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Crisis is a high-stake domain that requires accurate, timely, and trustworthy speech communication. Across the world, crisis affects
populations from diverse languages and cultures, particularly groups that are linguistically and socio-economically more vulnerable.
In this context, deployment of effective speech artificial intelligence (AI) technologies for crisis management is urgent for communities
who primarily use their language in spoken forms (e.g. non-institutional, indigenous, and vernacular languages, among others).
Interdisciplinary and cross-institutional collaboration is crucial to identify how to deliver impactful speech technology, considering
the needs, uses and challenges from crisis ecosystem. In this position paper, we argue that current evaluation practices for speech
technologies fail to capture real-world impact, which is primordial in high-stakes and vulnerable settings. This work is informed by
our experiences building speech infrastructure for minoritized language communities as part of two collaborations with non-profit
organizations: Mozilla Foundation and CLEAR Global. Ultimately, we call on the academic community to move beyond narrow
technical efficiencies towards multidimensional situated measurement that support decision-making in the process of technology
development.

CCS Concepts: • Human-centered computing → Human computer interaction (HCI); Accessibility; • General and reference
→ Evaluation; • Computing methodologies→ Speech recognition.

Additional Key Words and Phrases: Crisis Management, Speech Data Collection, Decision Impact Study

1 Introduction

Measuring real-world impact of language technologies (LTs) initiatives is little explored by the academic community,
despite being of high relevance to stakeholders, practitioners, end-users, and the general public. For instance, in the
ACL Anthology1 only 0.1% of published work report impact evaluations of any form, which is crucial to move beyond
metric evaluation towards understanding the effects of technology to society [21]. This is particularly important
in high-stake domains, such as crisis management, where technology can have life-saving consequences for most
vulnerable communities.

The rapid adoption of Large Language Models (LLMs) as general purpose machines has increased NLP applications
to serve crisis responders, covering domain-specific tasks for all stages of disaster management [15, 23]. However, most
work relies on text-only data, leaving spoken languages behind. For instance, D. Lewis et al. [9] analyzes crisis social
media datasets, finding that half of corpora are English-only. In this sense, speech technology is utmost need to serve
communities whose preferred communication form is oral, such as displaced populations, refugees, and indigenous
communities [11, 12].

In this position paper, we propose to measure impact as part of decision-making in the development of technology,
especially when serving vulnerable communities. Our position is informed by two collaborations with NGOs that
address linguistic inequality and social good impact by building speech infrastructure for crisis scenarios. We hope
1https://aclanthology.org
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to incentive the academic community to reflect on who and how is impacted by LTs, sharing their experiences to
understand how better serve society.

2 Related Work

This work lies at the intersection of speech technology and human-computer interaction (HCI), more specifically
focusing on the social and real-world impact of data collection projects for automatic speech recognition (ASR) systems
when working with spoken languages. ASR systems are known to have different performance according the speakers’
socio-linguistic context [10, 16, 18]. Recent work analyzes the limitation of common ASR metrics and calls for HCI
and ethnographics perspectives on how to better evaluate systems (e.g. using intersectional benchmarks, qualitative
error analysis, among others) [17]. From a HCI perspective, limited work study ASR for communities of low-resource
language languages, exploring design methods for community engagement [2] and user studies on how to adapt ASR
to Global South populations [5]. Related work by Reitmaier et al. [22] explore participatory methods with a farming
community in India to create speech-based information retrieval systems, reflecting on how to co-create tools for
unwritten languages. In parallel, NLP efforts to address linguistic inequality have gained increasing relevance in recent
years [7, 13, 19], examining the influence of socio-economic and demographic factors on technology performance [6, 8].
This trend has raised concerns about the social relevance, utility, and impact of NLP initiatives [1, 14, 20], motivating
studies on positive impact [4] and reflections on impact evaluation [21]. Furthermore, Reiter [21] argues that the NLP
community should include such evaluations to assess the utility of academic efforts and accelerate technology adoption
through methods such as key performance indicators, A/B studies, and before-and-after studies.

3 Studies on Speech Technology for Vulnerable Communities

3.1 Crowd-sourcing Indigenous Speech Data: the Qom Case

Indigenous communities from low socio-economic backgrounds and with limited access to technology are among
the most vulnerable in crisis and disaster scenarios. Our first informative study is based on our collaboration with
a Qom community, a South American Indigenous group who traditionally inhabit the Gran Chaco region [3]2. We
created the first speech corpus for the Qom/Toba language using the Mozilla Common Voice (MCV) platform3, as
part of the MCV Spontaneous Speech Initiative for voice-based AI inclusion. More precisely, we worked with two
families from Argentina to collect 10 hours of transcribed speech through prompt answering, conducting linguistic
fieldwork and training speakers on how to use the crowd-sourcing platform. We adapted our methods of involvement
and interaction with speakers based on the diverse socioeconomic and technological literacy backgrounds of our Qom
collaborators. By doing so, we provided various engaging experiences, such as in-person meetings, virtual training,
phone calls, and daily/weekly instant messages, which provided distinct social impacts at individual and community
levels (e.g., project ownership, resonance between family and friends, identity pride, motivation to pursue higher
education). These first-hand experiences allowed us to reflect on the meaning of impactfulness in speech data collection
projects, as a subjective dimension that can refer to data resourcefulness, capacity building, application utility, or a type
of socio-affective experience for speakers.

2This region encompasses Northern Argentina, Southern Paraguay, and Bolivia. In particular, our collaborators are originally from Chaco province, the
region with the highest level of poverty in Argentina
3https://commonvoice.mozilla.org/
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3.2 Crisis Speech Technology: A Decision Impact Study

With the goal of supporting vulnerable speech communities in crisis scenarios, and grounding our decision-making
process in the first-hand lived experiences of those interacting with affected communities, we established a collaboration
with CLEAR Global, a non-profit organization focused on helping communities be heard in critical domains such as
health, humanitarian response, and human rights. This NGO has broad experience supporting communities across the
globe, who could potentially benefit from crisis speech infrastructure. However, due to time and funding constraints,
our collaboration can only serve a limited number of language communities. How to identify which communities would
benefit the most from crisis speech technology? Or in other words, how to estimate the real-life impact of speech AI
for each potential served community? To answer this question, we designed a composite language-community risk
index to guide decision-making on how speech infrastructure would be most beneficial. Specifically, we considered
technological, linguistic, socio-economic, and crisis risk indicators, using language, country, and type of crisis as the
combinatorial unit of analysis. Based on this index, we identified ten of the most in-need communities to support
through the collection of in-domain, crowdsourced speech data.

Our current work-in-progress consists of validating this index using a mixed-methods approach, combining: (1) a
quantitative breadth survey intended for crisis translators, and (2) an in-depth qualitative interview study directed at
various crisis actors (such as community leaders, government representatives, radio and broadcasting organizations,
crisis tech companies, and NGOs). In this way, we aim to map the landscape of crisis communication, focusing on how
voice tools can be designed for maximum benefit and successful adoption within the crisis management ecosystem.

4 The What, Who and How of Measurement in Crisis Speech Technology

Our experience working with vulnerable communities and NGOs that support crisis responders shows that the creation
of speech technology in the crisis domain demands a reflection on the impact of our academic practices, moving
measurement beyond system performance towards. We argue that in high-stakes domains, where interdisciplinary
and cross-institutional collaboration is crucial, metric-supported decision-making is determinative for generating a
positive impact on communities we aim to serve. The definition of measurement artifacts can provide transparency on
the desired effects to society our technology is designed to produce. This requires understanding how actors within the
ecosystem adopt technology, the characteristics of the speech communities we aim to support, and the specific type
of impact desired. While metrics in speech research are usually restricted to task performance (e.g., Word Error Rate
for automatic speech recognition), the development of speech applications requires an understanding of the domain’s
complexity to define which dimensions need to be measured, why they are relevant, and how to measure them. In the
following, we describe our insights to answer these questions, focusing on the crisis management domain and informed
by our previously described studies.

Impact Measurement. Initiatives for technology inclusion target communities traditionally underserved in the tech space,
whether in academia or industry. Even when researchers aim to address socially relevant projects, their perspectives
might neglect the communities they aim to support due to a lack of insight into how these communities perceive
the problem and how they wish to be assisted. Our experiences show that a reflection on the desired impact needs
to be addressed for effective inclusion, grounding our approaches in lived experiences with target communities and
collaborating with domain experts and organizations experienced in supporting affected populations. Our engagement
with the Qom community shows that initiatives for speech inclusion might overlook the socio-affective effects of how
we interact with Indigenous communities, focusing on data collection and relying the speakers’ engagement into the
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projects’ leads decision (generally academics non-community members). This experience enabled us to reflect on the
impact we aim to create and the actual experiences of the speakers. Our second study, with an organization deeply
involved in the crisis and humanitarian response domain, allowed us to define criteria to quantify the potential impact

of our efforts to build a crisis speech infrastructure, forming our decisions on how to best allocate resources and capacity.
It is important to note that practitioners, funding institutions, and governments might have different criteria to identify
how impactful technology could be, reflecting particular interests and positions.

The Crisis Ecosystem. Communication within crisis management involves multiple actors, each with distinct perspectives
on the utility, requirements, and challenges of speech applications. For instance, government organizations focused on
crisis response prioritize the broadcasting of official announcements and national alerts (one-to-many), while radio and
emergency stations may focus on interactive speech tools (one-to-one or few-to-few). In contrast, NGOs often target
marginalized populations, necessitating support for local language varieties. The design of the quantitative survey and
qualitative interviews in our second study aims to define the specific speech tools and data types required to support
these various crisis actors. Furthermore, we expect to identify early indicators of the potential reception and adoption
of speech AI technology, which may carry a variety of connotations for end-users depending on their specific language
and location. Moreover, while the composite crisis index was constructed considering socioeconomic and technically
relevant dimensions informed by the NGO’s expertise, a similar methodology could potentially be used to serve other
stakeholders.

Language-Community Specificity. Traditional metrics for speech tasks were primarily designed and tested on high-
resource languages, often neglecting the particularities of language varieties and dialects. For example, Word Error Rate
(WER) may be useful for non-agglutinative languages where sentences are formed of multiple distinct words. However,
it fails for languages where a single, long word can function as a full sentence by combining multiple morphemes, each
carrying a unique meaning. Furthermore, automatic metrics usually involve a comparison with a gold standard, which
is only viable for languages with a unified orthographic system. Our experience with the Qom community, specifically
during the validation and transcription of the speech corpus, illustrates how speakers, even from the same extended
family, may disagree on transcription decisions. The selection of one language variety as representative of a language,
or the creation of a unified or standardized orthography, can carry political and power implications that may affect how
speakers perceive the usefulness of end applications and how willing they are to adopt them. In addition, community
characteristics such as culture and literacy also shape speech data collection practices. For example, in our first study
we had to adapt and revise our initial set of prompts (which had originally been designed in Spanish), so they would
better fit Qom speakers’ culture.

Application Performance. The deployment of an application requires decision-making with regard to usability and
reliability. Even when applications rely on the same underlying technology, the performance threshold for determining
suitability may differ based on the context of use. Moreover, the measurement of application performance is dependent
on the level of Human-AI collaboration. For instance, speech translation for situational awareness may be ready
for deployment if it accelerates the identification of "where" and "what" in crisis scenarios, potentially completing
end-to-end tasks independently. However, in a health crisis the accurate translation of concepts, such as body parts,
instructions, and symptoms, is crucial. In such high-stakes environments, a tool must support rather than undermine
aid provision. In these cases, the performance of a speech application should be measured by quantifying its utility in
assisting human experts, rather than focusing on independent task completion.
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5 Conclusion

In this work, we have argued that measurement in speech technology cannot focus solely on system performance,
especially when addressing vulnerable communities traditionally underrepresented in technology-making spheres. Our
formative studies with these communities illustrate how the effectiveness of speech infrastructure is a multidimensional
construct. We propose establishing interdisciplinary and cross-institutional collaborations to align the intended impact
with the needs, uses, and challenges of stakeholders in the domain ecosystem. Essentially, we understand measurement
is non-neutral act, but a reflection of the values we prioritize within the socio-technical ecosystem. As we continue
our crisis tech impact index validation and the analysis of crisis actors’ perspectives on speech AI tools, we call on
collaborations between the HCI and LTs community to reflect on how measurement can be redesigned as a tool for
accountability of technology.
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