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Abstract: As larger and more varied datasets on socially and political relevant issues have
become available to researchers, computational methods that aim to make sense of them have
also proliferated. In response, social scientists need to critically reflect on and take stock of
the opportunities and challenges presented by these shifts. This chapter draws upon on a
series of projects that involved collecting, analysing, and communicating results from a large
corpus of British newspaper texts about migration, asylum-seekers, and refugees spanning
1985-2015. By reporting the choices I made during these steps, as well as the contexts in
which they happened, I aim to draw out both theoretical and practical lessons for researchers
wanting to use computational approaches to media data involving political topics like

migration—particularly, but not exclusively, from linguistic perspectives.
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Within the domain of migration studies, itself a multi- and inter-disciplinary field concerned
with a broad array of questions spanning scales of geography and analysis (Gamlen et al.
2013; Pisarevskaya et al. 2020), researchers have regularly addressed issues surrounding how
migrants and migration are represented in different settings such as media. Documenting
these patterns of representations is important for several reasons. First, media analysis is a
form of knowledge production that enables comparison with other epistemological
viewpoints, such as migrants’ own understandings and journalistic expressions (Shumow
2014). Second, these patterns serve as inputs for other phenomena of interest to social
scientists, including immigration attitude formation (see Dinesen and Hjorth 2020 for a
review), elections and voting behaviour (e.g., Hobolt, Leeper, and Tilley 2020), integration in
host communities (e.g., Bos et al. 2016), policymaking (e.g., Allen and Blinder 2018), and
migrant decision-making (e.g., Crawley and Hagen-Zanker 2019).! Third, analyses of media
texts can serve as (part of) the evidence base which facilitates a range of interventions aiming
to either inform audiences—itself a worthy goal (Schudson 2010)—or impact their
behaviours such as taking a stand on issues and talking about politics among their networks
(King, Schneer, and White 2017).

Thanks to advances in computational and digital methods, social scientists are
increasingly able to collect and make sense of larger and more varied sets of texts, whether
they involve digitized or digital-native sources. Meanwhile, communicating the results of
these analyses in visual and graphical ways is becoming more important as a growing number
of visualization tools has placed relatively high-quality outputs within the reach of non-
specialist users. On the one hand, these developments have spurred tremendous uptake of

these approaches to analyse textual data across a range of domains. On the other hand, the
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rise in work claiming to use textual analysis has attracted a degree of scepticism, particularly
on grounds of validity and reliability when measured against humans’ performance (e.g.,
Brookes and McEnery 2018; van Atteveldt, van der Velden, and Boukes 2021). Therefore, a
key problem confronting social scientists is how to think through the opportunities and
limitations of computational text analysis methods as applied to their specific projects.

In this chapter, I aim to provide such a guide for researchers by drawing together
several strands of my research into mass media portrayals of migrants and migration. While
the examples from my own work mainly draw from the domains of newspapers and
journalism, the lessons and observations about computational methods apply to other forms
of digital data that researchers increasingly access. My approach has been motivated by the
sentiment expressed by Tony McEnery, a prominent linguist who has sought to apply
knowledge about how languages operate to social scientific questions. In short, he has urged
linguists (as well as humanities and social science researchers using texts) to find what is
“distinctive and good” (McEnery 2015, 2) about the interface of expertise and data, rather
than abandon this effort in favour of purely algorithmic solutions that are divorced from
either theory or practice. This echoes parallel trends in critical data studies examining how
quantitative data—as well as the people, methods, and processes which generate them—both
shape and are shaped by politics (Amoore and Piotukh 2016; Bigo, Isin, and Ruppert 2019)

I have organized this chapter around four key verbs as both a nod to the linguistic
content and to walk through the discrete steps involved in doing textual analysis. The first
section, ‘orienting’, sets out the main approaches to text analysis that I will focus on,
including some reflection on their limitations. The second section, ‘collecting’, focuses on the
ways that researchers gather and organise media data. Third, in the section ‘analysing’, I
explain how I identify patterns in texts (e.g., frequencies of words) and how these link to

substantive concepts of interest to social scientists (e.g., agendas). Finally, the fourth section



‘communicating’, explores different ways sharing both the outputs of, and procedures
involved in analysis. This is an important step that is often overlooked yet is increasingly
consequential for enhancing the impact of research—which is often publicly funded in the
first place—and for taking an ethical stance towards Open Science principles that emphasise
how researchers should be transparent about how they reached their conclusions (Lewis Jr.

2020).

Orienting: Approaches and limitations
In response to the shift towards quantitative methods across the social sciences, as well as
broader interest in making sense of the growing volume and varieties of data now available
(Mayer-Schonberger and Cukier 2013), researchers increasingly turn to solutions that rely on
various computational tools. This is particularly true when it comes to texts and other forms
of content which are digitised or digitisable. Given the range of possible methods—as well as
the potential complexity of the task—getting to grips with this fast-growing field may seem
overwhelming

My broader body of work draws upon two distinct yet related approaches to analysing
large amounts of textual content. The first, typically called ‘text as data’, comprises statistical
techniques that aim to identify patterns within texts while making minimal assumptions about
how those texts were produced or how they may relate to one another (Laver, Benoit, and
Garry 2003; Grimmer and Stewart 2013). The second, under the labels of corpus and
computational linguistics, incorporates models of language use into modes of annotating and
analysing texts (McEnery and Hardie 2011; Biber and Reppen 2015). This is related to

natural language processing (NLP) which harnesses advances in computing power to

2 Compare, for example, the methodological development with respect to analysing political texts in just 10
years between the advisory pieces of Quinn et al. (2010) and Barbera et al. (2020)—both of which are excellent
guides to the field.



effectively organise and make sense of language appearing in ‘the real world’ through written
or spoken forms (Jurafsky and Martin 2009). These techniques have clear benefits in terms of
efficiency and reliability: algorithms, unlike humans, do not tire or become bored when faced
with large numbers of repetitive tasks. Moreover, they offer ways by which researchers can
test, share, and replicate their analyses—which are important dimensions of Open Science
principles.

However, like all methods, they attract criticisms on several grounds. First, do these
methods provide valid measures of patterns in texts that are of interest to social scientists?
Empirical evaluations of how well computational approaches perform compared to human
judgment suggest that there are significant gaps, particularly when categories derived from
one set of texts are applied to a different set of texts which has different characteristics
(Brookes and McEnery 2018). On this front, there is growing consensus around (and
evidence for) the value of subjecting computational analyses to diverse forms of validation
(Barbera et al. 2020; van Atteveldt, van der Velden, and Boukes 2021).

Second, since computational approaches to text analysis rely upon and prioritise the
quantification of features including sentiment, topics, and populations, do they generate—
rather than merely reflect—perspectives in ways that have political implications? This is
connected to broader concerns about the assumptions made by researchers who are fixated on
harnessing growing amounts of data without considering the impacts of their work (boyd and
Crawford 2012). Specifically to modes of computational text analysis, there is a risk that
these techniques produce outputs which outwardly give impressions of being objective,
coherent, and comprehensive—features which may obscure how they necessarily involve
choices and trade-offs that aim to simplify complex realities as manifested through texts
(Marciniak 2016). This is especially important to consider when using these approaches to

study texts about migration and refugee issues: high levels of abstraction may inhibit public



understanding of, and action towards these potentially vulnerable groups. Here, having a
clear self-awareness of one’s stance and objectives for doing research is crucial.

Third, can these techniques adequately account for the varied ways in which
messengers create and express meaning beyond text? This is relevant for considering
portrayals of migration in media that comprise both textual and visual modes (see Smets et al.
2020 for an overview). In various settings—from social media platforms (Hameleers et al.
2020) to websites about salient issues (Engebretsen 2020)—visual elements often accompany
text. To be sure, parallel developments in computational image analysis now afford
researchers greater flexibility and power in responsibly handling these forms of data (e.g.,
Byrne, Angus, and Wiles 2017). While this chapter does not focus on visual methods, it is
worth highlighting how the realities of digital media present their own challenges to textual

analysis.

Collecting: Media data and the politics of their origins
Having outlined some of the main contours of contemporary computational text analysis, I
now turn attention to the next step of collecting textual data. This stage is often overlooked,
yet it has important implications for the analysis which follows (though see chapters X and X
in this volume for further discussion involving specific datasets). Where can researchers
access media content? Within the context of digital research, two broad avenues are
available: use established repositories—possibly third-party archival services—or collect it
using webscraping techniques. Both approaches present opportunities and limitations.

A growing number of platforms and services make media data available to

researchers who possess varying levels of computing proficiency.® These intermediaries

3 Here, [ use ‘media’ in its widest sense to include textual content as conveyed through a variety of
communication modes—not just mass media.



provide valuable services for different audiences. Some of the most well-known, Factiva and
LexisNexis, aim their services at businesses for market research purposes. One advantage of
these kinds of services is that they generally have good coverage of international, national,
and regional media outlets. Another relates to the ease with which users can search, filter, and
download media texts (within some limits). Yet gains in accessibility and convenience come
with losses in understanding precisely how and to what extent these texts are stored, labelled,
and eventually delivered. For instance, ready-made categories and classification systems built
into these platforms may reflect the broader interests in more generalized audiences rather
than the needs of social scientists (e.g., Salah et al. 2012). What is more, the terms that
generated these typologies may not be transparent or even published at all, preventing
replication by other researchers or by the same researcher at a later point in time. Even the
total number of documents in these archives—an important feature for making conclusions
about the proportion of coverage dedicated to a topic such as migration—may not be
available, as this could be considered proprietary information. Therefore, current guidance
advises developing and using one’s own search terms to identify relevant texts in these
databases (Gabrielatos 2007; Barbera et al. 2020).

Given these limitations, collecting media data at their sources (known as ‘scraping’
data when it involves computational approaches) is appealing. Not only does this expand the
universe of potential media beyond those sources which have already been collected, but also
it promises researchers more control over the scope, organization, and reporting of the
content. There are many off-the-shelf tools available for webscraping, developed by
academics and for-profit companies alike: for example, the Digital Methods Initiative (n.d.)
of the University of Amsterdam offers several scrapers for Google Images and other online
sources. For those who possess more coding skills, the Python programming language

remains the preferred way for quickly and effectively collecting textual data from online



sources. Using packages such as BeautifulSoup and pandas, which offer powerful ways of
parsing and organizing webscraped data, researchers can assemble their own datasets and
publish their methods for doing so.* This can be made even more effective by using
Application Programming Interfaces (APIs) provided by major media sources, allowing
access to large and growing portions of their databases for research purposes (e.g., Twitter
2021).

Yet as in the case of using existing repositories, these solutions also involve engaging
with intermediaries, whether they are companies providing APIs or the tools themselves
which are doing the webscraping. Moreover, it is not always clear which data are being
scraped, and whether this will remain consistent in the future. For example, chapter X
considers the specific affordances of Twitter’s modes of API access, and how this has
changed over time—with consequences for academic research. Some critical scholarship
observes how this creates a situation where researchers are actually studying a “black box”
(Driscoll and Walker 2014). Moreover, all of these platforms and code are part of digital
infrastructures that generate their own sets of politics and privileges around knowledge
creation and sharing (Bigo, Isin, and Ruppert 2019; Allen 2020). For example, comparative
research shows how Google search queries in developing countries tend to show results from
US or Europe-based sites rather than local sources, contributing to further digital inequalities
(Ballatore, Graham, and Sen 2017). Finally, the growth of webscraping as a technique raises
questions about researchers’ fixation on ‘freshness’ and how this may impact what kinds of
research questions receive priority (Marres and Weltevrede 2013). These aspects of digital
data collection bear some similarities to curation: factors both internal and external to the
research process, including algorithms, potentially impact the eventual contents of media

datasets.

4 For more practical guidance on these topics, see McKinney (2018) and Mitchell (2018).



My own research on media portrayals of migrants and migration has engaged with
both avenues of data collection. One study into British press coverage relied on national
newspaper data collected from NexisUK (Blinder and Allen 2016; Allen and Blinder 2018).
In the process of assembling the dataset, it became apparent that NexisUK did not hold
several years’ worth of data from a particular publication. Yet this period was available using
the Factiva service. Qualitative examination of the output from Factiva did not reveal any
obvious systematic differences or gaps compared to what was otherwise available in the
NexisUK database, so I merged the results. What is more, between stages of the study, an
entire publication (7The Independent) was removed from the NexisUK database when it
ceased publishing printed copies in 2016. These examples demonstrate how commercial
archival services present challenges for data collection.

In other projects, I have turned to variations of webscraping to collect media data
from online sources. For example, to study the dominant features of migration data
visualizations (Allen 2021), I used the Google Image Scraper (Digital Methods Initiative,
n.d.) to identify and download sets of highly-ranked results for subsequent content analysis.
Although the tool allows a high degree of control over different search parameters, it
nevertheless reflects what Google’s algorithm reports. To check the sensitivity of the tool to
different search environments, I used a virtual private network (VPN) to simulate what users
in several countries would see, while also deleting browser histories between searches.
Fortunately, most of the results were consistent across searches. The broader point of this
example is to highlight how, despite the potential convenience and comprehensiveness that
computational tools offer for social science, they do not absolve researchers from asking

critical questions about the scope, provenance, and veracity of the data at hand.’

5 This point is equally applicable to those who use more conventional quantitative datasets such as observational
surveys (Gray et al. 2015).



Analysing: Linking textual patterns and mental schemas

Having collected media data, how can social scientists analyse that data to generate
meaningful insights? The key word here, of course, is ‘meaningful’. One the one hand,
meaning might arise or emerge from patterns identified in textual data. For example, topics
comprising clusters of related words might be a form of meaning that could tell researchers
something about a set of documents as demonstrated through unsupervised learning methods
(see Barbera et al. 2020). On the other hand, meaning might come from a theory-driven view
of which characteristics or aspects of texts are more relevant or important: in this mode, a
researcher might be looking for evidence of a mechanism or property. Both approaches
display their own susceptibilities. Results from ‘data-driven’ modes can be sensitive to
parameters and settings which are set by researchers, opening concerns about the risk of
generating and interpreting spurious relationships. Meanwhile, theory-driven modes of
enquiry may overlook newer concepts that are not well-captured by existing models or
categories but nevertheless are significant.

In my own practice, I have mainly used text analysis as a means of generating results
that serve as evidence of theoretical mechanisms or outcomes. For example, a long tradition
of political communication scholarship has developed the concepts of ‘agendas’ and ‘media
agenda-setting’ (McCombs and Shaw 1972; Boydstun 2013) as ways of linking changes in
media content with subsequent changes in public attitudes. Broadly, media can make some
issues seem more important by mentioning them more frequently (‘first-level agenda-
setting’) or by linking them with other issues that are also perceived to be important (‘second-
level agenda-setting’). These second-level agendas are sometimes seen as attributes of issues
(Soroka 2002): for example, media might link the issue of asylum-seekers with attributes

relating to security and terrorism rather than economic development. Therefore, security



might be considered a second-level agenda of asylum that makes people think the issue is
more important. If found, this result would be evidence of an agenda-setting effect.

But how does this precisely happen via media content? Here is where I have used the
theory of ‘lexical priming’ proposed by the linguist Michael Hoey (2005). Essentially, lexical
priming proposes a way by which some words are more strongly associated with a target
word such as ‘immigrant’ or ‘refugee’. When considering the word “pitch’, for example, you
might think of related words like ‘football’ (if you are inclined toward sports) or possibly
‘music’ if you have an arts background. These words, called ‘primes’, become related to
target words through repeated use or familiarity: if certain primes are more readily available
and top-of-mind than others, they will become more strongly related to the target word. Of
course, the strength of these relations may change through use.

Linking this theorised mechanism with the concept of a second-level agenda led me to
a particular kind of textual feature: collocation with key migration terms. The best candidates
for strong primes of ‘immigration’ or ‘refugees’ would likely be those words which were
frequently linked with those target words in the dataset. In this case, those links took the form
of a grammatical association: adjectives referring to nouns. By noting the most highly-
frequent adjectives linked with nouns of interest (e.g., asylum-seeker, refugee, immigrant), 1
began generating second-level agendas associated with migration. Clustering these terms
using prior qualitative work on similar topics in the British press (Baker, Gabrielatos, and
McEnery 2013) revealed six sets of issue attributes that I later interpreted as representing
second-level agendas of migration in British newspapers: the economy; legal status;
policymaking; sociocultural dimensions; geographic origins; and the scale and pace of
immigration.

To be clear, there are multiple ways of identifying and measuring agendas in media

texts, some of which can include computationally inducing topics or patterns from content.
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Moreover, I could have also used these techniques at later stage of my analysis to sort and
make sense of the lists of collocates for each target word. My point, however, is to
demonstrate how the analytical choices that researchers must make about handling text can
be driven by theoretical goals as well as technical concerns about efficiency. In this case, my
goal was to measure a theoretically useful concept (i.e., second-level agendas) using a
computational technique (i.e., collocational analysis deriving from grammatical rules).
Whichever approaches social scientists use, they should be mindful of the needs to clearly

justify their choices and make explicit links to their research questions or objectives.

Communicating: Sharing results and decision-making processes for public
impact and replicable science

Analysing texts, while obviously important to do correctly, is not the end point. Rather,
communicating these results to different audiences—whether they are other scholars,
members of the interested public, or decision-makers in policy and civil society domains—is
a crucial step that is closely linked to analysis. This is becoming even more true as
researchers are increasingly expected to demonstrate how their work has public relevance or
impact, especially when that work is funded by public sources.

Scholars using computational text analysis need to be attuned to this question of how
to effectively communicate their research for at least two reasons. First, specific to the
domain of media analysis, large-scale text analysis offers valuable avenues for making sense
of these communication forms in ways that can inform decisions or change public
perceptions. Those shifts, in turn, might have profound impacts on the lives of migrants. For
example, in a report that analysed British media content on migration, Heaven Crawley and
her colleagues (2016) showed how migrant voices tend to be missing from mainstream

reporting. This presents implications for journalism practice: it is possible that greater
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migrant representation in news, especially through the means of direct quotation, may change
public perceptions. Second, speaking to other researchers, textual datasets and methodologies
are important artifacts of the scientific process that potentially enable future replication and
reuse, in the tradition of ‘Open Science’ principles. Therefore, clear documentation that
explains the steps taken to produce a given output is vital.

In my own work, I have experimented with visualizing textual analyses for and
among public users. Visualization, or the visual representation of data to enhance
understanding (Kirk 2019), is a potentially powerful way of communicating quantitative
information. The kinds of quantities and patterns that computational analyses of text
produce—frequencies, clusters, changes over time or among subsets of documents—lend
themselves to visual representation. Yet there are multiple choices involved in creating
effective visualizations, which in turn involve several sets of ‘hands’ through which the
analysis runs (Allen 2018). For example, there are potentially several ways of showing the
strength of a relationship between a target word and its primes: intensity of colour, widths of
connecting lines, or varying sizes of symbols (Allen 2017). Each approach presents
advantages and limitations depending on the intended purpose and audience. The point here
is not to recommend any particular approach, but rather to draw attention to the need for
social scientists using computational approaches to also consider how they communicate their

results—and whether these are the most appropriate for their objectives and key stakeholders.

Conclusion: Towards an agenda for social scientific—and socially responsible—
text analysis

In this chapter, I have outlined what I think are four key steps in doing computational text
analysis: orienting oneself in the field, collecting textual materials, analysing those texts with

respect to given research goals (such as testing theories), and communicating the results in
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effective ways. Here, it is important to note that tools and techniques, while important in their
own rights, are parts of the wider process involved in using computational methods. Other
chapters in this volume provide more detailed examples of specific datasets and methods for
identifying, assembling, and analysing data at scale. Instead, my goal has been to drawn
attention to the ways that these aspects are linked to broader questions of research design.

Indeed, computational approaches to text analysis like the ones I have illustrated
through my own work on media representations of migrants and migration are neither value
neutral nor divorced from deeply political questions involving human mobility, data, or
media (Hovy and Spruit 2016). Rather, they raise important ethical and normative questions
about #ow and for what purposes social scientists use these methods to say things about the
world. For example, the practice of media monitoring—particularly for the purposes of
gathering data on and about flows of asylum-seekers—has been restricted by the European
Union on several grounds including potential misuse, privacy concerns, and the questionable
veracity of collected data (European Data Protection Supervisor 2019). Meanwhile, there is a
growing body of work showing how algorithms and computational methods can reproduce
their creators’ own prejudices (Leese 2014; Amoore and Piotukh 2016; Koenecke et al.
2020). This is not merely a theoretical problem: as more aspects of everyday life become
quantified and algorithimically informed, the risk of reinforcing latent or unnoticed biases
looms large (see Escalante et al. 2020 for an example involving job hiring procedures). More
broadly, the large-scale processing of many types of data, including text, enable and
disenable different forms of data politics (boyd and Crawford 2012; Bigo, Isin, and Ruppert
2019). In the context of mobility, answers to these questions have real-world consequences
for the lives of migrants.

Given this reality, what would a socially responsible computational approach to

media and text analysis look like? Recognizing how notions of ‘responsibility’ are
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themselves context- and time-specific, I cautiously advance a few suggestions. First, it would
be attuned to issues of power and inequality by acknowledging how researchers’ choices
throughout the lifecycle of designing, implementing, and communicating textual analyses are
the products of particular contexts and characteristics. Second, it would consider how the
research would be used—or could be used—for different objectives, and whether these
objectives correspond with researchers’ ethical stances. Third, it would adhere to Open
Science principles of transparency and replicability, as far as the data and materials allow
(see Lewis Jr. 2020 in the field of communication studies). Yet, building on the first two
points, it would also be mindful of how the implementation of these principles relate to
broader societal values and objectives—such as justice and public benefit—that are
particularly salient when working with marginalised populations (Fox et al. 2021). Together,
these aspects represent what I think are an emerging agenda for socially responsible
computational text analysis. Developing and revisiting such an agenda will undoubtedly
remain important as greater volumes and forms of data continue to come within the grasp of
researchers, while issues such as migration and the movement of people remain visible in the

collective consciousness of the public, policymakers, and media.
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