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Innovations in unobtrusive
methods

Andrew P. Knight

4

Introduction

Twenty years ago, engineer and computer scientist Rosalind Picard (1997,
p.228) imagined a future in which ‘a financial analyst might combine his cel
phone, pager, online stock reports, analysis software, and personal email agent
into one computer that fits in a belt, watch and shirt pocket’. Clearly the future
is now. An estimated 1.4 billion people owned a smartphone in 2013—more
than one fifth of the global population (Heggestuen, 2013). By 2020, that
proportion is expected to rise to approximately 70 per cent (Ericsson, 2015).
And smartphones are just the tip of the iceberg, as a proliferation of internet
connected devices expands the linkages among humans, computers, and
networks. Consid.er just a few of the devices released recently. Glasses devel-
?rf:l(tiirtr))y;iompames I.ike Google and Snap enable users to capture and share
Aople :n ;Scontent in r.eial-ti:ne; wristbands like those developed by Fitbit
The’ - u?ms?ng facilitate ﬁtx.less tracking, payments, and more.

bt ‘:le l t}; : tconnected devices (Swan, 2012)—and the metrics that they
elobal econoi’ny PC :l'e—ha:ls led d;%ta to become increasingly central to the
into thei busin;:ss nl;rcl)%arlnes have 1ntc?grated novel unobtrusive Qata streal;;
These data streams ca: : am,i operations (e.g. Walker, 2012; wilson, 201+

elucidate consumer preferences and respons® v

advertising, )

networksE’tot:,hancg human resource practices, and improve collaboratio”
Much ik ame just a few publicized applications.

€ new d busineSSCSy

i . ata streams h: ;

Innovative yp . s have enriched contemporary

study organiz:tli)(t)maslwe mc?thOds hold great promise for researchers ¥ 0
nal functioning (Tonidandel etal, 2016). The i4¢?

Tesearchers
new. More t;al tl)lzllfe T from using unobtrusive methods is certaiﬂl); r::
researchers in thejy | century ago, Webb and colleagues (196) lemdri v‘:arse

assic .
book Unobtrusive Measures to use a mo”

set of daty
. Streams i .
lsocx Science res:;rll}ihf?lr work, noting that, ‘To day the dominant massvge
a . .
ment thlS 0Verdep 18 based up0n interviews and questionnalfei‘ th
0

standj endenc .
g 2 steady drumbee upon a single fallible method’ (PP-I‘Z) ’ use
at of pleas over the years for researchers to
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unobtrusive methods (e.g. Hill etal., 2014; Webb and Weick, 1979), survey
methods continue to dominate the literature, especially in organizational
behaviour, and researchers still often rely on a single data source (Podsakoff
etal., 2012; Scandura and Williams, 2000).

The purpose of this chapter is to describe a new suite of unobtrusive
methods, such as the traces that people leave throughout the digital world as
they search the Internet, post content on social media, and navigate an
increasingly digitally connected physical world. These methods, which did
not exist when Webb and colleagues published their book, make it easier and
cheaper for researchers to use unobtrusive methods than ever before. As a
result, we social science researchers have fewer and fewer excuses for relying
on a single source of data, obtrusively acquired, in empirical studies.

I begin by discussing three ways that new unobtrusive methods can enrich
organizational research. Then, I explain why now is a propitious time for these
methods to become ubiquitous. After discussing these broader issues, I detail
five new unobtrusive methods and describe how researchers have used them
in recent work. I conclude by offering some caveats and cautions, as well as a
few recommendations, for using new unobtrusive methods.

The value of new unobtrusive methods

As with learning any new method or statistical approach, learning a new
unobtrusive method will require an investment of time and energy. Why
might one make this investment and adopt one of the methods described in
this chapter? The unobtrusive methods described below can add value to
almost any research programme in several ways.

First, several of these methods sidestep reactance effects—alterations in
participants’ cognitions, attitudes, or behaviours as a result of their awareness
that someone is studying them. Survey methods are particularly vulnerable to
reactance effects. Consider, for example, Schwarz’s (1999) commentary on
how subtle survey elements, such as introductory prompts or terminology, can
alter participants’ responses. The new unobtrusive methods are not com-
Pletely immune to reactance effects; participants might alter their behaviour
in substantive ways if they know that computer programmes of wearable
sensors are recording what they do. However, these methods are not vulner-
able to reactance effects in the same way as survey methods. Accordingly, data
collected through the methods described in this chapter can help to triangulate

on valid effects.

d Seco.nd, researchers can benefit from using these methods to examine

tg,rr;aﬁn ics—how and why phenomena change over time. S?veral comme{lta-
ave noted the dearth of research in organizational behaviour that examines
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and models patterns of change (C'g_' C;:g::t itlaelé 02:11 1). One reasop under.
lying the lack of research on dynamics b nant approach for g,
collection—the self-report survey—I1s not ame.n able to ‘fr'equent administra.
tion. Because unobtrusive methods do r.10t require a participant to conscioygly
respond to a question, they can be particularly useful for recording a continy.
ous stream of data over time (eg. Kozlowski et al., 2016). To use an analogy
the measurement approaches frequently used in organizational research today
provide static photographs of behaviour; novel unobtrusive methods, in .
trast, can provide dynamic movies that enable researchers to analyse phenop,.
ena in motion.

Third, novel unobtrusive methods help researchers expand the scale of the
investigations. Several of these methods passively record phenomena using
technology that is already widely disseminated (e.g. web browser, smar.
phone). The cost of repurposing technologies that are already in peoples
hands for research is relatively low and affords the opportunity to expand
the scale of an investigation with respect to context and to time. Expanding the
scale of research with respect to context—collecting data across larger and
more diverse sets of groups, organizations, industries, and cultures—is usefi
for addressing calls for research that accounts for the role of context (Cappeli
::i ai?;r:;;hl99l; House; etal, 1995; Johns, 2006). Expanding the scale (_)f
ol o addrreess}:f:ct tf(:l time—collecting fiata across longer time horizons—is
iations grow andlgg ndamen‘tal questions of change, such as how orgar

evelop, or wither and die, over time.

A propitious time for unobtrusive methods

The ﬁme is 1i
Much ha;S ;ll;;‘;; ffi!rsleaéfhers to reap the benefits of unobtrusive method?‘
influentia] book The methe fifty years since Webb etal. published th;‘f
FeQuiring major inyegyrn o L2t e Proposed in the 1960s were %%
analysis, Consider hoy ents (,)f time and resources in data collection ane
Wear on carpet ;] s at time intensive it would be to manually track s
€ cumbersome gy 3 museum to understand consumer preferen
feaSSIbility. ature of unobtrusive methods in the past Jimited the"
€vera] technolog;
:;Ces.s it.)le t}?an thg}gl\fvaelrgeg’elop ments have made unobtrusive methods m‘:cfe
Miniatur years ago. First, there has been a steady ™ nd

Zation j
colleagueg 1) ot COMputer-driy, ; ime Webb 2
od Published the; en devices. Around the time 1969

at cou 1 there Wouldrb book, Intel co-founder Gordon Moore (! o
ould be Squeezed ong, © €Xponential growth in the number of tr ans? he
: € . . ; i

Ubling every year. aC}_‘ Square inch of an integrated circuit, W1 et0

18 prediction—Moore’s Law —largely ¢
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fruition over the subsequent decade, and a steady march of increasing com-
puting power has continued ever since. One by-product of Moore’s Law has
been the miniaturization of computing devices. The room-sized computers of
the 1950s became the desktop computers of the 1980s and 1990s; the desktop
computers of the 1990s became the pocket computers of the 2000s. We have
gone from having a single computer for an entire business, to a computer on
everyone’s desk, to a computer in every pocket and, increasingly, a computer
on every wrist. This proliferation of devices provides a means for capturing
behaviour in new unobtrusive ways.

A second development, supported by miniaturization, is enhanced preci-
sion and affordability of a variety of sensors, contributing to the widespread
deployment of sensors throughout society. As an example of this growth
in the deployment of sensors, consider the technological trajectory of the
Samsung Galaxy S smartphone from its debut in 2010 through the Galaxy
S6 model released in 2015 (Fitchard, 2016). Embedded in the original
Galaxy S were about a dozen sensors, such as an accelerometer, proximity
sensor, and magnetometer. The number of sensors nearly doubled over the
next five years, with the Galaxy S6 adding a pedometer, barometer, gyroscope,
and heart rate monitor. The inclusion of such sensors in devices carried by
millions of people provides researchers with the ability to unobtrusively
measure behaviour in new ways. The Galaxy smartphone is just one illustra-
tion of the diffusion of sensors throughout society. From networked thermo-
stats to connected office lights, sensors are everywhere, capturing and storing
data that could be of use to researchers (Swan, 2012). This trend continues to
grow; it has been estimated that a self-driving car will generate 100 gigabytes of
data a second (The Economist, 2017).

A third development is the ubiquity of networked computers. Over the past
two decades the Internet has become interwoven with business and society.
Beyond just laptop computers and smartphones, we increasingly live in a
world that is the Internet of Things, in which devices communicate regularly
Dot just with us but with other devices. Concordant with interconnectivity is
regular logging of activity on computing networks, resulting in a staggering
volume of information being stored about the everyday environment that
Surrounds us. Consider a contemporary office. As workers arrive and swipe
mi}gnetic cards to enter elevators and offices, their movements are tracked.
5 Ireless network beacons in the ceiling record pings as their smartphones

~quest access to the network. Networked cameras unobtrusively capture
Video Streams of parking lots, entry ways, and stairwells. The exponential
rgl::t’;‘t’l;l In connected devices—and the consequent growing reliance on con-
b ty .to accomplish daily tasks—makes available to researchers a wealth of

Tusively collected data.
meth(f)%urth development is the increasing standardization' of ‘proFocols ar'ld
s for providing data access to third parties. Standardization is essential
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o manage the scale of data curr,ently coﬁaed and stored in or Banizatiop,
Further, standardization s essential to enable computer§ tf’ communicate
one another and facilitate the ‘grov;./th in .1nterconnef:t1v1t)-f described aboye
The value of standardization is evident in the p.rollfera.tlon of applicatig,
programming interfaces (APIS)—Path‘f"aY§ for third parties to interac With
an application—in many software ap}?hcatlons. As one example, the techy,
ogy company Garmin has an API for its fitness tracking application, Through
the API, and with the user’s consent, other applications can access and display
a user’s stream of fitness activities. Standardization of database structyres and
methods for accessing data, like this one, can also enable researchers to o
easily use data.

A fifth development is the increasing availability of computational resources—
hardware and software—to process the large datasets created by these technologes
Compared to limited access in the 1960s, researchers today have at their
fingers the computational horsepower needed to process and analyse
!arge dgtasets. Computing power has grown exponentially since the 1960s,
increasing roughly by a factor of a trillion. The computing power that many
plelct)gse tod:).r ca;ry around in t'heir pockets equals or exceeds the supercom-
ﬁave e::; ail: etsse t192;(1)& A‘nd in addition to hardware advances, researc}?ers
(R Cone s 20(1 3 gorxthms to process large data sets. The R project

» £U72) 15 one example of how the open source software
movement, along with the dissemination of tutorials and guidance through
online forums and courses has gi o ak
sense of arge seale o > as given researchers the tools needed to make

Webbet o (1966) a streams,
for researcher's to comw?;;ahead of their L ime. But in the years since thir Pt
logical landscape ha, ’ h ent surveys with unobtrusive methods, the techn®

S changed. Together, the five factors described abov

reduce the cq, i
time for th, Sts of using unobtrusive methods and make now a propiti”
e diffusion of these methods,

New Unobtrysjye Mmethods

Webb and o]league de. ribed f; ed in resear
€Xampleg 0;a did s Tor e

! Nd idegs f,

eir Categories 55 a s?l' h.ow these methods could be used in resear™

Methods Ing poj sive
nt. . . btru
OVerviey at Point, I describe a suite of new uno p

3¢ amengpe f,
discrete cyy, €se methg,

Ve categories of unobtrusive methods %lvlﬁz
5

Or use by researchers today. Table 41 g in

€n (apq Bories, these e.in rt};?-ugh these methods are Presented V;‘

€nce of gy, e}': 065) fit myy; cality not mutually exclusive. Ag“’en;:pend—
) ¢

. lple C . f
¥Sical anq gics: - C2tegories, stemming from the inter
f‘mt?tioning :)gfltal orlds today, as wellgas the fact that da®?
most contemporary organizations:

Table 4.1 New unobtrusive measures
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classic measures (Webb

background and example

type etal., 1966) new measures articles
trace data datasets created using datasets created using traces  Dai et al. (2014); Kosinski
traces left in the physical left in the digital world by etal. (2015); Park etal.
world through the erosion people’s navigation of their (2015), Wang et al. (2016)
or accretion of physical physical and digital
material environments
public datasets compiled using datasets compiled by the Barnes et al. (2015); Bianchi
archival information routinely government and made (2016); Harrington and
data collected and made public widely-available and easily- Gelfand (2014)
by, genérally, government accessed via the public
entities Internet
private datasets compiled using datasets created using Jackman and Kanerva
archival information routinely information routinely (2016); Kleinbaum et al.
data collected, but held privately,  collected, but held privately, (2013); Pierce etal. (2015);
by entities like for-profit by private entities’ Saavedra etal. (2011); Staats
corporations information-technology etal. 2016)
systems
simple datasets created by datasets created by Chaffin etal. (2017); Ingram
observation  systematically and manually  recording attributes of and Morris (2007), Kim etal.
coding people’s public and people’s affect and (2012); Knight and Baer
observable behaviour behaviour using wearable (2014); Swan (2012)
sensors and devices
contrived datasets created by datasets created by Barsade etal. (2015);
observation  systematically and manually  automatically coding, using Kosinski et al. (2016); Li et al.

coding video or audio
recordings of people’s
behaviour in structured
situations

computers, video or audio
recordings of people’s
behaviour or textual content

(2015); Woolley etal. (2016)

TRACES: FROM PHYSICAL TO DIGITAL

The physical traces that people leave throughout the world are evidence of
their behaviour. In addition to these traces—like wearing down carpet tiles in a
Museum—people today leave traces throughout the digital world. Digital
traces reflect the data streams that result from the logging of people’s
behaviour—in both the physical and digital worlds—in digital data streams.
To appreciate the potential of digital trace data, imagine some of the
Moments that can now be unobtrusively captured in a slice of a typical day.
mour daY. might begin with a smartphone buzzing to awaken you. As you
is Ove tp silence the alarm, the device records what time you begin your day. It
in%‘)SSlble that the device has been tracking your sleep, marking when you are
youeep S.leep and when you are restless, throughout the night. Fast fom./ard to
ﬁCatri arrival at your workplace. To enter your building you hf)ld your identi-
up t on badge, which has an embedded radio frequency identifier (RFID) tag,
P 10 a reader. The networked reader logs your entry and opens the door.
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when you sign into your computer, your presence at y,

4. Meanwhile, your smartphone has been Pingyin;r ‘jiesk

leaving the footprints of your smartphope : trhe
¢

Minutes later,
is recorded and logged-
Jess beacons in the ceiling,

network’s logs. _
As this illustrates, many behaviours leave traces throughout the digity

world, enabling researchers to measure time usage, physical locatiop, and

more. Researchers have recently begun to leverage the power of digital ’tra
data to understand a wide range of phenomena. For example, Daj et 5], (2013
used digital trace data to study how temporal landmarks prompt individyals o
engage in aspirational behaviour. Partnering with a university, the authors
gained access to records of how frequently students used the university’
fitness centre. Attendance was unobtrusively tracked as students swiped Mag-
netic identification cards to enter the centre. Focusing on a delimited tim
period, this yielded data on fitness behaviour for nearly 12,000 people for more
than 400 days—a dataset with more than 5 million observations. Because the
central question of the investigation was how temporal landmarks induce
Chaﬂgfs in aspirational behaviour, having a continuous record of behaviour
marks such as New Yeai's DZYfmour when they encounter temporal land
Pit:lssic)?r;faztx:mapile C(;gfzmsrr hthe study of handwashing behaviour in hos
technology that mOI‘litors }3 p e reﬁearchers Partnered with a supplier of
implementation of 4 monhan. washing b.ehawour to understand how the
with handwashing stan dardor’llflhg System lflﬂuences caregivers’ compliance
worn by caregivers and $. 1he monitoring system used RFID tags—on¢
valid Opportfxl)ities afn ;Second a_ttached to handwashing stations—to record
their hongs becauseo;oragdwashmg (ie. times when providers should wash
actual handwashing i)ehaVixalee, t_heY are entering a patient’s room) and
ina way compliant with st. o:r (i.e. times when providers washed their hands
tracking handwaghin b }e:n : rds). Staats et a. (2016) examined a rich datasé!
implemented the techiole aviour across time in a set of hospitals that hd

Or more than 5,00 ¢, 98- In total, the multilevel dataset contained recor

3 half years, Because l:gnéers w(?rking in 71 units of 42 hospitals for two 2"
Were more thap 19 mi]]'a Ndwashing opportunities were timestamped, e’
of this data stream St;otn observations in the dataset. Illustrating the Y%
SYSLem activateq (j o oorors o (2016) examined the effect of having ™
:,gement) and the eiffectmffh ance would be tracked and monitored by ™"
iozl:l:vbe tracked, byt hamg the system deactivated (i.e. comPlia"C?
€r tim behav

€ re .

nged in :earchers to answer questions about how "

Manage Mpliance, by cone§P Onse to a monitoring system; momto'rlﬂg
8EMent attentiq, tinued compliance was dependent on sustaif®
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Both Dai etal. (2014) and Staats etal. (2016) illustrate the power of using
digital trace data to understand organizational phenomena. In particular,
these studies show the utility of digital trace data for unpacking phenomena
over theoretically meaningful time horizons and at a scale that would be
difficult to accomplish using more traditional research methods.

PUBLIC ARCHIVES: FROM CUMBERSOME TO CLICKABLE

Researchers have long benefited from archival data collected by government
entities. Webb et al. recognized the value of this type of archival data, high-
lighting it as an unobtrusive data stream that could complement survey data.
One benefit of public archival data is that the government bears the cost of
collection and maintenance. But a major hurdle to using such data in the past
was the transaction cost of data access. However, the rise of the Internet—and
a push for transparency in some societies—has now made many valuable
public archival datasets easily accessible. Rather than mailing a request for a
dataset and waiting months to receive disks, researchers can now access data
easily using government websites. In the United States, for example,
researchers can access datasets regularly collected by—to name a few—the
Bureau of Labor Statistics, the Census Bureau, and the Social Security Admin-
istration. Many agency websites provide links to download databases, along
with data dictionaries and guidance.

Bianchi’s (2016) investigation of the connection between the state of the
economy and individualism provides several examples of using publicly
available and easily accessed data via the Internet. First, she used data on
the state of the economy, operationalized as the annual unemployment rate,
provided by the United States Bureau of Labor Statistics via the Internet.
Bianchi (2016) linked unemployment data with several other publicly avail-
able datasets, which she used to measure individualism in different ways
and over long time horizons. In one study, she used data on baby names
between 1948 and 2014 provided by the United States Social Security
Administration. Bianchi (2016) operationalized individualism as the use of
relatively unusual, compared to more commonplace, baby names. Linking
Dame data with unemployment rates enabled Bianchi to show—using a
dataset comprising more than a quarter of a billion observations—that
dAl‘II:f?rican parents selected unique names for their babies more frequently

Img economically prosperous years.

N a second study, Bianchi (2016) analysed the lyrical content of American
i?tpe‘rﬂar music over nearly 35 years. She accessed the lyrics of songs on the
2 ol nzet and used the Linguistic Inquiry Word Count software (Pennebaker
sin " 007) to measure the proportion of lyric words that were first-person

gular (lndicating higher individualism) versus first-person plural (indicating



‘V il

n UNOBTRUSIVE METHODS

.y alism). First-person singular words are, for ex, N
lﬁzerg?;:l;li‘s'zl:ph),ral words include, for example, ‘We’ ang T}psle ila ag
(2016) examined covarigtion betyeen pronoun usage and the gy, ofnChl
economy over time, finding that in prosperous years song lyric Were mthe
individualistic. ore

These studies illustrate a key benefit of publicly available g
(aside from the fact that the government bears the cost of coll
maintaining the data). Many public archival datasets track the
over a large scale (i.e. across a large number of people) and over 5 long
horizon (e across decades). Each of these properties is usefu] for fn éme
standing how more macro contextual trends might influence behavigy, k.

hiva) day
ecting apg
ame Metric

PRIVATE ARCHIVES: FROM PERSONNEL TO INFORMATION
TECHNOLOGY

Webb etal. distinguished between archival datasets held by the governmen
and archival datasets compiled and maintained by private entities, such
personpel data on turnover or absenteeism within a private corporati(;n. Inthe
Z::trisc :lxlncwielr bo'ok, the nature of private archival data has changed dr
el yl-nan er:as m' thfe past private archival data were limited in scope and
s da,ily Opzra:ia:lzj\tlxons tf)day collect and store vast amounts of data in
locusof vort 1 mans‘ ! 50 <'ir1v.en by the developments described above, the
to virtual and 4 'taly TLg.amzanor'ls ha's shifted from face to face and physicl
Work today Wheg]rea; is trend is evident if you consider how researches
o accessing an article in the past required a trip to the
), researchers can now log into their | ;
download ap artice at thor g into their library through a web browser and
colleague in the past requi ogn de.s, k' Whereas editing a manuscript vith?
researchers today cap col?abre mailing and marking up a physical o)
the journa] oy Orate on a digital file in the cloud. And where®

. W process i
COpies, researchers tod welon

Capture trad: trading.aPeatr:jl;u(ZO“) partnered with a stock trading ﬁf:‘;
tion te trading behaviour ang Y due to regulations requiring the firm

c “chnology System nd traders’ communications, the firm's info™:

Ommunicati()ns mi $ 'Offered the potential to exam;ne how pa“erns 0

- mﬂal;glce the pattern of decision making ***

¢ implicati(l)nne d the emergence of synchronous Uad":g
ing of m S of making a trade either before of a
Ot other people. Further, the researcher® ®
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ex amined how communication patterns among traders relate to the emer-
gence of synchrony. Saavedra et al. (2011) gained access to two data archives,
focused on sixty-six employees over roughly a year and a half. The first data
source comprised more than a million live trades, captured on a second-by-
second basis. The second data source contained 2 million messages sent via
an instant messaging system. Because, like trading activity, messages were
timestamped, the researchers could examine second-by-second communi-
cation and trading behaviour. Their results revealed several fascinating
aspects of synchronous behaviour in a real-world setting. This study illus-
trates how the data that private corporations routinely collect and store
through information technology systems can help understand dynamic
interpersonal phenomena.

Also illustrating the value of private archival data, Pierce etal. (2015)
partnered with a vendor of a point of sale (POS) system used by staff in
restaurants to, among other tasks, enter customers’ orders and send them to
the kitchen, prepare customers’ bills, and process customers’ payments. The
POS system captured a running record of activities that the restaurants used
in their operations (e.g. for inventory, marketing). The research centred on
how the activation of a theft-monitoring module in the POS influenced
employees’ behaviour. Using a proprietary algorithm, this module flagged
actions by employees that likely constituted theft. The researchers identified
a sample of nearly 400 restaurant locations that had, at some point in a two-
year window, activated the theft-monitoring module. Importantly, the mod-
ule could be applied to historical data even if it had not been activated at the
time the data were initially captured; so, the authors could examine how the
implementation of the monitoring module influenced employees’ behaviour
and outcomes, such as losses, revenue, and tips. Exemplifying the power of
novel unobtrusive methods, the data were multilevel and permitted a fine-
grained analysis. The researchers examined revenue and tips at the
employee-week level of analysis (i.e. average revenue and tips for each
worker on a weekly basis) and also at higher levels of analysis, such as the
restaurant level over time. The dataset contained data on the behaviour of
more than 22,000 employees, yielding a dataset with more than 400,000
‘v”vzeily ?bservations. Results showed that how a monitoring system changes
eff(:rteirrsl behav10.ur is C(.)n.q')lex, possibly leading workers to invest additional

Privat Pmdu-ctlve activities to secure higher tips from customers. .
archive] Z archival dz_a.ta off:ers re§earchers many of the same benefits as public
Customing ata. Working w1.th private entities may also offer the advant.age of
Pal’ticulall-n'g an unobtrusive method to focus on or capture something of
importa.. Interest to a researcher. Both of the examplgs above show'the
enhanceq e of close collaborations with private entltles——collaborat.lc.)ns

when researchers study problems of interest to the private entities.
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SIMPLE OBSERVATION: FROM PE

70 WEARABLE SENSORS

observation that Webb etal. described—watchip
asurements of behaviour over time—is costly to iia;nd
data in this way requires researchers to spenq tﬁ:.
directly observing others, the time required tg collect data is a multiple Ofth:
number of observations and the amount of time subjects are watcheq. Givey
these costs, simple observation has been used relatively sparingly in Organiz.
tional research. The technological developments described above, howeye
have facilitated a new form of ‘observation’, in which the observer is nota‘
researcher, but a wearable device comprising sensors. Devices with sensors are
ubiquitous, exemplified by the smartphones that more than a billion pegple
now own. In addition to devices designed and manufactured for consumer,
engineers and researchers have developed devices specifically for research
For example, one multidisciplinary team has developed a wearable sensor
platform to continuously assess team dynamics, such as the development
of cohesion over time (e.g. Kozlowski, 2015). A second team (Kim etal,
2012) has developed a device with a set of sensors (e.g. microphones, Blue-
tooth, infrared) to map social networks.

In one early application of this technology, Ingram and Morris (2007)
(usgd a )wearable sensor to study interpersonal dynamics during professiond
“’er’:e; e_cfﬁvce:IIS ;)nr:gamzed to facilitate relationship formation. The authors
purpose ofsparl):in erl&thed in the degree to which mixers fulfil their stated
study, ninetytwo Snl;ee :Lonshlps between previously unfamiliar people. Inthe
around their necks du t:’sroof an exec1'1t1ve MBA p?ogram wore dev1'ces
used infrared sensors to fecon;1 gh;ll}' 90-mmut§ networking event The -
would happen during a face-to fW en two de\flces were facing one an.othe.f: ®
2 meaningful conversation be-:t:fe conversation. The authors operatxonah
infrared seng een two people as an instance when I

) ors of two badges detected i ly for oné
minute. Wearable sensors 5 bl ected one another continuousy s
questions that 5 traditionaelna ed Ingram and Morris (2007) to addre
example, having a contin survey-based approach cannot answer °
€Xamine the tempora ¢ 1ous record of interactions enabled the authors
effects are strongest ear Yinamlcs of homophily. They found that homophi!
:1:: common a5 the eze:tapr;ztwmking event, but that heterophily beC;):;a
out t}fewoul(.i fequire Participantgr roses: Addressing such a que.esnonhuf)ug ’

Sa €vening—j o at w ui t(_) document their conversations

second example, 1, ould interfere with their networking:
Physical spqce inﬂght and Baer (2014) used a wearable $¢° ’
More creatiye ideas V;l}elnces group dynamics, proposing that 8 ich
me w €N working in a non-sedentary spa¢®
€N working seated around a conferen !
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they argued, leads to elevated levels of group arousal and lower
al behaviour—expressions of possessiveness over contribu-
tions to the group. Together, activation and territoriality influence the cre-
ativity of the group by shaping how much people collaboratively build upon
one another’s ideas. To measure arousal, participants wore a wrist-based
device that measured electrodermal activity. The devices that Knight and
Baer (2014) used (see Poh et al,, 2010) recorded individuals’ physiological
arousal eight times per second. This example illustrates two benefits of wear-
able sensors. First, the use of a wearable device allows researchers to track
information that may not be accessible to participants. Second, a sensor can
provide continuous measurement over time.

Wearable devices range in how unobtrusive they are—something that is in
the eye of the beholder. The devices described above are on the more obtrusive
side of the continuum, given that they were specifically deployed for the
purposes of the investigation. In thinking about how obtrusive a given device
is, it is important to consider the degree to which wearing the device is a
routine for research participants. The more that wearing the device is a part of
daily life—such as an activity tracker that one regularly wears or a smartphone
carried in a pocket—the less obtrusive the research is likely to be.

table. Standing,
Jevels of territori

CONTRIVED OBSERVATION: FROM MANUAL TO
COMPUTER-ASSISTED CODING OF RECORDINGS

Webb et al. described a second kind of observation—involving the use of video
and audio recordings—which they referred to as contrived observation. The
use of recording devices can reduce the costs of data collection, since multiple
devices can be used to collect data over time and across situations. However,
the use of recording devices introduces the additional challenge of making
sense of what has been recorded. Traditionally, researchers have employed
teams of trained coders to transform recorded material into standardized
measures of constructs. Accordingly, the costs of observation shift; rather
than observing behaviour in real-time, researchers must observe behaviour
on recordings. Several recent innovations, however, have enabled researchers
to more efficiently make sense of data in the form of audio and video recordings.
Through the application of machine learning, computer scientists and
;e:earchers have developed algorithms that can score audio, video, and text
ha:’aea:rtlimatically. Although improvements in microphones and video camer'fzs
machj ancefi the.precision of the raw inputs, software—developments in
T Ine learning—is the underlying engine of these new methods.
proxggesmdy .of the (.lynamics of emotional contagion by §amade etal. (2015)
Sought ts one illustration of the use of computer-assisted codmg..The researchers
O test predictions regarding how the emotional expressions of in-group
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up members might differentially influence pecple. T,
and out-group ongruent contagion—in which one person’s expressiop Miry
postulated thztlfs—gould occur from exposure to an in-gr()up Membe; bZr
:23:::: IZf)rrftagion——when one person’s expressions are opposite ant;ther
E:;d computer-facilitated §oding f’f .re.sea.rch, ?ar.t;;:ipants’ faCial ‘EXpressiopg
to precisely track the timing of mdlylduals acial expressions in respop,,
to an experimentally manipulated stlmul‘u.s. Us1,ng sof.tware called Nojg
FaceReader 5, the authors captured participants’ emotional expressiop in
real-time using a camera mounted on top of the computer that the Participans
used to view video-based stimuli. FaceReader detects changes in several hundre
points on the face. Using this facial mapping, the software classifies individualy
facial expressions into a set of standard emotions, such as happiness, sadness,
surprise, fear, and disgust. This study illustrates how new technology can eas
the burden of converting video recordings into usable data to answer theoret.
ically grounded research questions.

The study of competition, group composition, and collective intelligence by
Woolley et al. (2016) offers a second example of this new form of contrived
observation. The researchers™ laboratory study examined how competition
among group members influences collective intelligence in different ways
depending on the group’s gender composition. The researchers used group
members’ conversations to measure competition, operationalized as the fre-
Quency with which members interrupted one another. Each group member
wore a headset with a microphone, which recorded each person’s contribu-

tions to the group. Hlustrating the utility of computer-assisted coding the

authors used algorithms to transform the digitized audio stream into a time
series dataset with a binary indicat

. or of whether a given group member W&
s . L
cgflzlt(;zftat & given point in time, This time series dataset was then used 0
when one measur?s of speaking patterns within the group, including times

Person interrupted anothey’s speech. This study shows the value of

using computer algori ]
rithm, i . : interper
sonal interactions,g $ to efficiently process audio recordings of interp

Simil .
the costzr:: Icr:)}:jlil;er-asmted approaches are also increasingly used to reduce
behaviou, Shownfi textual data, and processing data from digital tracesd g
itiona] example Ko:il tlll(: aforementioned Bianchi (2016) study. As 3% 11
code data captu)red thns etal. (2015, 2016) illustrate how algorithms ¢an cp
focuseg Principa]| Tough new unobtrusive methods. To date, their work
websites |ike Fachznkthe use of textual digital trace data and traces Jeft 0
Persong] al'acterjsﬁo n one study, Kosinski et al. (2013) showed
SeXal orientyio,, Cs\d(:"mographic attributes, political orientation ¥

accl;m b inferred from an individal’s behavioural 7%
comPUter-assisted © d(.)Ok (ie. ‘likes’). Similarly Park etal. (2015) use
CO lng of the text of lnleldu’alS, social media poSts

son's—would occur from exposure to an out-group member. Thjs study |
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asure personality according to The Big 5 taxonomy. The authors demon-
me d the reliability and validity of the computer-coded approach, connecting
Str.atfanguage-based measure to scores produced through a traditional survey-
g::ed approach. This stream of work highlights how computer-assisted coding
can streamline methods that were onerous and time-consuming in the past.

Caveats, cautions, and recommendations
for using new unobtrusive methods

New unobtrusive methods clearly present many opportunities for researchers.
Yet, because of the novelty of these methods, several caveats are necessary.
Before embarking on using a new unobtrusive method, researchers should
consider issues of requisite expertise, measurement validity, and research ethics.

ACQUIRING REQUISITE EXPERTISE

Researchers using a new unobtrusive method must carefully consider whether
they possess the knowledge, skills, and expertise needed to use the method
effectively and efficiently. Several approaches, involving sensors and computer-
assisted coding, for example, require specialized expertise. To use these metho.ds
effectively a researcher would benefit from having deep knowledge of specif-
ically how the technology interacts with the human body, or with external
signals of interpersonal behaviour. For example, understanding how a Blue-
tooth sensor measures interpersonal interactions (i.e. through the strengt_h of
the signal connecting two devices) can help in understanding why interactions
may seem under- or over-detected in different environments. For some
methods, the necessary expertise transcends the technology itself. Because
these methods often capture considerable volumes of data over time, benefit-
ing from a new unobtrusive method likely requires a set of skills that are not as
Critical when using smaller-scale datasets. With large-scale datasets, tasks like
database maintenance and data manipulation are impossible if a researcher is
Not a skilled computer programmer. Programming skills are essential for
efficiency and to minimize error.

Given the depth of expertise required for some of these methods,
Tesearchers interested in using a new unobtrusive method would benefit

om collaborations with domain experts. Multidisciplinary teams can help
O'ganizational researchers (and technologists) climb the steep learning curve
Ol'a new method. Indeed, a number of the exemplar papers described above
‘esulted from the work of multidisciplinary teams of social scientists, com-
Puter scientists, and engineers.
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ADDRESSING MEASUREMENT VALIDITY

Because these methods are relativ?ly new, it is imperat.ive that researche,
adopt a healthy scepticism regarding measurement validity; revieyer @ |
tainly will. Scholars (e.g. Daft, 1995) pave noted that lack of evidence f, |
measurement validity—even for estabhs.hed measures—is a commop reasnn
that papers are rejected by management journals. When a measure js new ang
without a track record of use, demonstrating validity is paramount. To Provide
confidence in the validity of a new unobtrusive measure, researchers shoulg
follow the same process used to validate any measure (e.g. Edwards, 2003), At
a high level, it is important to connect clearly the conceptual definiio
of the construct with the operationalization of that construct. To do s, i
helps to map the causal model that connects a latent construct with a concrete
indicator (Borsboom et al., 2004; Edwards and Bagozzi, 2000). Further, and
especially for new measures, evidence of convergent and divergent validity an
b@d confidence that the measure assesses what it is intended to asses
Existing measures, such as surveys, can be useful in this process. However, one
must remain open to the idea that an unobtrusive measure may show a weaklink
;]vuh an obtrusiye one. This does not necessarily mean that the new measureis
o?iet;il;) Elsc}llee?;xt could:e that t.he new measure reveals the flaws or idiosyncrasies
tha ther o d};g:(::c es. bSocml network researchers, for example, have shown
based etk measr:r;es ';Lween .emall-based network measures anq survef- |
email-based methe | tﬁ" These differences do not necessarily invalidate &1 |
whyemalisthe g m;: lncu'mbent on the researcher, however,’ to exl’l;‘d“
Valdating 3 new measure given the'mterPersonal interaction§ being studi ”
nologies, Illustrating the inl]1 - especrfﬂly important when Exsmg‘ ey te':fa ‘
Rew unobirusive peethg léc;lr:?fxilce of in-depth and systematic validation Znt 3
PRopetes of one type % n etal, (2017) examined the r'neasurfff“n
interacions (Kipy o 201;arable device designed to track interpersd ;
controlled stygjeg to ex:uni ). Chaffn etal (2017) used severd Caref the |
SENSOrS in the deyice Fo ne the measurement properties of a subset © an
Manipulated the gigtyy, I example, they attached devices to easts ¥

fance to the o, tance separating the easels, comparing the ph)’sbicalt th;
iabj ou

reliability g v?iilcllti t(;f tfhe device. Their findings raised concerns 3%
Ven that these tegy of the sensors for assessing interpersonal interact’” .
Problems coyq 1, ® Were conducted under controlled conditions
indingS such aseﬁt(acerbated in field applications. ¢
Ct that eXciting pe tOse 8enerated by Chaffin et al. (2017) Lmdersc;orel‘f‘re
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under examination. If systematic validation of an archival data source is not

ossible, it is advisable to use several different measures to triangulate on the
phenomenon of interest. This is precisely the approach used in several studies
described above, such as Bianchi (2016) who used baby names, song lyrics,
and more to measure individualism. Any one indicator is insufficient. By
packaging them together, however, Bianchi (2016) builds confidence that
her conclusions are not due to measurement artefacts.

CONTENDING WITH AMBIGUOUS ETHICAL STANDARDS

A third issue requiring special consideration when using a new unobtrusive
method is research ethics. Researchers should, of course, always consider the
ethics of their design and measurement approaches. New methods require
special attention, however. Compared to established methods for which
researchers and Institutional Review Boards (IRBs) have decades of experience,
formal policies, and established norms, new methods break new ethical ground.
For unobtrusive methods, this is often with respect to issues of informed
consent and privacy. Many of the methods described above—and especially
the use of digital trace and archival data—are riddled with ethical grey areas.

Consider a recent examination of contagion using data from Facebook
(Kramer etal., 2014). The authors partnered with Facebook specifically to
study how exposure to posts with different affective tones influences users’
behaviour. The design involved manipulating the prevalence with which a
subset of Facebook users viewed relatively positive or relatively negative
information. Although the users did not provide informed consent for this
research study, they had agreed to Facebook’s terms of use, which allow Facebook
to shape information feeds. This kind of manipulation of content (and design) is
ubiquitous in web and mobile applications. Does the fact that Facebook regularly
manipulates content eliminate the need for researchers to seek informed consent?
In this case, the authors’ IRB determined that because the researchers were
working with Facebook, the study did not fall under its purview.

Nevertheless, the study generated considerable controversy and led several
‘Ommentators to argue that it violated research ethics. The editor of the
Proceedings of the National Academy of Sciences issued a formal expression
of concern, ‘that the collection of the data by Facebook may have involved
Practices that were not fully consistent with the principles of obtaining
informed consent and allowing participants to opt out’ (Verma, 2014,
Et.il(?ng)' A primary source of ambiguity is the fact that for-profit corpor-
recef_ls are not subject to federal research ethics standards because they do not
Sive 1ve federal funding. Clearly this presents researchers using new unobtru-
. Mmethods—and, in particular, those using private archival data—with an

Mapped ethical landscape. Sparked by reactions to the study, Facebook’s
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tly called for greater attention b

an and Kanerva (2016) recen o b for.
Izrilctll'(tlizs to ethical standards for research, detailing the steps that F aceb%irﬁﬁ(
e ple illustrates, it behoves the researcher using ney Unobtrzs

taken. As this exam . .
sive methods to seek counsel and guidance from multiple perspectives, though,

fully vetting any project with respect to issues of consent and privacy,

Conclusion

Did you download this chapter from a digital repository? If so, you have ¢fi;
trace in the digital landscape—one that some enterprising researcher might
use. The world has changed dramatically in the decades since Webb ang
colleagues’ plea for researchers to complement survey and interview methods
with unobtrusive methods. Unobtrusive methods are now more accessible and
cheaper to use than they were even just 20 years ago. Using digital trace data
large-scale archival data, wearable sensors, and computer-assisted coding
researchers can gain new insights into organizational phenomena.
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