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Abstract
Despite the widespread use of telephone surveys, the audio from these surveys has yet to be
used for social science research. The same can be said for in-person and online interviews in
which answers are often recorded, but no methodology has been developed to assess the way
those answers are delivered. In this study, we develop the first automatic emotional speech
recognition (AESR) system which can effectively identify the emotional intensity associated
with responses obtained from in-person, online and telephone interviews. Using our system
and the audio and video from three surveys, we find our multimodal measure of intensity is
a statistically significant predictor of vote choice even when additional controls are included.
Ultimately, our study dramatically expands the scope of survey research and gives researchers
the tools necessary to better use the audio and video from survey responses to answer political
questions, laying an important foundation for future research.

Introduction
The image of two individuals sitting silently next to one another, texting rather than talking, has
gained iconic status. In a relatively short span of time, exchanges that take place via the written
word have come to characterize much of interpersonal communication. People send one another
texts and emails, and they post comments on platforms such as Twitter, Instagram, and Facebook.
Although this increase in brief written communication brings undeniable efficiency, we all also
recognize, whether implicitly or explicitly, that something is lost when we move from talking to
texting. Readers of Twitter and Facebook posts often fail to capture the intended meanings of
those messages because the written words alone do not convey the writer’s underlying state of
sarcasm, anger, or elation. Nonverbal expressions, like a change in the tone of a voice or eyes
gazing downward when something is said, often signal the communicator’s emotions in a manner
the written word, even with the slap-dash aid of emojis, rarely can match.
The absence of the spoken word or simply observing how someone acts when they speak may
deny us insights regarding a person’s emotional state, but the reality is that social scientists interested in the political significance of emotion rarely have capitalized on the richness of nonverbal
expressions in their research. We may want citizens to “sound off” so that their “opinions are
heard,” but we most often measure emotions through text – text that inherently implicates cognitive processes, and omits any meaning communicated through vocal tone or facial expressions.
Survey respondents are asked to ponder, recall, and report what emotions they have experienced,
a measurement strategy that produces data in which representations of respondents’ emotions are
mediated by those same respondents’ cognitions. People’s feelings of happiness, fear, or annoyance then are reduced to a few self-reported numbers on five- or seven-point scales which often
fail to capture emotions that occur prior to conscious awareness (McDermott 2007) and can be
sometimes compromised by other factors, like one’s partisanship (Lodge and Taber 2013) and social desirability bias (Soubelet and Salthouse 2011). However, this is how emotions are typically
measured in survey research, and how they necessarily are measured on internet surveys – surveys
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on which no one speaks, and no one listens.
The alternate scenario we envision, and that we seek to explore in the present paper, is that
survey respondents’ politically-significant emotional states can be measured validly, efficiently,
and unobtrusively through analysis of those respondents’ spoken words. In this study, we use
as our raw material audio and video recordings from in-person, telephone and online surveys.
In each, respondents are asked to explain what they like and dislike about various presidential
candidates, but, unlike previous efforts, we actually listen to and watch the way those words are
spoken. This underscores our central methodological contribution – an automatic emotional speech
recognition protocol (AESR) which can be more generally employed to analyze audio and video
recordings of in-person, telephone and online survey interviews. We then employ this technology
to understand how affective polarization influences word choice and subsequent voting decisions
through a process called “spreading activation” (Anderson 1983). The convergence of multiple
factors related to political and psychological theories of emotion, technological innovations in
speech science, and salient features of the contemporary political arena make such an inquiry
particularly salient.

The Physiology of Emotion
In research on politics and emotions, information on several aspects of emotional response may be
enlightening. First, and most fundamentally, it would be useful to be able to distinguish between
an individual’s neutral states and states of emotional activation, something previous scholars have
shown is often indicative of underlying political opinions (Marcus, Neuman and MacKuen 2000)
and predictive of behavior (Dietrich, Hayes and O’Brien 2019). Second, emotional responses
should be subject to some basic form of categorization, like a response’s positive or negative valence. Third, information about the temporal aspects of emotional expressions is needed if the
analyst is to differentiate among a fleeting response, an enduring state (i.e., a mood) and a chronic
disposition (i.e., a trait). Fourth, if possible, it would be beneficial to identify the specific emotions
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activated under various circumstances and in response to various prompts. It is our contention that
all of these ends can be achieved with a focus on the physiology of emotion, and particularly the
nonverbal expression of emotion as measured by AESR.
The plausibility of AESR in research on political behavior hinges on whether voice and face
signals provide valid and reliable information about emotions and whether means can be devised
to enable the systematic measurement of that information. To understand why they do requires that
we step back and consider the bases of emotional response. Our perspective emphasizes the role of
biology, and especially the thesis that evolutionary forces have given rise to emotional responses
that are purposive. This view draws on the foundation established by leading contemporary scholars on politics and emotion, and especially the work of George Marcus and his colleagues (e.g.,
Marcus, Neuman and MacKuen 2000; Neuman et al. 2007). The Marcus et al. theory of affective
intelligence holds that multiple systems of emotion function to direct or manage learning, and to
control attention, such as in response to threat. We add one critical point to this view, which is that
the motor expression of emotion – i.e., communication via facial expressions, voice, and gestures
– also is of adaptive benefit. Indeed, the significance of communication of emotions via facial
expressions (e.g., Stewart, Waller and Schubert 2009), vocal expressions (e.g., Scherer 2003), and
a combination of both (e.g., Owren and Bachorowski 2007) has been studied extensively outside
of political science, but has received less attention within the discipline.
Research in neuroscience establishes that the activation of emotion systems is preconscious
(for review, see Posner, Russell and Peterson 2005). Indeed, it is precisely because of preconscious
response that emotions serve to control attention. This leads to two practical questions. First, given
the neurological basis of emotional response, are there alternate physiological measures that might
be preferable to AESR for applied research on political behavior? Second, to what extent, if any, is
motor expression of emotion the involuntary consequence of antecedent neurological/physiological
processes?
Aspects of social and political judgment, often with focus on emotion, have been studied in
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recent years using standard techniques in neuroscience (for review, see Spezio and Adolphs 2007).
These include measures of brain function such as functional Magnetic Resonance Imaging (e.g.,
Greene et al. 2001), Event-Related Potentials (e.g., Amodio et al. 2007), and even variants of the
lesion method (e.g., Knoch et al. 2006). Also, several recent studies have examined emotions and
politics via physiological measures of blink amplitude and skin conductance (e.g., Smith et al.
2011; Hibbing, Smith and Alford 2014; Fournier, Soroka and Nir 2020; Oxley et al. 2008). We see
value in these approaches, but we also view AESR as an important complement. A focus on vocal
and facial expression of emotions potentially offers an unobtrusive and efficient means to measure
a socially-discernible manifestation of emotional response and to do so in a manner that does not
require in-person contact with the survey respondent. These features–that it is unobtrusive, efficient, and that it centers on observable motor expression–make AESR a highly–desirable addition
to survey-based data acquisition.
From the perspective of the survey respondent, AESR is invisible, and thus fully unobtrusive.
This contrasts starkly with the techniques noted above. With fMRI, the respondent is instructed to
remain extremely still, and is posed questions while encased in a confined horizontal space, and
while subjected to the deafening roar of the machine’s magnet. ERPs are measured with electrodes
placed at multiple locations on the respondent’s scalp, and the respondent is required to minimize
blinking during the procedure. The traditional lesion method and its newer variants require either
the availability of patients who have suffered actual damage to a particular brain area or the local disruption of brain function. Blink amplitude is measured with electrodes placed just below a
person’s eyes, and skin conductance is measured with sensors attached to the respondent’s fingers.
These techniques all instill a high level of artificiality to the data acquisition process. Further,
because all of these procedures except for the traditional lesion method make use of specialized
equipment, their application requires that the respondent be brought to a laboratory. Data acquisition is costly and inefficient, making these approaches infeasible at present for large N studies
such as telephone surveys and difficult for studies that require respondents from outside of the
researcher’s locale.
4

Measures of skin conductance and blink amplitude capture physiological responses over which
the individual has little or no control. But is the same true of motor expression? To some extent,
people do regulate their facial expressions, voices and gestures. Nonetheless, the emotional cues
transmitted through motor expression–and measured with techniques such as AESR and facial
recognition applications–emerge primarily as the consequence of physiological changes that are
beyond the individual’s control, and often beyond the person’s awareness. Russell (2003) equates
this process to one’s body temperature. Even though your body temperature is always present and
you can note it whenever you want, only extreme changes become noticeable. However, regardless
of the magnitude, changes exist prior to the conscious salience of words such as “hot” or “cold.”
Russell (2003) argues emotions work in a similar way and can affect behavior prior to conscious
awareness by changing the way we process new and existing information.
Darwin (1872) first noted that vocal cues and facial expressions signal the activation of particular emotions. Darwin’s focus was on the adaptive roles of these somatic changes. For instance, vocal outbursts reflective of fear tend to be loud, enabling such expressions to serve a
socially-beneficial warning function. Initially gaining prominence in the 1930s (see Fairbanks
and Pronovost 1939), research on emotional non-verbal cues, like changes in vocal intonations,
has made tremendous progress since then both in specifying how emotions trigger physiological
changes that ultimately influence nonverbal features and in identifying the specific prosodic qualities associated with various emotional responses. On the first of these points, the process by which
emotions influence nonverbal expressions is best exemplified by considering the human voice.
Johnstone and Scherer (2000, 222) summarize current understanding:

(E)motions are accompanied by various adaptive responses in the autonomic and somatic nervous systems. These responses will lead to changes in the functioning of
parts of the speech production system, such as respiration, vocal fold vibration, and
articulation. For example, with a highly aroused emotion such as rage, increased tension in the laryngeal musculature coupled with raised subglottal pressure will provoke
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a change in the production of sound at the glottis, and hence a change in voice quality.

Across scores of studies, convergent evidence has accumulated regarding the patterns in vocal
expression associated with both the general activation of emotions and the presence of specific
emotional responses. Although dozens of discrete emotions have been examined, the literature is
most clear on the prosodic markers that differentiate neutral states from states of emotional activation, and on the vocal characteristics associated with a handful of basic, archetypal emotions.
Given the consistent use of vocal pitch as a measure of emotional arousal in the psychology and
computational linguistics literature, it has been used the most in the social sciences. For example,
drawing from earlier work in social psychology (e.g., Tigue et al. 2012) Klofstad and co-authors
(e.g., Klofstad and Anderson 2018; Klofstad 2016) have demonstrated pitch changes can influence
vote choices. Similarly, using large-N studies of elite speech, Dietrich and co-authors (e.g., Dietrich, Hayes and O’Brien 2019; Dietrich, Enos and Sen 2019; Dietrich and Juelich 2018) have used
vocal pitch as a measure of emotional activation or intensity.
Similar relationships have been found for facial expressions. Due to biological and social
pressures (Susskind et al. 2008), facial expressions comprise specific movements (Jack et al. 2012)
in a signaling/decoding effort (Schyns, Petro and Smith 2009). Although facial expressions have
been linked to specific emotional states (Scherer and Grandjean 2008), considerable evidence has
also been found relating facial expressions to emotional activation (e.g., Sato and Yoshikawa 2007).
For example, several studies have measured the intensity of emotional expressions using facial
features (e.g., Adolph and Alpers 2010). The most notable of this work is on the various types of
smiles that people use to convey their underlying emotional states (e.g., Ambadar, Cohn and Reed
2009). In political science, this latter work has made an appearance in the presidential studies
literature (e.g., Stewart and Ford Dowe 2013). Here, scholars have found that voters are not only
keenly aware of subtle changes in facial expressions, but those changes can also influence their
evaluations (e.g., Stewart, Waller and Schubert 2009).
Noticeably lacking from this literature is a multimodal approach that combines text, audio
6

and image data to classify emotional expressions. We seek to rectify this in the following pages.
More specifically, our two-part objective is to (1) develop and implement an AESR procedure
that automatically combines these related data streams into a common classifier which can be
implemented during mass opinion surveys, regardless of modality. We then (2) demonstrate the
utility of our approach through a familiar application, affective polarization and the presidential
vote choice. We now turn to the description of procedures we employed, the data we acquired, and
the technology developed for the present study.

Data
Data were collected from in-person, telephone and online interviews. Our in-person interviews
used a convenience sample of 252 respondents from a mid-sized county in Kentucky and were conducted on the campus of a regional university between 11/11/2012 and 11/15/2012. Respondents
were recruited through advertisements both on campus (for these, university staff were specifically
targeted; see Kam et al. 2007) and in the local community. We recorded the interviews using digital recorders and Plantronics Supra Binaural headsets which exceed our minimum audio quality
requirements.
Two telephone interviews were also conducted, the first of which roughly co-occurred with
the 2012 in-person interviews. That phone survey was conducted by a call center on the same
campus as the in-person interviews and consisted of 234 respondents. All phone numbers were
drawn from the aforementioned Kentucky county, and were randomly dialed. The phone interviews began on 11/11/2012 and ended on 11/30/2012. These phone interviews were recorded on
computers equipped with the DLI Personal Logger system, which feeds audio signals directly to
the computer’s sound card.
Our second telephone survey was conducted by a call center at a large public university between
10/28/2019 and 11/10/2019. All phone numbers where drawn from a mid-sized Iowa county and

7

were randomly dialed. The purpose of the phone interview was to gauge sentiment towards the
2020 Iowa caucuses, so Democrats were over-sampled. A portion of the sample was then randomly
assigned to have their interviews recorded using computers equipped with a Computer Assisted
Telephone Interviewing (CATI) system. In total, this sample yielded 183 respondents for whom
audio recordings could be obtained.
Lastly, video data were obtained from a nationally-representative online survey conducted
by Qualtrics surrounding the 2020 Presidential election. The first response was recorded on
10/26/2020 and the last was recorded on 11/24/2020. All responses were obtained using a custom Qualtrics plugin written (in Java) for the purposes of this study, an example of which is shown
in Figure 1. Here, respondents were asked to record themselves answering open-ended questions
about the main presidential candidates. In total, this sample yielded 332 respondents for whom
video recordings could be obtained.1

Automatic Emotional Speech Recognition
The AESR system has four main steps: speaker diarization, labeling training data, data augmentation, and fitting a multiple input neural network, each of which is described below. We apply this
system to all candidate like/dislike statements as an initial proof of concept and to better understand the relationship between affective polarization and vote choice, something we discuss in the
next section.
1

This study received Institutional Review Board (IRB) approval from three institutions and
follows the American Political Science Association (APSA) Council’s “Principles of Guidance for
Human Subjects Research.” Informed consent was obtained for all participants. As explained in
the Supplemental Information, numerous precautions were also taken to protect the identities of
all participants, like destroying all audio and video recordings upon publication.
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Figure 1: Example of Qualtrics Plug-in

Speaker Diarization
Speaker diarization involves partitioning an input audio stream into homogenous segments corresponding to a speaker’s identity (Knox and Lucas 2021). In this study, segmenting the speakers
was only necessary for the telephone surveys. There, timestamps were provided for the start of the
question and the end of the response, meaning the interviewer and interviewee needed to be separated before analysis could begin. For the in-person interviews, segmentation was done manually
using Audacity (http://audacityteam.org/). For the online survey, respondents recorded
themselves, so only one speaker was present in each file.
For this study, we used a modified version of the “call home” model developed by Snyder
et al. (2018) which was trained using phone conversations between two people. Prior to fitting the
model, a pre-trained support vector machine was used to identify voiced samples (Giannakopoulos
2015). Text was then extracted from the voiced samples using Google’s Cloud Speech-to-Text API
(for review, see Ziman et al. 2018). Any voiced samples in which the API either (1) did not return
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any text or (2) the text that was returned was a one word answer (e.g., “Yes” or “No”), are too short
to train the model in Kaldi (Povey et al. 2011). We validated our approach using a random sample
of 50 like/dislike statements which yielded 114 audio segments that were voiced and more than a
1-word answer. We correctly separated the interviewer from the respondent in 100 of those audio
segments, meaning our algorithm returned an accurate speaker label 87.72 percent of the time. For
the analyses below, we combined the segments in which our algorithm identified the respondent as
the speaker into a single audio file, yielding one audio file for each like/dislike statement.

Labeling Training Data
Given the relationship between nonverbal expressions and emotional activation, we asked undergraduate coders to label the “intensity” of the response. Not only is this concept closely related
to emotional activation (Ethofer et al. 2006), but we also found it was easier for our coders to
understand. For each dataset, a 25 percent random sample was obtained and labeled using the
prompts shown in Figure 2. Depending on whether the coder thought the respondent was saying
something positive or negative about the candidate, they received either smiling (see Panel A) or
frowning (see Panel B) faces. They were then asked “Which face do you think the respondent is
making when he/she is expressing his/her opinion about the person/group under consideration?”
with faces on the the left being less “intense” than the faces on the right. One hundred training files
were randomly drawn from each dataset and labeled by all of our coders. Intercoder reliability was
assessed using the Interclass Correlation Coefficient (ICC). Since we ultimately randomly assigned
two coders to all the files in our larger training set and then took the average, we set k = 2 and
used a random effects model. This was done using the ICC function from the psych library in
the R statistical software language. Ultimately, the ICC was 0.75, 0.78 and 0.85 for our Qualtrics,
Kentucky and Iowa data, respectively. All of these results would be described as “average” or
“good” reliability (Koo and Li 2016).
Our analysis focuses on candidate like/dislike statements, which are commonly used by schol-
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Figure 2: Audio File Annotation

Note: To annotate the audio files, we first asked our coders to assess whether the respondent expressed a favorable or
unfavorable opinion towards the person or group described in the audio file. If they said the opinion was favorable,
then they received the “happy” scale on the left. If they said the opinion was unfavorable, they received the “angry”
scale on the right. The slider at the bottom could take on any value between 1 and 5 which serves as our main variable
of interest.

ars to study vote choice (e.g., Zaller et al. 1992), affective polarization (e.g., Levendusky 2018) and
online processing (e.g., Lodge, McGraw and Stroh 1989). In our 2012 in-person and telephone surveys, we had 942 and 1,047 of these files. In our 2019 telephone and 2020 online surveys, we had
1,087 and 1,706 like/dislike statements. This resulted in 4,782 files for the purpose of our analysis,
of which 1,316 (or 28%) were labeled for training purposes. Two coders were randomly assigned
to each file and the file label was the average of their two scores, with the minimum score being 1
(least intense) and the maximum being 5 (most intense).

Multiple Input Neural Network
A detailed outline of the neural network trained for this study can be found in the Supporting
Information (SI). Generally speaking, we estimated a multi-input neural network where the text,
audio and image data streams were used in conjunction to predict the intensity scores described in
the previous section. Prior to a pooling step, separate convolutional neural networks were built for
the audio/image data and a recurrent neural network was created for the text data. Although such
11

an approach is common in computer science, we are unaware of any study in political science that
have combined text, audio and video data in a similar way.

Feature Extraction
For the audio model, twenty Mel Frequency Cepstral Coefficients were extracted from each audio file. Speech can be analyzed at the frame- and trend-level. The Mel Frequency Cepstral
Coefficients (MFCCs) are an example of the latter since they provide a summary of the energy
distribution at specific frequencies for the entire speech signal. Ultimately, they are returned in the
Mel scale which relates the perceived frequency (or pitch) to the actual measured frequency. Since
the vocal tract is manipulated to change the perceived frequency (or pitch), the MFCCs essentially
capture the shape of the vocal tract which is why they are frequently used for audio classification
tasks (for review, see Desai, Dhameliya and Desai 2013).
For the text models, we first generated automated transcripts using the aforementioned Google
Cloud Speech-to-Text API (for review, see Bokhove and Downey 2018). Similar to what was done
in our diarization model, these transcripts were first used to filter out one-word answers. Once this
was done, word embeddings were then created from the text of each statement. Word embeddings
are commonly used for text classification, especially in political science (e.g., Rheault et al. 2016).
For example, Rheault and Cochrane (2020) use word embeddings with augmented political data
to produce ideological scalings for members of the British, Canadian and American legislatures.
Similar to these authors, we implemented our model using the default hyperparameters proposed
by Mikolov et al. (2013). The only departure is the choice of window size which we set at ±10
words due to some relatively short like/dislike responses.
For the image models, images must be taken from each video. This was done using key frame
extraction, which is a process by which a video is summarized using some number of frames.
Generally speaking, motion detection (Liu, Zhang and Qi 2003) and visual descriptors (Gianluigi
and Raimondo 2006) are the main ways key frames are extracted. We use an open source tool
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Figure 3: Examples of Key Frame Extraction and Facial Cropping with Haar Cascade

(a) Key Frames
(b) Key Frames Cropped
Note: This plot shows how we converted the Qualtrics videos into storyboards for the purpose of analysis. In Panel A,
we provide example output from the Katna algorithm, implemented in Python. Facial cropping is shown in Panel B.
This was done in OpenCV using a pre-trained Haar Cascade.

implemented in Python called Katna,2 which combines these approaches with another clustering
algorithm. Using OpenCV3 and a pre-trained Haar Cascade4 , the resulting key frames were then
cropped to focus on the faces of each respondent. Figure 3 shows an example of the final 2x2
image that was ultimately used for classification. Additional details can be found in Section S2.1
of the SI.

Data Augmentation
Similar to previous studies in computer science (for review, see Perez and Wang 2017), we augmented our training data to improve our out-of-sample performance. For the audio data, we created
a version of the training data that included random white noise which aimed to simulate differences
2

https://pypi.org/project/katna/
https://docs.opencv.org/4.x/index.html
4
https://github.com/opencv/opencv/blob/master/data/
haarcascades/haarcascade_frontalface_alt2.xml
3
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in phone quality. For the same reason, another version of the training data was created where the
volume was randomly increased and decreased. The image data were augmented in a similar
way, with one augmented dataset randomly increasing and decreasing image quality, while the
other increased/decreased the brightness. Finally, our text data were augmented using WordNet
and Word2Vec. More specifically, we know words are often textually different, but semantically
the same. For example, the statement “I hate football” is synonymous with the statement “I despise football,” but textually they are distinct. Given that, we created two additional versions of
our training data where semantically similar words (excluding stop words, like “is” and “the”)
were imputed using distance metrics calculated from both WordNet (Miller 1995) and Word2Vec
(Goldberg and Levy 2014), the latter of which was trained using the Google News archive.5

Model Performance
Our model was trained for 2,500 epochs using a batch size of 8. In machine learning, the number
of epochs controls the number of times the algorithm passes through the entire training dataset.
Generally speaking, there is no optimal number of epochs, instead researchers should track the
validation error. If it continues to go down (see Figure 4), then allowing the algorithm to train for a
large number of epochs is acceptable (Williams, Casas and Wilkerson 2020). The batch size is the
number of training examples the model uses to update the internal parameters. Again, there is no
optimal batch size, but smaller batch sizes helps prevent overfitting (Wilson and Martinez 2003),
which is why we used 8 for the purposes of our study.
With these hyperparameters defined, we trained our model using the mean absolute percentage
error (MAPE) as our loss function, which is defined as:

n

100 X At − Pt
MAPE =
n t=1
At

(1)

where At is the actual value and Pt is the predicted value. Their difference is divided by At , then
5

https://code.google.com/archive/p/word2vec/
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Figure 4: Model Performance

summed for all fitted points (n). This result is then multiplied by 100 over n, yielding a measure
of average model performance with higher values indicating lower performance.
MAPE is one of the most popular accuracy measures for continuous variables and has been
used to assess emergency room admissions (Boyle et al. 2012), wind speeds (Prema and Rao
2015), and, perhaps most importantly, online sentiment (Bollen, Mao and Zeng 2011). MAPE
is often used in practice because it is very intuitive and adaptable to a number of applications
(De Myttenaere et al. 2016). It is also scale-independent making it useful when comparing models
from different datasets (Byrne 2012). Although alternatives have been proposed (for review, see
Davydenko and Fildes 2016), MAPE is still recommended in most statistical textbooks (e.g., Bowerman, O’Connell and Koehler 2005). Finally, one of the main criticisms to MAPE – its difficulty
in predicting values that approach zero (Kim and Kim 2016) – does not apply to our data since the
minimum label is 1, making this measure particularly useful for the present study.
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Figure 4 shows the validation MAPE for each epoch of training. Ultimately, the model performed best using the Iowa data and worst for the Qualtrics data, although there was only a slight
difference between the performance of the Qualtrics and Kentucky models. For example, the final
MAPE for our Iowa data was 0.259, meaning that, on average, whatever score the model returned
would be less than ±1 percent different than the actual score. Thus, if the actual intensity score
was 1, then the model would return (on average) a value between 0.997 and 1.003.6 Similarly, if
the actual intensity score was 5, the model would return a value between 4.987 and 5.013. For our
Qualtrics model (our worst performing model), if the actual intensity score was 1, then the model
would return (on average) a value between 0.980 and 1.020. And, if the actual intensity score was
5, then the model would return (on average) a value between 4.902 and 5.098, suggesting all of
our models performed very well.

Variable Importance
Since our Qualtrics survey is the only one to include audio, images and text, we use this data to assess variable importance by estimating models with different variable combinations. For example,
the “audio only” model was only trained using the audio data we collected. Results are reported in
Figure 5. To account for randomness during optimization, we report the average validation MAPE
from five runs of the corresponding models with lower values implying better performance. Beginning with the audio, text and video data in isolation, we find the audio model performed the
best with an average validation MAPE of 1.26, followed by the video model (1.29) and ending
with the text model (1.44). A similar result is found when the text data is used in conjunction with
either the audio or video data. More specifically, when text is added to the audio data the average
validation MAPE increases to 1.38 as compared to when the audio data is used in isolation. A
similar decrease in performance is found when text is added to the video data (average validation MAPE increases to 1.35). Finally, the average validation MAPE is lowest when the audio
6

These numbers were derived by dividing 0.259 by 100 and multiplying it by the indicated
value (1), then adding and subtracting that result from that same value (e.g., 1 − 1( 0.259
) = 0.997).
100
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Figure 5: Model Performance Declines When Text Data is Included

Note: On the x-axis, we report the average validation MAPE for five runs of the models listed on the y-axis. For each
of these models, we list the data that was used for estimation. For example, the “Audio and Video” model uses both
the audio and video data from the Qualtrics survey, whereas the “Text Only” model only uses the text data.

and video data is used without the text data (1.22), suggesting the latter is least important to our
model’s performance.
Given the better performance of the audio and video data, we next determine what portions of
these data were most influential. Said differently, when our model looked at the video frames, were
certain portions of the frames considered more than others? Similarly, were some parts of the audio
signal given greater weight? To gain traction on these questions, we use Gradient-weighted Class
Activation Mapping (Grad-CAM). Originally developed by (Selvaraju et al. 2017), Grad-CAM
imports the gradients of a given label into the final convolutional layer to produce a localized map
highlighting the portions of the image that are important for predicting the concept. Such mapping
is not only useful to verify that the fitted model is “looking” at the portions of the image we would
expect based on theory, but it can also yield insights into what image features are important for
classification. Figure 6 shows one of these maps for our video only model. Here, the region
that is considered the most in fitting this model is centered around the respondent’s face which is
17

Figure 6: Gradient-Weighted Class Activation Map (Video Data)

Note: This figure shows the results from our Gradient-Weighted Class Activation Mapping. Brighter colors (e.g., )
imply that the video model is focusing more on that region when estimating, whereas darker colors (e.g., ) mean
that region is less important to estimation.

consistent with previous literature (e.g., Bucy 2000). We also find that within the facial region, the
respondent’s eyes seem to be relevant, which is consistent with literature on gaze direction (e.g.,
Adams Jr and Kleck 2003). Finally, the lip region also seems to be somewhat relevant, which
supports previous literature on the importance of smiles to emotional classification (e.g., Stewart
and Ford Dowe 2013).
For the audio only model, we create a similar mapping. This is shown in Figure 7. Here, darker
regions imply that portion of the audio signal is more influential when the model is being fit. However, this shading is indicative of specific time stamps, rather than the features themselves. For
example, the first light blue region refers to the 0-2.80 seconds of the audio data. It does not refer
to the corresponding change in amplitude. With that said, our mapping shows the model tends to
focus on a beginning, middle and ending section with the beginning section being the most important for evaluation. This is consistent with the way humans process auditory signals (for review,
see Szabó, Denham and Winkler 2016). Generally speaking, this is broken into two stages: (1)
incoming sounds are grouped into general categories and then (2) within those categories further
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Figure 7: Gradient-Weighted Class Activation Map (Audio Data)

Note: This figure shows the results from our Gradient-Weighted Class Activation Mapping. Darker (e.g., ) and
lighter blues (e.g., ) imply some portions of the audio stream were weighted more and less during fitting, respectively.
On the y-axis, we report the amplitude, whereas the x-axis reports the time in seconds. The amplitude is not considered
in our mapping. Rather, the mapping can only show which portions of the audio (in seconds) are more or less relevant
for classification purposes.

revisions are made. The pattern revealed by our mapping seems to follow such a process, with
our model initially deciding whether an audio signal is high/low and then placing the audio signal
within that broader demarcation.

An Application: Spreading Affective Polarization and Presidential Vote Choice
Background and Theoretical Expectations
Research has increasingly shown that “Democrats and Republicans both say that the other party’s
members are hypocritical, selfish, and close-minded, and they are unwilling to socialize across
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party lines” (Iyengar et al. 2019, 130). This affective polarization has been shown to impact interpersonal relationships (Iyengar, Sood and Lelkes 2012), where people choose to live (Gimpel
and Hui 2015), perceptions of the economy (Healy and Malhotra 2013), health behavior (Bavel
et al. 2020), political participation (Huddy, Mason and Aarøe 2015; Iyengar and Krupenkin 2018)
and voting (Ahler and Sood 2018). In this application, we expand on this literature by utilizing
the theory of spreading activation to understand how affective polarization may permeate through
a respondent’s answer and help explain their vote choice.
Collins and Loftus (1975) proposed a model of spreading activation in semantic networks stating that information (e.g., raspberries) is stored in memory within larger conceptual networks (e.g.,
fruit) which are tied by bi-directional links. The strength of the associations varies between nodes
within a conceptual network, with some connections being quite strong (e.g., raspberry and blackberry) while others are quite weak (e.g., raspberry and automobile). Activation of any given node
then will spread along associative links to other related nodes, revealing the larger conceptual network. Thus, the speed of spreading activation is determined by the strength of the associative links
between nodes and the strength of the initial activation node.
Both neuroimaging (De Zubicaray et al. 2001) and electrophysiological (Hirschfeld et al. 2008)
studies have found that the process of spreading activation, especially in relation to speech production (Kormos 2014), is a biophysical response in which certain concepts are primed, making neighboring concepts more accessible in memory (for review, see Nozari and Pinet 2020). Although this
is similar to how previous scholars in political science have conceptualized emotion (e.g., Marcus,
Neuman and MacKuen 2000), it is distinct in that emotions are not considered static. Instead, during the course of a response, an individual’s initial reaction (and resulting word choice) influences
subsequent reactions, ultimately producing the response that is uttered (Hatfield, Cacioppo and
Rapson 1993).
Using this model, we will determine when spreading activation occurs while respondents are
explaining what they like/dislike about the major presidential candidates in their respective elec-
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tions. Although there are a number of ways to operationalize spreading activation, we consider
the extent to which the intensity of one word influences the intensity of another. To generate these
measures, we used a word-level version of the aforementioned neural network in which the audio files of each response were first aligned with the text using the Ochshorn-Hawkins algorithm
(Ochshorn and Hawkins 2017). Once done, we then extracted audio and images for each individual
word, yielding word-level intensity scores for all words uttered in every like/dislike response.
Using these word-level measures, we then test three main theoretical expectations. First, we
expect activation to spread faster when partisans are discussing what they dislike about the opposing party as opposed to what they like. This is because the semantic network surrounding their
articulation of out-party dislikes is more likely to be densely connected. Second, we expect the
inverse to be true when partisans are discussing what they like about an opposing candidate. Since
this concept is unlikely to be central in their semantic network, it will be less accessible, making
it more difficult for spreading activation to occur. Finally, these patterns will be predictive of vote
choice. For example, respondents who display the most spreading activation while explaining what
they like about an opposition candidate are precisely the respondents who are most likely to vote
against their own party.

Operationalizing Spreading Activation
We use social network analysis to measure the extent to which intensity spreads during the course
of a respondent’s answer. Figure 8 provides an example of one of the graphs we used to create
our measures. Here, we provide the first ten words of a response (excluding stop words, like “is”
and “the”) to the question “What do you dislike about Donald Trump?” Using the raw intensity
scores associated with each word, we first calculated the extent to which intensity increased from
one word to the next, represented as a percent increase. For example, the intensity score associated
with the word “fool” (5.17) is around 12 percent higher than the intensity score associated with the
word “like” (4.61). To ensure all weights are greater than zero, we next standardized these percents
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to range from the minimum (0) to maximum (1) for each response. In Figure 8, these standardized
weights are shown for each bigram edge, with values greater and less than .50 being associated
with intensity increases and decreases, respectively. Additional details are provided in the SI.
Figure 8: Example of Weighted Directed Graph Created for Each Response
like
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Note: Each node is one of the first ten words in a response (excluding stop words) to the question “What do you dislike
about Donald Trump?” The initial response was “I didn’t like the way Donald Trump makes us look like fools.” Edges
are directed with the arrow indicating word order. Standardized weights are printed on each edge. These weights can
range from 0 to 1 with values greater than .5 indicating intensity increased from one word to the next, whereas values
less than .5 indicating an intensity decrease.

Using these graphs, we calculated the shortest path between all weighted edges using Dijkstra’s
algorithm (Dijkstra et al. 1959), with larger values implying greater distances. After all the paths
were calculated, we then took the average for each response graph, yielding a measure that is higher
when the word-level intensity tends to increase from one word to the next. Previous literature
suggests such a pattern is indicative of spreading activation since is implies that the word-level
intensity is permeating throughout the network. Conversely, spreading activation is less likely to
occur when a respondent begins their answer with very little intensity and that does not change as
they explain more about what they like or dislike about the candidate in question. In this instance,
the average path length will be the shortest since the word-level intensity starts relatively low and
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remains constant for the duration of the response.

Results
How Does Spreading Activation Influence The Structure Of A Response?
We begin by determining when and where spreading activation is most likely to occur when respondents are explaining what they like or dislike about presidential candidates. By definition, affective
polarization centers around negative outparty sentiment (Druckman and Levendusky 2019), so we
expect to find more evidence of spreading activation when respondents are explaining what they
dislike about opposing party candidate, as opposed to what the like. More specifically, we should
see the highest amount of interconnectivity among respondents’ answers when they are explaining
what they dislike about the opposing party’s candidate, and we should see the lowest amount of
interconnectivity among respondents’ answers when they are explaining what they like about that
same candidate.
In Figure 9, we test this expectation by calculating the average weighted distance between
words when respondents are explaining what they dislike about the opposing party’s candidate as
compared to what they like. Here, we find the average weighted distance to be highest for outparty
dislike responses (2.77), suggesting that intensity is most likely to increase from one word to the
next when respondents are expressing what they dislike about the opposing candidate. We also find
the average weighted distance is lowest when respondents are explaining what they liked about the
opposing party candidates (2.11). Consistent with our first two expectations, this difference is
statistically significant at the 0.001 level (t = 4.31, df = 609, p < 0.001).
To help interpret these results, we re-calculated the average weighted distance using 100 bootstrapped graphs for each response. These results are reported in the SI. When random graphs
are used, the average weighted distance for outparty dislike responses was 1.67, meaning what is
reported in the first panel of Figure 9 is 65.87 percent higher than what we would expect based

23

Figure 9: Spreading Activation is Highest When Respondents Are Explaining What They Dislike
About Opposing Party Candidates

Note: This figure plots the average weighted distance between bigrams with higher values implying word-level intensity increased from one word to the next, a pattern consistent with spreading activation. In the left panel, we show
these averages when respondents are answering questions about the opposing party candidate. The right panel shows
these averages for answers about their own party’s candidate. Darker bars indicate the respondent was explaining
things they liked, whereas lighter bars indicate they were talking about what they disliked. Vertical lines represent
95-percent confidence intervals.

on chance. A similar result is found for outparty like responses. Here, when random graphs are
used, the average weighted distance is 1.21, which is, again, noticeably lower than what we actually observed. More specifically, what we report in the second panel of Figure 9 is 74.38 percent
higher than what we found using random graphs, suggesting that our initial results cannot easily
be attributed to chance alone.
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Is Spreading Activation Indicative of Vote Choice?
We have, so far, found results consistent with our expectations: spreading activation is most likely
to occur when respondents are discussing what they dislike about opposing party candidates and
least likely to occur when they are discussing what they like about those same candidates. These
findings are consistent with previous studies on affective polarization. However, the main question
– and the one supporting the use of AESR – is whether spreading activation is indicative of vote
choice.
Table 1 determines whether this is the case using respondents who identify as being members
of the Republican or Democratic party (including leaners). Among these respondents, we identify
those whose average weighted distance (see Figure 9) is higher when they are explaining what they
dislike about the opposing candidate as compared to their own. In the Outparty Dislike Intensity
variable, these individuals are given a 1 and all other respondents are given a 0. Said differently,
Outparty Dislike Intensity returns a 1 when spreading activation is higher for the opposing party
candidate (as compared to the respondent’s own party’s candidate) dislike statements. We constructed a similar variable for outparty like statements. More specifically, if the average weighted
distance was higher when the respondent was explaining what they liked about the opposing party
candidate (as compared to the respondent’s own party’s candidate), then the Outparty Like Intensity variable would be coded as a 1 and all other cases would be coded as 0. Both of these variables
are then used to predict whether (1) or not (0) the respondent cast a vote for their own party’s
candidate (see Inparty Vote).7
Beginning with Table 1, Model 1, we find spreading activation is highly predictive of a respondent’s vote choice. More specifically, if intensity tends to increase at a greater rate from one word
7

A number of control variables were also included. Strong Partisan is simply a dummy
variable capturing whether the respondent identified themselves as being a strong member of their
party. Dummy variables were also used for gender and race. The Male variable records whether
the respondents identified themselves as male (1). We also include a control for whether the respondent did (1) or did not (0) consider themselves Caucasian/White (White). Finally, we included
fixed-effects for each survey.
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Table 1: Inparty Votes Are Less Likely When Spreading Activation is Higher for Outparty Like
Questions
Dependent variable:
Inparty Vote
(1)

(2)

Constant

1.921∗∗∗
(0.257)

1.500∗∗∗
(0.401)

Outparty Dislike Intensity

1.491∗∗∗
(0.513)

1.468∗∗∗
(0.518)

Outparty Like Intensity

−0.942∗∗
(0.401)

−0.960∗∗
(0.416)

Strong Partisan

1.831∗∗∗
(0.288)

Male

0.189
(0.229)

White

−0.401
(0.299)

Survey Fixed Effects
N
Log Likelihood
AIC

X

X

734
−275.885
561.769

734
−248.868
513.736

Note: In all models, the dependent variable equals 1 when respondents voted for their own party’s candidate. These
models report the results from Firth logistic regressions. More specifically, estimate were derived using the brglm
function from the brglm library in the R statistical software language. All variables are described on page 25.
Checkmarks (X) indicate fixed effects are included for each survey. Levels of significance are reported as follows: ∗ p
< 0.1; ∗∗ p < 0.05; ∗∗∗ p < 0.01. Standard errors are reported in parentheses.
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to the next when respondents are explaining what they dislike about an opposing party’s candidate
as compared to their own, then those respondents are less likely to vote against their own party.
The inverse is true when respondents are explaining what they like about an opposing party’s candidate. Here, when intensity increases at a greater rate from one word to the next, then respondents
are more likely to vote for a candidate outside their own party. Not only are these results consistent
with affective polarization, but they hold when additional controls are included in Model 2. In the
SI, we also replicate these results using differences in intensity, instead of the dummy variables
outlined above. The results reported in Table 1 hold when this alternative operationalization is
utilized.
Table 2: Variables Associated with Spreading Activation Have A Higher Average Marginal Effect
Than Strength of Partisanship
Variable
Outparty Dislike Intensity
Outparty Like Intensity
Strong Partisan
Male
White

AME
z
p
95% Conf. Int.
0.17 2.87 0.00
[0.05, 0.28]
-0.10 -2.24 0.03 [−0.19, −0.01]
0.08 2.89 0.00
[0.03, 0.13]
0.00 0.18 0.86 [−0.04, 0.05]
-0.04 -1.05 0.29 [−0.10, 0.03]

Note: Average marginal effects (AME) for Table 1, Model 2. These were estimated using the margins summary
function from the margins library in the R statistical software language.

Table 2 reports the average marginal effects (AME) for all variables reported in Model 2. These
were calculated using the margins summary function from the margins library in the R statistical software language. Here, we find the AME for both Outparty Dislike Intensity and Outparty
Like Intensity is higher than the AME for our control variables, including the dummy variable associated with strength of partisanship. For example, if intensity tends to increase at a greater rate
from one word to the next when respondents are stating what they dislike about an opposing party’s
candidate as compared to their own (see Outparty Dislike Intensity), then those respondents are 17
percent more likely to vote with their own party. Similarly, respondents whose intensity increases
more when they are explaining what they like about an opposing party candidate as compared to
their own (see Outparty Like Intensity) are 10 percent less likely to vote with their own party. By
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comparison, respondents who indicate they are strong partisans are only 8 percent more likely to
vote with their own party, as compared to those who do not. Thus, the AME for Outparty Dislike
Intensity and Outparty Like Intensity is around 113 and 25 percent higher than the AME for Strong
Partisanship, respectively.
Whether the topic is affective polarization (Iyengar, Sood and Lelkes 2012; Mason 2016),
candidate evaluations (Lodge, McGraw and Stroh 1989), voter ambivalence (Basinger and Lavine
2005) or gauging opinions on important public policy topics (Soss and Schram 2007), asking voters
what they like and dislike is ubiquitous with the study of American politics. Although the words
used in these open-ended responses are undoubtedly important, Tables 1 and 2 demonstrate that the
nonverbal cues given during those responses also carry considerable weight. Indeed, both Outparty
Dislike Intensity and Outparty Like Intensity are derived using the audio and video feeds from
respondents answering questions political scientists have been asking for decades. This is not to
say text-based measures or simply counting the number of likes and dislikes have no place in survey
research, but our results suggest nonverbal expressions may serve as important complements to
these efforts.
We further underline this point with two robustness checks. In our first robustness check, we
consider whether our results hold when the number of like and dislike statements – measures used
by previous scholars to assess affective polarization (Levendusky 2018; Levendusky and Malhotra
2016) – are included as controls. These results are reported Table 3, Model 1. Here, we include the
number of dislikes listed towards the opposing party candidate minus the number of dislikes listed
towards the respondent’s party’s candidate. We also include a similar measure for like statements,
where instead of differencing the number of dislikes, we difference the number of likes. Given that
the dependent variable is still whether respondents vote for their party’s candidate (Inparty Vote),
the dislike and like differences should be a positive and negative predictor, respectively, which is
what we find. However, we also find that the variables created for this study (see Outparty Dislike
Intensity and Outparty Like Intensity) are still highly significant predictors. This is perhaps not
too surprising since the correlation between Outparty Dislike Intensity and the difference in the
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Table 3: The Effects of Spreading Activation Cannot Be Easily Attributed To Like/Dislike Counts
or the Number of Positive/Negative Words
Dependent variable:
Inparty Vote
(1)

(2)

1.376∗∗∗
(0.421)

1.653∗∗∗
(0.419)

Outparty Dislike Intensity

1.521∗∗∗
(0.520)

1.382∗∗∗
(0.511)

Outparty Like Intensity

−0.940∗∗
(0.410)

−0.807∗∗
(0.408)

Strong Partisan

0.985∗∗∗
(0.267)

0.738∗∗∗
(0.244)

Male

0.324
(0.239)

0.103
(0.223)

White

−0.133
(0.309)

−0.273
(0.294)

# of Outparty Dislikes − # of Inparty Dislikes

0.646∗∗∗
(0.124)

Constant

# of Outparty Likes− # of Inparty Likes

−0.555∗∗∗
(0.114)

Outparty Dislike Text-Based Intensity

0.512∗∗
(0.223)

Outparty Like Text-Based Intensity

−0.358
(0.227)

Survey Fixed Effects
N
Log Likelihood
AIC

X

X

734
−237.496
494.993

734
−266.591
553.182

Note: In all models, the dependent variable equals 1 when respondents voted for their own party’s candidate. These
models report the results from Firth logistic regressions. More specifically, estimate were derived using the brglm
function from the brglm library in the R statistical software language. All variables are described on pages 25 and
30. Checkmarks (X) indicate fixed effects are included for each survey. Levels of significance are reported as follows:
∗
p < 0.1; ∗∗ p < 0.05; ∗∗∗ p < 0.01. Standard errors are reported in parentheses.
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number of outparty and inparty dislike statements is only 0.10, suggesting that what people say is
not necessarily the same as how people say it. Indeed, there is even a smaller correlation (0.08)
between Outparty Like Intensity and the difference between the number of outparty and inparty
like statements, suggesting AESR can provides insights into how respondent’s vote that cannot be
easily captured by simply counting the number of likes and dislikes.
In our second robustness check, we consider whether our results hold when text-based measures of intensity are included as controls. These, too, have been used by previous scholars to
assess affective polarization (Rathje, Van Bavel and van der Linden 2021; Stapleton and Dawkins
2021). More specifically, in Model 2 we include two variables derived from the National Research
Council (NRC) Valence-Arousal-Dominance (VAD) dictionary (Mohammad 2018). Similar to existing VAD lexicons (Bradley and Lang 1999; Warriner, Kuperman and Brysbaert 2013), the NRC
dictionary includes over 20,000 English-language words scored on three dimensions: valence,
arousal and dominance. As explained above, the measures we introduce in this study are most
closely associated with the arousal dimension. Given that, we used the NRC arousal category to
score all words in the respondent like/dislike statements from 0 (low arousal) to 1 (high arousal).
We then used the average of these scores for each response to create dummy variables that are
similar to our main independent variables. The first of these variables – called Outparty Dislike
Text-Based Intensity – equals 1 when respondents use words with higher NRC arousal scores when
they are explaining what they dislike about the opposing party candidate as compared to their own.
Similarly, when respondents use words with higher NRC arousal scores when they are explaining
what they like about an opposing party candidate as compared to their own, then the Outparty
Like Text-Based Intensity variable would be coded as a 1 and all other cases would be coded as
0. Given that the dependent variable is still whether respondents vote for their party’s candidate
(Inparty Vote), we expect the coefficients associated with Outparty Dislike Text-Based Intensity
and Outparty Like Text-Based Intensity to be positive and negative, respectively, which is what we
find.
In Table 3, we also find that both Outparty Dislike Intensity and Outparty Like Intensity are
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Table 4: Variables Associated with Spreading Activation Have A Higher Average Marginal Effect
Than Traditional Text-Based Measures
Variable
Outparty Dislike Intensity
Outparty Like Intensity
Outparty Dislike Text-Based Intensity
Outparty Like Text-Based Intensity
Strong Partisan
Male
White

AME
z
0.16 2.69
-0.09 -1.98
0.06 2.31
-0.04 -1.58
0.08 3.05
0.00 0.07
-0.03 -0.93

p
95% Conf. Int.
0.01
[0.04, 0.27]
0.05 [−0.18, −0.00]
0.02
[0.01, 0.11]
0.11 [−0.09, 0.01]
0.00
[0.03, 0.14]
0.94 [−0.05, 0.05]
0.35 [−0.10, 0.03]

Note: Average marginal effects (AME) for Table 3, Model 2. These were estimated using the margins summary
function from the margins library in the R statistical software language.

still highly significant predictors.8 Moreover, we found the correlation between the former and the
associated text-based measure (Outparty Dislike Text-Based Intensity) was only 0.12, suggesting
simply determining the extent to which words are indicative of arousal fails to capture the influence of nonverbal cues on the vote. The same can be said for Outparty Like Intensity where a
low correlation was also found (0.15) between this variable and the one derived from the NRC
dictionary (Outparty Like Text-Based Intensity). To further underline this point, Table 4 shows the
AME for the variables associated with spreading activation is higher than the comparable AME
from our text-based measures. More specifically, the AME for Outparty Dislike Intensity is 167
percent higher than the AME for Outparty Dislike Text-Based Intensity and the AME for Outparty
Like Intensity is 125 percent higher than the AME for Outparty Like Text-Based Intensity. Not
only does this emphasize the substantive importance of the variables introduced in this study, but
it also shows that the measures we derived from AESR provide important complements to traditional measures, like those derived from the number of likes and dislikes offered by respondents,
and others which use dictionary-based methods.
8

In the SI, we also find the same results when differences in intensity are used instead of these
dummy variables.
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Discussion and Conclusion
Despite the widespread use of telephone surveys for decades, the audio from these common data
streams have received scant attention from political scientists. Similarly, when we conduct inperson interviews, the way respondents behave rarely enters into our assessments of their responses. Yet, these data can yield important insights into the intensity with which respondents
hold their opinions. The same can be said for online interviews where responses are becoming
easier to record. However, to our knowledge no prior study has used the data from these audio
and video recordings to gain insights regarding respondents’ emotions. We develop the first Automatic Emotional Speech Recognition (AESR) system which can be used by future scholars to
automatically measure the emotional intensity of respondents during in-person, telephone and online surveys. In doing so, we demonstrate how audio and image data can be extended beyond elite
rhetoric and media portrayals to understand the mass public in real-time.
We argue emotions begin below conscious awareness, which is why scholars increasingly rely
on physiological output to measure them. However, physiological measures are very intrusive and
cannot be used for large-N studies, especially those conducted over a telephone or the internet.
With fMRI, respondents are encased in a confined horizontal space. When ERPs are used electrodes are placed at multiple locations on the respondent’s scalp. Blink amplitude is measured
with electrodes placed just below a person’s eyes, and skin conductance is measured with sensors
attached to the respondent’s fingers. Not only do these techniques require highly artificial settings,
but all require expensive equipment and a laboratory to house it. Our AESR system can be used
with any audio and video data of sufficient quality obtained from in-person, online and telephone
surveys, which greatly reduces costs and make large scale data acquisition possible.
Our central finding suggests that the emotional intensity of respondent answers – as derived
from a novel machine learning algorithm – is not only a significant predictor of vote choice, but
can also give us insights into how candidate opinions may be stored in memory. We use these
insights to learn about how partisans think about the opposing party, with a focus on how the
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intensity of one word influences another. Taken together, these results, in combination with the
performance metrics associated with the machine learning models we estimated for this study,
serve as an important proof of concept. Indeed, we find our automated measures are stronger
predictors of vote choice than measures derived from dictionary-based methods, as well as strength
of partisanship. Moreover, additional metrics show that audio and image data are most important to
assessments of respondent intensity. Collectively, these results suggest that the non-verbal content
associated with different response patterns should be actively considered when conducting survey
research.
We also note the substantive importance of the findings we present. Spreading activation is
a theory that has been used extensively in psychology, but has gained less traction in political
science. In our study, we show that respondents are becoming more and less intense from one
word to the next, and that these patterns are indicative of how they will eventually vote. If this is
the case, then it suggests when we ask questions like “What do you dislike about Joe Biden?”, that
respondents are placing different cognitive weight on the words they are speaking. For example,
we find that spreading activation is more likely to occur when respondents are explaining what
they dislike about opposing party candidates. Although we are not the first to say that voters tend
to think about the opposing party differently (Cassese 2021), we provide some insights into the
way that information is stored and later accessed. Given that the purpose of this analysis was to
prove the many ways AESR can be used, we will leave it to future scholars to explore the broader
implications of our findings, but we think they have illuminated potentially a new way to think
about how affective information is processed and later used to make important political decisions,
like who to vote for.
Regardless of how future scholars use the tools created in this study, it is clear that respondents seem to deliver some responses with greater emotional intensity. Often, we think of survey
responses as series of numbers, but current results show that the way those responses are delivered
is also important. Nonverbal cues carry meaning. The present study suggests that we can extract
politically-relevant information from nonverbal data conveyed by respondents to in-person, online,
33

and telephone interviews. This information, in turn, greatly expands the capacity of scholars to
explore the consequences of emotion in political behavior.
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