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SCALABLE MULTIDIMENSIONAL
RESPONSE MEASUREMENT USING
A MOBILE PLATFORM

Philip Resnik, Amber E. Boydstun, Rebecca A. Glazier,
and Matthew T. Pietryka

Today’s astonishing level of technological connectivity presents new opportunitics
for measuring people’s attitudes and obtaining a deeper understanding of opinion
formation, ranging from online surveys (Evans & Mathur, 2005) to textual analy-
sis of microblog postings {Lucas et al., 2015). As Maurer and Reinemann (2009)
point out, however, when it comes to responses to commuicative stimuli, not
all measurement methods are equally effective: without continuously measuring
responses over the course of 2 communication event, it is quite difficult to obtain
valid data about the causes of opinions and changes to opinions in that event.
Methods for real-time response (RTR) measurement help to make progress on
the causal question by capturing reactions and making it possible to tie them back
to moments within the stimulus, permitting inferences about which aspects of the
communication were affecting which people, and in what way.

In this chapter, we describe an approach to real-time response meastirement
using a mobile platform that permits instantaneous responses from large numbers
of participants using smartphones and other mobile devices. The technology 15 stm-
ifar in spirit to dial testing and retains its primary advantage—responses are viewer
initiated and virtually instantaneous, thereby allowing us to capture and analyze
unmediated viewer reactions as opposed to digested opinions (Brubaker & Hansorn,
2009; Fridkin, Kenney, Gershon, Shafer, & Woodall, 2007; Maurer & Reinemann,
2009; Tsfati, 2003). At the same time, our approach takes advantage of the scal-
ability and flexibility of mobile technology to offer unique benefits in tracking
real-time reactions to a live event.

In the-next section, we_discuss.the considerations that went into_our design

and describe the core elements of the technology. Then we consider the crucial
question of how accurately responses are mapped back to moments in the com-
municating stimulus, presenting empirical results on the temporal resolution of
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reactions. We turn next to two illustrative applications of our Approack;, i,
describe a qualitative case study in one of the most common domains Df‘ap
tion for RTR methods, measurement of responses to television advertiwmems&
in this case a commercial engagement studying the effectiveness of ads broadc,
during Super Bow! XIVIIin February, 2013, Second, we describe 2 Studyffccas
on another common-use case: the measurement of citizen Tesponses to Candldatt
messaging during political debates.er illustrate our approach by using it 14 Stud§
the effects of candidate messaging on attitudes during the October 3,2012 preg
dential debate between Barack Obama and Mitt Romney, including a rf:‘-"'fui.tﬁi.ﬁg
technique taking advantage of our distributed platform, which made it Bossihy,
to obtain a much larger and more representative sample than one would fin m
any single-location study. Fmally, we summarize and discuss future directiong

Design
Motivating a Mobile Platform

The technologicil epproach described here was inspired by an analysis of se¥era]
major existing methods for opinion gathering during cémmunicative evernts angd
the tradeoffs they create, with the idea of creating a “best of breed” combination
to bring together the most Important positive attributes of existing methods wigy
as few of the negatives as possible. ,

Traditional questionnaire-based surveys permit careful fine-tuning of hew
questions are asked, make it casy to collect detailed individual-level data abgng
demographics and issue preferences, and are equally easy to apply with either
balanced samples or convenience samples. However, they do not allow in-thé:
moment, unmediated responses oz the ability to relate reactions back to the Stimi=
uli that caused them (Maurer & Reinemane, 2009).

Conversely, dial tests, the most commotly used form of real-time response;
measure instantaneous, user-initated reactions, However, conventional hardware-.
based dials are expensive and limit the size of the sample that can be studied. Addi-
tionally, all dials (including more recent mobile variants) are restricted to tracking
responses on a single dimension or scale (e.g., positive vs. negative impression,
convincing vs. unconvincing, etc.). Maier and Fass (2009) suggest that this kind
of single-dimensional measurement may be a poor match for analysis of reac-
tions that arise from complex information processing, arguing that “researchers
cannot reconstruct on what basis a subject has chosen a patticular position on a
given scale” and that “y specific dial position does not tell yus very much about
the underlying judgments” (p- 18). Considerations in their discussion include the

fact_that_dials de—&eteﬂfphcrﬂ?—dlsmrgqrﬁl positive from negative impressions,

instead recording a compdosite measure that can combine both influences; that
it can be difficult to interpret reactions when two or more objects, such as can-
didates in a debate, are on screen simaltaneously; and that after 4 new judgment




Scalable Multidimensional Response Measurement 145

gl fernains in 165 position without returning to neutral, making it difficult
1 et what is happening in the pargicipant’ mind when the position of the
_ 3;2-1 pemains unchanged. Maier and Fass (2009) advocate instead for push button
: oS, which can address these concerns and provide more straightforwardly
e cvidence about when cues in the stimulus have or have not engaged
pmicipants enough to evoke 2 specific response. Our method can be viewed as a
o ar'ge_scaie instantiacion of this approach.

* As another opinjon-gathering method, analysis of social media is providing a
' new and interesting alternative to traditional measurement methods; for example,
Auring large (hared_watching events, Twitter provides a Jarge-scale, continuously
;Enning Stream of opinions expressed in everyday language, and techniques have
ficen developed to link the Twitter stream back to the event being watched (see
Roy, 2005; Fleischman & Roy, 2008). Unfortunately, social media streams pro-
ide very little by way of reliable user demographics, and social media language
JS so unconstrained and messy chat text analytics methods tend to have limited

accuracy, even for coarse-grained distinctions like positive vs. neutral vs. negative

' interpretabl

sentiment.
These considerations led us €0 the design of a mobile platform, the core of

which is a web application tailored for mobile devices such’ as smartphones,
wablets, or laptop computers. Taking a mobile approach enables high scalability
{in its current form, the platform can support on the order of 80,000 concur-
rent users during a shared viewing event, and the architecture supports further
expansion). Implementing 2 “web app” in particular ensares high accessibility,
since the same web app can run On most major platforms {iPhone, Android,
etc.), and no download or installation is required. Users enter the app simply
by tapping a link they receive via e-mail, text messige, on 2 web page, or in
social media, or by typing a URL into their device’s browser. Furthermore,
participants can be recruited using any sampling method, e.g., traditional proba-
bilistic sampling, ad hoc convenience sampling, or snowball sampling. The ability
to obtain appropriate samples is, of course, connected with the penetration and
distribution of mobile devices in the population of interest, but the prospects for
reaching individuals who use mobile technology are improving over tirme, par-
ticulasly as compared with probabilistic sampling that relies on landlines. Below,
we describe a sampling method especially well suited for recruiting from under-
graduate populations.

A mobile app also enhances external validity, since not only are people able to
respond in whatever cheir natural watching environsent might be—rather than
more artificial focus-group settings {(see Rearanathan, McGill, Phiblips, Schill, &
Kirk, 2010)—but more and more people these days are already engaging in*‘second

screen” experiences on thelr 1T of how they con-
sume media (Gighetto & Selva, 2014: Nielsen, 2014). At the same time, nothing
prevents the app from being used in more formal experimental settings where, for
example, outside distractions can be Limited or controlled.

——Y ]
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The User Experience

Having discussed deéign considerations associated with the kind of app we devel- -

oped, we now turn to the design of the user experience itself. Once having
entered the app, as described above, there are three parts to the user experience.

Entry Survey

The first component is a traditional q;.lestionnaire of any length, where the
response types can include multiple choice (with radio buttons or pulidown
menus for forced choice, or checkboxes to permit multiple answers), a horizontal
slider (with labels at extreme left, midpoint, and extreme right, producing a value
from 0 to 100), or free text response. By using the questionnaire on entry to the
app, it is possible to collect detailed information such as demographics, issue pref-
erences, and opinion baselines for studies of attitude change, as well as to provide
participants with instructions.

FIGURE 8.1 Real-Time Reactions Screen for the October 3, 2012 Presidentizl Debate.

%
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Real-Time Reactions Screen

The second part of the user experience 1s the core of the app: a “real-time reac-
tions” screen that permits user-initiated responses at any time. Figure 8.1 illustrates
the real-time reactions screen as it was configured when our approach was applied
during the October 3, 2012, presidential debate. At the top of the screen, a set of
reaction targets is provided in the form: of labeled thumbnail images. In Figure 8.1
these include the candidates as well as a target for the mederator.

Below the targets, a set of reaction types (ox reaction buttons) permits muitiple
reactions. In this example, Agree and Disagree separately capture positive and nega-
tive impressions, and the chaice of labels explicitly and continuously cues the
user to specifically evaluate the statements candidates are making. Users specify
reactions through a two-tap sequence, first tapping a target (which un-grays the
reaction buttons to make them active) and then tapping a reaction button (which
produces a very brief confirmation at the top of the screen, registers the reaction
with its timestamp, and then grays the reaction buttons back out). Figure 8.1
shows the screen between the two taps, where a user has selected Obama but not
yet tapped the reaction button.

Like the eritry survey questions, the real-time reactions are ﬂCXJblY configti-
rable. For example, during a debate between Democratic candidates in the Mary-
land gubernatorial primary in May, 2014, the Washington Post was particularly
interested in whether people watching the debate found candidates’ staternents
truthful or believed they should be fact checked, in addition to whether the
viewer supported or opposed what the candidate was saying. In a collaborative
study for that event, the reaction buttons were Truth, Fact Check!, I support, and I
appose. '

As Figure 8.1 illustrates, having multiple targets and responses makes it possible
to collect finer-grained data than the single dimension offered by conventional
dials. With regard to targets, this approach makes it possible to avoid uncertainty
about who or what is béing respondf:d to; for example, during a debate the can-
didates might be engaged in a rapid back-and-forth exchange, or a viewer might
simultaneously like what one candidate is saying while disliking the other can-
didate’s facial expression in response to it. With regard to reactions, the avail-
ability of multiple reaction types makes it possible to fine-tune the data being
gathered, for example by distinguishing whether 2 negative reaction is taking
place because a viewer opposes the candidate’s point of view or believes the can-
didate to be untruthful, without restricting the responses to one or the other. In
a single-dimensional scenario, participants might be carefully instructed only to
move the dial toward unfavorable when they hear a statemeric they oppose, not
when they think the candidate is lying. However, even if such instructions are

easily understood and followed consistently by participants, multidimensionality
makes it easier to connect with a wider range of participants’ responses, not only
enriching the collected data but also creating a more natural experience. Indeed,
as we discuss in the section on assessing advertising effectiveness, it is possible to
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include elements of multidimensional response that exist not only for the purpos
of data collection, but specifically to create a greater degree of engagement ang
naturalness. )

Although easily ovetlooked, another configurable facet of the real-time reac.
tions screen is the text above the reaction targets and reaction buttons (e.g., Selec
someone ... and react!). We have found that simple formulations of this kind permi
users to immediately begin engaging in our two-tap mode of responses, ever
with mimimal instruction. The configurability of these prompts also makes it easy
to create muitidimensional responses where the targets are facets of a communica.
tion, rather than distinct people speaking. For example, during a speech propos-
ing a new policy, the app could be configured so that the first tap (Select one o
these ...) selects among, say, Idea, Feasibility, and Presentation, and the second tap
(... and react!) captures, say, Excellent, Awful, Exciting, and Zzzzzz. Mulddimen-
sional responses on this scheme would, therefore, be able to distinguish moments
when participants found an idea exciting even though its feasibility was awful or
the presentation was putting people to sleep.

Putting the pieces together, we have found that the real-time reaction experi-
ence provides a way to create significant engagement during 2 comrnunicative
event. During the 2012 presidential debates, for example, the app was used by
WJLA-TV (the Washington, D.C. ABC affiliate} to engage viewers: the oppor-
tunity to participate was promoted on-air and digitally, and real-time charting of
results (in the style of the CINN “People Meter™) was available on the web and
used in news coverage. Without any explicit incentive to participate, this invita-
tion process for the first debate yielded 794 active participants, 233 of whom
registered a reaction ten or more times during the debate (88 reacted 50 times or
more). Moreover, users who are tesponding using our app tend to keep respond-
ing over the course of the entire event, providing measures of respondents’ atti-
tudes over a significant span of time, .

The design of the real-tume reactions screen addresses a number of the limita-
tions of dial testing discussed by Maier and Fass (2009) by providing more specific
irformation about participants’ impressions and what elements in the stimulus
are causing them. Of course, this advance is achieved at the cost of obtaining cat-
egorical rather than graded judgments. However, aggregation across a large sample
provides an alternative way to quantify the strength of response to a cue, and
recording discrete reactions——what Maier and Fass call the “reset mode™ (p. 17)—
which is a particularly good match for our interest in understanding when a cue
has engaged participants enough to evoke a response. In the context of political
commumication, the choice to measure viewers' judgments discretely, focusing
on the moments when they react on their own initiative, allows us to track not

only-the-nature-of the-response; but-also-when-they-have passed-a participam=""

specific, minimal threshold of effort to take action—even action as small as a click.
If a candidate can get a viewer to click-—analogous to other forms of minimal
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. e engagement {Shulman, 2009; White, 2010)—it may represent the first
" ngind “ladder of engagement” {Karpf, 2010, p. 16} leading to more substantive
T .

#Snap ” Surveys

A,‘ third functionality ‘?of the platform is the ability to easily create a set of one
of IMOTE SUEVEY questions and push it out to participants at any time during the
communicating event. Questions can be set up in advance, and ad hoc questions
can also be generated on the fly by the researcher in response to specific state-
qients Of unexpected Issues that emerge dynamically over the course of a live
. t:s;;f:llt- Generating and distributing an. ad hoc question takes little more time than
ming the question in, so snap surveys appear with minimal delay. The inventory
of question types (radio buttons, checkboxes, etc.) is identical to the entry survey,
and questions distract minimally from the user-initiated reactions experience on
the real-time reaction screen. When a-snap survey is initiated, a pop-up appears
on the user’s mobile device, a click brings the user to one or more questions, and
3 final “Submit” clears the snap survey and returns the user to the real-time reac-
tions experience. 3

Snap surveys complement the real-time experience by making it possible for
the researcher to generate specific prompts at any time, in addition to collecting
user-initiated responses as described above. One important use for this capability
is in looking at how responses change over time. For example, snap surveys asking
the same question can be given to participants multiple times during the event,
and then again after the event {e.g.,"If you had to vote right now, which candi-
date would you choose?™).

Alignment of Responses to Stimulus

A key issue for all RTR approaches is internal validity, which concerns “the ques-
tion [of] whether RTR. really measures what it is supposed to measure” (Maurer &
Reinemann, 2009, p. 10}. First among questions of internal validity is the reli-
able identification of what evokes participant response. Qur user interface design
creates greater confidence in internal validity by using the two-tap strategy to
include the target of a reaction as an explicit component of the response, remov-
ing uncestainty about the target, exclusive of user error. However, just as for dial
tests and other RTR approaches, alignment of reactions to the specific stimulus is
unobserved and needs to be inferred.

In order to investigate this dimension of internal validity, prior to finalizing

the dgsgn ‘of the mobile interface we piloted a prototypewviti'rﬁﬁ‘?'respﬁﬂdeﬁﬁ_—, -
Participants watched a segment of an unfamiliar debate (students in California
and Arkansas watched a 2-3 minute excerpt of a 2008 Republican primary debate
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among U.S. Senate candidates in New Jersey) and used a web-based Version
the tool to register their reactions. Using the tool’s timestarmp Informatigy, thess
reactions were mapped to short segments of the debate transcript; the o
of roughly equal length, averaged 14.6 words (95% confidence interya] 1374
15.5) lasting an average of 4.9 seconds (95% confidence interval 4.6 tg 5.2), 2
cach was typically smaller than a complete sentence. Immediately follow;ingf:thé
reaction session, each participant was shkown an editable summary of hoy, th
reactions had been automatically mapped to segments in the debate ugiy
timestamps. A user could move a reaction to the PIevious Or next segmeént
it entirely, or leave it untouched to indicate that it was correct, :
Results of this study established that 97% of the time, participants indicafy
that their responses had been synchronized correctly to the (sub-)senterice s
ment to which the user was responding. Studies comparing mouse-baséd anq
touchscreen reactions show that people using touchscreens are not Signiﬁ‘g;ands,':.;f
slower than—and are, if anything, faster—chan people using a mouse, with tespect s
to reaction times (Findlater, Frochlich, Fattal, Wobbrock, & Dastyar, 2013; Sears & ©

s

1
g the
3 dclgtg

Shneiderman, 1991). Therefore, we are confident that the mobile app cagtures

people’s reactons at a comparable temporal resolution to the web prototype.’
Particularly because the mobile app enhances the ability to include geografhi-
cally widely distribueed participants during the same event, another questior to

consider is whether the alignment of reactions to stirmulus might be affected by |

communication latency. For every reaction, the mobile app records the timestainp
when the reaction was received on the system’s server. (We experimented with

using client device timestamps but found that too many people’s device clocks afe ~

set inaccurately.) With measured averages of cellular network latency around 100 o
300 milliseconds as of 2012, and broadband much faster (Podjarny, 2012), network
transmission time is of minimal concern. More interesting, especially for a nation-
ally televised live event, is the assumption that all participants are watching the
same thing at any given moment. This ASSUMPLION tuens out not to be strictly true.
We analyzed the video for a sample of 20 local broadcasts of the October 3, 2012
debate from cities around the country, and found that, even for the same nerwork:
broadcast, there were small variations in tming among local broadcasts, on the
order of 2-3 seconds. For example, a participant watching the ABC broadcast on
KVUE in Austin, responding to a statement by Obama at 9:00:06 pm. U.S. Bastern
time October 3rd, might have been reacting to the same thing a participant watch-
ing ABC/KMGH in Denver saw at 9:00:09 prt Eastern, Differences between stan-
dard and high definition cable broadcasts can introduce delays on 2 sitnilar scale.
Our approach to this issue is to create a uniform mapping of the full dataset to
a single time-stamped reference transcript, by manually synchronizing a srnall set

-.of time.-points. For-the-October-3 debate; forexample, we marnaally aligned the

begin and end time points of 21 candidate statements at the start and end of the
debate to their corresponding waves of response to that statement {aggregating over
all reaction types). This alignment produced 1 single standard mapping between

i
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Ha qscript HMEstamps and reaction timestamps. The lengths of the speaking win-
oS correlate with the lengths of the response windows with r = 0.99, lend-
i confidence that the sets of reactions are mapping to the correct statements.
. N; netheless, in order to account for uncertainty as to which specific sentence was
'being reacted to for any given reaction, owing cither to broadcast differences or
par-ﬁdpants taking a few moments to react, we utilize five-second rolling windows
in our analyses. We are z}lso developing computational methods that use correlated
' responses almong groups of participants to automatically infer a reference mapping
Cof _geaction-worthy moments and individuals’ temporal offscts relative to that refe-

' rence, with promising preliminary results (Julien & Resnik, 2013).

.Assessing Advertising Effectiveness

- jaurer and Reinemann (2009) observe that real-time response measurement
. priginated in commercial research involving radio and TV, and also that many
secent studies are done in the context of televised political debates. Here we
briefly describe a commercial application of the app for data-driven qualitadive
analysis, and then in the next section we shift to a mote formal study in the con-
text of 2 U.S. presidential debate.

In a commercial context, few applications present a greater €CONOMIC Oppor-
tunity for real-time response technology than measurement related to advertising,
Beyond a huge market for celevision ads alone, the field of advertising is rapidly
evolving new settings in which ads.are presented (e.g., very short spats at the
beginning of YouTube videos). Moreover, particularly as digital advertising takes
on an increasing roke and connects with traditional advertising, there is increasing
L  ptessure in the industry to go beyond shallow measures, such as whether an ad was
seen or clicked through, to richer and more informative measures of behavior and
advertising effectiveness (Haile, 2014). '

The application of our approach in commercial research is illustrated by an
engagement with Frank N. Magid Associates, a large research-based strategic con-
sulting firm. Reeact Labs, a company commetcializing the technology we describe
here, worked with Magid Associates to collect data on advertising effectiveness for
the 2013 Super Bowl for qualitative analysis by their research team. Magid Associ-
ates has historically been a well-known industry source for analysis of Supet Bowl
ads, providing widely-read commentary and assessments. However, their reports
on the Super Bowl have conventionally been based on their experts’ subjective
impressions and their experience base, not on. data~driven analysis.

The Magid Associates study illustrates several aspects of our approach described
in the design section above. Most obvious are scalability and accessibility. Partici-

pants were solicited vmwwmﬁged-maccgsf_ammhng to one of Magid’s estab-

lished panels offering entry in an Amazon gift card sweepstakes as an incentive
to participate, and social media invitations to participate distributed on Facebook
nd Twitter, Without eithet significant cost for incentives (a total of $250 in gift
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FIGURE 8.2 Real-Time Reactions Screen for the 2013 Super Bow].

cards) or 2 concerted social media push, the study obtained a sample of about 400
participants distributed nationwide. Since React Labs is a web app, no download
from an app store or installation was required—users simply tapped the URL that
had been e-mailed or texted to them, on their smart device, and the app came up
in their browser.

The multidimensional configuration of the app (see Figure 8.2) made it possi-+

ble to design the survey with an emphasis on external validity. Beyond the fact that

participants were responding in their natural game-watching settings, targets fof
reactions in the app included not enly the commercials, but also the two teams and
the halftime show. This design had the effect of keeping people engaged with the

response experience throughout the entire game, as illustrated by significant bursts

of response to touchdowns, other major plays, and disputed calls by the referees.
Finally, in addition to the discrete 4-point scale for like/ dislike, rwo response

types provided additional dimensions for analysis. One, labeled T want if, enabled

the study to capture in-the-moment data not just on whether participants liked

%
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ar: ad, but whether and where they were activated with regard to an interest in the
product.This came out, for example, during a commercial for SodaStream (a con-
qumer home carbonation product). Many other industry discussions overlooked
this spot, focusing more on what the Magid analysis described as “the often silly
theatricality” of other commercials (Frank N. Magid Associates, 2013, p. 2). How-
gver, their analysis suggests the SodaStrearn spot was effective at driving consumer
~ gtivation, distinct from positive affect toward the ad: in addition to a concen-
trated activation of Likeslots responses from participants as the product was clearly
4nd simply demonstrated, an I want it peak identified a burst of favorable interest
in the product. According to the Magid Associates qualitative analysis, “no other
spot on Sunday night showed a similar density of activation scores ... Combined
with powerful visuals and evocative sound effects, they hammered homne a simple
value proposition and drove consumer response” (Frank N. Magid Associates,
2013, p. 2}

The remaining response type, labeled Blah, provides a particularly interesting
illustration of the value of multidimensional responses. It was included in this
study as a way for participants to provide an observable response indicating lack of
interest, not just because metrics from that response might prove valuable, but also
to keep people engaged with the app experience even when they found what
they were watching uninteresting. For example, ahead of the game Linceln Motor
Company had heavily teased and marketed their ad called “Steer the Script”
Nonetheless, the results showed a fair proportion of Blak responses, particularly
during the middle of the ad—which, distinct from.Dislike some or Dislike lots, sug-
gested that participants were not distiking this part of the ad so much as finding
it boring or not compelling.

The app’s “snap survey” functionality was also used during this engagement,
eliciting questionnaire responses in a targeted way by popping questions up on
their devices, and then returning participants immediately to the real-time reac-
tions interface. This function made it possible to measure brand recall at a given
interval after the conclusion of a particular commercial.

Although more a case study rather than a formal scientific study, the engage-
ment with Frank N. Magid Associates illustrates the promise of 2 methodological
approach in which a large, broad audience can be tapped for multidimensional
responses in their natural viewing settings using an easily accessible mobile plat-
form. Below, we illustrate more formal analysis using data collected in the first
2012 Presidential Debate.

Measuring Reactions During a Presidential Debate

Studying Debate Reactions ...

Debates serve a singular role in elections: they uniquely provide candidates
unmediated access to a large and diverse audience (Trent & Friedenberg, 2008),
including marginatly actentive citizens (Pfau, 2003) and undecided voters (Geer,
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1988) who use debates to learn about the candidates (Blais & Perrella, 200g
Holbrook, 1999; Lemert, 1993). In the U.S., debates are the most visible, W'jde}'3 :
watched events of a presidential campaign (Benoit, Hansen, & Verser, 2003
Schroeder 2008).

It can, however, be a challenge to measure the effect of specific candidate e,
sages on individual attitudes. Most mainstream polis collect aggregate data o'nl'&
after a debate has finished (e.g., Holbrook, 1999; Shaw, 1999), making individia].
level conclusions impossible. And mdst large-scale individual-level research oy
debates also relies on post-debate evaluations (e.g.,Abramowitz, 1978; Geer, 19588
Hillygus & Jackman, 2003; Steeper, 1978). Whether SUIVEYS are Cross-sectioig]
(e.g., Lanoue, 1992; Sigelman & Sigelman, 1984) or panel designs {e.g., Kraug'g
Smith, 1977; Tsfati, 2003), the data cannot differeritiate between the effects of
the debate itself and other influences, such as media coverage of the debas
(Brubaker & Hanson, 2009; Fridkin et al. 2007). Moreover, these studies canmot
isolate which candidate messages are influencing viewers. Recent work indicates
that researchers cannot trust survey respondents to self-report accurately evep,
whether they watched the debate (Prior, 2012).Thus, while past research has cor.-
tributed greatly to our understanding of debate effects {Bartels, 2009; Benoit et al‘
2003; Geer, 1988; Holbrook, 1999), scholars have often been reduced 1o educatad
guesswork about which specific candidate cues produce these effects,

Recruiting Participants: Colleague C. rowdsourcing

In order to rigorously test our approach, we needed a large and diverse set of
participants. We recruited them through a process of colleague crowdsoure:
mg. The term crowdsourcing was introduced in a Wired magazine article in 2006
(Howe, 20064} and the idea rapidly caught on; as Howe (2006b, sidebar) defines
it, “Crowdsourcing is the act of taking a job traditionally performed by a desig-
nated agent (usually an employee) and outsourcing it to an undefined, generally
Jarge group of people in the form of an open call” {see also Quinn & Bederson,
2011). The introduction of the crowdsourcing concept has had a dramatic effect
m industry 2nd in many fields of research, including political science, where, for
example, scholars have turned to services such s Amazon Mechanical Turk to
recruit individuals to complete surveys or code data (Grimmer & King, 2011),
yielding larger and more granular datasets than previously possible.

Our approach to recruiting participants was to recruit instructors, whoe would
themselves recruit students to our study. This approach created the need for a
chain of incentives: we encouraged instructors to promote the app to their stu-
dents and, if willing, offer students extra credit for participating in our study.

S e A—ENER; We-Created—arinstroctor package designed to help them incorporate

watching the debates and using the app into their course materials, The instructor
package included PowerPoint slides and lecture notes for a lecture on presidential
debates, questions to generate class discussion, pointers to additional resources and

5»2
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- pelevant literature, and alternative assignments. Additionally, participating instructors
" saceived the list of students who had earned the extra credit, and, within 12 hours

. 4fter each debate, presentation-ready slides with preliminary results and analysis.
(All of our imaterials are available at http://reactlabseducate. wordpress.com/ .} The
pationwide recruiting of instrictors was done via e-mail contact with colleagues,
#itations distributed on relevant mailing lists, and outreach to relevant political
science blogs (e.g., The Monkey Cage, Active Learning in Political Science), which
?mvided coverage 6f the app and our recruitment efforts. While neither broad-
scale recruitment nor gaining access to student respondents through instructors
are new ideas (for example, see Carlin & McKinney, 1994), to our knowledge
our study is somewhat unique in the large scope of our data collection effort and
the external validity provided by allowing respondents to participate it a natural
environment.

Recruiting Outcomes and Properties of the Sample

Student participants represented all 50 states, the District of Columbia, and Puerto
Rico, as- well as participants in Canada, Prance, England, Ircland, the Netherlands,
and Kuwait. In total, 263 instructors registered at least one course to participate in
at least one debate, totaling 361 courses and more than 13,000 potential student
respondents. Actoss the 3 presidential debates and the vice presidential debate,
we received 8,006 participants (some of whom participated in more than one
debate; nearly 5,000 unique individuals participated at least once). Participation
peaked with the first presidential debate, with 3,340 participants. {(Most students
participated for some form of credit, with names and course IDs, collected in the
post-debate survey, providing reasonable confidence in patticipant identitics. In
more general settings the app can supporta login mechanism.)

In termns of demographics, the colleague crowdsourcing succeeded in recruit-
ing a set of students with the diversity required to test hypotheses on the basis
of individual-level, real-time observations. As Table 8.1 shows, the diversity of
the students who participated is comparable to the national population means in
terms of gender, income, race, party identification, and religion, though dearly
not in age as our recruitment efforts were targeted at college undergraduates.
Although this undergraduate sample seill has a host of generalizability issues, the
data represent 4 leap forward for sample quality, with a level of diversity that would
be difficult to achieve in localized or regional samples of the same population.
Moreover, the large multi-campus sample provided significantly more variation
across a range of variables, allowing for unbiased estimates of heterogeneous treat-
ment effects (Druckman & Kam, 2011). Table 8.2 shows the number of students

who took part in the debate study by partisanship-and race/ethnicity. The-table
shows that the Jarge total number of respondents provided a significant number
of responses in all cells—even for rare combinations such as African American

conservatives.



TABLE 8.1 Study Demographics Compared to National

Demographics
App National
N % %
Gender?
Women T 378 48 51
Men . 4,099 52 49
Family Income®
<$25K 1,232 16 18
$25K~$49,999 1,236 16 24
$50K-$74,999 1,397 18 19
$75K~$99,999 1,140 14 14
>=$100K 2,868 36 26
Race® '
African American 694 9 13
Asian 679 9 5
Hispanic 1,054 13 17
Other 418 5 2
White/Caucasian 5,120 64 63
Party sk -
Democratic (includes leaners) 4,215 -54 50
Independent 1,235 16 11
Republican (includes leaners) 2,396 31 39
Religion®
Christian 4,737 &0 76
Jewish 381 5 1
$ © Muslim 157 -2 <1
' Atheist or agnostic 2,069 26 15
Other 616 8 8
Aged
1824 6,830 85 13
25-29 448 6 9
i 30-39 366 5 17
- 40-49 183 2 18
L >=50 179 2 43

Noies: App estimates include all 8,006 participants across the 4 debares,
including those who participated in more than 1 debate. The numbers do
not total 8,006 on any given demographic item due to NON-TeSponse on
that item.

* Maticnal estimates are from the 1U.S. Census.

b National estimates aze from the Pew Research Center for the People,
October 2012, accessed January 23,2013, from the iPOLL Databank, The
Reoper Center for Public Opinion Research, University of Connectcut,

— e Amilableat-http:AlwwwrepercemeruconmmedmAdat sy ipall7ipoll Beml

¢ National estimates are from the 2008 American Reeligious Identification
Survey.

¢ National estimates are from the 2012 American Community Survey Ome-
“Year Estimates.
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TABLE 8.2 Participant Frequencies by Ideology and Race/Ethnicity
-l"—.d-—i

Asian Africant Hispanic ~ Caucasian Other Total

Armerican
Liberal 348 368 468 2,080 201 3,465
Moderate 249 262 425 1,390 152 2,482
Copservative 79 60 149 1,606 62 1,956
Total 676 , 690 1,046 5,076 415 7,903

Nites: Ideclogy and race were measured in the pre-debate survey. Ideology was measured with 2
100-poine sliding scale ranging from O (extremely liberal) to 100 (extremely conservative). In the
mble, participants scoring between 0 and 39 on this scale are classified as liberal, berween 40 and 60
»s moderate, and berween 61 and 100 as conservative.

Analyzing the First Obama/Romney Presidential Debate,
October 3, 2012

The adoption of this technology by cellege instructors around the country meant
the stadent debate—watching experience changed for many students, Students are
sometimes refuctant to engage politically, but the salience and scale of presidential
debates present a key opportunity to encourage political engagement. Political
engagement, in turn, is correlated with heightened political knowledge and civic
skills, especially among those with lower initial levels of political interest (Beaumont,
Colby, Ehrlich, & Torney-Purta, 2006}, and can have a positive impact on students’
future political engagement and voter turnout {Hillygus, 2005}.

In addition to the potential democratic benefits our technology might offer, it
provides scholars of presidential debates with data at a Jevel of detail not seen before.
What might these data be able to tell us? We illustrate by examining a research
area that has long interested scholars of political communication: the develop-
ment and control of political agendas. Agenda building (or agenda setting) is the
process by which policy problems become topics of political discussion (Erbring,
Goldenberg, & Miller, 1980; McCombs & Shaw, 1972}, With finite agenda space,
topics get attention at the necessary expense of other topics, meaning candidates
can use the ability to define “what politics 1s about” (Schattschneider, 1960) as 2
powerful tool for building coalitions and gaining votes (e.g., Banmgartner & Jones,
2009; Jones & Baumgartner, 2005; Kingdon, 1995; McCombs & Shaw, 1972).

Prior research emphasizes a critical three-part question, what Iyengar and
Valentino (2000) call “the dlassic shorthand of message learning theory—who says
what to whom?” (p. 110). This mantra reminds us that we must attend to the entirety
of a candidate’s message: messenger, message, and andience Within the debate litera-
ture, however, data Limitations have precluded answering questions about how mes-

sage sources and specific message cues influence viewers generally,orhow-responses
might differ across viewers. As demonstrated below, our methodological approach
allows us to ilustrate how variation in each element—messenger, message, and
audience—contributed to viewer responses in the first presidential debate of 2012.
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Dafa and Methods

Participants used the app to complete a detailed pre-debate survey, including stas,
dard demographic and attitudinal questions and questions about issue prioritie;
In order to obtain real-time response data relevant to our questions, the real-ting;
reactions screen of the app was conﬁgured as shown in Figure 8.1. Other than ¢l
instructions on the screen itself (¢ ‘Select someone ... and React!’ "), participahf
were given no explicit instruction on the interpretation of these labels. Althoug}
such instruction could easily be included in a pre-debate survey, our AsSUINpLGE
was that the common, everyday understanding of these terms would be suffi.
ciendly clear to elicit coherent responses, and we did not wish to interfere witl
participants’ naturally occurring thought processes or increase cognitive load by
tequiring that instructions be referred.to or remembered.

Resuits

To identify candidate messages, we performed a manual content analysis of thie
debate transcript. The supplementary material for Boydstun, Glazier, Pietryka, &
Resnik (2014), available online at http://poq.oxfordjournals.org/, contains our
complete codebook. We divided the transcript into quasi sentences (re,, sepa=
rate clauses; see Boydstun, Glazier, & Pietryka 2013), which were manually time-
stamped. Fach quasi-sentence was coded for the candidate speaking and the
primary topic (using the Policy Agendas Topics codebook, Baumgartner and Jones,
2006, available at www.policyagendas.org). Intercoder reliability was strong: based
on a randomly sarnpled 75 quasi-sentences, coders registered 94.6% agreement
(Cohen’s kappa = 0.924).

Combining our time-stamped, coded transcript data and our dataset of par-
tictpants’ real-time reactions and individual-level variables enables us to investi-
gate questions that have previously not been addressed through systematic data
analysis. We structure our discussion around the concept of net positive engagement,
which we define operationally as the average number of Agree clicks minas Dis-
agree clicks per viewer targeted at a given candidate in the five seconds following
that candidate’s discussion of a given topic.

For our analyses of the effects of candidate cues on viewer engagement, we
include any five-second rolling window in which the candidate discussed the
topic. The unit of analysis is the participant-second. Since our study had 3,340
participants, and the debate lasted 5,443 seconds, our dataset contains a total of
18,179,620 observations (3,340 participants X 5,443 seconds), noting that absence
of a reaction is also an observation in our statistical analysis. In order to prevent

our standard errors, we drop 5,205,421 participant-second observations where no
clicks had yet registered or where no additional clicks would be registered for that
participant, leaving us with just under thirteen million observations.

participants who Jogged into the app late and/or left early biasing downward
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Jssues and Net Positive Engagement

We focus here on the central discussions of the economy, healthcare, and for-
eigh affairs from the firsc 2012 general debate. OQur economy and foreign affairs
categories each contain three Policy Agendas topics. From a citizen’s point of
view, macroeconomics, jobs, and banking discusstons are ali central to the most
pressing question of the first 2012 general debate: the economy: Likewise, discus-
sions of defense, fopeign trade, and intermational affairs all shift viewers’ focus
from domestic to foreign affairs. We find that some messages were uniformly
more resonant with viewers than others, even given varlation in messenger and
audience. Figure 8.3 displays net positive engagement (Agree clicks minus Disagree
clicks) with each candidate by response topic. This figure shows that both candi-
dates fared best among their base supporters and independents when discussing
foreign affairs, although discussing foreign affairs also yielded the worst net results
for Obama among Republicans. '

One prescriptive interpretation of these results could be that to maximize net
positive engagement with independents and their respective bases, both candi-
dates should have emphasized foreign affairs. Yet, Obama’s discussion of foreign
affairs may have worked in Rommey’s favor, as foreign affairs was the only topic
where Romney surpassed Obama in terms of net positive engagement among
independents. Thus, from a heresthetics perspective (Riker, 1996), Romney was
advantaged by shifting the agenda toward foreign affairs (though the difference
is pot statistically significant according to a Welch modified two-sample i—test),
whereas Obama held the relative advantage on ecoenomic, health, and other topics
{all three differences are statistically significant at p < 05, two-tail). Some of the
prior research on debate responses aggregates reactions across the entire debate
and therefore may not differentiate between audience responses to, $ay, foreign
affairs vs. healthcare messages. Our data can show such fine distinctions, and our
findings here reveal a tension between a candidate’s pursuit of absalise net posi-
tive engagement and his desire to keep the agenda away from topics where the

opponent has a relative advantage.
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FIGURE 8.3 Net Positive Engegement with Each Candidate by Response Topic.
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Audience Priority

Our fine-grained data alkso allow us to examine how audience charaCté
tics beyond partisanship infiuence reactions. For example, viewers may réspo
differently to economic Iessages based on hgw strongly they prioritize gy
economy (Holbrook, Bereat, Krosnick, Visser, & Boninger, 2005; Iyengar; Hahy
Krosnick, & Walker, 2008). Examining only candidate statements in respanse
moderator questions about the economy, we model viewers’ responses as 4 fung
tion of candidate agenda building. The results are presented inTable 8.3. chué_ﬁl
on economic questions in this way allows us to hold constant the content of th
moderator’s prompt and, thus, to better identify how viewers react to candidare
discussion of economic topics, relative to their use of other topics that a_re-pg{é'n
tially less relevant to the question at hand. o

TABLE 8.3 Pooled Cross-Sectional Time Serics Logistic Regressions of Audience
Reeactions on Candidate Agenda-Building Behaviors and Audience Characteristics

Obt;ma : Roniney
Agree . Disagree Agree Disagree
n = 1739564 n=1739564 n=1815663 »= 1815663
Party ID
Independent -— — — :
Democrat 0.72 ) -2.03 —-1.12 1.45°
{(0.077) {0.176) (0.092) (G107
Republican -1.35 173 1.60 -2,10
(0.090) {0.164) {0.099) (0.138)
Economics Priority 0.00 0.01 0.00 —0.0%
(0.002) {0.004) (0.002) (0.002)
Economics Topic -0.05 —0.01 —0.05 —(0.13.
L0 B0
ees T
_ dopsy
Intercept —4.07 —4.99
(0.174) (0.417) {0.206) {0.232)
Var(Intercept) 0.78 1.86 1.08 1.27
{0.035) (0.058) {0.037) {0.042}
Su 1.48 2.54 1.71 1.89 :
{0026} (0.074) {0.032) 0039 -1
P 0.40 0.66 0.47 052
(0.008) (0.013) {0.009) {0.010)
‘AIC 450125 102489.8 365746.8 252560.3
Note: Ccé‘l entries are model estimates {standard errors in parentheses).
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;e model ip Table 8.3 is 2 pooled cross-sectional time series logit, in which the
j of analysis is participant_seconds. The response variables (Agree, Disagree)
yal one if a participant registered that response over the previous five-second
;;n, zero otherwise, and are restricted to moments following statements by the
sl candidate. Onr first key explanatory variable is the priority the viewer
sched to the economy. The pre-debate survey asked participants to prioritize
e econiomy using a continuous shider ranging irom “Not Important” to “Very
lpqrpant,” mapped to a value between 0 and 1. We also interact this viewer eco-
smic priority value with the count of seconds that the focal candidate discussed
| economic topic in the preceding Gve-second span.As a candidate spends more
e on economlic topics, and therefore less ime discussing others, these count
riables increase. Thus, the interaction term tests whether viewers reactions to
sonomy-oriented messages were conditioned by the viewers' own: £CONOIIC
rioritization.

Demonstrating the importance of individuals’ issue priotities, the agreement
Lodels show positive, statisticatly significant coefficients associated with the inter-
~tion between viewers’ economic priority and the candidate’ discussion of the
conomy: people’s tendency to click Agree in response o0 economic discussion
creased with their economic prioritization. In contrast, for Obama’s disagree-
sent model, the coefficient associated with the interaction is smali and statistically
pdistinguishable from zero, suggesting that his economic discussion may have
Fectively drawn issue publics (Converse, 1964) into the debate, producing agree-
nent without necessitating disagreement. On the other hand, a significant inter-
ction in Romney’s disagreement model shows that the greater the priority viewers
slaced on the econorny, the morc likely they were to disagree with Romney’s
esponses about the economy. This finding may suggest VIGWers attuned to the
sconomy were more likely to react negatvely to Romney’s comments in the
—ontext of the mixed economic climate (Vavreck, 2009) or his personal wealth
‘Adams, 2012). Further analysis is, of course, needed to adjudicate between these

competing explanations. Our analysis illustrates our methodology’s potential to
yield detailed insight into specific audience reactions, such as how viewers’ eco-
nomic prioritization conditions receptiveness to economic discussion.

Spinning and Dodging

As 2 final illustration. of the method, we briefly consider Spin and Dodge responses
during the second presidential debate of 2012. The notion of “spin” 1s closely
related to the concept of 1ssue framing—emphasizing ot de-emphasizing aspects of

complex issues in order to connect with existing cogpitive schemas {Scheufele &

Tewksbury, zOO?Wmdﬁda—Hc;cﬂpﬁMulaﬁon.
“Dodging”—avoiding a question one would rather not answer by answering a
different question—can also lead to negative perceptions when it is recognized,
though it often goes undetected (Rogers & Norton, 2011).
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Figure 8.4 illustrates the kind of data collected by our approach. The spil
near 2:10 pertains to Obama’s response to a guestion about Benghazi: “Who w
it that denied enhanced security and why?” Partway through his answer, Oban
criticized Romney:“While we were still dealing with our diplomats being threa
ened, Governor Romney put out a press release, trying to make political poin
and that’s not how a commander in chief operates” Many participants appeared
interpret this response as dodging the question. Romney provoked a simnilar set «
reactions when answering a question dbout gun control by shifting to a discussio
of schocls and the importance of two-parent families.

However, simultaneously collecting multiple kinds of response makes it pos
sible to consider audience reactions in more depth. When the candidates wer
asked how they differentiate themselves from President Bush and his policies, th
Spin peak for Obama began to rise at the start of his response, “Well, first of al
[ think it’s important to tel you that we did come in during some tough times ..
we had been digging our way out of policies that were misplaced and focuse:
on the top doing very well and middle class folks not doing well " A Dodge spik
was seen here, as well (unlabeled, around 1:50 in Figure 8.4), particularly as hi
response shifted toward including criticism of Roomney, The fact that his answe
did include explicit comparison with the previous administration {(*“We've brough
twice as many cases against unfair trading practices than the previous administra.
tion”), together with the Spin responses, suggests that some participant reaction
were less about whether Obama’s response was avoiding the question, and more
about spinning the answer to cast doubt on Romney and place himself in 2 favor-
able light. As Boydstun, Glazier, and Pietryka (2013) observe, failing to responc
directly to the question during a debate can have strategic advantages, but can alsc
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Romney Dodge Answerir_ng question
about | ibya attack Answering question
800 about gun control
@
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FIGURE 8.4 Counts of Dodge Reactions During the October 16, 2012 Presidential
Debate,
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incur a cost to the candidate. Collecting real-time, multidimensional data opens
the door to finer-grained analysis of candidates’ strategic choices and their effects.

conclusion

We have described an approach to real-time response measurement based on a
mobile app that enaPles collection of real-time data from a large, diverse popula-
fion reacting at their own initiative in 2 natural environment. The platform cap-
fures the instantaneous antd user-initiated aspects of dial testing, while at the same
fime incorporating a multdimensional push button design {Maier & Faas, 2009}
to interpret what is being reacted to and why.

Many extensions to our approach are possible. One restriction of the app as we
have described it is that it is lirnited to sets of participants watching the same event
at the same tirme, since GInestamps are used to align reactions to the stimulus. We
are currently developing a version of the app that overcomes this limitation and
permits the app to be used anywhere, any time, as Jong as the audio of the stimulus
is available, Similar to the popular Shazam app (Wang, 2006), which “listens” to a
snippet of music and then identifies what song it is via lookup in a song database,

" this adapted version. of the app uses audio input to keep track of what part of the
communicative stimulus the participant is watching at any given moment. This
advance removes the lirnitagon to shared-watching events and makes it possible
to collect real-time reactions on an individual-by-individual basfs.

A second extension we plan to explore is the connection of real-time responses
with the social media stream generated during an event (e.g., on Twitter). Qur
data and Twitter data are in many respects complementary, since the Twitter stream
contains vast quantities of difficult-to-interpret, unprompted language data, and
our strearn is relatively smaller but contains highly interpretable data points from
individuals with known attributes (identifiable via sampling, in the entry survey, -
or both). Well-known computational methods (Wang et al., 2013) should make
it possible to align time series based on Twitter responses, which take place with
greater and higher-variance delays relative to the stimulus, with real-time reac-
tions from our app, which are more tightly coupled to the stimulus, Text analysis
techniques (for example, Blei, Ng, & Jordan, 2003) are then well positdoned to
identify the concepts and themes in the Twitter stream associated with peaks of
response in our reactions data. This strategy iltustrates the more general potential
of a highly scalable approach to real time responses to bring together theoretical
considerations, technical methods, and a rich range of data sources in order to
ptoduce not only meastirements but causal insights.
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