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Unobtrusive Measures for Media
Research
THEO ARAUJO
PETER NEIJENS
University of Amsterdam, The Netherlands

Often employed measures in media research are typically based on self-reports artic-
ulated in surveys, interviews, and focus groups. These reactive or obtrusive measures
run the risk of being invalid as the research context may affect the responses obtained.
Several aspects of the reactive measurement process may contribute to the invalid-
ity of reactive measures. Webb, Campbell, Schwartz, and Sechrest (1966) distinguish
respondent and researcher factors. The first category includes social approval and social
desirability when answering questions, response sets, and role selection. Role selection
is a validity issue as “validity decreases as the role assumed in the research setting varies
from the usual role present in comparable behavior beyond the research setting” (Webb
et al., 1966, p. 16). The second category includes interviewer effects, changes in the
research instrument across research subjects and time periods, and sampling issues.

Webb et al. (1966) is usually considered the first publication that systematically
introduces another type of measure: unobtrusive measures. This landmark book
contains many creative, funny, and interesting examples and a thorough discussion of
their strengths and weaknesses. Earlier interest in this type of measures was the basis
for the Mass Observation movement (founded in 1937) which focused on observation
and diaries to “create an ‘anthropology of ourselves’” (Mass Observation, n.d.). Even
earlier (1924), the well-known Hawthorne studies by Elton Mayo were among the first
to demonstrate the reactive effects of research.

This entry gives an overview of the possibilities and limitations of different types of
unobtrusive measures, with a focus on the online context in general, and social media
in particular.

(Un)obtrusive measures: a typology

Nonreactive or unobtrusive measures are measures that do not intrude on or interfere
with the context of the research (Trochim, n.d.). Or, according to Webb et al. (1966,
p. 2), “measures that do not require the cooperation of a respondent and that do not
themselves contaminate the response.” “Unobtrusive measures are based on observing
rather than gathering information directly from participants” (Connelly, 2017, p. 59).
Typical examples of unobtrusive methods and data are observation, physical traces, and
archives. Unobtrusive measures of behavior and language have been used as indicators
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for behavior as well as underlying psychological constructs like values, personality
traits, and so on (Hill, White, & Wallace, 2014; Webb et al., 1966). The emergence of
online communication environments and the digitalization of physical environments
have increased the possibilities for unobtrusive observation of attitudes and behavior.

The boundary between reactive and nonreactive research is not absolute. On the
one hand, for example, in traditional “reactive” surveys and experiments researchers
may use implicit measures such as eye tracking, registration of heart rate, and other
physiological measures. In these cases, research subjects might be aware that they
participate in a study, but they may be less aware of, or may have less control over,
their (physiological) responses. Answers to questions in surveys or interviews can
also be less obtrusive—for instance, less influenced by social desirability and social
approval—if research participants are less aware of the intention that a researcher has
for their questions, or if participants are allowed to answer privately, as in online ques-
tionnaires. On the other hand, unobtrusive measures may also be influenced by some
kind of social desirability or social approval. In the case of social media, for example,
users engage in strategic self-disclosure and self-presentation activities (e.g., Krämer
& Winter, 2008) toward “imagined audiences” (Marwick & boyd, 2011). Based on the
above, a typology of obtrusiveness of measures can be proposed as shown in Table 1.
The upper left cell in the table shows examples of typical “obtrusive” research situations,
and the bottom right examples of “unobtrusive measures.” The two other cells are less
typical.

Traditional unobtrusive measures often measure the behavior of a population at the
aggregate level, including physical traces (e.g., sales data, accident rates) or observation
of public behavior, and usually lack information about the individual characteristics of
those observed. The online context offers more possibilities for unobtrusive measure-
ment of individual behavior. These are discussed below.

Nondigital unobtrusive measures

The variety of unobtrusive measures is enormous as are the ways in which they can be
applied. Three main categories are typically discussed.

Table 1 A typology of obtrusiveness.

Subject participates in a study Subject does not participate in a study

Subject is aware of a
researcher or a
public

Questionnaire
Interview

Social media activities (e.g.,
tweets/posts, comments, likes,
shares)

Subject is not/less
aware of (the
intention of) a
researcher or a
public

Answers to researcher’s
questions given privately

Implicit measures (e.g.,
psycho-physiological
indicators)

Physical traces (e.g., number of
accidents, search terms)

Observation (e.g., physical
distance)

Documents (e.g., diary)
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Observation (of behavior or language) includes indicators based on the number and
nature of social contacts, distance of subjects, seating arrangements, body positions,
facial expressions, and use of specific words. Observation can take different forms
depending on how the observer participates in the process. A distinction can be
made between an intervening versus nonintervening observer (thus in naturally
occurring settings); between participant versus nonparticipant observation; between
visible (overt) versus nonvisible participation; between observation with versus
without knowledge of the subject; and between observations with or without (hidden)
hardware (e.g., microphone, camera).

A common distinction in physical traces is between erosion “where the degree
of selective wear on some material yields the measure” and accretion “where the
research evidence is some deposit of materials” (Webb et al., 1966, p. 36). Examples
of the first category include wear level of book or magazine pages, or of floors, and
theft patterns in hotels. The second category comprises indicators such as clothing,
litter, fingerprints, and graffiti. These measures can be acquired in an uncontrolled (or
naturalistic) context or in a controlled (or contrived) context as part of an experiment.
Physical data are “best suited for measures of incidence, frequency, attendance, and
the like” (Webb et al., 1966, p. 46).

Archives and documents include “archival data from records and documents related to
activities of people, institutions, and other groups” (Connelly, 2017, p. 59), such as sales,
actuarial, institutional, or voting records, directories, annuals, yearbooks, minutes, mass
media, and personal documents (such as diaries and letters). For example, advertising
images are used as indicators of social change, and accident rates as an indicator for
success of a traffic measure.

Digital unobtrusive measures

The emergence and increasing prevalence of online communication environments and
the subsequent digitalization of offline environments have opened up a series of oppor-
tunities for measuring and tracking human behavior at an unprecedented scale. Behav-
ioral tracking focuses on the digital traces that a user leaves behind. These include visits
to websites, search behavior, likes and shares of posts, comments, reviews, and online
buying. Offline user interactions, such as confrontations with out-of-home advertising,
visits to physical locations, and individual activities (e.g., purchases in stores, routes
taken in public spaces, etc.) are also increasingly captured through Wifi and Bluetooth
grabbers, beacons, the registration of activities of “tagged” devices, and via cameras.
Behavioral tracking makes it possible to trace the user’s journey along the various (dig-
ital) touch points and gives “real-time” information about their attention, engagement,
interest, and (buying) behavior.

This tracking can take place at different levels. On the one hand, patterns of search
activities at aggregate levels have been proposed as a proxy to forecast economic or
consumer activity (Choi & Varian, 2012) with varying levels of success. Likewise,
patterns of website visits (e.g., pageviews, unique visitors, average time spent on page,
most common paths) can be used to observe patterns of user behavior and options at
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aggregate levels. A common approach is to collect electronic word-of-mouth (eWOM)
or, more broadly, user-generated content on platforms such as review websites,
or online communities. Researchers can also connect to social media application
programming interfaces (APIs) and download publicly available data with applications
created for research. This form of data collection is, however, increasingly restricted by
social media platforms, with scholars warning that researchers need to be ready for a
“post-API age” (Freelon, 2018).

On the other hand, digital behavioral tracking can focus on individuals, be it by
the creation of user profiles via cookies generally placed via advertisement and web-
site visits or the actual tracking of specific individuals. For the latter option, researchers
make use of tracking software installed in the devices of participants in a study (Araujo,
Wonneberger, Neijens, & De Vreese, 2017). This type of software is generally able to
collect information about the participant’s online activity (e.g., websites visited, mobile
applications used), with several limitations and restrictions that need to be consid-
ered, especially for activity on smartphones (for an overview or examples, see Araujo
et al., 2017; Boase & Ling, 2013). Similar approaches include partnering with partici-
pants to have them donate their own data, including their navigation data via specific
browser plugins (e.g., Menchen-Trevino, 2016), their social media activity via applica-
tions created to collect data through social media APIs, or by having users export and
donate their own social media data using their rights to data portability (e.g., Halavais,
2019).

Benefits and limitations of unobtrusive measures

An obvious advantage of unobtrusive measures is that they give direct access to behav-
ior and opinions not influenced by the research situation. Furthermore, unobtrusive
measures make it possible to measure behavior of groups in society which are hard to
reach, ranging from busy CEOs of companies to nonmainstream communities; may
outperform traditional measures in studies on sensitive topics; and allow collecting
data from older or for longer time periods. Digital data, in principle, come in great
numbers, measure a user’s actions in real time, can be cheap and require little effort,
and give a detailed picture of a user’s online behavior. For example, behavioral tracking
gives campaigners a fast and simple opportunity to test various variants of advertising,
political messages, and other promotional online strategies, a practice known as A/B
testing or multivariate testing.

Unobtrusive measures have limitations as well. The most obvious issue is validity.
Archives run the risks of “selective deposit” (how selective was the inclusion of
the documents?) and “selective survival” (how selective was the preservation of the
documents?) (Webb et al., 1966, p. 54), and changes in definitions across time. Physical
traces may have been shaped by other than the theoretical construct. Observation
measures may suffer from the presence of the observer (more probable as the observer
intervenes more strongly in the situation), and the ability of humans to observe, mem-
orize, and register “what is seen and heard.” Digital data may be manipulated by bots
“visiting” websites or social media platforms in order to artificially raise the number
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of visitors or engagement with posts. As digital data are often data about devices
rather than about individuals, issues may arise for the identification and tracking of
individuals, not only because they use multiple devices (smartphones, tablets, laptops,
home and work computers), but also because some of these devices are also used by
others.

Validity is especially questionable when behavior-based unobtrusive measures are
used for assessing underlying psychological concepts. Hill, White, and Wallace (2014)
illustrate this by referring to different studies in which words such as “my,” “mine,” “I,”
and “me” are used to measure completely different concepts such as Machiavellianism,
narcissism, and self-confidence (p. 158). And what does “liking” of a message mean?
Does a user really like the message, or do they want to please the messenger (boyd &
Crawford, 2012)? Hill, Kern, and White (2014) studied the lack of validity of seven
existing unobtrusive measures of “executive overconfidence.” They recommend that
research should provide “a rationale connecting the measure to the construct that
the measure is attempting to assess while simultaneously ruling out other constructs”
(p. 158).

Privacy issues play an important role. Individuals often do not know that “their” data
are used to make decisions about them, nor how, and questions about data persistency,
repurposing, and spillovers (i.e., data produced by third parties about an individual)
arise in the privacy debate (Tucker, 2019). Concerns about privacy have led to new pol-
icy measures restricting the collection, storage, and use of data: in the European Union,
the General Data Protection Regulation has come into effect and in the United States
policy recommendations and changes continue to follow suit.

Another issue is lack of representativity. Not everyone is online, not everyone online
expresses themselves, and not everyone online who expresses themselves does so in
public content that can be accessed by researchers. A case in point is the usage of Twit-
ter as a proxy for public opinion (as discussed in, e.g., boyd & Crawford, 2012): Twitter
users do not represent the overall population, the tweets posted do not represent the
behavior of all Twitter users (e.g., those who do not post), and even user activity on Twit-
ter is not representative of activities that users may have in more private social media
platforms (e.g., Facebook) or encrypted messaging environments (e.g., WhatsApp) (see
the role selection issue mentioned above). Caution about the representativity and gen-
eralizability of the claims is strongly advised.

Unobtrusive data are often unstructured. They may include website visits, liking of
messages, comments on YouTube videos, photos, and videos. Automatic coding of texts
including machine learning-based procedures is used to code the content of these com-
munications, but that may come with serious measurement errors. Dross rate (“the part
of the conversation that is irrelevant to the topic at hand”; Webb et al., 1966, p. 32) may
affect the efficiency of unobtrusive measures. Finally, as indicated above, unobtrusive
measures often lack profile information about the user, such as demographics and other
characteristics.

All in all, unobtrusive measures add to the toolkit of the researcher, and, as with
all measures, they have strengths and weaknesses. They can be used as an add-on to
reactive methods such as questionnaires, interviews, and focus groups to get a fuller
picture of the phenomenon being studied, or to provide triangulation (Connelly, 2017).
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As many others have voiced, “all methods are fallible and methods that are fallible
in different ways complement each other even if one is absolutely weaker than the
other. Convergence of findings by two methods with different weaknesses enhances
our belief that the results are valid and not a methodological artifact” (Bouchard, 1976,
p. 267).

SEE ALSO: Attitude; Big Data, Analysis of; Big Data, Collection of (Social Media, Har-
vesting); Ethics of Empirical Research; Experiment, Other: Natural, Field; Measure-
ment of Attitudes; Measurement of Media Exposure; Measuring Behavior in Media
Psychology; Observational Methods; Survey Methods, Traditional, and Public Opinion
Polling; Validity; Wearable Devices for Health-Related Data
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