY OF PARTICIPATION: Consultation

PAI APPROACH: Human/user-centered design

ACTIVITIES: Ethnographic observation, 
Interviews with frontline workers and displaced 
people

TECHNOLOGY STAGE: Problem selection

PEOPLE: Focus of participation: Somali 
refugees, Frontline development workers at 
Dollo Ado  
PEOPLE: Soliciting participation: UNHCR 
Innovation Service

STATUS: One-off, Prototype development

TIME REQUIRED: Months

What’s the context?79

The intersection of climate change, conflict 
and drought increasingly drives displacement 
worldwide. In the last decade, the combination 
of these factors has led to large numbers of 
Somalis migrating to neighbouring countries of 
Ethiopia, Kenya and Djibouti, with up to 2000 
arriving daily, often with little prior warning. The 
arrival of refugees on such an unprecedented 
scale causes a strain on the resources available 
at border regions and staff in humanitarian 
or development organisations struggle to 
distribute and deliver services to those in 
need. In 2017 frontline workers in Dollo Ado in 
Ethiopia appealed to the UNHCR Innovation 
Service to design an algorithm that would help 
them to better predict the flows of displaced 
people in order to better plan for and manage 
their arrival.

Who is driving participation and why is it 
being used?

Forced displacement is difficult to model and 
predict due to the complex combination of 
factors that lead to it, which are often unique 
within any given local context. In order to 
accurately model displacement in Somalia, it 
was necessary for the technical team to identify 
some of the locally specific drivers of migration 

and other variables that could be used to train 
the model. Here, the purpose of participation 
was to help the technical team identify the 
locally relevant contextual factors associated 
with displacement in order to improve the 
accuracy of the model’s prediction. 

What and how of participation?

The technical team developing the AI solution 
spent many months in Dollo Ado to better 
understand the context for which they were 
developing the algorithm. They conducted 
detailed interviews with both frontline workers 
and displaced Somalis to better understand the 
specific factors associated with migration in the 
region. This allowed them to isolate ten core 
variables to focus on for the first iteration of the 
predictive model. 

What is the impact on the AI and the 
problem being addressed?

Speaking directly to affected communities 
about the factors that were important for their 
decision to migrate and the actions they took 
as a consequence allowed the data scientists 
to uncover unique variables, such as local 
changes in goat prices, which were important 
for improving the accuracy of the model.
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WeBuildAI – a framework for a food donation matching algorithm 

CASE STUDY 5

CATEGORY OF PARTICIPATION: Collaboration

PAI APPROACH: Value-sensitive design, Human-
centered design

ACTIVITIES: Preference elicitation through 
pairwise ranking, Individual interviews, Group 
workshop, Think-alouds

TECHNOLOGY STAGE: Algorithm development

PEOPLE: 23 affected stakeholders (donors, 
recipient organizations, volunteers, and staff at 
412 Food Rescue)

STATUS: Unknown

TIME REQUIRED: 1 year

What’s the context?

412 Food Rescue provides a ‘food rescue’ service 
that matches expiring food from donating 
organisations such as grocery stores with 
recipient organisations. Its success relies on 
efficient matching between donations and 
recipients as well as a volunteer network to 
transport the packages. 412 Food Rescue has 
rescued over three million pounds of food and 
expanded their model to four cities in the US 
including San Francisco and Philadelphia. 
Matching between donors and recipients 
has been traditionally performed by human 
dispatchers whose workload has increased 
with the success of the service. The decisions 
made by dispatchers also show inconsistency, 
which leads to certain recipients receiving a 
significantly larger amount of donations than 
others. To overcome these challenges, 412 Food 
Rescue worked with a group of researchers to 
develop an algorithmic solution for allocating 
donations. 

Who is driving participation and why is it 
being used?

The participatory process was initiated 
by researchers in order to create value-
based optimisation criteria that would be 
representative of the different stakeholders 
involved with the service to train the donation 

matching algorithm. They developed a 
participatory framework known as WeBuildAI to 
model the preferences of different stakeholders 
involved in the service and ultimately satisfy 
their needs and priorities. For example, if the 
algorithm optimised efficiency, volunteers would 
have shorter driving times and the areas closest 
to donating organisations would receive a 
disproportionate share of donations. Prioritising 
equity of distribution on the other hand could 
make it more difficult to recruit and retain 
volunteers. By involving groups who prioritised 
efficiency or equity to varying degrees in the 
algorithm design, the researchers hoped that 
all of the participants would continue engaging 
with the service and that the distribution of 
donations would be more equitable. 

What and how of participation?

Over the course of a year, stakeholders used 
the participatory governance framework, 
WeBuildAI, to design a matching algorithm 
to support the services provided by 412 Food 
Rescue. 

Problem selection, data collection and curation 
First of all, the research team interviewed 31 
individuals80 connected to 412 Food Rescue’s 
mission to identify important features that form 
the basis of decisions about donation allocation 
such as travel time, income level, poverty rate, 
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etc. Of these, the ones that came up most 
frequently and had reliable data sources were 
selected as features for the stakeholders to 
consider during the algorithm design.

Algorithm development 
The research team started out by creating 
models that represented the ‘individual beliefs’ 
of each participant about how donations 
should be distributed. In the first session, 
participants completed pairwise comparisons 
to choose between different outcomes for 
the delivery of donations. The data from this 
session was used to train a model (Model 1). 
Fifteen participants also completed a second 
session where they specified explicit rulesf to 
create an alternative model of their beliefs 
(Model 2). If their belief changed after the 
second session they could also provide a new 
set of pairwise comparisons to retrain their 
Model 1. During the third session, participants 
chose which model (Model 1 or Model 2) most 
closely matched their beliefs. To create the final 
AI system for the organisation, all of the chosen 
individual belief models of participants were 
aggregated to produce a collective preference. 
The choices of each of the stakeholder groups 
were assigned different weights according to 
their role. For example, representatives of 412 

Food Rescue were given the highest weighting, 
meaning their votes carried the most influence. 

Deployment and post-deployment 
The resulting algorithm was integrated into 
412 Food Rescue’s customer management 
system to provide recommendations for human 
decision makers that assigned donations. 
Each recommendation was accompanied by 
an explanation that showed how different 
stakeholder’s individual belief models 
contributed to the final decision. 

What is the impact on the AI and the 
problem being addressed?

The findings suggest that the WeBuildAI 
framework successfully enabled participants 
to build models that they felt confident 
represented their own beliefs. It also helped 
to build trust in the algorithm and empathy 
towards 412 Food Rescue. The resulting 
algorithm improved equity in donation 
distribution without hurting efficiency when 
tested with historic data. Participants also 
reported that the process improved their 
understanding of algorithms as well as raising 
their awareness of biases in human decision 
making.

f. The study started with 23 participants but only 15 participants completed all four sessions.
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Objective Revision Evaluation Service (ORES) by Wikipedia 

CASE STUDY 6

CATEGORY OF PARTICIPATION: Co-creation 

PAI APPROACH: Value-sensitive design81 

ACTIVITIES: Crowd labelling, Crowd auditing, 
Collective governance

DESIGN ARTIFACTS: Documentation, API, 
Labelling platform

TECHNOLOGY STAGE: Problem selection, Data 
collection and curation, Algorithm development, 
Deployment, Post-deployment

PEOPLE: Wikipedia Scoring Platform 
engineering team, Language communities of 
Wikipedia

STATUS: Ongoing, Multiple models deployed 
and in use

TIME REQUIRED: Months for each deployment

What’s the context? 

Wikipedia is an online encyclopedia created 
and maintained by a global network of 
volunteers. This network contains multiple 
communities, typically grouped around the 
different language versions of Wikipedia. All 
popular content creation and sharing platforms 
require some form of content moderation to 
cover a range of functions including quality 
control and adherence to community values. 
The larger the community, the more difficult 
it is to monitor and regulate content manually 
in real time. Automated tools for content 
moderation help to streamline this process. 
These AI systems are often developed and 
integrated into the platform independently by 
internal or external technical teams. The ORES 
system is an alternative participatory approach 
designed by the technical team at Wikipedia 
to ensure that the content moderation 
systems could be adapted by each language 
community.

Who is driving participation and why is it 
being used?

The participatory model was developed by an 
engineering team at Wikipedia that provides 
multiple machine learning solutions for the 
Wikipedia community. They developed ORES to 

allow different language communities to adapt 
an automated content moderation system 
to their specific needs. Different language 
communities of Wikipedia have different sets 
of values and standards with respect to quality 
and content moderation. A more participatory 
model for designing and adapting an AI system 
was developed to ensure that the model served 
the needs of each specific language community 
and to encourage its integration, acceptance 
and usefulness. 

What and how of participation?

Problem selection, data collection and curation, 
algorithm development 
The ORES process offers multiple touchpoints 
for the community to provide input and 
feedback throughout the AI development 
process. Each new request for an ORES model 
is a collaboration between the engineering 
team and the community requesting the 
algorithm. Using several rounds of iteration, 
they define and scope the proposed model, 
collect and curate labelled training data, and 
suggest salient features for the model to use in 
its predictions. The engineering team also helps 
the community members think about how they 
might integrate ORES scores within existing or 
new processes they already use to update and 
monitor content.82 
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Deployment and post-deployment 
After a model has been deployed, the 
community members are able to continue 
adapting the outputs of the AI so that it better 
matches their needs through two processes: 
they can adjust the features that the algorithm 
prioritises83 and change the confidence 
thresholds84 of the model to better match their 
own quality assurance processes or operational 
constraints. 

Language communities with deployed ORES 
models also play an active role in governing the 
use of the algorithm. When Spanish language 
Wikipedians spotted that some of the results 
given by the ORES model did not align with 
their community standards, they crowdsourced 
an audit of the model and reached a consensus 
decision to block the use of the algorithm until 
it could be fixed. 

What is the impact on the AI and the 
problem being addressed?

The close collaboration between the engineers 
and the community members throughout the 
design of the model helps to ensure that the 
content moderation models used on Wikipedia 
correspond to community values and priorities. 
The additional tight feedback loop following 
deployment allows any issues to be identified 
and addressed early, before they deter 
uptake. This has resulted in the continuous 
improvements of the model, including changing 
or removing features that were identified 
as biased against certain groups. So far, 110 
classifiers have been developed for 44 of 
Wikipedia’s language communities. 

We only include here the case studies where we have 
not provided descriptions in the body of the briefing 
paper. 

CATS4ML: is a crowdsourcing challenge that 
invited participants to submit adverse images 
not currently covered by benchmark training 
datasets. They called these adverse images AI 
blindspots. cats4ml.humancomputation.com/
overview

Masakhane: is a grassroots community of 
practice made up of researchers, volunteers and 
students whose mission is to strengthen and 
spur natural language processing research in 
African languages. Their aim is to create new 
publicly available benchmark and resources to 
support African languages. www.masakhane.io

ORBIT: is an ongoing project to create a large 
image dataset for personalised AI-driven object 
recognition tools for visually impaired people. 
Researchers are working together with visually 
impaired users to create novel datasets that 
can be used to train algorithms developed 
directly for visually impaired users. orbit.city.
ac.uk

Rehumanising crowdsourcing: a framework 
that allocates microtasks considering human 
factors of workers such as demographics 
and compensation. The framework routes 
microtasks to workers based on demographics 
and appropriate pay, to help mitigate biases in 
the contributor sample and increases the hourly 
pay given to contributors. dl.acm.org/doi/
fullHtml/10.1145/3290605.3300773

Overview of other participatory case studies referenced throughout the report 

http://cats4ml.humancomputation.com/overview
http://cats4ml.humancomputation.com/overview
http://www.masakhane.io
http://orbit.city.ac.uk
http://orbit.city.ac.uk
http://dl.acm.org/doi/fullHtml/10.1145/3290605.3300773
http://dl.acm.org/doi/fullHtml/10.1145/3290605.3300773
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