Running Head: MANIPULATING SEAMLESSNESS

Evaluating Manipulations for Creating Perceived Human-AI Seamlessness

Character count: 1769 (excluding tables and references)



MANIPULATING SEAMLESSNESS

Abstract
Algorithms contain biases that must be detected; therefore, deferring responsibility for basic
human operations like corrective feedback to algorithms leaves the media user vulnerable to
technologically-enabled threats. Recent research demonstrates that certain qualities of
technology can make it more difficult to accurately monitor one’s extended cognitive
environment. This research is an initial attempt to create a flexible testbed for investigating the
influence of technology-enabled perceptions of seamlessness on participants’ ability to detect
errors produced by predictive text algorithms. Specifically, we seek to determine whether
perceived seamlessness with technology manifests in the combination of perceived interactivity
of, perceived identification with, perceived credibility of, and perceived familiarity with a
technology.

Keywords: Media psychology, seamlessness, human-computer interactions
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Evaluating Manipulations for Creating Perceived Human-AI Seamlessness

Artificial intelligence (AI), which involves the simulation of human intelligence
processes by machines, affords qualities that allow people to meld with technologies to form an
extended self (c.f., Clark, 2011). For example, Al software that generates predictive text operates
on common messaging platforms, such as WhatsApp, Facebook, and Gmail, to create a
collaborative message sent by the user. These softwares utilize algorithms, machine learning, and
natural language processing to operate on behalf of the user to generate a self-represented
message (Hancock, Naaman, Levy, 2020). Yet, algorithms do not represent users faithfully.
Algorithms can produce low-risk errors like spelling or grammar errors that misrepresent a users’
intentions. Algorithms can also produce high-risk errors: search engines perpetuate racial and
ethnic stereotypes (Noble, 2018; Sweeny, 2013), algorithms have wrongfully labeled women as
more likely to reoffend when determining parole eligibility (Hamilton, 2019), and healthcare
algorithms have been shown to prioritize White patients over Black patients (Obermeyer et al.,
2019). Algorithms contain biases that must be detected; therefore, deferring responsibility for
basic human operations like providing corrective feedback to algorithms leaves the media user
vulnerable to technologically-enabled threats. It is critical that humans who collaborate with Al
are able to detect errors and biases in machines as they arise.

Recent research demonstrates that certain qualities of technology can make it more
difficult to accurately monitor one’s extended cognitive environment. Ward (2013, 2021) found
that feelings of familiarity with a search engine can lead people to conflate technology-enabled
answers to general-information trivia questions as self-produced. If users overestimate the extent
to which they contribute to technology-produced answers, users may also misunderstand when it

is necessary to override the answers of the operating device. Fisher, Goddu, and Keil (2015;
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Experiment 4c) demonstrated that an illusion of knowledge following internet search remains
even in cases where the search query fails to provide relevant answers or even results at all.
Storm, Stone, and Benjamin (2017) found that using the internet to access information inflates
future use of the internet to access other information. In these empirical examples, we see a
tendency for people to mindlessly rely on the outputs of a digital source to accomplish personal
cognitive goals. Pereira, Kelly, Lu, & Risko (2022) demonstrated that individuals who offloaded
memories to a digital store did not tend to notice when that digital store had been manipulated
unless they were explicitly notified or were told that information in the store would be
inaccessible in the future. When we collaborate with technology, it is easy to lose sight of our
responsibility to supply feedback and correction to our devices. We take as a starting point that
cues emanating from a device (or devices) play a powerful role in our ability to intervene when
devices respond inappropriately.

This research is an initial attempt to create a flexible testbed for investigating
manipulations of seamlessness that influence metacognition, the awareness and understanding of
one’s thought process. Seamlessness occurs when people feel one with a device (or devices).
Seamlessness is a perception of fluency created through technology-mediated interaction. Ample
evidence demonstrates a pattern that when people feel seamless with technology, they are prone
to metacognitive errors. For example, AUTHOR (2023) demonstrated that when people have
immediate access to answers to procedural knowledge questions, they are prone to
overestimating their ability to answer new questions without the internet. Empirical evidence
suggests that humans are prone to metacognitive errors when they seamlessly operate platforms
like search engines (e.g., Fisher, Goddu, & Keil, 2015; Ward, 2013, 2021), digital agents (e.g.,

AUTHOR, 2021), or smartphones (e.g., AUTHOR, 2018). Yet, we know much less about the
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qualities of technologies that cue seamlessness. Past research has taken a bottom-up approach to
theorize patterns that may contribute to the tendency to mindlessly offload responsibility to
technology. Here, we take a top-down approach by investigating four variables that may result in
a tendency to offload responsibility for detecting algorithmic errors, thereby increasing
susceptibility to metacognitive errors. Specifically, we propose that perceived seamlessness with
technology manifests in the combination of perceived interactivity of, perceived identification
with, perceived credibility of, and perceived familiarity with a technology. We closely examine
each of these components in the following sections and provide evidence of how their
manifestation contributes to perceived seamlessness.
Perceived Interactivity

Perceived interactivity depicts the psychological state experienced by a user when
interacting with a technology that manifests in users’ perceptions of active control, two-way
communication, synchronicity, and other factors (McMillian & Hwang, 2002; Wu, 2005).
Perceived interactivity plays an important role in creating seamless perceptions because it
empowers both parties to communicate the information produced, the experience, and feedback
(Sundar et al., 2016). In consumer research, perceived interactivity has been shown to positively
influence consumers’ initial online trust in an e-vendor (Wu, Hu, & Wu, 2010), attitudes toward
the website and memory of products (Chung & Zhao, 2004), and perceived efficiency and
effectiveness of the website that ultimately contribute to consumers’ e-loyalty (Cyr, Head, &
Ivanov, 2009).

In Al-mediated environments, technology may not always afford high levels of
interactive elements in the way it is purported to users, but instead employ designs that manifest

higher perceptions of interactivity. For example, AUTHOR (2020) found that individuals favor
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recommendations by digital agents that make them feel as if the digital agent selects products the
user is mostly likely to endorse. The self-endorsement manipulation is partly achieved by
creating perceived interactivity with the self-endorsing agent. Bandura (2001) explains that
personal agency gains in magnitude when individuals influence others in desirable and
self-fulfilling ways. It is no surprise that feelings of feedback between the user and digital agent
can play a strong role in instilling psychological empowerment (Stavrositu & Sundar, 2012).
Predictive algorithms allow users to decide whether they accept or reject a typing suggestion and
provide feedback to the algorithms, activating cues of active control and two-way
communication. Such a sense of empowerment may reinforce users’ misbelief that the
technology is attuning to their cognition and thus reflects their true thoughts, but at the same
time, leaves them incapable of detecting biases generated by the algorithms.
Perceived Identification

Perceived identification allows users to infer self-relevance from technology, and tempts
users to see themselves in technology (Fox & Beilenson, 2009; AUTHOR, 2020). Perceived
identification is often a manifestation of users’ psychological ownership with technology (Shu &
Peck, 2011). In a virtual reality setting, Fox and Bailenson (2009) found that a virtual
representation of the self can sufficiently boost exercising activities, explained by high perceived
identification, compared to a representation of the other. Similarly, AUTHOR (2020) showed
that personalized digital agents promote a more positive attitude and stronger purchase intention
toward a product than a control agent when they believed that the self-agent represented their
personal characteristics. These findings suggest a psychological connection with technology is

essential to build the perception of seamlessness.
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In Al-mediated environments, the ability for technology to create and customize using
users’ personal information may signal a seamless psychological connection between users and
their digital devices that can leave the device’s actions unchecked. Technology that allows users
to customize and thereby provide “proxy” agency to users is becoming increasingly capable of
exerting its own agency (Sundar, 2020). In this regard, personalized algorithms that strategically
promote psychological bonding and ownership with users may indirectly put users in jeopardy;
for instance users may unconsciously integrate errors suggested by algorithms into their own
outputs (e.g., messages, profiles).

Perceived credibility

Credibility perceptions signal the competence of technology to assist and even substitute
users in the process of accomplishing a task, thus facilitating uncertainty reduction and
trust-building with technology (Liu, 2021). In Al-mediated environments, establishing a sense of
trust with the technology can help guide users’ reliance and navigate their decision-making,
especially when confronting complexity and uncertainty (Lee & See, 2004). Machine heuristics
are mental shortcuts based on the belief that machines are objective, trustworthy, unbiased, and
may contribute to higher perceptions of credibility and trustworthiness of the technology,
regardless of actual levels of credibility (Sundar, 2008). Prior research has pointed out a
tendency for people to grant more power and trust to suggestions from machines as a
replacement for information seeking and processing—a phenomenon known as automation bias
(Mosier et al., 1998). Sundar and Kim (2019) found that, in the context of online transactions
that involve disclosing personal information, participants showed higher trust to machine agents
than human agents, suggesting the use of machine heuristics yet possible negative outcomes of

automation bias. Once technological attributes trigger cognitive heuristics that inform credibility
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perceptions of the source, users may engage in a less careful examination of the credibility of the
messages.
Perceived Familiarity

Perceived familiarity with technology manifests users' prior psychological experience
with technology that often serves as a fast-acting, relatively-automatic heuristic cue, and arises at
the early stage of exposure to technology (Rosburg, Mecklinger, & Frings, 2011; Schwikert &
Curran, 2014). While familiarity with technology is operationalized by factual knowledge of
technology and digital literacy (e.g., Li & Chen, 2021), perceived familiarity manifests in
people’s self-assessment and is largely driven by prior experience (Wojcieszak et al., 2021),
self-efficacy (Hargittai, 2008), personal attitudes, and emotions (Park et al., 1988) that can affect
their subsequent psychological responses.

Sundar (2020) suggests that prior experience can shape perceptions about an Al-driven
medium and determine the degree to which users activate heuristics when collaborating with Al
technology. Perceived familiarity can make a process feel more natural. For instance, Ward
(2013) found that individuals who used Google to search for answers to trivia questions were
more confident in their ability to think about, remember, and locate information than individuals
who did not use Google to complete the trivia quiz. The effect was attenuated when participants
used an equally useful, but unequally used, search engine (i.e., Lycos; Experiment 1).
Accomplishing cognitive or communicative goals through a familiar access point like Google
(Ward, 2013) or a personally-owned device (Hamilton & Yao, 2018) can create a feeling of
seamlessness that may make it more difficult to monitor the digital source.

Present Investigation
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The purpose of this research is to evaluate peoples’ ability to detect errors created by two
algorithms that have been programmed with varying levels of imagined affordances (c.f.,
Norman, 1988) that we suspect are related to seamlessness. We are primarily interested in
whether perceptions of seamlessness influence participants’ ability to detect errors produced by
predictive text algorithms. However, our ability to detect this effect is dependent on our ability to
manipulate perceptions of seamlessness. Therefore, this initial test is concerned with determining
whether our manipulations of seamlessness are detectable to participants.

We designed an open-source smart compose simulator called EMail Predictive Text
Imitator (EMPTI) for conducting experimental research to detect individuals’ sensitivity to errors
produced by algorithms on the basis of their psychological responses to imagined technological
affordances. EMPTI allows us to manipulate the interface design, algorithmic suggestions, and
collect rich behavioral data to study effects of perceived seamlessness on users’ ability to detect
errors produced by a predictive text imitator. In this experiment, we created four manipulations
of seamlessness, each related to one of the four components of seamlessness described above.
We predicted the following:

H1: Participants will perceive higher interactivity with the predictive text algorithm in the
high seamlessness condition than the predictive text algorithm in the low seamlessness condition.

H2: Participants will perceive higher identification with the predictive text algorithm in
the high seamlessness condition than the predictive text algorithm in the low seamlessness
condition.

H3: Participants will perceive higher credibility for the predictive text algorithm in the

high seamlessness condition than the predictive text algorithm in the low seamlessness condition.
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H4: Participants will perceive higher familiarity with the predictive text algorithm in the
high seamlessness condition than the predictive text algorithm in the low seamlessness condition.

If there are differences in the perceived interactivity of, perceived identification with,
perceived credibility of, and perceived familiarity with the predictive text algorithms on the basis
of our conceptual manipulations, then we can determine whether these differences mediate a
person’s propensity to detect errors produced by the predictive text algorithm. If we fail to detect
differences between the two conditions, then we will have a clearer understanding of the contexts
that do not produce perceptual differences in seamlessness.

If we observe differences in manipulations of seamlessness, we make the following
prediction:

HS5: The effect of perceived synergy on users’ ability to detect algorithmic errors will be
mediated by (a) perceived credibility of, (b) perceived familiarity with, (¢) perceived interactivity
of, and (d) perceived identification with a predictive algorithm.

Method

We chose to adopt a Bayesian approach to evaluate our data to allow for continuous
refinement of our manipulations. Bayesian inference is based on the assessment of the strength
of evidence for or against a hypothesis on a continuous scale, whereas frequentist hypothesis
tests provide binary decisions to reject or fail to reject the null hypothesis. A Bayes factor
represents the ratio of evidence favoring either hypothesis. All Bayes factors herein are reported
in terms of evidence favoring the null — any values over 1 reflect support for the null and under 1
reflect support for the alternative hypothesis.

Participants
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Sample size determination in Bayesian analysis is typically based on practical
considerations, such as the feasibility of collecting data, rather than on the need to achieve a
certain level of statistical power. Bayesian statistics permits the sample size to be adjusted during
the study to make the best use of available resources. Our strategy was to first recruit a sample of
100 participants, or further (+50 participants) until a Bayes Factor of over 3 (or under 0.33) is
achieved. According to Jeffreys (1961), Bayes Factors under 3 (and above 0.33) do not constitute
much evidence for one hypothesis over another. We recruited 218 participants to our study using
mTurk. We excluded participants who sped through the tasks, did not complete the study, and
failed the manipulation check (n=132), resulting in a total number of 86 participants in the final
dataset. 43% of the sample identified themselves as women (n = 37), 55% as men (n = 47), and
2% didn't specify their gender (n = 2). Participants' ages ranged from 19-70, with an average age
of 35.38 (SD = 10.13). 15% identified as Asian (n = 13), 7% as Black/African American (n = 6),
2% as Latino (n = 2), 71% as White (n = 61), and 3% either mixed race or other (n = 3). Three
participants (3%) did not specify their race.

Stimuli

EMPTI (EMail Predictive Text Imitator; https://github.com/austinmacmath/EMPTI/wiki)
is a web application which simulates an email client augmented with a predictive text algorithm.
The algorithm predicts text by learning text patterns from a given input, in our case an email
prompt, and by reading a text frequency dictionary. The predictive text algorithm was
implemented with Predictionary (Klaus, 2020), an open source JavaScript word prediction
library that learns text prediction patterns by reading a word frequency corpus. In our context,

EMPTI reads experimental stimuli given to the user and keeps track of users’ behaviors (i.e.,
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accept or reject) to increase the relevancy of text suggestions. A new prediction is generated each
time a character is typed.

We operationalized “errors” as misspelled words generated by the predictive algorithms.
To experimentally manipulate errors produced by the predictive text algorithm, we created two
repositories that were incorporated into our predictive algorithms: one with a total of 25,000
correctly spelled words (no errors) and one with 513 commonly misspelled words in substitution
for their correct versions (errors). Participants in the error conditions received typing suggestions
from an algorithm that was trained based on the misspelled word repository.

Design & Procedure

This study featured a web-based experiment with a 2 (perceived seamlessness: high vs.
low ) by 2 (algorithmic typing suggestions: no errors vs. errors) within-subject design.

We recruited participants to a study designed to test the usability of two different
predictive algorithms that provide typing suggestions while participants completed the email
task: Smart Predictor (high seamlessness; Figure 1) and CS Predictor (low seamlessness; Figure
2). All participants completed this online experiment on a desktop or laptop device at a location
of their choice, providing a natural environment to engage with the stimuli. Before using either
predictive algorithm, participants filled out a writing habits questionnaire adapted from existing
writing skills questionnaires (Grammarly, 2021; National Center for Education Statistics, 1997)
as part of our manipulation. The writing habits questionnaire was purported for Smart Predictor
(high seamlessness condition) to build a hyper-personalized algorithm and generate typing
suggestions unique to their personal writing style for later email response tasks. The next page
displayed a sentence that said “please give us a few seconds for Smart Predictor to learn your

writing habits and provide you with the most personalized writing suggestions later in the
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experiment”, with a blue circle rotating for ten seconds. In reality, the predictive algorithms
associated with Smart Predictor and CS Predictor were identical.

After completing the writing habits questionnaire, we randomly assigned participants to
either start with Smart Predictor (high perceived seamlessness) or CS Predictor (low perceived
seamlessness) as they wrote responses to the first four randomly distributed emails, and then
switched to the other condition for the last four emails. See Figure 3 for instructions. We selected
eight email prompts through pre-testing using a small undergraduate sample to ensure email
prompts were easy to answer, related to our participants, and generalizable to the real-world
population. Before starting the email writing task, participants completed an interactive tutorial
that outlined the features (i.e., our experimental manipulation) of each predictive algorithm as
well as the instructions of the tasks. In line with our theoretical conceptualization, we
manipulated participants’ perceptions of interactivity, identification, credibility, and familiarity
with the predictive algorithm to create experimental conditions with high and low perceived
seamlessness. We operationalize each manipulation as follows.

Perceived interactivity manipulation. Our interactivity manipulation featured three
floating dots at the bottom left of the typing area that simultaneously swung as participants typed
to manifest high perceived interactivity in the high seamlessness condition. In the low
seamlessness condition, there were no floating dots.

Perceived identification manipulation. Participants were led to believe that Smart
Predictor is a highly personalized algorithm that learns from their typing patterns over time and
provides suggestions that are tailored towards their own writing styles (based on responses to the
writing habits questionnaire). We explained that CS Predictor can only provide typing

suggestions that a majority of users would have typed based on the probability model. In reality,
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there was no difference between the two algorithms, and neither was able to make any
personalized suggestions.

Perceived credibility manipulation. Communicating sources that cue credibility
heuristics (e.g., reputation heuristic) facilitate a less effortful credibility assessment, especially
when encountering difficulty forming evaluations (Sundar, 2008). Therefore, we manipulated
credibility perception by telling participants that Smart Predictor is designed by the Computer
Science Department at our university in collaboration with Google’s Smart Compose Team,
while CS Predictor is developed by a group of Computer Science junior students at our
university as a final project in their AI Programming course.

Perceived familiarity manipulation. Our perceived familiarity manipulation was
accomplished by two different designs for the email pages. The high seamlessness design
simulates the layout of Gmail and adopts its logo and fonts, while the low seamlessness design
appears to be generic and outdated.

After completing the tutorial, participants responded to four emails using a predictive
algorithm that provided suggestions with spelling errors for two emails and error-free
suggestions for the other two in random order. On the top of the page, there was a dialogue box
that outlined instructions for the session, including who designed the specific algorithm they
were using, whether the writing habit questionnaire would be used in their session, and how to
interact with the algorithm, to reinforce our credibility and identification manipulation.
Participants were required to respond to each email in at least a hundred words for us to collect
enough behavioral data. When typing, predictive suggestions appeared as a gray text after the
cursor, and participants had the option to either press the TAB key on their keyboard to accept

and autocomplete the suggestion, or reject it by simply ignoring it and continuing typing.
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At the end of each condition, participants filled out a questionnaire that featured the
studied variables. After they completed both conditions, they filled out another questionnaire that
featured control variables and demographics.

Measures

Perceived Interactivity. Previous research suggests that while actual interactivity is
operationalized based on the levels of potential for an interaction empowered by an embedded
stimuli (e.g., the presence and the number of interactive components), perceived interactivity can
be measured using an itemized scale (Wu, 2005). Users’ perceptions may vary depending on the
degree to which the interactive elements are realized, regardless of the actual level of
interactivity (Lee, Lee, Kim, & Stout, 2004). We adapted a 14-item perceived website
interactivity scale to measure perceptions of active control, two-way communication, and
synchronicity. A sample question is: “While working with Smart Predictor, I had absolutely no
control over what I could do with it.” Responses were recorded on a 7-point scale.

Perceived Identification. We adapted a seven-item self-brand connection scale to
measure the extent to which participants could identify with the predictive algorithms assigned to
them (e.g., “I could use Smart Predictor to communicate who I am to other people”) (Escalas,
2004). Responses were recorded on a 7-point Likert scale.

Perceived Credibility. Following suggestions of previous research on core dimensions of
Al credibility (e.g., Shin, 2020; Bedue & Fritzsche, 2021), we adapted a 7-point semantic
differential scale to measure participants’ credibility perception of a predictive algorithm on
dimensions including competence, expertise, trustworthiness, transparency, fairness,

benevolence, credibility, and bias (Garrett & Poulsen, 2019; Kotcher et al., 2017). .
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Perceived Familiarity. Perceived familiarity was measured by an adapted version of a
self-reported AI-MC literacy scale (Goldenthal et al., 2021; Hargittai, 2008). We assessed
participants’ perceived familiarity with a predictive algorithm by asking their perceptions of
familiarity and understanding (e.g., “How well do you feel you understand predictive algorithms
like Smart Predictor”), comfort (e.g., “How comfortable do you feel using predictive algorithms
like Smart Predictor”), and confidence (e.g., “When using predictive algorithms like Smart
Predictor, how confident are you that you can accomplish what you’re trying to achieve™), on a
7-point Likert scale.

Sensitivity (d’) to predictive text errors. We adopted a signal detection theory (SDT)
approach to study people’s psychological sensitivity to successfully detect signals among noises.
SDT provides us a plausible way to understand people’s perceptual responses to different stimuli
afforded in their technologically mediated environment, and allows us to probe how people make
decisions among noise. Following this framework, we recorded a 4it when users accept an
error-free suggestion, a false alarm when users accept an error, a miss when users reject an
error-free suggestion, and a correct rejection when users reject an error. After categorizing the
responses, we calculated the likelihood ratio of each category. That is, the hit rate (H) is the
proportion of unbiased suggestions to which participants actually accepted; the false alarm rate
(FA) is the proportion of biased suggestions to which participants actually accepted. Sensitivity
(d”) describes how easily users are able to distinguish and thus accept error-free suggestions from
errors. It is measured as: d’=z(H)—z(FA). Thus, participants who have a higher d’ value are likely
to discriminate against error-prone algorithmic suggestions, compared to those who have a lower
d’ value.

Results
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H1. Effect of seamlessness on perceived interactivity

We used a Bayesian paired sample t-test to analyze the difference in perceived
interactivity between the low and high seamlessness conditions. The results of the analysis
provide strong evidence of no difference in perceived interactivity between the predictive
algorithms programmed with low (M =4.10, SD = 1.35) and high (M =4.01, SD = 1.23)
perceived seamlessness (BF,; = 9.34).
H2. Effect of seamlessness on perceived identification

We used a Bayesian paired sample t-test to analyze the difference in perceived
identification between the low and high seamlessness conditions. The results of the analysis
provide strong evidence of no difference in perceived identification between the predictive
algorithms programmed with low (M = 3.00, SD = 1.78) and high (M =2.94, SD = 1.73)
perceived seamlessness (BF,; = 10.17).
H3. Effect of seamlessness on perceived credibility

We used a Bayesian paired sample t-test to analyze the difference in perceived
interactivity between the low and high seamlessness conditions. The results of the analysis
provide strong evidence of no difference in perceived interactivity between the predictive
algorithms programmed with low (M =4.75, SD = 1.18) and high (M =4.73, SD = 1.21)
perceived seamlessness (BF,, = 11.10).
H4. Effect of seamlessness on perceived familiarity

We used a Bayesian paired sample t-test to analyze the difference in perceived
interactivity between the low and high seamlessness conditions. The results of the analysis

provide strong evidence of no difference in perceived interactivity between the predictive
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algorithms programmed with low (M = 4.10, SD = 1.51) and high (M = 3.99, SD = 1.55)
perceived seamlessness (BF,, = 7.45).
HS. Mediating effect of perceived synergy on users’ ability to detect algorithmic errors

Because we observed no significant differences between the high and low seamlessness
conditions, we decided to not proceed with the mediation analyses, as suggested by Baron and
Kenny (1986).

General Discussion

Our experiment endeavored to take a top-down approach for creating perceived
seamlessness. Based on our evaluation of prior research, we identified four components that have
been successfully employed to create feelings of seamlessness. To test our claims, we designed
EMPTI, an open-source smart compose simulator for conducting experimental research to detect
individuals’ sensitivity to biased algorithms based on psychological responses to imagined
technological affordances (Norman, 1988), such as interactivity, credibility, familiarity, and
identification. The simulator consists of three parts: 1) an email interface with within-subjects
manipulations of technological features, 2) a natural language processing algorithm that
incorporates a within-subjects manipulation of bias into an emailing task, and 3) a relational
database that calculates algorithmic bias sensitivity (with d’).

The results of our Bayesian tests suggest that users did not perceive a difference between
the two predictive text algorithms manipulated to cue seamlessness. Our Bayesian analyses
provide strong evidence that participants could not perceive any difference between the
perceived interactivity of, perceived identification with, perceived credibility of, and perceived

familiarity with the two distinct predictive text algorithms programmed with low or high



MANIPULATING SEAMLESSNESS 19

seamlessness. Therefore, we could not test H5, the prediction about whether differences in
perceived seamlessness influence the detection of spelling errors in our predictive algorithms.

Although the results of our experiment leave several questions unanswered about what
constitutes perceived seamlessness and how perceptions of seamlessness influence tendencies to
monitor the accuracy of predictive text suggestions, we believe we have created a flexible
testbed that may be useful to future experimenters. Intelligent systems like predictive text
algorithms make biased decisions because they are trained on biased data (Arnold, Chauncey, &
Gajos, 2018). Our relational database leverages signal detection theory (SDT) to provide a
plausible picture of how information in a person’s environment is combined to make a decision.
In the context of email responses, EMPTI allows us to collect rich data, based on SDT, to gain
insight into users’ psychological responses to accept or reject content suggested by algorithms.
Such a tool allows myriad opportunities to investigate generalizable communication phenomena
mediated by a predictive algorithm.

Ultimately, we have much to learn about the qualities of technology that influence
perceptions of agentic control. As technology is programmed with software that utilizes
algorithms, machine learning, and natural language processing to operate on behalf of the user,
media users must learn to adapt to the temptation to defer critical responsibilities of the human
operator to a device. Nonetheless, we will not be able to teach users how to anticipate contexts
that create perceived seamlessness until we can learn how to systematically measure these

related concepts that contribute to a seamless interaction.



MANIPULATING SEAMLESSNESS 20

References

Arnold, K. C., Chauncey, K., & Gajos, K. Z. (2018, June). Sentiment Bias in Predictive Text
Recommendations Results in Biased Writing. In Graphics interface (pp. 42-49).

Bandura, A. (2001). Social cognitive theory: An agentic perspective. Annual review of
psychology, 52(1), 1-26.

Baron , R. M. and Kenny , D. A. 1986 . The moderator-mediator variable distinction in social
psychological research: Conceptual, strategic, and statistical considerations . Journal of
Personality and Social Psychology , 51 : 1173 — 1182.

Bedué, P., & Fritzsche, A. (2021). Can we trust ai? an empirical investigation of trust
requirements and guide to successful Al Adoption. Journal of Enterprise Information

Management, ahead-of-print(ahead-of-print). https://doi.org/10.1108/jeim-06-2020-0233

Chung, H., & Zhao, X. (2006). Effects of perceived interactivity on web site preference and
memory: Role of personal motivation. Journal of Computer-Mediated Communication,

10(1), 00-00. https://doi.org/10.1111/].1083-6101.2004.tb00232.

Clark, A. (2008). Supersizing the mind: Embodiment, action, and cognitive extension. OUP
USA.

Cyr, D., Head, M., & Ivanov, A. (2009). Perceived interactivity leading to e-loyalty:
Development of a model for cognitive—affective user responses. International Journal of
Human-Computer Studies, 67(10), 850—869. https://doi.org/10.1016/}.ijhcs.2009.07.004

Edson Escalas, J., & Bettman, J. R. (2003). You are what they eat: The infulence of reference
groups on consumers' connections to Brands. SSRN Electronic Journal.

https://doi.org/10.2139/ssrn.412081


https://doi.org/10.1108/jeim-06-2020-0233
https://doi.org/10.1111/j.1083-6101.2004.tb00232

MANIPULATING SEAMLESSNESS 21

Fisher, M., Goddu, M. K., & Keil, F. C. (2015). Searching for explanations: How the Internet
inflates estimates of internal knowledge. Journal of experimental psychology: General,
144(3), 674.

Fox, J., & Bailenson, J. N. (2009). Virtual self-modeling: The eftects of vicarious reinforcement
and identification on exercise behaviors. Media Psychology, 12(1), 1-25.
https://doi.org/10.1080/15213260802669474

Garrett, R. K., & Poulsen, S. (2019). Flagging facebook falsehoods: Self-identified humor
warnings outperform fact checker and Peer Warnings. Journal of Computer-Mediated
Communication, 24(5), 240-258. https://doi.org/10.1093/jcmc/zmz012

Goldenthal, E., Park, J., Liu, S. X., Mieczkowski, H., & Hancock, J. T. (2021). Not all Al are
equal: Exploring the accessibility of AI-Mediated Communication Technology.
Computers in Human Behavior, 125, 106975. https://doi.org/10.1016/j.chb.2021.106975

Grammarly, Inc. (2021). Grammarly. Retrived from https://www.grammarly.com

Hamilton, M. (2019). The sexist algorithm. Behavioral sciences & the law, 37(2), 145-157.

Hancock, J. T., Naaman, M., & Levy, K. (2020). AI-Mediated Communication: Definition,
research agenda, and ethical considerations. Journal of Computer-Mediated
Communication, 25(1), 89—100. https://doi.org/10.1093/jcmc/zmz022

Hargittai, E. (2008). An update on survey measures of web-oriented digital literacy. Social

Science Computer Review, 27(1), 130—137. https://doi.org/10.1177/0894439308318213

Kotcher, J. E., Myers, T. A., Vraga, E. K., Stenhouse, N., & Maibach, E. W. (2017). Does
engagement in advocacy hurt the credibility of scientists? results from a Randomized
National Survey Experiment. Environmental Communication, 11(3), 415-429.

https://doi.org/10.1080/17524032.2016.1275736


https://www.grammarly.com/
https://doi.org/10.1093/jcmc/zmz022
https://doi.org/10.1177/0894439308318213

MANIPULATING SEAMLESSNESS 22

Lee, J. D., & See, K. A. (2004). Trust in automation: Designing for appropriate Reliance. Human
Factors: The Journal of the Human Factors and Ergonomics Society, 46(1), 50-80.
https://doi.org/10.1518/hfes.46.1.50.30392

Lee, S.-J., Lee, W.-N., Kim, H., & Stout, P. A. (2004). A comparison of objective characteristics
and user perception of web sites. Journal of Interactive Advertising, 4(2), 61-75.
https://doi.org/10.1080/15252019.2004.10722088

Li, X., & Chen, W. (2021). Core Tech Support Networks and digital inequalities in American
disadvantaged urban communities. Journal of Computer-Mediated Communication,
26(2), 91-107. https://doi.org/10.1093/jcmc/zmaa019

Liu, B. (2021). In ai we trust? effects of agency locus and transparency on uncertainty reduction
in human-ai interaction. Journal of Computer-Mediated Communication.

https://doi.org/10.1093/jcmc/zmab013

McMillan, S. J., & Hwang, J.-S. (2002). Measures of perceived interactivity: An exploration of
the role of direction of communication, user control, and time in shaping perceptions of
interactivity. Journal of Advertising, 31(3), 29-42.
https://doi.org/10.1080/00913367.2002.10673674

Mosier, K. L., Skitka, L. J., Heers, S., & Burdick, M. (1998). Automation bias: Decision making
and performance in high-tech cockpits. The International Journal of Aviation Psychology,

8(1), 47-63. https://doi.org/10.1207/s153271081jap0801 3

National Center for Education Statistics. (1997). Reading and Writing Habits of Students.

Retrieved from https://nces.ed.gov/pubs98/98003.pdf

Noble, S. U. (2018). Algorithms of oppression. In Algorithms of oppression. New York

university press.


https://doi.org/10.1093/jcmc/zmab013
https://doi.org/10.1207/s15327108ijap0801_3
https://nces.ed.gov/pubs98/98003.pdf

MANIPULATING SEAMLESSNESS 23

Norman, D. A. (1988). The psychology of everyday things. Basic books.

Obermeyer, Z., Powers, B., Vogeli, C., & Mullainathan, S. (2019). Dissecting racial bias in an
algorithm used to manage the health of populations. Science, 366(6464), 447-453.

Park, C. W., Gardner, M. P., & Thukral, V. K. (1988). Self-perceived knowledge: Some effects
on information processing for a choice task. The American Journal of Psychology,
101(3), 401. https://doi.org/10.2307/1423087

Pereira, A. E., Kelly, M. O., Lu, X., & Risko, E. F. (2022). On our susceptibility to external
memory store manipulation: examining the influence of perceived reliability and
expected access to an external store. Memory, 30(4), 412-428.

Rosburg, T., Mecklinger, A., & Frings, C. (2011). When the brain decides. Psychological
Science, 22(12), 1527-1534. https://doi.org/10.1177/0956797611417454

Schwikert, S. R., & Curran, T. (2014). Familiarity and recollection in heuristic decision making.
Journal of Experimental Psychology: General, 143(6), 2341-2365.
https://doi.org/10.1037/xge0000024

Shin, D. (2020). User perceptions of algorithmic decisions in the personalized Al
system:Perceptual Evaluation of fairness, accountability, transparency, and explainability.
Journal of Broadcasting & Electronic Media, 64(4), 541-565.
https://doi.org/10.1080/08838151.2020.1843357

Shu, S. B., & Peck, J. (2011). Psychological ownership and affective reaction: Emotional
attachment process variables and the endowment eftect. Journal of Consumer

Psychology, 21(4), 439-452. https://doi.org/10.1016/1.jeps.2011.01.002

Stavrositu, C., & Sundar, S. S. (2012). Does blogging empower women? Exploring the role of

agency and community. Journal of Computer-Mediated Communication, 17(4), 369-386.


https://doi.org/10.1016/j.jcps.2011.01.002

MANIPULATING SEAMLESSNESS 24

Storm, B. C., Stone, S. M., & Benjamin, A. S. (2017). Using the Internet to access information
inflates future use of the Internet to access other information. Memory, 25(6), 717-723.

Sundar, S. (2008). The MAIN model: A heuristic approach to understanding technology effects
on credibility. In M. Metzger & A. Flanagin (Eds.), Digital media, youth, and credibility
(pp. 73— 100). Cambridge, MA: MIT Press.

Sundar, S. S. (2020). Rise of Machine Agency: A framework for studying the psychology of
human-—ai interaction (HAII). Journal of Computer-Mediated Communication, 25(1),
74-88. https://doi.org/10.1093/jcmc/zmz026

Sundar, S. S., & Kim, J. (2019). Machine heuristic. Proceedings of the 2019 CHI Conference on
Human Factors in Computing Systems. https://doi.org/10.1145/3290605.3300768

Sundar, S. S., Bellur, S., Oh, J., Jia, H., & Kim, H.-S. (2016). Theoretical importance of
contingency in human-computer interaction: effects of message interactivity on user
engagement Communication Research, 43(5), 595-625.

https://doi.org/10.1177/0093650214534962

Sweeney, L. (2013). Discrimination in online ad delivery. Communications of the ACM, 56(5),
44-54.

Ward, A. F. (2013). Supernormal: How the internet is changing our memories and our Minds.
Psychological Inquiry, 24(4), 341-348. https://doi.org/10.1080/1047840x.2013.850148

Ward, A. F. (2021). People mistake the internet’s knowledge for their own. Proceedings of the
National Academy of Sciences, 118(43), €2105061118.

Wojcieszak, M., Thakur, A., Ferreira Gongalves, J. F., Casas, A., Menchen-Trevino, E., & Boon,

& M. (2021). Can ai enhance people’s support for online moderation and their openness


https://doi.org/10.1177/0093650214534962
https://doi.org/10.1080/1047840x.2013.850148

MANIPULATING SEAMLESSNESS 25

to dissimilar political views? Journal of Computer-Mediated Communication, 26(4),
223-243. https://doi.org/10.1093/jcmc/zmab006

Wu, G. (2005). The mediating role of perceived interactivity in the effect of actual interactivity
on attitude toward the website. Journal of Interactive Advertising, 5(2), 29-39.
https://doi.org/10.1080/15252019.2005.10722099

Wu, G., Hu, X., & Wu, Y. (2010). Effects of perceived interactivity, perceived web assurance and
disposition to trust on Initial Online Trust. Journal of Computer-Mediated

Communication, 16(1), 1-26. https://doi.org/10.1111/1.1083-6101.2010.01528.x



MANIPULATING SEAMLESSNESS

Figure 1

High Seamlessness Condition (Smart Predictor)

THIS IS A TUTORIAL (your responses will not be recorded on this page):

Welcome to session two! In this session you will be working with Smart Predictor to respond to 4 emails.

. Smart Predictor is designed by the Computer Science Department at UC Santa Barbara in collaboration with
Google’s Smart Compose Team. It is a highly-personalized algorithm that learns from a) the writing
questionnaire that you filled out at the beginning of our experiment and b) your typing patterns over time to
provide you with typing suggestions that are tailored towards your own writing styles.

. We ask you to imagine as if someone has sent the email below to you, and you are going to respond to it as

authentically as possible. Your responses will NOT be linked to your identity.

Please type your response in the text box below.

If a gray text appears after your cursor, you have the option to pressing the TAB key on the left side of your

keyboard to autocomplete Smart Predictor’s suggestion.

. In the live page (not this tutorial), your response to each email must be at least 100 words in order to
submit.

. Once you understand how to interact with Smart Predictor, please click the SEND button to submit your

response and progress to the next email.

Hted

as w

@

~

M Gmail

Re: Sell car

Car Sales Co. Team 8:15 AM (23 hours ago)
to You

Hello,

Welcome to Car Sales Co., the online used car retailer made to make selling your car simple and easy! We received your
message that you are looking to sell your car. Please answer the following questions so we can calculate the worth of your car.

1. What is the make and model of your vehicle?

2. What year is your vehicle?

3. Approximately how many miles are on your vehicle?

4. Has your vehicle been in any accidents?

5. Are there any damages to your vehicle? If so, please describe the damages (location, severity, etc.)
We are looking forward to helping you sell your car!

Thanks,
The Car Sales Co. Team

To: Car Sales Co. Team

m word Count: 0
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Figure 2

Low Seamlessness Condition (CS Predictor)

Instructions:

1. In this session, you will use CS Predictor to respond to 4 emails.

2. The writing habits questionnaire you completed earlier will NOT be used when working with CS Predictor
in this session.

3. CS Predictor is developed by a group of Computer Science (CS) junior students at UC Santa Barbara as a
final project in their Al Programming course. It provides you with typing suggestions that a majority of users
would have typed based on the probability model.

4. Imagine as if someone has sent the email below to you and respond to the message as authentically as
possible.

5. If a gray text appears after your cursor, you have the option to pressing the TAB key on the left side of your
keyboard to autocomplete CS Predictor's suggestion.

6. On the bottom right of this page, please check your word count while typing. Each response must be at least

100 words in order to submit.

Re: Checking in
Alex 9:15 AM (23 hours ago)
to You

Hi friend!

I hope all is well. It's been a while since we’ve caught up so I'm just checking in. How are things? What’s
new? How is your family? Since the last time we talked, I’'ve reorganized my home workspace about three
times, binge-watched too many shows on Netflix, and tried a whole lot of new recipes to escape boredom. So,
if you have any show recommendations or food ideas please send them my way. The other day I was reminiscing
about our past summer escapades. Have you gotten to go anywhere or do anything cool over summer? If so, let
me know! You know I'm always trying to add to my adventure list. Also, I'll be in town over the holidays.
Let me know if you are free at all to grab coffee. Miss you old friend!

Best,
Alex

To: Alex

Word Count: 0
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Figure 3

General Instructions for Email Task

Instructions:

In this session, you will use Smart Predicter to respond to 4 emails.

.
The writing habits questionnaire you completed earlier WILL be used when working with Smart Predictor in this I ‘t 't t
session. nS ruc |0n e

Imagine as if someone has sent the email below to you and respond to the as authentically as possibl
If a gray text appears after your cursor, you have the option to pressing the TAB key on the left side of your

[N

B

keyboard to autocomplete Smart Predictor’s suggestion.

M Gmail

Re: Sublease

Jackie Freedman 8:15 AM {14 hours ago)
to You

Hi,

My name s Jackie Freedman and | am looking to sublease my reom for the next year. | live with twe ather reommates in a spacious 3 . 0
bedroom, 2 bathroom apartment. Rent and utilities are around $800 a month. If you are interested, please email me back with Stl m u I I
answers to the following questions as well as your availability to come see the apartment and meet the rest of the roommates.

1. Are you typically a clean person?

2. Are you a marning person of a night owl?

3. Are you good with animals? (we have a dog named Luna and a hamster named Marshmallow)
4. Are you planning on bringing a car? If so, how big is the car? Do you require a parking space?
5. Do you have any food allergies? If so, what are they?

6. How would your friends describe you?

Best,

Jackie Freedman

Text Box
Suggestion




