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Abstract

In this paper, we describe the design and evaluation of the toolkit
Bitacora, addressed to practitioners working in non-profit orga-
nizations interested in integrating Twitter data into their work.
The toolkit responds to the call to maintain the locality of data by
promoting a qualitative and contextualized approach to analyzing
Twitter data. We assessed the toolkit’s effectiveness in guiding prac-
titioners to search, collect, and be critical when analyzing data from
Twitter. We evaluated the toolkit with ten practitioners from three
non-profit organizations of different aims and sizes in Mexico. The
assessment surfaced tensions between the assumptions embedded
in the toolkit’s design and practitioners’ expectations, needs, and
backgrounds. We show that practitioners navigated these tensions
in some cases by developing strategies and, in others, questioning
the appropriateness of using Twitter data to inform their work. We
conclude with recommendations for researchers who developed
tools for non-profit organizations to inform humanitarian action.
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1 Introduction

The push for technological innovation in the non-profit, humani-
tarian sector is increasingly championing new ways of harnessing
social media that go beyond the traditional practices of spreading
information about non-profit work and needs [102] or building
connections with volunteers, community, and media [19]. Specifi-
cally, motivated by existing research depicting social media data
as a promising pathway for efficiently addressing on-the-ground
crisis [3, 10, 21, 52, 56, 74, 82, 114, 120], funders and other organi-
zations promote social media data-centered interventions as a de-
sirable mechanism to ensure non-profits invest resources optimally
[11, 21, 25, 74]. However, recent work on Critical Data studies and
Human-Computer Interaction (HCI) has stressed the complexities
entailed in mobilizing social media data from its site of production
to non-profits” operations and goals [2, 4, 5, 21, 24, 30, 93, 112].
Such a process demands non-profits to have staff knowledgeable
in data analysis, technological resources, and time, all of which
are hard to secure for these organizations [7, 19, 67, 102]. Further,
mobilizing qualitative data from its site and time of production to a
completely different context, strips it out of meaning [2, 4, 21, 76],
making the derived lessons dangerous to apply in on-the-ground
humanitarian problems. Technological innovation in the form of
social media data applications, thus, poses a critical challenge for
humanitarian and non-profits; these organizations must learn to
evaluate when and how it is appropriate and productive to use
social media data without falling into techno-centric innovation
discourses about these data’s actual capabilities for work on the
ground [2, 5, 11, 16, 20, 37, 60, 65, 68].

The design and use of toolkits that could support non-profits as
they critically evaluate their social media data explorations emerge
from social innovation and HCI literature as a promising alterna-
tive to this problem [18, 38, 45, 54, 62, 81, 96, 103, 106, 107]. In the
context of community and social innovation, researchers and prac-
titioners have proposed toolkits to guide community work as well
as social impact initiatives, facilitate the use of design thinking
methodologies, and protect human rights [38, 54, 62, 96, 103]. In
regards to the field of HCI, for decades the development of toolk-
its has played an important role to produce “generative platforms”
[46] that can “inform people about technologies” [103] and “best
practices” [81] for a specialized situation in a “streamlined, scripted
fashion” [95]. As “curated collections of tools and materials” [119],
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toolkits can scaffold deliberation processes by translating complex
issues into concrete and accessible technologies development and
use practices [81, 95].

Existing studies on the design of toolkits for guiding technology-
savvy users as they apply novel technologies such as Machine learn-
ing (ML), Artificial Intelligence (AI), and cybersecurity systems have
stressed, however, that using toolkits to support responsible tech-
nology adoption is not free of problems [32, 97, 119]. Specifically,
toolkits’ goal of being a guide for best practices and representing a
form of "professional vision" tends to provide decontextualized guid-
ance [119], flatten nuances, limit perspectives outside of the tools
within the toolkit[63, 81], and promote a solutionist perspective of
social problems [119]. Further, toolkits’ attempts to promote critical
views amongst industry actors have not been proven effective yet
either: due to time constraints, lack of organizational support, and
poor alignment with working pipelines, industry actors do not find
them usable or useful in practice [32]. Against this backdrop, it
remains critical to explore the role of toolkits—if any—in slowing
down technological innovation for non-technology-related organi-
zations, such as humanitarian non-profits, and prompting them to
critically decide, how, and if to take a technological resource out of
its context for impacting communities on the ground.

In this paper, we address this critical need by describing the
first author’s situated experience designing and testing the Bitdcora
toolkit! and its proposed methodology. Bitacora’s main goal was to
prompt humanitarian and non-profit organizations that are consid-
ering computational uses of social media data to critically reflect on
the role that Twitter data can have for supporting their operations.
Throughout a fellowship and internship that together lasted 17
months, the first author worked with the Accelerator Lab Mexico,
which belongs to the Accelerator Lab Network of the United Na-
tions Development Programme (UNDP), the United Nations’ lead
agency on international development [1]. The first author worked
with the Accelerator Lab Mexico in developing a critical and situ-
ated approach to use social media data as a source for actionable
evidence informing crisis response. Following [103], the toolkit and
its evaluation process with staff from the Accelerator Lab Mexico
and two Mexican non-profits, one of them with no experience with
social media computational analysis, emerged as an attempt to
support non-profits’ staff, which often holds different degrees of
technological savviness, to autonomously engage in critical and
responsible social media data explorations. This work describes the
design intentions and decisions behind the Bitacora toolkit as an
artifact that prioritizes a situated data analysis for slowing down
innovation in the context of humanitarian and non-profit organiza-
tions. Further, it reports non-profit practitioners’ reactions to the
toolkit and the different ways in which these interactions shaped
practitioners’ perspectives on social media data as a technological
innovation.

We found that the toolkit’s design aspects across its proposed
methodology generated three different reactions from practition-
ers: (1) at early stages of the methodology, the toolkit’s request
to use constraints such as keywords and time frames motivated
practitioners to engage in deeper explorations of the problem; (2) as
practitioners progressed in the methodology, they tended to adjust

IThe word Bitdcora means log book in Spanish.
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their goals and notions of validity to Twitter’s limitations rather
than reflecting on the implications of their decisions; and (3) the
request for a situated, qualitative analysis at the last stages of the
process did momentarily slow down practitioners’ pragmatic expec-
tations on social media data but, in line with [32], it also clarified
the difficulties of adopting this artifact in the long run given the
amount of time, labor, and care it demands out of practitioners and
non-profits.

As such, this work offers three contributions to researchers work-
ing to support non-profit organizations as they grapple with the
push for technological innovations in the humanitarian sector. First,
the toolkit’s design, which emphasizes situatedness and seeks to
support practitioners in challenging a reductionist rhetoric behind
social media data adoption. Second, an analysis of how non-profits’
staff members reacted to the toolkit-based intervention and re-
flected on their perspectives on Twitter data as an appropriate
source of information. Lastly,a discussion on the possibility for a
toolkit such as Bitacora to slow down social media data innovation,
including (1) the design aspects that were successful in driving an
in-depth reflection about social media data use; (2) feasible design
pathways for ensuring that the toolkit can have a long-term impact
in non-profits’ use of social media data.

2 Related Work

2.1 Non-Profits and Technological Innovation

The discourse of technological innovation is often understood as the
introduction of modern technologies that can disrupt, transform and
overall, revolutionize how an organization operates [16, 31, 64, 66].
As such, it offers non-profit organizations numerous potential bene-
fits directly connected to the generation of value, economic growth
[58, 66], efficiency, empowerment, and overall, survival [16, 49, 57].
In particular, non-profits and their stakeholders envision techno-
logical innovation as critical for optimizing their administrative,
service and marketing areas, communicating their services and
mission to communities and funders, staying in touch with con-
stituents, recruiting volunteers, raising funds, and assessing impact
[16, 49, 57, 84]. However, as [16, 49, 58, 115] explain, the promises
behind new technologies also feed the illusion that technological
interventions are an easy-to-pursue imperative that “just needs”
easy fixes to take place (e.g., an Internet connection, a database
software, personal devices, training, or an IT consultant). These
authors explain how the reality is quite different; pursuing tech-
nological innovation is a considerable undertaking that heightens
the scrutiny that non-profits are under, entails greater demands
for them—often with the same or fewer resources, and encourages
a culture of competition, all of which is often irreconcilable with
their reality and goals.

Non-profits operate within—and depend on—the power dynam-
ics of a complex network of government systems and public policy
fields [17, 70, 101, 115]. The transformational narrative behind tech-
nological innovation feeds into these dynamics, creating various
axes of demands that are hard to satisfy and often in tension with
each other. Non-profits are expected to “keep up” with the private
sector progress [49], follow public sector and funding agencies’
digital use recommendations (e.g., keep electronic records, set up
online application processes, and provide impact and performance
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data) [16, 51, 115] while also adopting technologies that align with
the technology practices of the communities they serve [17, 84, 115].
Implementing technological change is also quite difficult due to
non-profits’ extraordinary constraints for securing and mobilizing
financial resources, time, expertise, and clarity about the role of
technology in their operations [16, 25, 37, 70, 80, 84, 115]. New
technology, then, often enters this space in a improvised fashion
(e.g., as part of a grant or “created on the fly”), with little under-
standing from the organization staff of how it connects with their
mission [84, 85] and no clear direction on how to connect the in-
novation to the organizations’ existing patchworks of information
systems and equipment [16, 115]. As a result, non-profits often
end up treating technological innovations as a commodity rather
than an innovation enabler (e.g., using email as a communication
tool rather than as a strategic tool for collecting email addresses
or distributing electronic newsletters) [22, 26, 44] and struggling
to maintain technological additions (e.g., facing versioning issues,
data redundancy, and data inaccessibility [70, 84, 115]).

Against this backdrop, an important body of work has explored
technology (re) design as a desirable pathway [37, 109, 110, 116, 117].
Some of the approaches suggested are to identify and leverage non-
profits’ resources (e.g., volunteers, small grants, community-guided
initiatives) [37, 117], intervene in non-profits’ technology adoption
process [16, 47], and provide methodological techniques for long-
term technology planning (e.g., technology inventory assessment)
[84]. However, increasingly, research suggests that the path for-
ward lies in a deeper reflection about the underlying logics and
assumptions behind technological innovations for non-profits. In
particular, this body of work argues that in prioritizing economic
growth, the discourse of technological innovation promotes tools
and systems that only care about turning non-profits in more effi-
cient institutions, disregarding these organizations’ goals, values,
and expertise along the way [34, 49, 50, 64]. For example, [16]
found that, datafication initiatives promote donors’ need to scruti-
nize non-profits and erode non-profits’ autonomy to design their
data strategy and make meaning of the analysis. Likewise, in work-
ing to maximize the number of donors, charity-based technologies
dismiss the care work needed for donors to develop a longer-term,
trusting relation with non-profits and their missions [50]. As [49]
explains, the rhetoric of innovation creates technologies such as
automated birthday notes, digitized volunteering work, and cus-
tomizable reports, that demand new practices and, as a byproduct,
generate more overhead for non-profits. The technological demand
and offer cycle, [49, 58, 115] warn, only replaces old remedies with
newer, more efficient versions, but does not really offer a trans-
formative approach to non-profits’ systemic problems. Together
with [9, 16, 72], these scholars encourage researchers to resist the
technological innovation narrative that pushes for impossible fu-
tures and work with non-profits to offer them the support they
need for rather disrupting innovation. This can include offering
political support for non-use, intervening in the crafting of techno-
logical narratives, and working with non-profit actors to analyze
technological interventions’ overpromises. Our research seeks to
explore how to design such supporting mechanisms for international
and humanitarian non-profits facing the pressure for engaging in
social media data analysis as a desirable innovation.

CHI ’24, May 11-16, 2024, Honolulu, HI, USA

2.2 The Humanitarian Potential and
Limitations of Social Media Data

Increasingly, important organizations and actors in the humani-
tarian field—including the World Humanitarian Summit [11, 74],
external funders [25], and digital humanitarians [21] promote the
datafication of the humanitarian non-profit sector. Datafication is
indeed promising for helping non-profits to optimize their opera-
tions [25, 37, 60, 94] and make “more productive and empowered
decisions” [15]. However, technological barriers [37, 47, 117], an
incipient culture around strategic data use [70, 80, 84], and the
pressure of funding agencies to define the structure of the data that
needs to be collected [16, 27] often hinder organizations’ ability
to pursuit this type of innovation. As [16, 111] explain, these fac-
tors often create a cycle of disempowerment that ends up flooding
organizations with data that they cannot effectively use.

Research in Crisis Informatics and the Humanitarian sector has
shed light on the potential for user-generated data—such as social
media posts and comments—as a valid alternative: social media
platforms are a low-cost, quick source of large amounts of data
that grow by the second and are rich in expressed needs and opin-
ions about conditions on the ground [3, 10, 21, 52, 56, 74, 82, 114,
120]. Further, due to its heterogeneity, social media data holds the
promise of giving non-profits the freedom to explore the problems
they need, without depending on stakeholders’ demands [71]. The
analysis of these data can, thus, help humanitarian non-profits to
prepare for and react to crises by providing insights on disease
outbreaks, potential risks, communities’ resources, casualties and
damages, and donation efforts [10, 40, 55, 59, 83, 121]). Social media
data can also inform non-profits about the audience consuming
their content, and generate evidence for funders about their impact
and community connections [7]. However, the use of social media
data is not free of challenges. One of the most evident barrier is
that of access; as with any technological innovation, non-profits
struggle to secure the financial, technological, and human resources
needed to make use of social media analysis tools [7, 19, 67, 102]. [7]
found that out of 20 non-profit actors, only 37% had used these tools
to make sense of social media data, 30% had not knowledge that
these tools existed and 50% did not have clarity on how to use these
platforms to add value to their work. As such, most non-profits
in the humanitarian sector only use social media for information
dissemination [7, 71].

Another challenge is social media data’s incompleteness and,
thus, inability to provide complete and objective inferences about
conditions on the ground [2, 4, 5, 21]. As Science and Technology
Studies (STS)’ scholars have increasingly argued, data analysis’
dependence on human interpretation and socio-cultural values in-
variable produces incomplete lessons [11, 68, 105]. For example,
techniques for classifying tweets based on keywords (e.g., lexicons
related to an event) or characteristics (e.g., only those referring to sit-
uational updates), depend on a previous definition of the keywords
or characteristics that are valid, which in turn, can fail to capture
a considerable fraction of relevant portions of data [41, 53, 75, 98].
Machine learning techniques also face this issue: the “dependent
variable” needed to train and validate ML models called ground
truth data also demands human decisions on the right representa-
tion of data [8, 91]. Data classification processes, thus, invariably
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produce an over-synthesized version of reality that “becomes natu-
ralized as ‘the way things are’”[33, 35] while dismissing complex
experiences behind (e.g., groups that are not present in the collected
data such as older citizens, citizens without cellphones living in
rural communities, citizens who prefer a different social media plat-
forms, etc.) [7, 86, 87, 90, 123]. In addition to generating incomplete
inferences, social media data analysis runs the risk of producing
highly misguided insights [2, 93, 112]. When non-profits use these
data, for example, they do so without considering the context where
data was originally produced [24, 30]. As a result, it becomes hard
for these organizations to determine what part of these data is false,
non-factual, outdated or just irrelevant [40]. Given the high volume
and velocity of online information, manual processing is not an
option either [40]. As [20] and [76] found in their studies of crisis
relief efforts, losing such valuable contextual richness can lead to in-
sights about communities that do not align with how communities
perceive themselves and end up "silencing local experts."

For these reasons, it is essential for non-profit organizations
to understand these data limitations before they look for value in
it; as [68] explains, “instrumentation alone is sufficient to deliver
value”. For example, organizations looking for “compelling exam-
ples reflecting the alleviation of suffering through [their] assistance
programs” would benefit from understanding that those might not
be easy to find or filter out [76]. Likewise, organizations trying to
challenge critical issues such as institutionalized oppression need
to know that social media data might not provide the verifiable
evidence they need [2, 5]. Following the reflections of [11, 20], we
argue that it is critical to support non-profit organizations in their
process of defining what is valuable about social media data. This
can entail facilitating reflections on why they collect one set of data
vs others, how they consider—or not—data’s production context,
how they negotiate data, and how they make connections from
data to action [11, 16, 20, 60, 65]. Our research is an initial attempt
to advance such support via a toolkit that elicits critical reflections
on social media data for non-profit practitioners.

2.3 Toolkits and Critical Perspectives on
Technology

In its most general definition, the term toolkit describes a “set of
tools that are used to making or repairing something”, and “skills
and knowledge that are useful for a particular purpose or activity”
[95]. Across time, however, different disciplines have repurposed
the term, using it to define a set of physical tools (e.g., the first-aid
kit) as well as tools for thinking and decision-making (e.g., social
justice kits) [95]. As [81] argues, in their essence, toolkits refer
to scripted “best practices” for a particular situation, “a modular
grouping of different perspectives, methods, and interrogatories”
that formalize ways to approach the world [36]. In the field of HCI,
the term has mostly referred to software and hardware components
that make problems in the field (e.g., prototyping, designing, and de-
veloping interactive computing systems) easier to approach[78] As
the ethical implications of new technologies have become more visi-
ble and debatable, the field has increasingly shifted to a definition of
toolkits more similar to that coined by [36, 81]: as epistemological
frameworks that provide technology adopters with perspectives,
methods, and interrogatories for approaching the complex issues
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created by technological innovations [18, 95, 100, 103, 104]. In the
cybersecurity space, for example, toolkits such as the Access Now’s
Digital Security Helpline, and the SecureDrop’s anonymous transfer
service, leverage human support to ease non-technological users’
engagement with security protection practices [97]. Other toolkits
rather take the shape of tutorials or step-by-step guides for in-
structing the users how to improve security protection practices.
In the context of technology design, researchers and practitioners
have proposed toolkits for engaging diverse—sometimes marginal-
ized—groups in the practice of design [18, 95]. The Cambridge
Inclusive Design toolkit, for example, supports the creation of tech-
nologies that are "are accessible to, and usable by, as many people
as reasonably possible"[45]. Toolkits such as the Equity Centred
Community Design and the Community Led Co-Design Toolkit
explicitly center on supporting communities as they engage in
design work [95], and some, like the Building Utopia toolkit ap-
plies non-Western tenets—Afrofuturism—to elicit a different way
of understanding and envisioning the future [18].

Another domain where toolkits-as-epistemological-frameworks
are quite prevalent is the ethical adoption of Al solutions [32, 106,
107, 119]. While these toolkits all seek to promote ethics in Al de-
sign and development, they greatly vary in the type of approach
they use. Microsoft’s Fairlearn toolkit [14] and IBM’s Al Fairness
360 toolkit [12], for example, provide timelines for industrial prac-
titioners to “understand, assess and mitigate machine biases” [107].
To do this, these toolkits offer practitioners ready-to-use fairness
metrics and bias mitigation algorithms that aim at facilitating prac-
titioners’ decision-making [124]. Other toolkits, such as the Model
Card Authoring Toolkit encompasses reflection-oriented artifacts
to rather prioritize practitioners engaging in debate, discussion, and
negotiation before choosing “the right model” for the task at hand
[107]. Google products seek to take critical reflection one step fur-
ther by offering toolkits such as “What-if” and the ML-fairness-gym
which helps practitioners to visualize the impact of fairness metrics
[118], and even simulate the potential long-term social impact of
machine learning-based decision [29].

Despite such emphasis on eliciting reflection, recent in-depth
analysis of the role that toolkits play in guiding users as they engage
with technological innovations suggest that, instead of eliciting crit-
ical reflection and motivating transformative actions towards harm-
ful technologies, toolkits in HCI tend to perpetuate the problems
that technologies create [95, 97, 119]. As [79] explains, toolkits are
often designed to act as a fundamental building block of innovation;
as such, they seek to accompany and promote technology adoption
rather than to question or transform it [95]. For example, [119]’s
analysis reveals that, in the context of Al ethics most toolkits aim
at guiding practitioners in how to minimize ethical problems and
provide technical fixes to them, rather than providing scaffolding
for unpacking the social aspect of ethics. Further, in working as a
manual, toolkits determine how practitioners see the ethical ter-
rain and what matters to them about it, often leaving important
ethical issues behind [81, 119]. [119] argues that, by decontextu-
alizing complex social issues, these toolkits act as a “technology
of de-politicization” that reduce problems to guidelines without
allowing users to realize and question the power dynamics shaping
their technology use.
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For [95, 119], the problem lies in believing that toolkits are
enough to address complex technology issues. This view leads
to a technosolutionist, assimilatory tech usage only[119]. As [95]
argues, the way moving forward is to “lean further into the mess”,
disrupting the idea of good designs, integration into existing prac-
tices, and seamless systems and rather exploring how to redistribute
knowledge power. Further, it becomes critical to also foster a strong
social infrastructure that can act as a support for navigating the
messiness [103]. Our research explores how a toolkit can engage
non-profit practitioners in some level of messiness when exploring
social media data analysis as a technological innovation.

3 Developing The Toolkit

The design of the Bitacora toolkit builds off four years of quali-
tative research. This research began with humanitarian activists
in Mexico who were increasingly using social media platforms to
exchange information and self-organize to respond to local crises
[2, 3, 5] . Later, the research expanded to include the Accelerator
Lab Mexico, which was using social media for communication and
online presence only but was interested in learning how to leverage
social media data to inform their work [4]

In connection with members of the Accelerator Lab Mexico, we
developed and tested a methodology to mobilize the knowledge pro-
duced on Twitter into the organization to inform project planning
[4]. The organization chose Twitter as a platform of interest consid-
ering Facebook’s policies preventing data collection and Twitter’s
important presence in the country [6]. This work concluded that to
support responsible social media data adoption, data experts need
to engage non-profit practitioners in an in-depth, critical reflection
on the limitations of this type of data. As the first author reached
the end of her collaboration with the Accelerator Lab Mexico, she
sought to leave the organization a tool for continued reflection on
responsible social media data adoption without the presence of a
data expert. Drawing on the work of [103], she decided to create a
toolkit as a way to provide continuity when leaving the field. While
toolkits have been critiqued as artifacts to promote transformation
[95, 97, 119] that are not sufficient for addressing complex social
issues around technology [119], they can be useful to record lessons
already learned during a previous intervention [103]. This led to
the design of the Bitacora toolkit which translated the lessons from
the fieldwork into supporting infrastructure for practitioners to
critically and responsibly approach data from Twitter.

In what follows, we describe the main goals guiding the design
of the toolkit. We also include a detailed description of the toolkit’s
components. Finally, we detail the data collection and analysis
methodology that the toolkit proposes to non-profit organization
practitioners interested in using Twitter data as actionable evidence
for planning on-the-ground efforts.

3.1 Bitacora’s Main Goals

The design of the Bitacora toolkit intended to meet the following
objectives:

(1) Help practitioners understand the potential and drawbacks of
social media data in the context of non-profits: As extensive
previous research on adopting user-generated content as
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a data source has stated [61, 112], understanding the chal-
lenges of accuracy and representativeness is critical to help
practitioners set realistic expectations of what type of prob-
lems can or cannot be examined with Twitter data. Since
user-generated content is unstructured and difficult to ver-
ify, it is complicated to ensure the trustworthiness, and thus,
accuracy of the data : issues of misinformation and disin-
formation can be prevalent across this type of data [43].
Ensuring representativeness is another challenge due to the
sample bias of the users and content that becomes visible
or not, depending on the tools and platforms used to collect
data.

(2) Support practitioners in determining whether Twitter data is
appropriate for their goals: Non-profits are particularly vul-
nerable to adopting new technologies that do not fit their
human connection values and practices [49]. As such, it is
critical to provide practitioners with appropriate tools and
guidance so that they can go through different examination
phases to gradually and independently decide whether or
not innovations such as Twitter data are what they need
to inform their work. Design-wise, thus, the goal is to add
friction and slow down the adoption impulse, encouraging
practitioners to challenge the notion that this data can ad-
dress all kinds of questions in the humanitarian realm.

(3) Promote a situated analysis of Twitter data: The findings from
our fieldwork demonstrate that when analyzing data from
social media platforms, it is crucial to acknowledge the in-
terplay between online and offline interactions of the com-
munities producing user-generated content when mobiliz-
ing social media data from its site of production to the site
of use [2, 4]. That is, to consider the social, historical, and
cultural conditions that motivate people to turn to social me-
dia platforms to organize collectively in the face of a crisis
[30, 39, 69]. Engaging with such complexity and situatedness
of data is critical for responsibly mobilizing data from on-
line platforms into institutional contexts such as non-profits.
Moreover, making the findings of a computational analysis
usable and actionable requires transitioning them into the
larger ecosystem of norms and practices of multiple actors,
infrastructures, databases, legal and policy frameworks, and
practitioners’ operational definitions of evidence [2, 4]. As
such, the toolkit sought to guide practitioners in examin-
ing Twitter data from a situated perspective, which entails
considering the context where the data has been produced,
reflecting on practitioners’ definitions of evidence, and what
they intend to do with the insights from the analysis.

3.2 Bitacora’s Components

The toolkit consists of two components: a manual and two online
computational tools hosted on a website ? See Figure 1 in Appendix
A for a more detailed overview of the toolkit components. The man-
ual provided guidance and supporting worksheets for practitioners
to follow and document the proposed data collection and analysis
methodology. The computational tools enabled easy, automatized

2We refer to these online computational tools as Module 1 and Module 2.
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access to searching, collecting, and analyzing Twitter data. See
Figure 3 and 4 in Appendix A.

3.2.1 Online Toolkit Manual To help practitioners in conducting
the proposed methodology, this component entailed a PDF that
included an introduction to the manual, a thorough explanation of
the toolkit’s methodology, and a set of tools for guiding and docu-
menting the proposed methodology. Next, a detailed description of
each one of the manual’s sections®:

(1) An introduction to the manual with a description of the tools
included, and an explanation of the target audience of the
toolkit.

(2) An introduction to social media data with four use cases shed-
ding light on four scenarios in which user-generated content
from Twitter and Facebook has been used to inform large
and medium organizations. Among the scenarios were using
Twitter data to understand citizen strategies to navigate the
COVID-19 crisis in Mexico city and using Facebook data
to monitor human rights violations, amongst others. Each
scenario emphasized the strengths, limitations, and poten-
tial risks that come with the adoption of social media data
in the context of non-profits (e.g., the incomplete and pos-
sibly misinformed nature of social media data in relation
to citizen activities on-the-ground and the need to define
clear-cut criteria for identifying valid evidence of human
rights violations amongst the deluge of data in social media).
In addition, this section included a decision tree to support
users in discarding the scenarios and problems that were not
appropriate to examine using data from Twitter. For exam-
ple, the tree discouraged the exploration of systemic social
problems such as poverty, corruption, or unemployment and
encouraged analyzing problems such as ongoing local crises
that affect the bulk of the population. To provide guidance
on appropriate problems for Twitter data, the tree posed
questions about the future use of the data and the type of
problems they want to understand. *.

(3) A step-by-step description of the proposed data collection
and analysis methodology which consists of three steps that
blend in an exploratory and a qualitative in-depth analysis
enabled by computational analysis techniques. We describe
this methodology in detail in section 3.3.

(4) Qualitative Analysis Tools including steps for conducting an
affinity diagram and five worksheets (W1 to W5) to support
exploration and documentation along the proposed method-
ology The five worksheets (W1-W5) were intended to be used
along the steps of Bitacora’s proposed methodology to doc-
ument practitioners’ decisions and observations and elicit
reflections on the usefulness of Twitter data. These work-
sheets were: W1 for understanding and defining the problem
to explore, W2 for defining keywords and time frames to
limit data searches, W3 for documenting insights about dif-
ferent searches’ results, W4 for carefully analyzing situated

3We include the original version of the toolkit’s manual in Spanish and a translated
version in English in the supplementary material. To facilitate the understanding of
the most relevant elements of the manual, we have also added the description and
graphics of some key elements of the manual in the Appendices C and D.

4We included the decision tree translated into English in Appendix C.
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aspects of the selected, final dataset, and W5 for reflecting
if the aspects of the dataset suggest that Twitter data can
be useful, trustworthy evidence to characterize the defined
problem °.

3.2.2  Online Computational Tools A web application enabled non-
profit practitioners to use two computational tools packed in two
different modules. In combination, both modules aimed to ease the
process of filtering tweets to identify content similar to the problem
users are examining.

(1) Module 1 offered an interface for users to access, search, and
download Twitter data from user-defined queries. See Figure
3 in Appendix A. Access and search methods were based on
the Twitter API v2 [113]. Twitter API credentials allowed
users to retrieve and analyze Twitter data and offered differ-
ent types of access for developers and academic researchers
6. The module allowed users to download the A.CSV file
with the search results.

(2) Module 2 took the A.CSV file generated by Module 1 and
another B.CSV file with practitioner-provided ground truth
training data. The module then uses Natural Language Pro-
cessing (NLP) to process Twitter data to find sentences that
are semantically similar to the ones identified in Module 1
and generated file C.CSV. In doing so, it narrows the num-
ber of tweets for non-profit practitioners to analyze. We
implemented NLP for Spanish Language based on word em-
beddings using the word2vec algorithm [88, 89] with the
Spanish Billion Word Corpus and Embeddings (SBWCE) pre-
trained model [23] and the Gensim library [99]. See Figure 4
in Appendix A.

3.3 Bitacora’s Proposed Methodology

To pursue the toolkit’s goals, the first author proposed to non-
profit practitioners a highly iterative data collection and analysis
methodology consisting of three steps that blended qualitative and
computational analysis for examining and interpreting Twitter data
from a contextualized perspective. See Figure 2 in Appendix A
for a detailed description of the methodology. The two first steps
of this methodology guided non-profit practitioners through an
exploration of the problem and of Twitter as an effective source
of valuable evidence for their research goals. The last step helped
practitioners run an in-depth, situated Twitter data analysis via
qualitative and machine learning techniques. Along each step, prac-
titioners were asked to use worksheets W1-W5 to document their
process and share reflections on their understanding of Twitter data
potential and limitations for the problem they sought to character-
ize. As the visual representation of the methodology in image 3.3
shows, the worksheets served as breakpoints for practitioners to
question their goals, revise their progress, and decide to continue
their exploration, go back to previous steps or quit the exploration

of Twitter as a valuable option for their problem at hand.
(1) Step 1: Framing the Problem and Collecting a First Dataset.
This initial step requested practitioners to first use W1 and
a decision tree for responsibly defining the problem they

5We included the five worksheets translated into English in Appendix D.

®The toolkit was implemented using the academic research credentials, which allowed
retrieving up to 10 million tweets per month and 100 requests per 15 minutes.
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wanted to examine using Twitter data and then to use W2,
W3, and Module 1 for conducting iterative Twitter search
cycles to find the best keywords and time frames for col-
lecting Twitter data about the problem at hand. Specifically,
W1 recommended practitioners to define the problem by
first going outside of Twitter to research various aspects of
the problem (e.g., the locations, time frames where it took
place, and the stakeholders involved), identifying existing
evidence and other reliable data sources, and reflecting on
their motivations for using Twitter data. To then support
practitioners in defining if Twitter was an appropriate data
source for their defined problem, this step also asked practi-
tioners to use a decision tree that listed possible motivations
for using Twitter data and recommended actionable path-
ways per motivation (e.g., if the motivation was to quantify
cultural characteristics then the tree recommended against
Twitter data but if it were to gather narratives of popular
discourse about an event for exploring the perspective of
a particular group, then the tree suggested Twitter data as
a potentially useful option). Once practitioners had a prob-
lem definition and were aware of Twitter data limitations
in regards to their selected problem, this step finally asked
them to engage in an iterative search cycle that helped them
see how Twitter was discussing the problem and potentially
identifying issues such as misinformation or disinformation
around the problem, the need to narrow the problem a bit
more, and a mismatch between the discourse available on
Twitter and their research goals. This entailed (1) using W2
to narrow down the problem into keywords and a search
time frame that considered the problem context defined in
W1 (e.g., involved organizations, communities, and Twitter
accounts) ; (2) using these filters as input for conducting a
search via Module 1 that resulted in file A.CSV; (3) inspecting
the results to identify and document novel information (e.g.,
new places and time frames where the problem takes place,
new involved Twitter accounts, and additional associated
hashtags) using W3; and (4) repeating the search cycle if
practitioners felt different filters were needed.

Step 2: Defining and Documenting Ground Truth. Once prac-
titioners were satisfied with their understanding of Twitter
data based on the various searches they conducted in Step
1, the next step was to define ground truth. That is, to gen-
erate a file (B.CSV) with labels and categories representing
the tweets from previous searches that were emblematic or
encoded the dimensions of the topic investigated. To com-
plete this step practitioners were first asked to use W4 for
categorizing the observations about actors, communities,
and initiatives they had already documented in W3 and,
from there, to derive a characterization of how their problem
was discussed on Twitter. Then, practitioners were asked
to use W5 to reflect on how the categories and characteri-
zation in W4 related—or not—to their existing knowledge
and assumptions of the type of evidence that their problem
would require. As a result of this reflection, it was expected
that practitioners: (1) determined whether Twitter offered
valuable evidence for their objectives ; and (2) populated
file B.CSV with the labels and categories representing the

types of tweets on Twitter that often discussed the selected
problem (ground truth).

(3) Step 3: Conducting an in-depth qualitative analysis on a subset
of Tweets. The toolkit then proposed an in-depth qualitative
Twitter data analysis first using Module 2 and then work-
sheets W3 and W4 . Finally, practitioners were encouraged
to follow the instructions for affinity-diagramming located
in the Manual component. To use Module 2, practitioners
needed both A.CSV (the initial dataset generated in Step
1) and B.CSV (the ground truth file created in Step 2) as
the input. The result was file C.CSV, which stored a sub-
set of tweets with content suitable to explore the problem
previously defined. Then, the toolkit recommended to quali-
tatively analyze the resulting tweets via two activities. First,
by reading the tweets in C.CSV one by one and using W3
once again to abstract and document novel insights (e.g., new
locations, new actors, new hashtags) and W4 to categorize
these insights and iterate on a possible Twitter-based char-
acterization of the problem. Second, by using the insights
from that initial analysis to organize the tweets in an affinity
diagram. For this last activity, practitioners were provided
with the manual’s instructions on how to affinity-diagram
a dataset of tweets. These entail directions for registering,
organizing, and categorizing observations by theme, and
then for analyzing and synthesizing the patterns and trends
in each theme. The resulting synthesis shed light on differ-
ent, critical contextualized aspects of the problem (e.g., the
relationship between existing initiatives and the strengths of
the communities). Selecting tweets for qualitative analysis is
an iterative process, thus, it requires a manageable number
of tweets in C.CSV so that practitioners can analyze them
in detail. If the number of tweets resulting from Module
2 was very high, practitioners were recommended to fur-
ther reduce the number of tweets with additional filtering
(e.g., choosing a random number of tweets of the subset or
only tweets that included a word or term that referred to
representative locations, stakeholders, or hashtags).

4 Toolkit Evaluation

The first author conducted two evaluation studies with three or-
ganizations in February and March of 2022 (ten practitioners in
total) to understand how practitioners from non-profit organiza-
tions with different degrees of exposure to social media and social
media data analysis reacted to the toolkit goals and used the com-
ponents oriented towards motivating critical reflection. The first
study was conducted exclusively with practitioners from the Accel-
erator Lab - Mexico, with which the first author interned for over
nine months. The second study was conducted with practitioners
from two non-profit organizations in Mexico: SocialTic and CIEP.

(1) Accelerator Lab - Mexico which belongs to the Accelerator
Lab Network of the United Nations Development Programme
(UNDP). The Lab Network consists of 91 labs that support
115 countries and it is the largest learning network focusing
on sustainable development challenges [1]. Similar to other
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organizations [19], it used social media for having an online
presence and communicating with other stakeholders.

(2) CIEP is a non-profit research center that provides informa-
tion and analysis to influence, improve, and democratize
discussions and decision-making in the economy and public
finances sector. The organization focuses on diverse areas
of public finance, such as public debt, public spending, and
income and taxes. This non-profit had no experience using
social media, not even for ensuring an online presence.

(3) SocialTic is a non-profit organization that aims to empower
grassroots organizations in Latin America by reinforcing
their analysis, social communication, and advocacy actions
through the strategic use of digital technologies and data.
Their focus is to train and accompany groups and individuals
in info activism, the use and opening of data, and digital secu-
rity. Given such a focus, this non-profit had ample experience
conducting a manual, qualitative exploration of social media
to help other organizations learn about potential problems
for communities.

Both studies sought to explore how the toolkit impacted how
practitioners from organizations with diverse social media prac-
tices perceived Twitter data’s potential and limitations to be an
appropriate source of information for humanitarian issues. Table
1 in Appendix B, describes each practitioner’s role, background,
and problem exploration methods of expertise. Next, an overview
of each participant organization and their existing social media
practices.

The first author moderated the evaluation sessions, which took
place online via Zoom and were video recorded. To document
the activities, participants used MURAL, a collaborative digital
board. Each participant had a designated workspace with the five
worksheets of the manual to help them complete the evaluation
activities and document their experience using the toolkit. Before
the first workshop session, participants received an email with
the digital version of the manual, the link to MURAL, and their
credentials to access the toolkit. To avoid any potential misuse of
the toolkit, participants’ access to the platform was granted only
for the evaluation days, and the number of tweets downloaded was
restricted. Participants were also continuously reminded not to
share their credentials with anyone else.

Both evaluation studies started with one introductory session
where participants learned about the proposed methodology, the
implications of using social media data, and the evaluation timeline
and goals. Individual and group sessions followed the introductory
session. During individual sessions, participants used the toolkit
independently, exploring the implications of integrating Twitter
data into their work without mediators. In Group sessions, partic-
ipants reported on their experience using the toolkit, presented
their preliminary findings, asked questions, and listened to each
other’s progress. Introductory and group sessions lasted between
an sixty and ninety minutes.

4.1 First Study (with the Accelerator Lab in
Mexico)

The first assessment of the toolkit was conducted with five members
of the Accelerator Lab and lasted one week. After the introductory
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session, participants engaged in independent work for four days.
Following the four-day work period, the first author moderated
a group session where participants reported their findings and
challenges working with the toolkit. The first author then conducted
semi-structured interviews with participants to learn about their
experiences and expectations with the toolkit. Interviews lasted
between 45 and 60 minutes, were conducted in Spanish, recorded,
and transcribed.

4.2 Second Study (with the CIEP and SocialTic
organizations)

The second assessment of the toolkit was conducted with five par-
ticipants from the CIEP and SocialTic non-profit organizations and
lasted two weeks. The motivation for the second study was to un-
derstand the transferability of the toolkit from the Accelerator Lab
in Mexico, where it was developed, into different kinds of non-profit
organizations. The evaluation comprised an introductory session,
two individual, and two group sessions. After the introductory
session, participants worked independently with the platform for
ten days and then met for the first group session. After the group
session, participants spent time individually with the tool once
again and finally gathered for a second group session, in which
they debriefed their experience using the toolkit and discussed
the potential steps for them to capitalize on the findings found on
Twitter. Having two group sessions instead of one was done based
on feedback received from the interviews in the first evaluation.
Participants reported needing more time to explore the toolkit and
figure out how to integrate their findings into their work.

4.3 Data Analysis

The interviews, the introductory and group sessions of both evalu-
ations were video recorded and transcribed, adding twelve hours
of data. During the design and implementation of the evaluative
sessions, the first author documented her observations through
memoing. Additionally, the notes, comments, and observations that
participants recorded in their workspaces in MURAL and work-
sheets were analyzed to inform the interviews and the overall
findings of the evaluation. The names of the participants were
anonymized to protect their identities, and the quotes included
here were translated into English. We substituted the names of
participants for IDs, which are listed in the first column of the Table
1. The second column of the Table 1 refers to the organization they
belong to. For clarity, as we report on participants’ testimonies, we
refer to them with their ID and organization name.

5 Findings

Our findings highlight practitioners’ tensions when following the
toolkit’s guidelines and using the toolkit’s materials along the three
steps of the proposed methodology. When defining a problem suit-
able for Twitter data (Step 1), practitioners harnessed the iterative
nature of the toolkit to navigate the request for using keywords and
time frames, which they thought were too limiting. When choosing
a ground truth that could adequately shape Twitter search (Step 2),
practitioners tended to adjust their goals and problems to Twitter
data’s limited capacities with little reflection on the trade-offs of
their decision or discussions around these data’s alignment with
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their goals. Finally, when facing the toolkit’s request to derive in-
sights from Twitter data using a qualitative data analysis (Step 3),
practitioners saw the benefit that this request had for eliciting re-
flection but concluded its use in the long-term as unfeasible: they
needed a process that took less time investment and that could
produce more quantifiable results to legitimize future decisions.

5.1 Reactions to Step 1: Questioning Data
Collection Restrictions

The first step of the toolkit’s methodology asked users to define a
problem they would like to examine with Twitter data. After check-
ing if their problem definition was suitable for a Twitter analysis
using W1 and a decision tree, practitioners needed to narrow the
problem down to a set of keywords and a time frame for collect-
ing the related data using Module 1, which operates in alignment
with the Twitter API functionality. However, our data analysis indi-
cates that, against the guidance of the decision tree, practitioners
tended to explore quite broad and complex social problems. As such,
dissecting and discretizing these types of problems and transform-
ing them into pragmatic keywords and time frames turned out to
be highly difficult for them. Specifically, breaking their problems
into keywords required them to first learn with more depth how
and how often people in the platform discussed these topics. Our
data analysis suggests, however, that practitioners’ realization of
the misalignment between their expectations and the proposed
methodology—which was based on Twitter’s search options, drove
them to suggest and explore more iterative and reflection-driven
methodologies. Even though their explorations did not necessarily
produce exact answers, these allowed practitioners to explore the
problem on their own terms.

5.1.1 Adding Complexity to Keywords As Table 2 in Appendix B
shows (second column), participants were interested in examining
a wide range of problems. Practitioners interested in broad and
complex problems, such as sustainability and development issues,
struggled when asked to describe these problems in worksheet W2
using just keywords. As P3 explained, a critical barrier was not
really knowing the terms that people on Twitter might be using
to talk about these issues mainly because, despite always being
present in our societies, development problems are not topics people
frequently discuss on Twitter using practitioners’ terminology.

“I don’t know if there’s like a conversation about this,

because honestly what we do in the organization, I

mean these are not topics of conversation on social

media.” - P3, Mexico Accelerator Lab

Participants P7 and P8 echoed P3’s sentiment for they also strug-
gled to identify the appropriate terms to conduct the search.

“I don’t know how to search for some of these top-
ics. I mean some of them are universal concepts of
economics, but then, for other topics in which we
are interested, the terms have multiple meanings, for
example, sustainability.”- P7, CIEP organization

Others, such as P8, initially assumed that people on Twitter were
not discussing the topics his organization was focusing on.

“Yes, well, it is still a very small group of people who
talk about these issues, and most of them are from
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academia or organizations similar to ours.” - P8, CIEP
organization

As participants reflected on how to fill out W2’s keywords re-
quirement, they began to discuss other pathways for using key-
words that could be more cognizant of the complexity of social
problems. P4, for example, recognized that it is critical for practi-
tioners to acknowledge the various forms in which different com-
munities talk about social issues. She, thus, suggested engaging
more deeply with the toolkit’s recommendation for practitioners
to continuously revise their process and repeat steps if needed.
Specifically, she suggested to first iteratively map the specific terms
that different communities use instead of using the keywords that
they, as practitioners, knew.

“For example, when we were doing the Twitter anal-
ysis for the citizen initiatives during COVID-19, we
found that when people talk about it, they use words
like crisis, pandemic, virus, etc. So, it helps a lot to do
several searches and map how different communities
may be referring to the same topic so we don’t fall
into the trap of only finding about those who talk
about the topic as we talk about it or think about it.’-
P4, Mexico Accelerator Lab

As her reflection highlights, when and if using keywords during
social media data analysis, it becomes critical for practitioners to
pause to learn more about the used keywords. In doing so, they
can better understand who uses some keywords and who does not
so as to recognize what complexities are left behind from the very
beginning.

5.1.2  Shifting the Problem and Redefining the Outcome In addition
to keywords, the toolkit required practitioners to use W2 to define
a time frame to filter the search of the tweets. This is so as to be
able to center the problem exploration around the wave of tweets
arising when a crisis happens; the frequency with which topics
are discussed on Twitter varies drastically: people tend to discuss
mostly what concerns them at the time and trying to find comments
on issues of the past in the current conversation might not be
effective.

However, for participants such as P1, the time frame, and key-
words restriction, together with the toolkit’s emphasis on continu-
ous revisions of progress, were determinant in how they engaged
with the proposed problem definition and data collection method-
ology. Specifically, these restrictions drove him to shift problem
definitions and time frames several times while defining an entirely
new methodology in the process. P1 initially sought to examine the
intersection between gender and resilience in general. However, af-
ter using W1 and the decision tree, he realized that these topics were
too abstract and needed to be refined into a more concrete problem.
He then decided to examine the role of gender inequality during
crises and was particularly interested in the recent COVID-19 pan-
demic crises given that, at the time, Mexico was still experiencing
the aftermath of this event.

In reflecting on the time frame, he concluded that using the
pandemic as a reference within the current time frame was not
going to be effective. As he explained, “[..] on Twitter, people tend
to post what they have at the top of their minds, and I thought it
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would be difficult to find something interesting [for the COVID-
19 crisis was no longer recent].” The new problem definition was
also not really helping him to find the needed keywords: “It is
difficult to capture the conversation of how the impact on women
and men during a crisis is uneven.” Thus, before defining keywords
or choosing a time frame, P1 felt he still needed to know more
about gender and inequality in the context of crises and, drawing
on worksheet W1’s prompts for exploring the problem outside of
Twitter, he engaged in an online research. This process finally shed
light on a time frame of interest for him:

“Something I didn’t expect was that a critical moment
in the gender and resilience conversation happened
two years after the earthquake, in 2019, when the uni-
versity started publishing a series of research studies
that provided more evidence of the unequal impact of
the earthquake between women and men. In parallel
to the publication of the studies, there was a wave of
tweets and newspapers promoting this research and
discussing gender inequalities. So, the fact that this
discussion happened two years after the earthquake
was very interesting to me”- P1, Mexico Accelerator
Lab.

Building on these findings, P1 shifted focus for a second time and
decided to examine gender and resilience in the context of the
7.1-magnitude earthquake that shook Mexico City in 2017. He felt
that this shift would be useful also for his initial goal of under-
standing the role of gender in the COVID-19 crisis: “Examining the
conditions of inequality during the earthquake might help us to un-
derstand what we are seeing now [in the aftermath of COVID-19]”
In continuously challenging and even moving away from some
of the toolkit’s methodological recommendations (e.g., narrowing
down problems to keywords and time frames), P1’s case illustrates
the critical research and contextualization steps that practitioners
need to go through before narrowing down a problem and using
Twitter to analyze it. As P1 reflects, when approaching a social
problem, it is key to first learn as much about it as possible:

“One of the things that I noticed with the rest of the
participants is that they did not have many results
because their problem was already very defined [...] It
is not that you have to define too many variables from
the beginning. It is more like a problem is pointing in a
direction, so I am going to try all these combinations.”
- P1, Mexico Accelerator Lab.

Practitioners’ reactions to the request of using keywords and
time frames to define a problem of interest, illuminates this process
is far from seamless. It needs time and resources for engaging in rich
iterations, time frame relocations, comparisons, and the finding
of outside sources, amongst others. Only by slowing down the
need to reduce problems to search queries, it becomes feasible for
practitioners to become fully aware of how discourses evolve on
Twitter when a crisis arises, how institutions and citizens interact
with these discourses, and connect these discourses with their issues
of interest.
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5.2 Reactions to Step 2: Defining Ground Truth
Despite the Risk of Incompleteness

After generating a first dataset using keywords and time frames, the
toolkit asked practitioners to collect tweets of what practitioners
considered to be adequate to represent their problem’s ground truth
. This implied reading the initial dataset’s tweets one by one and
analyzing them using W4 and W5 to reach a definition of what
counted as evidence from Twitter data concerning a particular
problem. The request for practitioners to engage in a careful exam-
ination of the dataset sought to help them realize that Twitter data
is never complete and that these data analyses can easily dismiss
non-traditional sources of information. In particular, the toolkit
proposed the ground truth definition phase as the last opportunity
for practitioners to verify Twitter data’s suitability for exploring
problems of their interest before engaging in a more in-depth data
analysis. We found however, that, at this phase, it became harder
for practitioners to dismiss Twitter data as a source of interest or
to engage in an in-depth analysis of the perspectives left behind
when choosing ground truth.

5.2.1  Settling for Twitter Data’s Incompleteness by Considering
Twitter as ’Just’ a Starting Point The ground truth definition step
sought to help practitioners to analyze biases within their defini-
tions. That is, to realize how the selection of one form of evidence
is leaving other forms behind, and to recognize that the results will,
therefore, never be complete. Across Step 1 and 2, the toolkit pro-
vided guidance to practitioners about how to recognize and use the
realization of such incompleteness as a criterion to decide whether
to continue Twitter data use or not. For example, the Manual’s intro
to social media explained incompleteness and its impact in data
analysis, and the decision tree in Step 1 recommended avoiding
Twitter data when the insights it could provide were incomplete in
relation to the explored problem. Further, worksheets W1 in Step 1
and W3 and W4 in Step 2 gradually motivated practitioners to think
about what could be considered as evidence for the problems of
their interest and if Twitter data analysis could provide the defined
evidence.

In some cases, such as P2’s, this guidance was effective for elicit-
ing reflection. P2’s goal was to use Twitter data to build an inventory
of practices and organizations involved in the recovery of commu-
nities during natural disasters. Thus, at the beginning of Step 2,
he sought to prioritize the repetition of keywords and hashtags
used by non-official media Twitter accounts as evidence of certain
practices’ and organizations’ prominence.

“For me it was the repetition of words rather than the
hashtags what counted as evidence that Twitter could
provide. I focused a lot on them and used them in my
analysis as a criterion for elimination. If a hashtag
was repeated, I included the tweet, otherwise, I dis-
carded it. Another thing that counted as evidence was
the tweets that repeated names of places, names of
journalists, politicians, etc”- P2, Mexico Accelerator
Lab

However, as he engaged with worksheets W4 and W5 (which
asked practitioners to reflect on the type of insights they could
obtain from Twitter vs their expectations), P2 began expressing
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concerns about limiting the representativeness of the data. In partic-
ular, it worried him to leave behind relevant data and the way such
a dismissal could prevent a richer understanding of organizations’
behaviors.

“You don’t know if those things that show up in the
dataset indicate that there is a pattern or something
necessarily relevant for the people who are affected
by the crisis, there could be other reasons that explain
why certain topics are discussed more than others”-
P2, Mexico Accelerator Lab

P2’s reflections on data incompleteness were exactly the type of
reaction that the toolkit’s design sought to elicit; such a reaction
can help practitioners even manage issues of misinformation and
disinformation in the future. However, our data analysis illuminates
that, most practitioners reacted rather differently. Due to a prevalent
view of Twitter as a starting point for problem exploration, they
did not see data incompleteness as a reason to dismiss Twitter data
analysis. As P3 and P1 explain, practitioners do not see Twitter as
the only source of exploration. Rather, they see it as “a way to do a
quick scan” (P3) and a source for “small signs or glimpses of much
more complex stories” (P3) , and, thus, settle for its incompleteness
in the name of the information it can provide, such as “reference
points in a map” (P1). P3 explains further:

“The toolkit would be useful for having a broader
overview of the problem. Obviously, we cannot in-
terpret everything we find on social networks as the
complete reality because the content there is very
biased.” -P3, Mexico Accelerator Lab

5.2.2  Adapting Problems and Ground Truths to Twitter Data Limita-
tions Another practitioner’s reaction to the ground truth definition
stage that our analysis illuminates is that of adapting to Twitter
data limitations instead of necessarily working against them. As
practitioners spent time understanding how people on Twitter dis-
cussed topics, they become more informed about the type of ground
truths that were possible to use, and how this availability aligned
or not with their initial goals. For some participants, this helped
reinforce some of their perspectives and biases rather than helping
them to reflect on the potentially negative consequences of their
decisions.

For example, P3’s work during Step 1 suggested she already had a
bias against unofficial information as they could more easily spread
out rumors and misinformation. After looking at her dataset during
Step 2 and noticing the difference between tweets coming from
official and non-official sources, she confirmed her bias: Twitter’s
emphasis on translating popularity into value and validity pushed
her to dismiss unofficial sources as relevant to her process.

“Some times a topic for some reason can suddenly
become a Twitter phenomenon. For example, there
may be a tweet with thousands of likes and, on the
other hand, a note that talks about the same topic
but with very few likes. But the note may have more
relevant information, even if it has not become viral”’-
P3, Mexico Accelerator Lab
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As a result, and despite the reflection-eliciting questions for W4
and W5 guiding her to account for all interesting sources and in-
sights, she decided to only consider content coming from official
sources as valid evidence. Specifically, she filtered out any content
that was not posted by verified accounts (with a black check) of
government entities, well-established non-profit organizations, or
recognized media sources and content posted by non-verified ac-
counts that posted references verifiable beyond Twitter (e.g., trace-
able content to other sources such as statistics, government and
other organizations reports, etc.). For her, thus, evidence of public
discourse became less valid. In avoiding the risk of misinforma-
tion in Twitter, however, she was (possibly unintentionally) also
dismissing important thoughts, reflections and experiences that,
while not official or formal, could be of relevance to inform problem
exploration.

We also found that, at this stage of the methodology (Step 2)
practitioners were more willing to adapt or align their goals and
process to the type of ground truth available on Twitter than to
dismiss Twitter data analysis as a whole. For example, P5 reported
the following after having done a couple of searches and analysis
of Twitter data.

“In the beginning, before reading the manual, in the
first worksheet [W1], I wrote in the description and
expectation section of the project something like iden-
tifying the root of the conflicts between indigenous
populations and private initiatives. I think my goal
was a bit far from reality. After reading the manual
[which included an introduction to Twitter data and
its limitations], I changed my objective and wrote that
I wanted to identify the public discourse of the pri-
vate sector and the government regarding indigenous
consultation”- P5, Mexico Accelerator Lab

As her account highlights, it was her initial understanding of
the type of evidence that Twitter could provide what drove her
to narrow down her research question a bit more. This question
never changed, not even after the ground truth definition in Step 2,
which via W4 and W5 asked her to reflect on how the experiences
in the data could serve as evidence for their research questions.
In focusing her work on her narrowed-down question she might
have dismissed the important process of learning more about the
problem.

Worksheets W4 and W5 sought to support practitioners in using
the ground truth definition phase as a moment to slow down, reflect
on the different, novel insights that Twitter could provide, and
analyze the alignment with the type of evidence they needed to
explore the problems of their interest. However, at this stage, this
was not that feasible for them: their view of Twitter as "just as
starting point" and the little impact that materials such as W4 and
W5 had on helping participants change their already defined biases
or decisions at such an advanced point in the methodology, drove
many practitioners to settle for Twitter data’s limitations and often
adapt to them rather than rethink their whole goals and processes.
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5.3 Reactions to Step 3: Rejecting a Situated
Data Analysis due to Uncertainty and
Exhaustion

The last step in the toolkit’s methodology is an in-depth situated
qualitative analysis. This entails reflecting on the social, cultural,
and political conditions of the communities that produced the data
[73]. To this end, the toolkit first asked practitioners to use work-
sheets W3 and W4 to derive new insights from the data and finally,
to follow instructions in the Manual to put together an affinity
diagram for identifying patterns and themes from the set of tweets
generated by Module 2. While this step indeed offered participants
an important opportunity to really discuss the associations and
implications of using the collected data, for the most part, partici-
pants reported uncertainty, frustration, and exhaustion along the
process. Despite these issues, engaging in qualitative analysis did
force practitioners to reflect on the tensions between using data for
generating clear-cut decisions versus appreciating and respecting
data’s complexity.

5.3.1 Facing Subjectivity with Uncertainty All of the participants
involved in the toolkit assessment referred to the qualitative analy-
sis as too demanding both in terms of time and effort. P9 explains
this problem further:

“From what [ understood using Module 2, the analysis
consists of reading everything and extracting relevant
phrases. But that’s also a lot of work, and if it is only
one person doing it, it’s too much. I mean, you’re not
going to analyze one thousand tweets by yourself” -
P9, SocialTic organization

Although the toolkit provides tools to guide and support users in
this step (worksheets W3 and W4 to help identify and summarize
insights from a dataset and the manual’s instructions to help in
conducting an affinity diagram of tweets), it also assumes that
regardless of their training or background, practitioners will be
able to analyze and synthesize insights from Twitter data. That
was not the case. While five out of ten participants had experience
with qualitative methods, and three had analyzed Twitter data,
all reported struggling to decide what insights to pursue as the
qualitative analysis progressed. Not having a way to identify or
quantify the most repeated words, hashtags, or Twitter accounts in
the dataset they were analyzing, made it difficult for practitioners
to decide what to care for or discard (e.g., highly repeated topics
that were based on rumors).

“When I was analyzing the data, I kept wondering
about the accuracy of the reality that a set of tweets
might show us; I mean without having a number it
is hard to assess the relevance of an observation. For
example, I paid attention to the tweets that came from
a certain group of people, but I paid attention to the
content and not the number of tweets. So, I don’t
know if the conclusions I’'m making are relevant or
not” - P7, CIEP organization

Participants requested tools such as histograms, word clouds, or
graphs to reduce human labor and speed up the decision on which
topics to analyze further. P9’s account sheds light on practitioners’
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need to quantify topics to legitimize their decisions, making them
less subjective:

“An idea I had is that the toolkit could have a tool
that divides the tweets into tokens, bigrams, or some-
thing to know what phrases appear in the dataset.
That could help us get a sense of what people are talk-
ing about in the data. I know this is not the toolkit’s
goal, but we need something to get hints of what is
discussed. Otherwise, just by reading, it is possible
we miss some relevant information.” - P9, SocialTic
organization

Quantification tools, however, might be counterproductive to the
goal of eliciting in-depth reflection for a responsible use of social
media data; identifying the repetition of a word, a hashtag, or a
Twitter account runs the risk of being immediately interpreted as
a relevant aspect in relation to the examined topic when in fact,
visibility on social media platforms does not equate prominence or
relevance. Internet access, skills, and demographic factors heavily
influence the populations represented in each platform [48, 61].

5.3.2  Navigating Tensions between Learning from Data and Time
Constraints An additional concern that participants reported was
the extraordinary amount of time that conducting a qualitative
analysis demanded. Even though Module 2 filtered the tweets by
identifying those most similar to practitioners’ topic of interest,
some of the participants still considered the time invested as sig-
nificant. However, our data analysis suggests that the time needed
increased due to also an increase in participants’ need to double
check and expand on the insights from the data analysis by using
other information sources outside of Twitter.

“There is intermediate work between continuing to
advance with downloads and word filtering. There is
human work that we have to do between steps. For ex-
ample, after downloading tweets and reading some of
them, we spent time searching in the newspapers and
other media about which cases [about feminicides]
were the most relevant. Then, we used that informa-
tion to decide what to analyze in more detail with the
toolkit” - P9, SocialTic organization

While time-consuming, these intermediate steps are, in fact, part
of the planned outcome of the toolkit. Worksheet W1, for example,
motivated practitioners to list existing evidence and data sources,
and W5 asked for a comparison of insights with existing knowledge).
Constant contrast with the world outside of Twitter is needed for a
critical reflection of social data so as to better define whether or not
the results of Twitter analysis are valid, representative of reality,
and can be actionable. The fact that participants resorted to these
steps suggests that they recognized Twitter data interpretation as a
complex and holistic activity (e.g., requiring information outside of
Twitter).

In addition to expanding data sources, participants reported
discussing their process and insights with other members of their
organization. P6 explains this behavior in more detail:

“I think something worth mentioning is that it is not
only that I did the searching and analysis of tweets.
At the same time, I needed to brainstorm with other
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team members and ask for feedback to see whether I
could use alternative keywords or frame the problem
differently. I think those things are necessary to vali-
date the work with the toolkit and require additional
time. Thinking about the problem and how to search
for data for it is what took us more time I think” - P6,
CIEP organization

The existence of intermediate steps and in-group discussions

signals that the toolkit’s push for qualitative analysis is promising.

However, participants also expressed fear that such time investment
would still not be able to answer their specific research questions.

6 A Toolkit for Slowing Down Social Media
Data Innovation: Discussion

In the last decade, there has been increasing research that praises
the potential of user-generated content for informing the operation
of non-profit organizations in the humanitarian sector [3, 52, 56,
114]. Despite the increased development of computational methods
and techniques, there has been less discussion about what would
imply for organizations to adopt these tools and methods to render
social media data actionable. In particular, emergent exploratory
work has stressed that non-profit organizations and practitioners
need to learn how to continuously challenge three assumptions
about the power of social media data for informing humanitarian
action [4]: (1) that computational methods and tools are enough to
extract actionable insights from social media data ; (2) that social
media data is flexible enough to provide insights about any possible
humanitarian problem; and (3) that social media data can provide
lessons regardless of the social and cultural conditions that created
it.

The Bitacora toolkit is aimed at helping practitioners to unpack
and challenge these assumptions. Specifically, it sought to guide
them so that they would choose to use Twitter data only after
understanding these data limitations, its suitability to address the
problems of their interest and the context in which these data were
produced. Both explicit design decisions (e.g., motivating the use
of sources outside of Twitter in W1 and W5 and recommending to
contrast existing knowledge with the analysis insights in W5), and
unexpected behaviors from practitioners (e.g., navigating keywords
and time frame constraints and taking time to validate insights with
colleagues) contributed to the success of the toolkit experience in
helping practitioners face and explore some of the assumptions
around social media data use. However, the amount of time, labor,
and care, together with the impossibility of the toolkit to produce
pragmatic, discrete results that could hold quantifiable validity,

drove practitioners to reject the toolkit as a viable, long-term
solution for them.

We now discuss the possibility of moving forward with Bitacora,
a toolkit that seeks to slow down technological innovation at the
intersection of datification, institutionality, and the need to make
quick decisions affecting lives on the ground. Specifically, we reflect
on the design aspects that were successful at helping practitioners
to unpack the implications of social media data as a technological
innovation, discuss feasible pathways for the toolkit to have an
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effective impact on non-profits’ operation, and suggest modifica-
tions for the next iteration of the toolkit based on the participants’
feedback.

6.1 Successful Design Aspects

As [49] argued, the rhetoric of technological innovation can create
many problems in the space of non-profit organizations: it pushes
non-profits to forever pursue perfect but impossible futures. In the
process, it creates ‘'new normals’ that end up adding more work to
their everyday practices and profoundly disregarding their goals,
and values, as well as the care and trust-building efforts that foster
their human connections. As such, authors are increasingly making
calls for designing against the status quo [64]; that is, to no longer
create technologies that fit into existing routines—which are, in fact,
inequitable and unsustainable, but that support radically new ways
of working. Introducing social media data analysis in the non-profit
sector, as we explained, is one of such innovations that runs the
risk of being highly harmful if not done with extreme care.

Through a series of explicit limitations, such as a decision tree for
problem definition, worksheets for documenting decisions, and an
emphasis on guiding a qualitative data analysis, the Bitacora toolkit
represents a first step for supporting non-profits to disrupt the
status quo. In particular, it aimed at helping non-profits challenge
the rhetoric behind social media data and slow down its adoption.
While the explicit limitations built into the toolkit’s design did not
work as expected, we discuss two design aspects of the toolkit that
our findings suggest as especially helpful for motivating partici-
pants to reflect more deeply on the limitations and advantages of
using social media data to address social problems. None of these
design aspects, however, worked in a straightforward manner; each
generated tensions that can also shut down practitioners’ initiatives
to go beyond the toolkit and push them away from reflecting on
the use of social media data, situatedly.

6.1.1 Design Aspect 1: Fostering an iterative process while including
overly-limiting requirements. As explained in Section 3 and shown
in Fig 2 in Appendix A, the toolkit’s methodology was highly iter-
ative: by posing questions that required deep reflections such as
"Whose perspective do I seek to understand?” in the decision tree
(Step 1), or "Did you identify new actors or impacted communities?
in W4 (Step 2 and Step 3), What is interesting about them?", the
toolkit motivated participants to continuously revise their progress.
At the same time, having a series of clear-cut, limiting elements
along the process (e.g., a distinct workflow for deciding when to
use or not Twitter data, or the request to narrow down problems to
keywords in W2), acted as breakdowns that drove some practition-
ers to actively decide to question those limits and follow their own
iterative process; these limitations acted as generative breakdowns.
For example, when defining their problem of interest (Step 1), the
keyword and time frame requirements in W2 drove practitioners
to not only challenge the methodology and propose new ones, but
also engage in a highly iterative problem definition process that
enabled them to use Twitter data in non-deterministic ways: as a
keyword provider for Google searches, an enabler of comparisons
across locations, events, and time, and so on.

In regards to [81, 119]’s critique of toolkits over-limiting the
scope of practitioners’ understanding of a problem, our findings
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suggest that a possible way to move away from limitations and elicit
exploration outside the toolkit is intentionally designing breakdown
moments. Our findings also suggest, however, that toolkit designers
need to remain cautious about how they foster these breakdowns
to be generative: if the toolkit does not give enough support to
practitioners to push against the limitation, it could end up shutting
down practitioner’s desire to explore and iterate. Further, as seen
in the data, these supports need to be stronger and more visible
as practitioners progress across the methodology for it becomes
harder for them to challenge social media data use once highly
advanced in the process.

6.1.2 Design Aspect 2: An emphasis on a manual, tweet-by-tweet
qualitative analysis while constantly motivating to contrast insights
with outside sources. Based on our previous research [2, 4], one
of the toolkit’s central tenets was to guide a situated use of social
media data. That is, one that takes place after a rich understanding
of how topics are discussed in as well as outside of social media,
and how this available discourse fits with the definition of evidence
of the organizations that might be able to leverage such content. To
support this tenet, in Steps 2 and 3, the toolkit asked practitioners to
read and categorize tweets one by one and document new findings
about the problem’s locations, actors, and time frames (W3). Fur-
ther, it included a series of questions along the provided worksheets
motivating practitioners to reflect not only on the problem context,
actors, and existing evidence (e.g., W1) but on how the insights
of each line-by-line analysis contrasted with their current knowl-
edge of the problem (e.g., W4 and W5) . As our findings highlight,
these design decisions forced practitioners to move back and forth
between the data, and other information sources, discussing their
insights and discovering new problems and facts along the way.
As such, it was successful in making them analyze Twitter data’s
limited role in shedding light on the messiness of social problems.
It disrupted their expectations and drove them to question many
assumptions about the feasibility of Twitter to answer the questions
they needed.

Despite this success in eliciting critical perspectives, this par-
ticular step also made it clear to practitioners that the toolkit and
its methodology could not be part of their everyday practices. To
engage in this process, practitioners had to be willing to conduct
multiple and iterative analyses, which demand time and care. Not
only this process was too time-consuming and mentally demanding,
but it did not offer any concrete results that could suggest certainty
in taking actions on the ground. In line with [32], practitioners seek
for toolkits that easily fit in their working pipeline and that are
quick and easy to use.

Given that these two generative design aspects are hard for prac-
titioners to operationalize on an everyday basis, an open question
for future work then is: where in the pipeline can a toolkit such as
Bitacora, that can elicit reflection but struggles to drive actionable
change when in need to make on-the-ground decisions, operate better?
In the next section, we discuss possible deployment pathways as
well as specific modifications that the next iteration of the toolkit
needs to consider to best fit these pathways.
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6.2 Long-Term Sustainability of the Toolkit

Is it possible to slow down social media data innovation in the
long run in the context of non-profits? To a certain extent, our
findings align with [119]’s critique: simply using a toolkit to address
complex issues is not enough. Practitioners could not see how
the toolkit’s slowing-down efforts could fit at the intersection of
datafication, institutionality, and the need to make quick, effective
decisions affecting the use of human and financial resources as
well as lives on the ground. Engaging with data from a critical
perspective takes time, deliberation, and willingness to accept that
pursuing the innovative path might not be the best way to go.
The power dynamics shaping the context and work of non-profit
organizations do not allow for such an inversion of time, especially
considering that the result does not align with existing expectations
of productivity and efficiency [49, 58].

However, based on our findings, we argue that to have a long-
term impact on slowing down innovation, the toolkit should inter-
vene at a different point in non-profit practice. Rather than aiming
at operating on its own to guide urgent decisions, the toolkit could
work together with a facilitator to accompany practitioners during
other, more learning-oriented, lower-stakes situations. We now dis-
cuss possible points for intervention and the various dimensions to
consider at such points, including equitable non-profit and social
media relations. Further, we discuss aspects to consider for the next
iteration of Bitacora based on this evaluation’s results.

6.2.1 A Feasible Deployment Point: Considerations As practition-
ers indicated, it can be difficult for a non-profit to rely on a toolkit
such as Bitacora to make urgent decisions about a situation on the
ground. Thus, we propose Bitacora as a toolkit that aids facilitators
who work with practitioners during situations in which organiza-
tions can afford the exploration of social media data as a potential
option. These could be training sessions about social media data
use, which take place in a safe, educational space. They can also be
done in parallel to real higher-stake on-the-ground projects that
aim to understand how social media data could enrich existing in-
sights. While using Bitacora in these spaces will not lead to radical
change (e.g., these situations already operate under the assumption
of social media data as an unavoidable innovation), it can instill
small changes in practice in the long run.

Our findings suggest there are three critical considerations before
successfully introducing Bitacora in these lower-stake spaces: the
organizational requirements, the types of problems and questions
worth exploring, and the relation between the non-profit and social
media platforms providing the needed data.

The organizations that participated in the evaluation all had
enough time and resources to afford the freedom to fail in the
exploration of social media data. For all three, the use of social media
data was a promising alternative but not better or more needed
than others they are already using to make decisions on the ground.
Based on these observations, we recommend that organizations
undertaking the use of a toolkit such as Bitacora for guiding low-
stake situations assess their availability of time, level of pressure to
use social media data for guiding on-the-ground actions, willingness
to revise or reconsider their goals, and flexibility to fail. Further, it
is worth mentioning that, given the change from Twitter to X, the
toolkit currently has a highly limited capacity to retrieve tweets
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(1500 per month). To increase its capacity, organizations would
also need to have enough financial resources to invest either $5,000
or $42,000 a month. Finally, it is critical to carefully select the
practitioners who will participate in the exploratory spaces where
the toolkit will be used. Our findings indicate that the toolkit can be
of important support to teams with members holding varied forms
of expertise (e.g., members experts in problem framing, community
advocacy, and so on) and at least one member with an appreciation
of qualitative insights.

The types of problems and questions that the toolkit can better
support, either during training sessions or exploratory work taking
place in parallel with other initiatives, are also important to consider.
Given the toolkit emphasis on keywords and time frames so as to
more easily find exemplar tweets, in our evaluation practitioners
tended to gravitate towards systemic problems taking place in the
context of crises, which can be easier to pinpoint and narrow down.
When exploring these problem contexts, the nature of Twitter data
helped to illuminate various, interesting problem dimensions such
as people’s experiences and strategies, public discourse, and actors
contributing to relief efforts.

Finally, the business model needs to be carefully defined, espe-
cially after the dramatic transformation of Twitter to X in such a
short time for it shows the dependency and constraints that non-
profits are subjected to when using data from social media platforms.
The evaluation of the toolkit took place during February and March
of 2022. By the end of that year, Twitter was acquired by Elon Musk,
and under his administration, the platform has been through a sub-
stantial transformation, not only having its name changed to X but
also having many of its core features dismantled [92, 122]. One of
the key changes is the discontinuation of academic access to the
Twitter API [77] and the increase in costs for each type of access:
with these new constraints retrieving the same number of tweets
we accessed freely in the past would now cost us at least $42,000
a month [108]. The current version of the toolkit, thus, will have
to go from retrieving 10 million tweets per month to 1500 tweets
per month. It is, thus, critical to consider these shortcomings when
encouraging non-profits to adopt these data sources; non-profits
could engage in social media data use when it is still accessible
and then be forced to pay once policies change. Thus, even before
recommending using data from any social media platform, those
motivating interventions such as a toolkit, are responsible for in-
forming practitioners about the potential risks of using that kind of
data. Knowing the potential risks associated with using social media
data is key for practitioners because integrating a new methodology
or type of data into their work entails an investment of their time
and resources, which tend to be limited. Thus, practitioners need
to know that when using social media data, there is always a risk
of losing access to it if a company makes changes similar to what
happened with Twitter. We recommend HCI researchers and data
experts supporting non-profit organizations in their data practices
to always communicate with them about the constraints, rules, and
associated costs of using that data. A remaining question to reflect
on is how we reduce data dependency and prevent non-profit orga-
nizations from being dependent on data that they can lose access
to at any time.
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6.2.2 A Next Iteration of the Toolkit: Critical Changes Building on
our analysis, we provide the following considerations to inform
future iterations of Biticora. We organize our recommendations
following the structure of the toolkit’s methodology. It is worth
mentioning that, given the change from Twitter to X, a new iteration
of the toolkit will operate at a very low capacity; it will go from
enabling the retrieval of 10 million tweets per month to 1500, which
can be quite limiting even if used only during training sessions.

Step 1: Problem Framing. As previously discussed, constraints in
Step 1 operated as generative breakdowns that motivated some prac-
titioners to engage in deeper problem explorations. A key change
would be to redesign these constraints so as to begenerative for
more practitioners. In the case of the keywords constraint, this
entails providing practitioners with different examples of how to
interact with it based on previous practitioners’ experiences. For
example, the toolkit could suggest practitioners to first collect terms
used frequently by people before defining keywords, or using an
initial set of keywords to search for the topic outside of Twitter
to identify problems that could more easily be narrowed down to
keywords.

Step 2: Ground Truth Definition At this stage, participants showed
a willingness to adapt their goals, problems, and definition of evi-
dence to Twitter limitations without further reflecting on the trade-
offs of such decisions.. This highlights a need for practitioners to
hold a stronger grasp on the implications behind deciding what
counts or not as ground truth: ground truth not only defines what
realities will be represented, it determines what misinformation or
disinformation will be perpetuated in the data analysis [28]. The
change from Twitter to X increases the need for practitioners to
better understand how to rate the trustworthiness of the multi-
ple definitions of ground truth. The transition of the verification
system into a membership model and the dismantling of teams
moderating content runs a high risk of increasing the amount of
misinformation, disinformation, and impersonation on the platform
[13, 42]. This might reduce the representativeness of data and pose
new questions regarding what algorithmic curation means under
the new model of interaction. In a next iteration of the toolkit, we
will include examples of other social media data analyses that were
used as evidence to inform the organizations’ actions and to draw
insights. Further, we will add informative cases to help them delve
deeper into the human role of defining ground truth and how these
definitions are made in light of the arguments practitioners intend
to make, the audience they might intend to inform, and the risk of
misinformation and disinformation around the problem explored.
Each informative case will have a reflection on what is left out
when following different definitions of evidence.

Step 3: Qualitative Analysis. Practitioners reported feeling over-
whelmed when asked to analyze a large number of tweets qualita-
tively. In response to this demand, they asked for computational
tools to filter the tweets (e.g., histograms, word clouds), reducing
the data they would analyze manually. Given that our commitment
to developing this toolkit was to promote a situated data analysis,
we consider that computational tools should be used with caution
and with the guidance of a data expert. Thus, in the future, we will
include additional tools to filter the data. Additionally, we will en-
courage practitioners not to immediately consume the outputs but



CHI ’24, May 11-16, 2024, Honolulu, HI, USA

instead interrogate them and reflect on the limitations of quantita-
tive analysis. For example, if we were to use a word cloud to identify
trends, we would suggest reflecting on the underlying factors that
contribute to those trends rather than merely consuming them
as facts. Practitioners could ask, 'what type of accounts tweeted
the most?’ "Which words are less frequent?’ By interrogating the
outputs of quantitative analyses, we could encourage a situated
approach to social media data.

7 Limitations

This research’s findings offer a first yet limited understanding of
initiatives for slowing down social media data innovation in the
context of non-profits. Important aspects that limit this research
are the use of Twitter data, the type of organizations involved in the
design and then evaluation of the platform, the online nature of the
evaluation sessions, and the fact that this is a qualitative work. We
selected Twitter as the platform for the toolkit’s design giving its
prominent use in Mexico and this platform’s openness to provide
services to the public at the time of the study (from February to
March of 2022). As such, while this research’s findings can inform
interventions using other social media platforms, they cannot be
generalized to all social media data. Further, changes in accessing
the Twitter API [113], the verification system, and the content
moderation after Twitter’s change to X, greatly impact the toolkit’s
operations; under the new business model of X, we can no longer
retrieve the same amount of data [77] and the new membership
model and dismantling of teams countering disinformation runs
the risk of increasing misinformation and disinformation [13, 42],
requiring a new iteration of the toolkit to strengthen its emphasis
on these issues. As for the type of organizations participating in
this study, they hold many privileges that most non-profits do
not: they have time and freedom to explore new alternatives to
inform their actions and are often seeking innovative forms of doing
their work. It is, thus, critical, to replicate this work with other non-
profits that have more restrictions that the ones participating in this
research. The online nature of the evaluation session also could have
impacted the interactions and conversations amongst researchers
and participants. Finally, as qualitative research, this study does not
provide clear-cut comparisons amongst the toolkit’s design features
in regards to how they impacted practitioners’ practices and beliefs.
Future work could engage a critical mass of users and collect data
for a quantitative assessment of the toolkit’s capabilities.

8 Conclusion

In this paper, we reported on the design and evaluation of the
toolkit Bitacora, addressed to practitioners working in non-profit
organizations interested in integrating Twitter data into their work.
The components of the toolkit support practitioners in deciding in-
dependently whether Twitter data is appropriate for their goals and
emphasize a situated analysis of data. We collaborated with three
organizations in Mexico to assess the toolkit’s effectiveness in guid-
ing practitioners to explore the implications of integrating Twitter
data into their work without mediators. Our findings emphasize
practitioners’ tensions while following the toolkit’s guidelines and
materials along the three steps of the proposed methodology.
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Appendix A Details on the Bitacora’s Components

Component 1:
Online Toolkit Manual

Introduction to the Manual
1. Introduction to tools
2. Toolkit components
3. Who is the toolkit designed for?
4. Introduction to tools

Introduction to social media
1. What is social media data?
How can it help NGOS?
2. Four exemplar case studies
3. How to determine if Twitter data
is appropriate to inform your work? Decision Tree

Toolkit’s Methodology (Analysis)
Exploratory analysis
Qualitative in-depth analysis

03
04

Tools
Qualitative Analysis Tools
Steps for Affinity Diagramming
Worksheets for recording decisions (W1-W5)
Computational Tools
Module 1
Module 2

Alvarado Garcia et al.

Component 2:
Online Computational Tools

Web interface using Twitter API v2 to
search Twitter using filters and download
results in a csv file.

Module 2

Web interface that takes a Twitter dataset in
a csv file and ground truth data in another
csv and, using Natural Language Processing
(NLP) generates a dataset withTwitter data
that is semantically similar to the data in
Module 1.

Figure 1: Overview of the toolkit’s components

Step Ol

Framing the blem
and Collecting a First Dataset

Qualitative Analysis
of Tweets

Analyze tweets in A.csv
to identify interesting actors,
and practices and define
how Twitter is talking about
the defined problem.

0O D

3

Use A.csv and B.csv to generate C.csv
with tweets representing the problem.

Explore & qefine
problem of interest

!

Apply filters or
randomly select

tweets too high?
less tweets

Y N Is Twitter
Do you want an appropriate
tokeep t data source for

? you expected to gather

vs the one Twitter can offer.

Reflect on the type of evidence

Y

this problem?

Do you want
to revise
your process?

Is it possible to define
keywords + timeframe
for this problem?

Run a search generating an
A.csv file and document results

Do you want to try other
keywords + timeframe

Are tweets in
Acsv valuable
evidence for
your objective?

Do you want Are the patterns
valuable for

our objective?

Affinity Diagram tweets to analyze insights % %

Do you want
to revise
your process?

End Synthesize insights
characterizing the problem

Figure 2: Diagram of the toolkit’s methodology
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Users del gobierno de #4transa y su partido
#MorenaEICancerDeMéxico que hicieron lo
posible por perjudicar a los ciudadanos. EI
Location #presidenteKKs con su resentimiento odia a
Ciudad do México v todos. https://t.co/HWOCEpZpq2
O cara_sita En relacion con la actividad de los estudiantes de  2022-05-18 15:17:34 hitps:/Awitter.com/car... Miguel Hidalgo, Miguel Hidalgo  city Mexico
Stardate las licenciaturas de Medicina y alumnos de los Distrito Federal
2022-05-18 posgrados de especialidades médicas de la
UNAM, durante los meses de la pandemia por
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History of events fueran gringos los médicos que vienen a mx
2022-05-19 14:28:25,783 - porque los del ABC o del Hospital Angeles no
bokeh_app_0d992135d790415eb3a272dc8 dirfan ni Pio.
28710c0 - INFO - Tweets encontrados 6
2022-05-19 14:28:25,781 -
bokeh_app_0d9921354790415eb3a272dc8
28710c0 - INFO - Busqueda finalizadal -
2022-05-19 14:28:24,429 - - r
Figure 3: User Interface of Module 1
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Appendix B Details about the Participants

ID Org

Role

Background

Alvarado Garcia et al.

Problem Exploration Methods’ Expertise

Accelerator
Lab

Researcher

B.A in Architecture and
MSc in Sustainable Devel-
opment

Experience in community building through
participatory methods and conducting ethno-
graphic studies. Expertise in qualitative meth-
ods and limited experience with quantitative
methods.

Accelerator
Lab

Intern

PhD candidate in sociology

Expertise conducting in-depth interviews and
longitudinal studies. Limited experience with
quantitative methods.

Accelerator
Lab

Communications
expert

B.A in Journalism

Expertise in content creation and social me-
dia content manager. Expertise in qualitative
methods. Limited experience with quantitative
methods.

Accelerator
Lab

Researcher

B.A in Industrial Design and
MA in Future Studies

Experience with ethnographic methods. Lim-
ited experience with quantitative methods.

Accelerator
Lab

Intern

B.S. in Economics and MSc
in Public Policy

Experience using official sources of informa-
tion such as surveys and official indicators.
Expertise in quantitative methods. Limited
experience with qualitative methods.

6 CIEP

Researcher

PhD in Public Policy

Her research focuses on public spending and
the care economy. Experience with quan-
titative methods. Limited experience with
qualitative methods.

7 CIEP

Researcher

B.S. in Economics

Her research focuses on infrastructure and
public investment. Experience with quanti-

tative methods, and limited experience with
qualitative methods.

8 CIEP

Researcher

B.S. in Economics

His research focuses in income and public
debt. Experience with quantitative methods.
Limited experience with qualitative methods.

9 SocialTic

Community build-
ing coordinator

B.S. in Economics

Extensive experience analyzing social media
data from different platforms using mixed-
methods. Experience with quantitative meth-
ods. Limited experience with qualitative meth-
ods.

10 SocialTic

Community build-
ing coordinator

B.A in Communication and
Media

Extensive experience analyzing social media
data from different platforms using mixed-
methods. Experience with qualitative methods.
Limited experience with quantitative methods.

Table 1: Participants’ description: 1) IDs, 2) Organization name, 3) Role within the organization, 4) Formal training, and 5)

Methods of expertise.

B.1 Details on the Projects’ Framing
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ID Topics Initial Framing of the Problem Final Framing of the Problem
Examine if there were discussions around
gender disparities in response to the earth-
Resilience, risks and How do the government and civil organiza- guake in Mexico 'n.201 7
1 . : . Who talks about this?
gender tions discuss these topics? )
Did any government agency develop target
actions to address gender inequality?
Gataog o ractces an esgonses o . £X200S0 4 compare o cen o
ganizations and government for attention . .
. . due to natural disasters. The participant
Community or recovery to communities after a natural -
2 response to natural disaster. gxamlqed the response o the earthqyakfe
disasters Choose five iconic cases where there has n Me>‘<|co City in 2017 aqd the ‘Iandsllde n
been a catastrophe in the country, 2021 in the Cerro del Chiquihuite located
’ north of Mexico City.
Gentrification,
increased rents in Mex-  Examine if the increase in the cost of rent Narrowed the scope of the search to exam-
3 ico, and displacement is happening systemically and if it has the ine the trends of rental prices in Mexico City.
of local people by for- potential of becoming a social problem.
eigners
Narrowed the search following the feedback
. received and focused on searching infor-
Mining companies in Recently, the Supreme Court of Mex!cp mation about a community in the state of
4 . revoked concessions to Canadian mining - ;
Mexico companies. What is being said about it? Puebla where the mining concession of a
P ’ 9 ’ Canadian company was revoked.
Consultation with Examine if actors from the private sector or :f:;?:et?heesgﬂzfozf;?eris\?aa:;CZetgt(?rngctors
5 indigenous communi- government had discussed this topic and 1e he op P .
ties their respective position. regarding indigenous communities.
Answer the following questions: Who are
the stakeholders involved in the conversa-
6, The economic budget tions around the economic package? Are Participants did not changed their framing.
7,8 and package in Mexico  they consuming the reports produced by the
organization? If yes, how are they using the
organization’s reports?
Examine the discourse of feminicides in
Mexico. Evaluate whether Twitter can be
9, Feminicides in Mexico an alternative source of information to doc- Participants did not changed their framing.
10 ument cases of feminicide. Using Twitter

data, to examine how media coverage of
femicides has evolved over time.

Table 2: Description of the initial and final framing of topics explored by participants.

Appendix C Decision Tree

To simplify practitioners’ decision process on whether or not to use social media data to inform their work, the manual includes a decision
tree that makes it easy to rule out issues that cannot be examined with social media data.
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How to decide if Twitter data is appropriate to inform your work?

Use the following decision tree to decide whether Twitter data is the most appropriate source of information to inform your work.

> I plan to use Twitter 3 Quantify the social, cultural, eco- 3 Due to the format of Twitter dctg, itis always incomplete
data to... nomic, and political characteristics and never exhaustive of citizens' experiences. Theref_ore, they
of a specific population. should not be used as a source to quantify a systemic

J' social problem.

« Gather people’s narratives

+ Understand how communities experience

ongoing local challenges or crises o "
going 9 Twitter is not a recommended source to exa-

mine systemic problems, since the data on this

+ Identify alternative source of data and ‘ platform usually reflects trends, making it more
narratives, (e.g, actors and actions not 3 Systemic problems such 3 complex to examine systemic issues or practices
previously considered) as poverty, unemployment, that have been normalized in a specific context.
« Gathering data that does not yet exist in corruption, etc. To study systemic problems, consider using other
official sources data sources.
- Identify collective strategies to face local
problems
Using the data from Twitter | EEE——
| want to understand... - 4 . . o
Specific populations filtered Due to the nature of Twitter, it is
J' by gender, age group, or pro- impossible to determine specific
. . fession. For example, | am characteristics, such as profession,
The collective discourse of an eve_nt/ —> interested in understanding — gender, or age group of users who
crisis that happened or is happening the point of view of adoles- generate data on the platform.
J' cents in relation to issues of
gender violence.

I am interested in understanding the
perspective of...

Different communities or the various
actors involved in the problem _—
| am examining.

Introduccién a las redes sociales Entendiendo el potencial de las redes sociales

Figure 5: Decision tree from the manual

Appendix D Description of the Worksheets

The worksheets encourage practitioners to reflect on the definitions of evidence in their work and help users document and reflect on their
decisions when associating social media data with a specific issue.

Worksheet 1 - Problem Definition Template:This worksheet guides practitioners in defining the problem to be examined using data
from Twitter, and it consists of five sections.

(1) Description and expectations: This section is at the center of the template, and it asks for a short description of the problem and
users’ expectations using data from Twitter.

(2) Context (place and time): This section asks three questions: 1) where is this problem happening?, 2) is it a widespread and generalized
problem or a problem of a specific area?, and 3) what is the timeframe of the problem? The intention of including these questions is to
encourage the user to reflect on what information they have about the problem to be examined and the problem characteristics in
terms of place and time.

(3) Communities: This section asks for the communities involved in the problem to be examined.

(4) Evidence and data: This section asks the following questions: 1) what evidence is currently available on the problem? 2) what kind
of evidence do you expect to find? 3) what type of data is currently available?

(5) Objectives: What is the motivation for using Twitter data? List the questions that you seek to answer with the exploration of Twitter
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Use this worksheet to define the problem you aim to examine using data from Twitter

Name of the project:
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Manual

bitacora
Toolkit

Date:

Context (place and time)

Where s this problem happening?

Is it @ widespread and generalized problem or a
problem of @ specific area?

‘What is the timeframe of the problem?

Description and expectations

Evidence and data

This section asks the following questions:

1) what evidence is currently available on the problem?
2) what kind of evidence do you expect to find?

3) what type of data is currently available?

Communities
This section asks for the communities
involved in the problem to be examined.

Objectives

What is the motivation for using Twitter data?
List the questions that you seek to answer
with the exploration of Twitter

Figure 6: Worksheet 1 - Problem Definition Template

Worksheet 2 - Keyword Documentation: This worksheet aimed to help participants document the keywords that characterize the
problem practitioners wanted to explore on Twitter. The template has five columns of possible keyword categories users decide to register.
The categories are (i) description of the problem, (ii) names of organizations involved, (iii) affected communities, (iv) Twitter accounts of
actors involved, and (vi) Hashtags.
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Keyword Documentation bitécora
Use this template to record the keywords that characterize the issue you want to explore on Twitter. TOO | k|t
Name of the project: Date:
Description Names of Affected Twitter accounts of Hashtags
of the problem organizations involved communities actors involved
Description:

Figure 7: Worksheet 2 - Keyword Documentation Template

Worksheet 3 - Exploratory Search Documentation Template This template is to help users document their observations from
exploratory searches. In the manual, I suggested practitioners use the worksheet to keep track of which combinations of words yield the
most unusual or appropriate content that contributes to the understanding of the examined problem. The template is divided into seven
columns with the categories of aspects that I recommend to document during the first observations. These categories are: 1) place, 2) time, 3)
the combination of keywords, 4) number of results, 5) observations, 6) actors/Twitter accounts, and 7) examples of tweets.
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Use this template to document your observations from exploratory searches.
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Name of the project:

Date:

Documentation of exploratory searches

ID Place Time Combination Number of results Observations Actors/ Examples of tweets
of keywords Twitter accounts

12

Description:

Figure 8: Worksheet 3 - Exploratory Search Documentation Template

Worksheet 4 - Findings and Observations Documentation Template The purpose of this template is to document and synthesize
the most relevant conclusions of the initial examination. Ideally, this template needs to be completed after analyzing the findings of the
initial explorations on Twitter in the worksheet 3. On the left side of the template, there are three small boxes where practitioners can enter
the project’s name, a brief description, and a summary of the focus of the exploration, for example, listing some of the search words. The
purpose of these three boxes is to summarize the project. In the template, there is also a text box divided into three sections:

(1) List relevant actors: This section asks to list any new actors or communities involved in the problem examined that might have
been found on the exploration of Twitter. The form asks 1) who are they? 2) what is interesting about them? 3) what is their role?
(2) List initial findings: This field asks to describe how the topic of interest is discussed on Twitter and recommends recording examples
of tweets that are illustrative of the findings, as this facilitates the communication of results.
(3) List relevant actions or practices: This section asks practitioners to document any new identified perspectives or interesting
initiatives that contribute to the problem examined and to consider answering the following questions:
(a) What is the purpose of these initiatives?
(b) What distinguishes them from existing initiatives?



CHI ’24, May 11-16, 2024, Honolulu, HI, USA

Findings and Observations Documentation Template

Use this template to document the main findings of the initial exploration,

Project's name

List interesting observations
List relevant actors

If you identified new actors or
communities involved in the
problem examined, list them here:
Who are they?

What is interesting about them?
What is your role?
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List interesting observations
List relevant actions or practices

List initial findings

If Briefly describe how the topic
of interest is discussed on Twitter
if you identified new perspectives or
interesting initiatives that contribute
to the problem examined,
describe and list them here:
What is the purpose of these initiatives?
What distinguishes them
from existing initiatives?

Brief description

Summary of the goal
of the exploration

Figure 9: Worksheet 4 - Findings and Observations Documentation Template

Worksheet 5 - Next Steps Documentation Template The purpose of this template is to encourage practitioners to reflect on the
observations collected in the exploratory searches, assess whether the narrative observed on Twitter is of interest for further analysis, and
determine the next steps. After participants complete the template, they would need to decide whether or not it is advisable to continue
using data from Twitter to report the problem examined. Similar to worksheet 4 on the left side, there are three small text boxes where
participants can synthesize the project focus and the keywords they used during the exploration.
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Use this template to document your observations from exploratory searches. -I— :
oolkit

Project's name . . N N .
Relationship between Twitter findings Potential limitations

and prior knowledge
What limitations do you anticipate? For

example, not finding information about a

specific place or population.

What are some questions or concerns?

How are the observations found on Twitter
related or different from what you knew about
the problem before?

What's new?

What information or patterns are repeated?

Brief description

Do you consider it necessary to carry out
amore in-depth search?

Summiary of the goal
of the exploration
Yes No
How do you think Twitter data Why?
contribute to understanding

the research problem
you are examining?

Figure 10: Worksheet 5 - Next Steps Documentation Template
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