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ABSTRACT

KEYWORDS

Amid growing enthusiasm for a ”new urban science” and ”smart city”
approaches to urban management, ”big data” is expected to create radical
new opportunities for urban research and practice. Meanwhile, anthropolo
gists, sociologists, and human geographers, among others, generate highly
contextualized and nuanced data, sometimes referred to as ‘thick data,’ that
can potentially complement, refine and calibrate big data analytics while
generating new interpretations of the city through diverse forms of reason
ing. While researchers in a range of fields have begun to consider such
questions, scholars of urban affairs have not yet engaged in these discus
sions. The article explores how ethnographic research could be reconciled
with big data-driven inquiry into urban phenomena. We orient our critical
reflections around an illustrative example: road safety in Mexico City. We
argue that big and thick data can be reconciled in and through three stages
of the research process: research formulation, data collection and analysis,
and research output and knowledge representation.

Big data; thick data; urban
science; smart cities; road
safety; ethnography

Introduction
In concert with the emergence of a “new urban science” (Acuto, 2018; Acuto et al., 2018; Batty, 2012;
Karvonen et al., 2021; Ortman et al., 2020) and “smart” approaches to city management (Batty et al.,
2012; Coletta et al., 2018; Dameri et al., 2019), there is growing enthusiasm for the availability of “big
data” to create new opportunities for innovative and effective modes of urban analysis and governance.
High-powered computational capability coupled with new analytic techniques employing artificial
intelligence have created a tipping point in our capacity to deal with massive amounts of continuously
generated data that are exhaustive and highly granular in both temporal and spatial scales (Kitchin,
2014a). The term big data refers to massive data sets that may be analyzed computationally to reveal
associations, patterns, and trends, but that also entail varied and complex structures posing challenges
of storage, analysis, and visualization (Sagiroglu & Sinanc, 2013). It can be characterized as data with
three Vs: volume, variety, and velocity (Ahn et al., 2013).
These new forms of data analysis are increasingly applied to a broad range of research topics within
the social sciences (Cinnamon et al., 2016; Rubrichi et al., 2018; Salah et al., 2018; Wilson et al., 2016;
Zufiria et al., 2018). For urban researchers and professionals, the unprecedented availability of geotagged, individualized data collected through a multitude of devices distributed throughout city spaces
can potentially provide new and integrated insights into the experience and evolution of cities through
efficient real-time monitoring and algorithmic applications (Li et al., 2020; Rabari & Storper, 2015).
That heightened interest is reflected in the creation of the journal Urban Science and the renaming of
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Environment and Planning B with the subtitle Urban Analytics and City Science. Moreover, big data
technologies have underpinned new forms of urban planning and management practice represented
by the rolling out of “smart cities” and “urban laboratories” (Hu & Zheng, 2021; Karvonen & Van
Heur, 2014; Smith et al., 2019; Tricarico et al., 2020). These modes of city governance express
a normative epistemology that defines the city as a space of experimentation; a place to be known
“as a set of variables” and “a collection of parameters that can be tinkered with and controlled”
(Barnett, 2020; Caprotti & Cowley, 2017).
Big data can potentially be the source of significant advances in our understanding and manage
ment of urban systems and dynamics. However, as we will show, such data may struggle to capture
more nuanced and contextualized forms of knowledge about diverse urban places or the people that
reside, move, and work therein. Big data are typically derived from technologies that automatically
generate large data sets, collected by various sensors and mobile devices—practices that are seldom
analyzed on established epistemological or theoretical grounds (Kitchin, 2014a). Thus, while offering
unprecedented opportunities for prediction and projection, big data analytics may be less suitable for
exploring or interpreting causal relations in the data in order to make inferences relevant to complex
urban questions, including what effects a certain intervention might create, and the unintended effects
that could result (Athey, 2017).
While a number of authors refer to human “smartness” to describe the capital, entrepreneurship,
and innovation that engage citizens in participatory and collaborative processes of the city (Kitchin,
2014b; De Oliveira et al., 2015; Rabari & Storper, 2015), the strengths and advantages of ‘thick’ data
have not been a focus for the ways in which the smart city is imagined or practiced. The potential of
thick data, including the insights and interpretations emerging from ethnographic methods, lies in the
capacity to provide more nuanced and contextualized information that would be particularly relevant
for urban places and societies that are not adequately captured or examined by the practices typically
associated with big data analytics (Bornakke & Due, 2018; Girardin, 2013; Wang, 2013).
As we will show, scholars from a range of disciplines and fields have argued for the reconciliation of
big data analytics and ethnographic inquiry as a means to generate new kinds of knowledge processes
and insights. However, to date urban scholars have been absent in these discussions, with several
results. One is that connections between ethnographic methods and the use of digital technologies,
including social media, remain undertheorized in urban research (Danley, 2021). A second is that calls
for the combination of “cutting-edge” methodologies in urban research, such as ethnography and
advanced spatial analysis, have largely remained unanswered (Reese, 2014). And third, the notion that
urban scholars—with their extensive experience in conducting interdisciplinary research—might have
something productive to say in broader methodological discussions surrounding big and thick data
has gone unrecognized. Consequently, we seek to contribute to emerging interdisciplinary engage
ments surrounding big and thick data from a specifically urban perspective. Moreover, by identifying
the parameters of the problem and exploring the scope for methodological and epistemic reconcilia
tion, this discussion contributes to debates within the field of urban analytics emphasizing that the
“new urban science” must necessarily comprise more than an exclusive focus on data analytics. This is
imperative if those working within the field are to capture adequately the long-term temporalities of
urban change, to decisively influence urban governance practice, and to address places and popula
tions typically excluded from the purview of big data (Batty, 2019; Duminy & Parnell, 2020; Kang et al.,
2019; Karvonen et al., 2021; Keith et al., 2020).
In this paper we argue in favor of a “hybrid” approach and explore initial ideas for how big data
could potentially be combined with the contextual and descriptive depth of thick data to enrich our
understanding of the complex nature of contemporary urban change. We have used an illustrative
example (road traffic safety in Mexico City) to prompt review-based inquiry and discussion to
illustrate how a hybridized approach would help improve decision-making by integrating big and
thick data for the benefit of the public sector and civil society. Through our interdisciplinary approach,
we focus on the specific question of how ethnographic methods and knowledge could potentially
complement, refine, and extend the examination of urban phenomena driven by big data analytics.
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The insights generated through this approach can assist actors involved in urban governance to
leverage big data by integrating various disciplinary expertise, research objectives, analytical outcomes,
and forms of reasoning made possible by methodologies and sensibilities related to both big and thick
data.
Moreover, the paper provides an example of how interdisciplinary research teams, including both
quantitative and qualitative urban experts, can be built as well as how diverse stakeholders can be
engaged in collecting and analyzing data. It is, thus, our intention to push the emerging experimental
and “smart” fields of urban governance to improve their accuracy in the analysis of big data to
interpret and address complex urban problems while moving between more or less “generalizable” and
“contextualized” forms of knowledge.

Results: Reviewing the emerging fields of big data and thick data
We began our assessment of this emerging field by reviewing existing research that combines big and
thick data and their related methods. While a mixed-method approach could potentially break down
disciplinary silos surrounding big and thick data methods, we found that mixed-method analyses were
uncommon in studies employing big data. Most of the mixed-method approaches we observed utilize
qualitative data collected through interviews, focus groups, and surveys. A limited number of studies,
however, have specifically engaged with ethnographic methods as a complement to big data methods.
For this reason, and because our research team comprises both big data scientists and researchers with
ethnographic expertise, we focused on reviewing a number of carefully chosen studies that combine
thick data arising from ethnographic methods with big data-driven computational analytics. We did
this in order to establish current trends in the way that ethnographic data and methods are being
employed in conjunction with big data and to thus identify new and improved ways of reconciling big
and thick data specifically for the study, planning, and management of cities. In the following section,
we report some of the key points and insights from our review of the literature.
Acknowledging the limitations of big data–driven urban analytics
To illustrate the respective dimensions, strengths, and limitations of big data and thick data, we
provide a simplified comparison of these forms in Table 1. One of the key advantages of big datadriven research is the capacity to generate information at unprecedented scale, granulation and depth
on urban phenomena ranging from workplace segregation (Zhou et al., 2021), real estate pricing (Cao
et al., 2019; Tan & Guan, 2021), local social organizational change (Wang & Vermeulen, 2021), the
dynamics of park usage (Guan et al., 2020, 2021; Li & Yang, 2021), and how transport networks affect
inter-city interaction and economic integration (Gong et al., 2021). During the ongoing COVID-19
pandemic, for example, sources of big data and advanced analytical techniques have proven useful in
examining public sentiments toward public health governance measures (Yao et al., 2021) and the
impact of the urban built environment and infrastructure access on disease incidence and vulnerability
(Kawlra & Sakamoto, 2021; Liu et al., 2021).
While such analyses are critical for producing insights into city dynamics at large scales, it is also
possible that extremely large data sets can produce “too much information, with no easily specifiable
social context” or “ground truth” (Blok et al., 2017). Consequently, collecting and analyzing big data
sets alone may not be sufficient to give comprehensive answers to questions relating to complex
human behaviors (Girardin, 2013; Kim et al., 2018). Such data may also be too abstract to give insights
into the emergence and influence of place-based meanings and practices, unless it can be enlivened to
narrate a story that “makes sense” (Dourish & Gómez Cruz, 2018). Thus, big data analyses have been
critiqued for their lack of a contextual framing (Boyd & Crawford, 2012; Van Dijck, 2014).
Furthermore, it cannot be assumed that big data, although extensive in reach, is necessarily repre
sentative of all population groups and territorial spaces (Boy et al., 2016) and in some instances, as
with data extracted from social media, socioeconomic information is not available (Kim et al., 2018).
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Table 1. Comparison of big data and thick data.
Definition

Types of data
Data size
and scale
Data collection
methods

Analytic
methods

Representation
of knowledge
Output forms

Strengths

Limitations

Big data
Massive data sets that can be
analyzed computationally to
reveal associations, patterns,
and trends

Thick data
Hybrid approach
Qualitative information collected
An approach that seeks to reconcile
and analyzed to develop a holistic
big data analytics with
view of a phenomenon or
ethnographic research practices
practice, including relevant
and thick data
context, how people construct
meanings, and why they act in
certain ways
Qualitative and not easily machine- Flexible data types according to
readable
a given situation
Small size and limited spatial scale, Multi-scalar and diverse
but often rich and in-depth

Often quantitative and
machine-readable
Large size and spatial scale often
requiring high throughput
computing power
Large-scale surveys, administrative Interviews, focus groups, video and
data, digital archives, data
audio recordings, field
streaming, web scraping,
observations, narrative accounts,
remote sensing, digital devices
community/participant mapping,
archival analysis, drawing, and
photography
Mathematical models, agents,
Content analysis, interpretive
statistical methods, artificial
thematic analysis, grounded
intelligence, machine learning,
theory, discourse analysis,
computational modeling, etc.
narrative analysis, case study and
comparative case analysis, etc.
Statistical relationships,
Written, visual, oral or performed
hypothesis testing, and
narrative accounts
numerical or spatial
visualizations
Short-form and image intensive
Longer-form journal articles and
journal articles, maps,
book chapters, monographs,
animations, videos,
performances, sketches, films,
computational models,
stories, photographic essays,
algorithms, equations
community/stakeholder working
groups
Produces results that are
Produces results that uncover
empirically and statistically
meaning, lived experience, and
generalizable and comparable
context, including those of
to a larger population
marginalized populations,
through targeted sampling
Lacks depth and key contextual
Lacks scalability and statistical
information and marginalizes
generalizability while being time
populations unrepresented by
and resource intensive
technology-derived data sets

Big data-aided ethnography, highly
granular spatiotemporal data
from sensors and ethnographic
fieldwork, calibrated machine
learning analytics
Flexible methods based on available
data

Diversified forms of representation

Diverse outputs integrating
visualization and narration, e.g.
story mapping

Produces actionable insights that
are nuanced, contextualized, and
statistically generalizable
Possibly resource intensive, requires
addressing problems of
incommensurability

In applying big data within invigorated modes of urban research, then, there is a risk of over
simplifying some of the nuanced and complex realities of urban life and transformation. There is also
a risk that simplified analytical understandings may underpin inappropriate or inadequate programs
of city governance and development. For example, Datta (2015) argues that the concepts and
manifestations of the “smart city” fail to connect with the plural realities characteristic of contempor
ary urbanisms in postcolonial India. There the smart city model all too easily overlooks the negotia
tions of citizens in their everyday encounters with the state as they seek to maintain their livelihoods
while competing against top-down global aspirations of urbanism. “Smart solutions” that lean on big
data techniques, when applied to issues such as urban water supply, can in practice “narrow down”
complex problems into technical terms that privilege certain scientific knowledge claims over others
while reframing citizenship as a mere practice of consumption (Taylor & Richter, 2017). For Hollands
(2008), smart city approaches risk masking the real problems of the city and its past encounters with
technological developments that have failed to address socioeconomic inequalities.
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For Vanolo (2014), big data is a powerful techno-centric disciplinary tool that can be used to shape
and govern the conduct of technologically literate citizens. Indeed, arguably one of the major
limitations of big data analytics is the tendency to overlook the places and activities that fall within
the shadows of data sets. The applications of such techniques may be limited to the most technolo
gically privileged of society, addressing the needs and demands of more visible and powerful users and
spaces while bypassing those of the less empowered (Graham, 2000). From a research perspective,
then, data collected from mobile sources, online businesses (including social media), smart phone
applications, and government portals can include various biases in the population samples employed,
leading to inaccurate generalizations and conclusions (Arribas-Bel, 2014). Such biases can have
particularly profound implications for studies undertaken in contexts of the Global South, where
technological coverage may be less comprehensive and transient urban activities (such as informalized
governance, mobility, or economic processes) can be difficult to capture through digital means. Aside
from problems of examining and accounting for diverse urban realities, then, from a political
perspective there is the potential for uncritical applications of big data technologies, under a guise
of technical neutrality, to condition urban governance approaches that reproduce social inequalities
and biases (Bannister & O’Sullivan, 2021; Benjamin, 2019; Taylor, 2021; Williams et al., 2020).
Recognizing some of these limitations, urban researchers working with big data sources and
methods have explored opportunities for their combination with, for example, questionnaires (Sun
et al., 2020) and field observations (Gabrys et al., 2016; Guan et al., 2021). However, to date there has
not been any specific reflection on the value of ethnographic methods and knowledge for the
realization of smart cities and emerging state-of-the-art urban analytics. While authors like Bibri
and Krogstie (2017) uphold the value of advanced computational methods and big data for orches
trating smart and sustainable cities, they stop short of acknowledging the relevance and value of
ethnographic and other qualitative methods for generating useful complementary knowledge of urban
societies and processes. Thus, a kind of normalization of knowledge production—in the form of
a mainstreaming of computational and algorithmic analysis—exists in how the smart or experimental
city is imagined to function.
The value and limitations of thick data
By invoking the notion of thick data we refer to the kind of descriptive qualitative data collected and
analyzed in the tradition of Clifford Geertz (1973), a cultural anthropologist who emphasized the
importance of observing human behavior in the context in which it occurs in order to develop
a holistic view of a phenomenon or practice in its wider social and symbolic dimensions. Thick data
is descriptively rich and intensively detailed, collected from or with research participants on issues
relating to their values, visions, knowledge, life experiences, and opinions, typically obtained by
observing or interacting with participants in their daily lives and through in-depth interview techni
ques. Thick data may be collected by using and analyzing a variety of formats including photographs,
videos, sound recordings, sketches, and written ethnographic field notes. The strength of thick data, by
contrast to that of big data, lies in its attention to details and of objects, movements, practices, human
behaviors, and words, for example. They can help to craft an in-depth and contextually nuanced
understanding of peoples, cultures, and places that is a necessary condition for understanding complex
urban phenomena.
Ethnographic approaches have important potential to contribute to our understanding of complex
socio-cultural issues by examining them in their wider context and detailing the processes through
which meaning is made. However, we should note various limitations relating to thick data and
ethnographic methods, which big data and computational methods could potentially address.
Ethnographic research is often resource and time intensive. Developing the linguistic, cultural,
interpersonal, and local competencies required for ethnographic fieldwork calls for significant invest
ment in time and resources. The length of fieldwork and data collection can vary from months to
years. Creating and maintaining relationships of trust with communities and individuals is a long-
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term and continuous process demanding complex ethical sensibilities. These methodological require
ments place limitations on the scale of analysis and on the possibility of conducting multi-site field
studies simultaneously. Aside from these practical issues, at a more conceptual level ethnographers
often face challenges in defining the spatial and temporal boundaries of what they are studying, and in
determining the context that defines their object of analysis (Hammersley, 2006).
More broadly, within interdisciplinary conversations a number of critical questions have been
posed regarding the philosophy of ethnography. Issues of generalizability, reliability, and validity
remain key points of debate with respect to the strengths and limitations of ethnographic methods
(Bernard, 2002; Hammersley, 1992; Schensul & LeCompte, 2012). Given their small-scale spatial and
temporal purview and their intensive (rather than extensive) research focus, ethnographers are
typically not able to generalize empirically from their findings to larger populations of cases across
space and time. For these reasons, there are real advantages to tracing social behaviors in real time
across a breadth of geographies using sensors and computational techniques (Pretnar & Podjed, 2019).
That said, ethnography can produce grounded knowledge of patterns in cultural behavior and conduct
while illuminating more general aspects of the human condition. Ethnographic knowledge is general
izable insofar as it seeks to situate the minutiae of urban life within their wider context, which can then
be understood by readers through analogical forms of reasoning—the process by which people infer
similarities or differences between the case under discussion and their own prior knowledge and
experiences (Barnett, 2020).
Urban ethnography is by no means a new or novel approach, and there are numerous examples of
empirical studies that take an anthropological view of the city, often striving to present an “insider”
point of view in an effort to banalize or “make ordinary” what would appear to be bizarre or
impenetrable urban phenomena (Duneier et al., 2014). Ethnography potentially allows for modes of
theorizing the city that start from the particular and quotidian practices of the urban, casting in critical
relief the universalizing pretensions of much urban theory emerging from the Global North (Lewis &
Symons, 2017). For some, urban ethnography offers a unique contribution to our understanding of an
increasingly complex, and increasingly urban, world (Pardo & Prato, 2018). However, to date this
work has shown limited engagement with the sources and analytical methods associated with big data.
Emerging approaches to reconciling big and thick data
Few researchers and practitioners in any field have attempted to apply and reconcile big and thick data
and their related methods of analysis. However, those who have done so offer a number of insights that
are useful in considering how the limitations of emerging forms of big data–driven urban experi
mentation and governance can be counteracted. Writing from a sociological perspective, Bornakke
and Due (2018) argue that big and thick data are compatible despite the limited attention that has been
dedicated to their combination in research. They propose the term “blending” to describe an inter
disciplinary process “in which insights based on big and thick data are brought together into new
conceptualizations through deliberate actions performed by researchers” (p. 4). Their approach
focuses specifically on bringing together different analytical insights, rather than different data
collection methods, in “an interpretative, distributed cognitive and embodied process conducted by
the researchers” (p. 4). Through a series of examples, the authors show how thick data collected
through human observations allowed for a “calibration” of machine learning techniques and enriched
the analysis of big data. Moreover, the use of big data enabled the phenomena identified through
ethnographic observation to be productively examined at extensive scales.
Similarly, using observations and sensor-derived movement data of museum visitors, Girardin
(2013) suggests that the articulation between qualitative insights and sensor measures enabled a more
refined understanding of the phenomenon in question. Blok et al. (2017) recognize the granularity and
density of big data in its extent of observations over space and time while zooming in on the details of
digital social data, thus “stitching” together digital-transactional data and ethnographic observations
to understand the dynamics of behavior at a student party in Denmark. They note the capacity of this
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kind of hybrid approach to integrate the spatially and temporally extensive qualities of big data with
the “processual focus” of ethnography (p. 12). This enables inferences to be made about “collective
life” at various spatio-temporal scales, in turn allowing “dynamic relations and patterns” to emerge
from the data (p. 12). Meanwhile, in their analysis of the behaviors of faculty employees at a Slovenian
university, Pretnar and Podjed (2019) refer to the iterative contribution of computational and
ethnographic methods within “circular mixed methods” that enable researchers to study complex
phenomena from different perspectives in alternating stages.
Other researchers have focused more on how the specific components associated with ethnographic
research, such as the development of narratives and uncovering the symbolic nature of objects, can be
brought to bear on data. Dourish and Gómez Cruz (2018), for example, empirically reflect on
California's efforts to monitor paroled sex offenders. They draw on the practice of narration as
a process of ethnographic tracing and the writing of “stories” in order to contextualize and bring
meaning to data. They attend to the cultural embedding of data using a narrative framework to make
sense of data within a “landscape of recognizable objects” (p. 6). Here the focus was on the role of
objects within cultural settings and the “practices by which meanings are produced at particular times,
in particular places” (p. 5). Thus, it is possible that data can become “symbolic” by taking on meaning,
which in turn enables new kinds of “sense” to be made of those data.
Ethnographers have traditionally carried out their craft by studying situated, face-to-face, everyday
interactions (Goffman, 1968). However, as online activity has increased, ethnographic approaches
have also emerged for the examination of online social interactions. Social media data may now be
“mined” in order to understand context-specific phenomena such as visual online culture, linguistics,
and identity (Anderson et al., 2009; Magro, 2018). The emergence of the term “big data augmented
ethnography” (Laaksonen et al., 2017) is evidence of the growing inclination for ethnographers to
work with big data through online platforms in ways that bring new meanings to the situated
encounters that are traditionally encountered in “the field.” For example, when studying political
discussions on social media, Laaksonen et al. (2017) posit that ethnographic observations can be used
to contextualize the computational analysis of large data sets, which in turn can be applied to validate
and generalize the findings made through ethnographic inquiry.
In a similar vein, Ford (2014) argues that ethnographers can provide “unique insight into how
participants interact in complex media platforms.” In their study on Wikipedia citation sourcing, Ford
found that one specific observational detail gave insight into the social meanings attributed to citation
sourcing practices; big data analysts were then able to test her hypothesis at scale. Meanwhile, Boy et al.
(2016) use social media data from Instagram and big data-driven analytic techniques to identify spaces
of cultural meaning in the city as well as to map and understand urban social divisions. They argue that
urban researchers can mobilize the benefits of both quantitative and qualitative approaches to
“investigate at a very large scale and in minute detail how urban dwellers form groups within and
through urban space” (p. 13). In so doing, researchers can engage in iterative and collaborative ways of
working to “develop different lenses” for analyzing big data.
Blok et al. (2017) refer to these kinds of processes as the “contextualization” of big data. The studies
discussed here offer new hybridized ways of collecting and analyzing thick and big data; approaches
that fuse methods and insights from both domains. In these studies we see the blurring of epistemo
logical boundaries as well as the roles afforded to the categories of “big data scientist” and “ethno
grapher.” For example, Curran (2013) offers the term Big Ethnographic Data while arguing that
ethnographers should see their task as being more than producing insights on the “hows” and
“whys” that big data research needs, rather viewing big data and ethnography as essentially the
same. This could involve focusing on how big data is used as a process to interpret culture, and
how big data in turn shapes culture.
To overcome some of the limitations of understanding the city using only a big data lens, there is
a growing need for the application of more insightful data that can help to refine, calibrate, con
textualize, or interpret routinely collected big data (Wang, 2013). At the same time, we need to
recognize the capacity of big data analytics to scale, extend, validate, and generalize the insights
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derived from thick data. Therefore, in order to contribute to emerging fields of scholarship and
practice related to city science and smart cities, we consider how ethnographic practices can be
combined with big data analytics in the examination of critical urban problems. We see this as part
of wider effort to move beyond the hostile qualitative-quantitative dichotomy that remains deeply
embedded in the disciplinary nature of academic research, and that arguably has been exacerbated by
the emergence and influence of experimental and data-led urbanisms. We also see this as a way of
expanding encounters between ethnography and big data beyond online space and the domain of
digital culture.
Why should such a reconciliatory approach be particularly suited to or needed for the analysis of
urban processes? One answer is that cities, as inherently complex objects, demand an interdisciplinary
research approach (Mora et al., 2021; Verloo & Bertolini, 2020). Moreover, a view of cities as complex
open systems (Amin, 2020; Bai et al., 2016; Barnett & Parnell, 2016)—enshrined in the post-2015
global urban agenda for sustainable development—enjoins a methodological approach capable of
understanding the dynamics of urban change at multiple temporal and spatial scales (Creutzig et al.,
2019; Duminy & Parnell, 2020; Smith et al., 2021; Elmqvist et al., 2018; Frantzeskaki et al., 2021). There
is no reason why such approaches would not be suitable for examining less urban or rural contexts, but
the demand for methodologies that traverse disciplines, systems, and scales in search of “leverage
points” (Leventon et al., 2021) for transformative change is particularly prominent in the case of urban
sustainability research. A reconciliation of big and thick data can provide a perspective necessary to
grasp the dynamic and multi-scalar nature of urban emergence and experience (Keith et al., 2020). We
see this discussion as a complement and contribution to a growing chorus of calls for a more
systematic and integrated “science of cities” (Batty, 2012, 2013; McPhearson et al., 2016)—one that
is capable of grasping the global urban condition at scale while accounting for factors of specificity and
difference (Parnell & Robinson, 2017).
Our reflections, described in the following sections, move beyond more established and conven
tional approaches to mixed-methods research, in which important conversations have been had
surrounding the application of digital technologies albeit without a specific interest in the gathering
and application of thick data (O’Halloran et al., 2018, 2019). We specifically consider how big data
analytics and ethnography could be combined within a more adaptive and flexible approach to urban
inquiry. We envisage that such an approach will be relevant to situations in which it is not possible to
use only secondary data, or to collect data systematically using digital methods, as is often the case in
developing countries or contexts hosting marginal, vulnerable, or displaced populations.

An illustrative example of a reconciled approach: Road safety in Mexico City
Through our group discussions, involving not only urban big data scientists and mathematicians but
also ethnographers and social scientists from various disciplines, we constructively considered how to
go about designing and collating various methods to produce the data and knowledge that would
enable us to understand and respond to a key urban problem: road injuries and fatalities.
The contributing authors are all participants in the PEAK Urban research project funded by the
UKRI's Global Challenges Research Fund. The objective of the PEAK Urban project is to bring
together early-career urban researchers from five countries (United Kingdom, India, China,
Colombia and South Africa) to develop innovative and interdisciplinary ways of dealing with complex
urban problems (Keith et al., 2020). As part of the project, three “retreats” were planned for the
participating researchers. Each retreat involves a series of workshops, discussions, presentations,
research engagements, and writing exercises to help develop interdisciplinary modes of working.
The contributing authors are one of several interdisciplinary “working groups” that have developed
around specific self-selected research themes. Our common interest in developing new ways of
integrating data and in overcoming historical, ontological, disciplinary, and methodological bound
aries and conflicts brought us together. Since we formed in early 2019, following our first retreat held
in Bangalore (India), we have held seven online group discussions. Three of us are scholars who work
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with big data methods, while four collect and use thick data on studies covering urban mobility,
informal housing and migration, health and wellbeing, and urban governance. The discussions were
an opportunity to learn about different approaches that could be used to examine urban problems
such as road safety, the insights that could be gained from adopting various approaches, how they
might complement one another, and how relevant changes in policy might be developed.
Applying a big-thick hybrid approach to urban mobility analysis and planning
Our group selected road safety as an illustrative example of how big and thick data and related
methods could be reconciled in practice. It is a relevant example in part because the field of
transportation has a history of adopting technical-rational approaches that have often failed to
understand urban mobility empirically, in context, and in relation to the historical pathways
through which social problems and their solutions, along with their complex structures of power,
emerge (Marsden & Reardon, 2017). That said, researchers active in the fields of transport and
mobility studies increasingly recognize the importance of culture and place in understanding
social phenomena and are turning to qualitative approaches to understand complex problems in
a more holistic way, and as part of what Schwanen (2017) describes as the reconciliation of “the
general” with “the particular.”
Big data analytics has made important contributions to our understanding of urban mobility patterns
(Noulas et al., 2012; Shaw et al., 2016). For instance, by capturing credit card transactions and purchases,
researchers have been able to map out urban lifestyles (Di Clemente et al., 2018). Mobile phone data have
allowed the detection of distributions of travel demand within cities (Widhalm et al., 2015) as well as
daily patterns of mobility (Schneider et al., 2013). Mobility data allow us to investigate complex
phenomena relating to human movement (Rinzivillo et al., 2014), to classify different mobility behaviors
(Pappalardo et al., 2015b), and to link the dynamics of mobility with levels and distributions of income
and wealth (Pappalardo et al., 2015a). Recent research has taken advantage of big data obtained from
a range of sources (Chen et al., 2018; Xie et al., 2017) including in-vehicle devices (Azmin et al., 2018) and
social media (Chen et al., 2017) to analyze the dynamics of driver behavior and traffic safety. Some of this
work is motivated by demands from the insurance industry to charge premiums based on individual
driving behaviors (Arumugam & Bhargavi, 2019).
Scholars influenced by the “mobility turn” in the social sciences led by Sheller and Urry (2006),
Adey (2006), and Cresswell (2006), among others, have turned to qualitative methods to understand
mobility patterns and dynamics in greater depth than mainstream quantitative approaches previously
allowed. For example, scholars have explored complex issues of power and injustice in the field of
mobility (Jensen, 2009). Some have examined how certain subjects including women, minority ethnic
populations, the elderly, and disabled persons experience lower levels of mobility and accessibility in
urban areas, often disadvantaged by the ways in which cities have historically been planned (Urry,
2016). Others, influenced by anthropologists, have adopted ethnographic approaches to observe and
uncover the highly contextualized and complex nature of urban mobility patterns (Jensen, 2009).
Inspired by these emerging bodies of scholarship, we set out to consider how a variety of thick data
methods and insights might be used to complement big data practices in researching issues of urban
mobility. In order to demonstrate what we have in mind, we offer the illustrative example of road safety
issues in Mexico City. One of our group members hails from Mexico City, and previously he has actively
participated in public discussions surrounding road safety and management issues. We considered that it
provided an ideal example through which to orient our group discussions and reflections.
Addressing road safety in Mexico City
According to the World Health Organization, in 2016 the global number of annual road traffic deaths
reached 1.35 million, and globally between 20 to 50 million people suffered a severe injury, many
resulting in a disability (World Health Organization, 2018). Comparatively speaking, violence—
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including all types of crime, war, and conflict—causes fewer fatalities (estimated at 560,000 annually).
Globally, road traffic injuries are the leading cause of death for people aged between five and 29 years,
but this problem is more acute in low and middle-income countries, in which more than 90% of road
fatalities happen. In recognition of the scale of the problem, the General Assembly of the United
Nations proclaimed 2021–2030 as the Decade of Action for Road Safety. Moreover, reducing injuries
as a result of road accidents is emphasized by the Sustainable Development Goals; target 3.6 aims to
halve the number of global deaths and injuries from road traffic accidents by 2020. Unfortunately, that
target was recently revised with to a 2030 timeframe after the 2020 deadline was missed (Mohan et al.,
2021). Nonetheless, increasing road safety remains a global priority for urban governance and
intervention.
Causes of road injuries and fatalities are many, but according to the World Health Organization key
contributing factors include speeding (Elvik et al., 2004), driving under the influence of alcohol and other
substances, being distracted (Lyon et al., 2021), driving while exhausted (Williamson et al., 2011), poor
infrastructure, unsafe vehicles, nonuse of safety devices (such as helmets or seat belts), inadequate enforce
ment of traffic laws, inadequate post-accident care, as well as other environmental factors including weather
(Edwards, 1996).1
Mexico City has a high prevalance of road traffic injuries and fatalities. From 2015 to 2019, the city
experienced major policy reforms relating to road safety (described below) including initiatives to
include an examination as part of the process of obtaining a driver’s license (this is still not in place2)
and the development of automated ticketing systems. By leveraging recently published open access
data on road accidents in Mexico City,3 we consider the example of road safety to illustrate the
complexity of urban problems and to demonstrate how such issues can be productively explored using
sources and techniques of big and thick data.
Road injury and fatality data on Mexico City reveal a clear spatial pattern (Figure 1) with a high
degree of temporal and spatial concentration (Prieto Curiel et al., 2018, 2021). Main avenues and
highways, as well as specific junctions, are frequently highlighted in our map (Thomas, 1996). The
map also reveals clusters of accidents around some Metro stations and other public transport nodes
with high pedestrian flows, particularly in the city center (Prieto Curiel et al., 2021). Road accidents are
highly concentrated around zone junctions and in motorways that originate in the city (Prieto Curiel
et al., 2018).
Although some spatial patterns are evident in the map, and various temporal patterns are also evident
through data visualization techniques (Prieto Curiel et al., 2021), it is not possible to detect the specific
causes of road injuries and fatalities, nor potential policies or interventions that could assist in their
reduction. Further inquiry into the data suggests that the majority of road traffic injuries and fatalities
(82%) involve two or more motor vehicles, whereas fewer incidents involve cars and pedestrians (15%) or
motorcycles (3%). Here we will focus specifically on road fatalities and injuries involving motor vehicles
only, which requires a specific understanding of driver behaviors and attitudes to develop appropriate
policies and interventions to reduce traffic incidents. We limit our discussions to Mexico City, as other
cities may have different mobility and road safety patterns involving pedestrians, cyclists, or motorcycles
that require an understanding of additional or alternative contextual factors at work.
A big data approach to road safety
The data set used as a starting point for our approach consists of approximately 1,100,000 road
accidents, including minor events, that have taken place since 2015 in the central area of the Mexico
City metropolitan area (hosting 8.8 million inhabitants, with an estimated 22 million living in the
wider metropolitan area).4 The data include the spatial coordinates, time of day, date, and number of
casualties for each event, among other factors. Although under-reported traffic injuries are rare,
particularly if they are severe, there is still a high chance that minor road incidents are not captured
by this data (Savolainen et al., 2011). As such, the data neither are of the scale to be considered “big”
nor are they collected in real-time. Nonetheless, the collection and processing of this data does require
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Figure 1. Heat map of serious and severe road incidents in the central part of Mexico City (not the metropolitan area), created using
Open Access data from 2015 to May 2019. The left panel shows crashes involving only cars and the right panel shows crashes
involving cyclists and pedestrians. Main avenues, such as Anillo Periférico, Circuito Interior, and Calzada Ignacio Zaragoza and certain
junctions, such as Insurgentes and Circuito Interior, are the main road traffic injury and fatality hotspots in the city, as well as the
areas nearby some major Metro stations, such as Metro Barranca, Mixcoac and Santa Martha.

a certain level of computational power. Moreover, this data set provides a useful starting point for
a discussion regarding the development of an interdisciplinary research approach that draws upon big
and thick data to understand the problem of urban road traffic fatalities and injuries.
Previous studies of road accidents show that the availability of geo-located microdata allows for
the analysis and understanding of spatial patterns of traffic safety and can help urban planners and
transport engineers to identify areas in which incidents are more likely to occur (Erdogan et al.,
2008; Fan et al., 2019; Prasannakumar et al., 2011). Thus, traffic microdata have been used for
identifying hazardous road segments (Bíl et al., 2013), regions in which pedestrian injuries are
common (Schuurman et al., 2009), in addition to other relevant factors. Using this type of data, it
is possible to construct a spatial heat map showing traffic safety hotspots (Anderson, 2009), which
tend to correlate with traffic volumes (Thomas, 1996) as well as other socioeconomic and environ
mental factors (Aguero-Valverde & Jovanis, 2006; Steenberghen et al., 2010).
There are a number of ways to further refine these insights, however. For example, the results
can be normalized by traffic flow density and built environment intensity to reflect the true
hotspots of traffic safety. Moreover, additional spatial analysis and synthesis can be performed.
The temporal dimension can also be applied to represent time series of spatial alternations. Big
data could be used to identify locations in which more accidents occur due to higher traffic
volumes at certain times of the day (Prieto Curiel et al., 2021). It may also identify poorly
designed road infrastructure (Ge & Fukuda, 2016) as measured by, for example, the density of
intersection, the redundancy of local streets, and the width or number of lanes of thoroughfares.
In addition, geo-referenced social media data can be used to detect distracted driving behaviors
(Doran et al., 2016), and related data mining techniques can be employed to develop profiles of
traffic incident hotspots (Kumar & Toshniwal, 2016; Kwon et al., 2015). In these ways, big data
techniques can be used to quantify and spatially map traffic fatalities and injuries to provide
important insights enabling the development of appropriate policies to improve traffic safety
(Stehle & Kitchin, 2020).
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While large-scale traffic accident data can help identify important spatial patterns at the macro
level, other types of big data technology and techniques can be used to capture individual-level driving
behaviors linked to traffic safety. Technologies that monitor driving behaviors have existed for some
time, but with recent advances in artificial intelligence and computing power, combined with the
falling cost of sensors, it is now possible to collect and process large amounts of driving behavior data
to uncover previously hidden details about individual driving patterns in real-world situations. For
example, a prominent approach applied in the field of traffic behavior research is the naturalistic
observation of driver behavior (Klauer et al., 2006). Under this approach, details of the driver, the
vehicle, and the surrounding environments are recorded and stored using unobtrusive sensor tech
nologies, such as in-vehicle radar, video cameras, accelerometers, Global Positioning System (GPS),
and on-board computer vision algorithms.
In our example of Mexico City, big data generated from these sensor devices could be used to trace
the impact of unusual driving patterns on road accidents. Drivers exceeding speed limits could be
tracked with the use of real-time GPS data (Li et al., 2020). A combination of GPS, accelerometer,
smartphone data, CCTV data, and sensor data can be used to detect anomalous behaviors such as
driver inattention (Lyon et al., 2021), distraction, or sleepiness (Kanarachos et al., 2018). These sensing
technologies allow researchers to not only collect a wealth of data regarding normal driving behavior,
but also capture data on any crash or near-crash events as the data are being recorded continuously
over an extended period of time, usually over a year. This extends the ability of big data to answer
questions regarding the behavioral symptoms or possible causes of traffic accidents. Indeed, one of the
first comprehensive studies to use the naturalistic observation of driver behavior reported that 78% of
all crashes and 65% of near-crashes were attributable to driver inattention (Klauer et al., 2006). In
Mexico City, similar naturalistic observation techniques could be adopted to provide a deeper under
standing of the processes resulting in crashes and near misses, allowing researchers and law enforce
ment officials to identify the causes and conditions of safety-critical events.
A thick data approach to road safety
Many aspects of road injuries and fatalities would not be captured through the techniques discussed
above. In particular, important gaps would remain with respect to the attitudes of drivers and the
political and societal impetus for action in the domain of traffic safety regulation. Moreover, big data
analyses may overlook the historical pathways giving rise to driver attitudes; pathways that are
embedded in specific contexts and that over time lead to the emergence of established social norms.
For example, in a recent study interviews with drivers in Mexico City revealed that young drivers
tended to experience higher levels of anger and were more likely to express that anger by comparison
with more mature drivers (Hernández-Hernández et al., 2019). Given the significance of such factors
in determining unsafe driver behavior, be it risky, aggressive or problematic in other ways, it would be
necessary to consider the complex realities of driver attitudes with respect to road injuries and fatalities
prior to developing any policy recommendations based on big data analytics. Below, we outline three
factors influencing the ecology of road safety and driver behaviors, our understanding of which would
be enhanced by ethnographic approaches, methods, and “thick” insights.
The political nature of law enforcement
Prior to 2015, there was little systematic enforcement of traffic speed limits in Mexico City. However,
at this time a new automated ticketing system was introduced with the objective of punishing drivers
who violated speed limits and other regulations. The automated system increased awareness of driving
risks while deterring drivers from speeding via a monetary penalty. In 2018, however, a newly elected
government decided to retract the fining system with the argument that it was exerting a detrimental
economic impact on Mexican families. Contrary to this claim, data showed that the frequency of
drivers penalized with a speeding fine increased with the value of an offender’s vehicle. As a result, the
people most likely to be affected by the stricter enforcement of speeding limits were those who were
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least likely to suffer detrimental economic impacts from the fines. If the value of a vehicle is attributed
as a proxy for socioeconomic profiling, then the data suggest that as an individual’s economic status
increases, their propensity to violate traffic speed regulations also increases.5
As noted above, Mexico City underwent major elections in 2018 before the ticketing system was
removed. A number of political candidates ran on a vehicle-centric manifesto to gain support by
promising the removal of the system. The manifesto was justified by arguments pointing to the
system’s excessive financial costs and poor design. The enforcement of traffic speeding regulations
in Mexico City was exploited by politicians to foster political patronage in the buildup to the elections.
The example demonstrates that road safety is not a politically neutral urban problem. Rather, it is
a problem reproduced by and through political actors and interests. Without the political will and
consistency to implement measures targeting incident hotspots identified through big data techniques,
the application of such techniques will be undermined and potentially blocked. Consequently, devel
oping a refined understanding of a city’s political and economic context—including the historical
emergence of political networks and interest groups, and their relations with particular kinds of urban
infrastructure elements—would be essential to the embedding of big data-driven methods within city
governance.
Ultimately, between 2019 and mid-2021 the daily number of traffic-related casualties in Mexico
City increased by 4.7%.6 It is not possible to identify a single cause for this increase, which occurred in
a period of significantly reduced mobility linked to the COVID-19 pandemic and related restrictions
and stay-at-home orders. Still, such a growth in the rate of lethal traffic incidents in the city has not
been observed for at least a decade, suggesting that the enforcement of traffic speeding regulations is
not effective in preventing casualties.
Driver attitudes and behaviors
The attitudes of individuals with respect to road incidents can in part be a response to the accidental nature
of many road incidents, as such it may be perceived that little can be done by way of prevention (Lamont,
2012). In the context of Mexico City, the authors’ personal observations suggest that it is not rare to find
drivers who think that they “can drive better” when they are under the influence of alcohol or traveling at
high speeds. Indeed, a dominant mentality exists among many drivers that “those who crash are those who
cannot drive” (DeJoy, 1989; Delhomme, 1991). Both in-depth interviews and field observations can be used
to understand risky driving behaviors and attitudes toward driving that are shaped by wider social norms
(Sanusi & Emmelin, 2015). Such an approach might interrogate social attitudes related to drunk driving, for
example (Horwood & Fergusson, 2000). It could do this indirectly by, firstly, understanding cultures of
alcohol consumption in greater detail through observations and, secondly, relating these cultures to the use
of vehicles and patterns of mobility. For example, conversations with drivers might reveal gendered ways in
which driving fast is normalized, and how these norms in turn embody and express identities that are
intensified under the influence of alcohol or in other kinds of social situations. Attitudes may change
depending on a driver’s age, reflecting not only their level of experience but also the different ways in which
identities are embodied through driving practices among particular demographic cohorts (Falk &
Montgomery, 2007; Ramos et al., 2008; Watters & Beck, 2016). Alternatively, conversations may reveal
that a lack of travel options exists in spaces in which people gather to drink alcohol socially at night, which
steers them toward the risks entailed with drunk driving. Observations of drivers who are likely to cause
traffic incidents (identified by quantitative analysis) may generate a deeper understanding of driver identity,
behavior, and perceptions of risk. This would enable further exploration of when risky behaviors are most
likely to occur, thereby linking driving patterns with the rhythms of everyday life, emotions, and the
availability and quality of infrastructure in different city spaces (Moran et al., 2010; Pilkington et al., 2014).
Social and spatial divides
The heat map presented above offers information about where traffic incidents occur more or less
frequently. However, it provides little knowledge of why this spatial pattern has emerged. Road safety
research has highlighted the effects that infrastructure and the wider socioeconomic and built
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environment have on the occurrence of traffic injuries (Cabrera-Arnau et al., 2020; Najaf et al., 2018;
Schuurman et al., 2009). Ethnographic research might therefore explore the fabric and rhythms of the
spaces identified as having higher or lower occurrences and reports of incidents. Through observations
in the field, one might ask what it is about a certain space that reduces, or increases, road safety
hazards. An ethnographer could detail the spatial patterns of land-use or the social relationships,
behaviors, and recognizable social codes that are shared and normalized within specific road spaces to
give rise to injuries and fatalities (Holmes et al., 2019). For example, some areas of Mexico City have
higher concentrations of bars and might thus embody a culture of nighttime socializing centered on
the consumption of alcohol. Observations could determine how factors relating to the spaces in which
incidents occur, including the social norms and environmental factors active in those spaces, interact
to produce certain kinds of risks at different times. Furthermore, in situations where big data is
generated through technological devices, there is a risk of data gaps emerging, particularly around
informal activities of urban settlement, economic exchange, service provision, and governance. Given
this risk, an ethnographic approach could be used to trace appropriate local stakeholders and to access
communities known to be experience barriers to using digital devices contributing to big data
analytics. These communities might assist, for example, by participating in mapping exercises and goalong methods, to understand their experiences and to identify accident hotspots that are undetectable
by big data methods. Thick data might thus illuminate risk-generating patterns of land-use and
inappropriate infrastructure, the spatial politics of where safer infrastructures are implemented, the
ways in which infrastructures are used, as well as a range of other environmental factors that
contribute to the occurrence of road incidents (Drottenborg, 1999).

Discussion: Identifying opportunities to reconcile big and thick data, and insights for
a hybrid approach
In the previous two sections we considered ways of examining and addressing road safety problems
using thick data and big data separately. Here we critically discuss how big and thick data approaches
might come together to develop, strengthen, or expand on the above methods and suggestions. We
anchor our reflections around three key phases of the research process, namely (1) the formulation of
research questions, research design, and stakeholder engagement; (2) data collection and analysis;
and (3) knowledge representation and the development of research outputs. In setting out our
discussion in this way we do not seek to present these phases as discrete and non-overlapping, to be
undertaken in a linear manner. Rather, we believe that one of most significant contributions of taking
a more integrated approach, involving both big and thick forms of data, is the capacity to generate new
insights and approaches that extend across all stages of the research process. This iterative process is
illustrated in Figure 2.
Formulating research questions, research design, and stakeholder engagement
Undertaking urban research in ways that incorporate the insights of both big data analytics and
ethnographic description can help us to recognize the political and cultural dimensions of what may
appear to be purely technical problems. Problems of urban development such as road safety seldom
have simple causes and solutions, but rather activate a wide range of actors and processes and therefore
demand a multifaceted research response. The gathering of thick data can help to unsettle the
understandings and assumptions on which research questions and designs are based. It can remind
us that research questions are simply a starting point requiring constant reflection as new data and
information emerge through the research process.
Second, ethnographic research will bear important insights to assist with the identification
of relevant constituencies and to help determine how they should be engaged in the research
process. For example, informal street or neighborhood-level structures may exist and have an
important influence on how local road safety interventions are received and implemented in
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Figure 2. An iterative process of synthesizing big and thick data across three stages of research.

areas of Mexico City, yet these structures might not be readily visible to researchers working
exclusively with big data. In the course of gathering thick data at the local level a number of
different interest groups would likely be identified. For instance, big data can be used to
identify subgroups of drivers to be targeted for further ethnographic observation and through
which specific behaviors can be examined in detail. Such a degree of focus may then reveal
driver profiles that were not previously apparent or obvious, and that may be more or less
specific to a particular city. Conversely, thick data may calibrate the use of big data, for
example, by observing cultural behaviors in bars or on social media platforms to identify atrisk subjects who could then be traced at a broader scale using more extensive analytic
techniques. In this way, the insights born of big and thick data analyses would complement
and feed into one another as part of a larger iterative and circular process of research design.
Third, ethnographic researchers are required to build sustained engagements and trust with
their research subjects, and consequently will often develop an acute understanding of the
particular sensitivities involved in approaching and securing the consent of community groups
and other stakeholders. That kind of understanding is critical for urban researchers to engage
with local constituencies in a sustained and effective manner. Big and thick analytical modes of
inquiry could be carried through an overall process of place-based research coproduction
through which data sources and research needs are determined collectively by the full range of
stakeholders affected by a particular problem, and whereby both big and thick data feed into
a common and local understanding of the dimensions and drivers of that problem. This could be
of particular advantage in encouraging approaches to data-driven research that incorporate the
logic and procedures of citizen science—approaches that would mobilize beneficiaries themselves
as gatherers and owners of data as part of a larger democratization of urban knowledge
production (Gabrys et al., 2016). Such approaches may help to overcome resistance from
potential research subjects arising from their individual concerns around digital privacy and
surveillance and the possible effects of increased surveillance for societies at large. They would
also assist with the contextualization of big data at the design phase, refining its application to be
relevant to specific places and to ground the meaning of its insights with the needs identified by
citizens.
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Data collection and analysis
While ethnographers can generate important insights into the details of urban problems and their
causes, the analysis of big data has a crucial role to play in making wider statements and general
izations about the prevalence of certain kinds of behaviors and processes across scales. This might
include, for example, the extent of certain kinds of risky driver behavior and their distribution across
urban populations in space and time. At the same time, that analysis would benefit from field
observations through ride-alongs or interviews with drivers in order to identify specific aspects of
risky behavior that can be used to inform the monitoring of certain spaces and groups. Ethnographic
insights would further help to calibrate machine learning algorithms to detect risky driving behaviors
in real-time to trigger one or more responses to prevent incidents from occurring. Moreover,
ethnographic analysis applied to social media posts and online data, sometimes referred to as
“Netnography” (Kozinets, 2015), could be used to better understand driver behavior and the con
struction of spaces of risk in a context like Mexico City. Having a refined sense of how traffic spaces are
constructed as cultural entities characterized as risky, speedy, or dangerous would be an important
complement to the predictive and correlational power of big data analytics.
The temporal granularity afforded by big data potentially enables city managers and planners to
undertake real-time adjustments of driver behaviors to prevent traffic risks. However, while one can
envisage a traffic management system that automatically detects erratic driver behavior and deploys
policing responses, ultimately the specific kinds of measures and interventions that will be considered
acceptable will vary according to social and political context. Gathering thick data would be particu
larly relevant for developing an understanding of the specific concerns held by various stakeholders,
and how these might be overcome. This point links to issues of knowledge representation, dissemina
tion, and implementation.

Research outputs and knowledge representation
Combining big data analytics and ethnographic research may encourage the generation of new modes of
representing knowledge and novel kinds of outputs that communicate complex urban realities in ways
that further our understanding of urban problems and facilitate the development of effective responses.
A principal benefit of data-driven urban analytics is the capacity to generate visualizations of
research findings that effectively communicate complex and extensive urban realities in forms that are
accessible and understandable to most actors and beneficiaries. Likewise, the detailed narrative form of
case-based knowledge arising from ethnographic work has particular advantages for learning and
helping actors to develop their capacity for situated ethical judgment (Flyvbjerg, 2004). Combining the
two within discrete research outputs might be particularly beneficial. There are already important
examples of how this might be done, including through the development of “data stories” (Gabrys
et al., 2016) and “story maps”; resources that enable users to combine the information generated
through mapping with the influential and awareness-creating power of storytelling within a single
frame.
A particular issue facing researchers working co-productively in urban settings of the global South
concerns how one should communicate results with targeted users and groups that may not be
digitally or scientifically literate. In such circumstances, the use of narrative devices and stories may
take on even greater importance, and the use of films, performances, photography, and other methods
can offer important devices through which to share knowledge, secure feedback, and develop trust and
mutual understanding. Some urban disciplines have been more innovative and adept at these issues
than others. Health researchers, in particular, have long recognized the importance of research
communication (Stewart, 1995) and the use of innovative approaches to implement findings among
target users, including through street theater, radio or television programs, gamification, and so on.
We would argue that researchers working on other pressing urban problems could do similarly, and
that in doing so they would benefit greatly from the collection and analysis of both big and thick data.
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Ultimately, the potential of big data to underpin new and effective modes of urban governance and
planning will depend on issues of political will and acceptability. This is another area where thick data
can make a key contribution to data-driven analytics, by helping to develop a nuanced sense of the
socio-political context in which certain kinds of urban responses become more or less feasible, and the
particular kinds of messaging that should be carried out in order to promote uptake and implementa
tion across a range of actors and constituencies.

Conclusion
Big data technologies are a key foundation of new and experimental modes of urban research and
governance represented by the notions of smart cities and the new urban science. However, concepts
and practices related to big data may engender a number of methodological concerns and limitations.
The movement toward data-driven urban analysis has followed a trajectory that diverges from the
strengths of thick data and the insights derived from ethnographic approaches to seeing and knowing
the city. The divergence of thick and big data in emerging ways of understanding the city is concerning
and likely to limit, rather than enhance, the efficacy of the processes through which we respond to
pressing urban problems. With reference to an illustrative example of road safety in Mexico City, in
this paper we have provided an initial framework for how big data and thick data could be reconciled
within urban inquiry.
We have argued that reconciliation can become a successful interdisciplinary practice when
different methodological approaches and insights are applied at three crucial phases of the research
process. First, at the stage of formulating research questions, reconciliation would help us to con
ceptualize common objects of inquiry in all their interrelated dimensions. It allows us to recognize the
political and cultural dimensions of urban problems that may be assumed to be primarily technical in
nature. It has the potential to identify a wider range of research subjects and urban problems, studying
these through a variety of methods that are each uniquely appropriate to particular situations and
scales of observation. Moreover, big and thick data approaches would combine methods and activities
with the potential to meaningfully engage research beneficiaries in knowledge production as part of an
open and democratic research process.
Second, with respect to data collection and analysis, reconciliation would help us to diversify our
data sources as well as promote interactive feedback between different methodological approaches.
This would enable an ongoing refinement of the inquiry and the adaptation of data gathering
approaches according to emerging insights born of the analysis. Understanding how urban spaces
are constructed as cultural entities and characterized in particular ways can complement the real-time
predictive and correlational power of big data analytics. In turn, reconciliation could facilitate
conversations between research subjects and analysts around issues including concerns of privacy,
security, and trust.
Third, in terms of research outputs, reconciliation would help us to tailor our knowledge products,
in their forms and representations, to diverse stakeholders. Wider stakeholder engagement with
diverse research outputs creates opportunities to forge institutional and actor-based knowledge
partnerships that can then inform and shape future research inquiries.
The reconciliation of big and thick data, working at different sub-phases and micro-processes of
each main stage of a research project, has the potential to generate the deep interdisciplinary knowl
edge required by urban specialists (Reese, 2014). Reconciliation can thus be viewed as a new inter
disciplinary sensibility, which when applied with good-faith conversations will produce concrete
research practices that complement and enhance the explanatory and predictive power of the urban
sciences.
Urban researchers seeking to work in an interdisciplinary mode will always face profound difficul
ties in finding common vocabularies and in overcoming the incommensurability of different methods
and bodies of knowledge. One of the key challenges in undertaking successful interdisciplinary dialogs
remains our hardened situatedness among our respective disciplinary methods, conventions,
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convictions, and comforts. As urban researchers, many of us express a reflexive desire to hold
interdisciplinary conversations and to find ways of collaborating on common projects, yet we often
struggle to realize our aspirations through concrete plans and practices. Reconciling big and thick data
will always be a tension-filled process, but such tensions can also be productive. For this reason, it is
useful to think of the integration of big and thick data and their related techniques as a conciliatory
process and an always-emerging work in progress. Yet we believe that such an approach is imperative
if we are to mount an effective response to the urban challenges of our time.

Notes
1.
2.
3.
4.

From https://www.who.int/news-room/fact-sheets/detail/road-traffic-injuries
https://www.aljazeera.com/news/2018/01/mexico-city-reform-traffic-laws-accidents-18010912.html
https://datos.cdmx.gob.mx/pages/home/
Open Access data collected by the Emergency Attention Center of Mexico City has information with respect to
road accidents in the city, available at https://datos.cdmx.gob.mx/pages/home/
5. From http://www.eluniversal.com.mx/autopistas/los-autos-con-mas-fotomultas-en-la-cdmx(in Spanish)
6. From https://www.semovi.cdmx.gob.mx/tramites-y-servicios/transparencia/reportes-e-informes/hechos-detransito
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