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Abstract 
Experiments in human-computer interaction (HCI) often evaluate 
whether a prototype is “better,” but novelty alone can affect users’ 
judgments and possibly performance. To quantify this effect, we 
conducted a within-subjects study of 48 participants comparing 
four pairs of functionally identical prototypes (mice, keyboards, 
search engines, and AI chatbots). Each pair differed only in cosmetic 
features and a label marking one as “old” and the other as “new.” 
Novelty labeling shifted preference: up to 77% favored the version 
labeled “new.” Subjective ratings for the search engine increased 
under the “new” label by up to 7.1%. For the AI chatbot, ratings were 
driven by preference, with the preferred version rated up to 11.6% 
higher than the unpreferred one. Performance differences were 
modest and emerged for errors (e.g., 9.7% fewer misses with the 
“new” mouse, up to 7.2% lower error rates with the “new” keyboard). 
Technology readiness predicted baseline skill and occasionally mod-
erated performance but did not protect judgments from novelty 
bias. These results show that novelty labeling reframes interpreta-
tion and preference more than performance, raising concerns for 
HCI evaluations relying on participant judgments. 
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1 Introduction 
As new technologies rapidly emerge, researchers and practition-
ers regularly evaluate how users perform with and perceive them. 
In human-computer interaction (HCI), such evaluations anchor 
claims of improvement and guide design [16]. Whether assessing 

This work is licensed under a Creative Commons Attribution 4.0 International License. 
CHI ’26, Barcelona, Spain 
© 2026 Copyright held by the owner/author(s). 
ACM ISBN 979-8-4007-2278-3/26/04 
https://doi.org/10.1145/3772318.3791685 

interaction techniques [61], adaptive interfaces [8], or intelligent 
systems [1], such studies ask whether a prototype is “better” than 
what came before, operationalized in some measurable way. HCI 
research that creates new inventions [40] can make participants 
aware—explicitly or implicitly—that one version being tested is 
“new” while the other is pre-existing. Signaling novelty can set ex-
pectations, alter engagement, and risk improper conclusions about 
new inventions. The novelty effect names this tendency to favor
what is new over what is familiar [21]. In HCI, it has been described 
as a “first response to a new technology” [82]; however, responses 
might extend beyond qualitative impressions [14] to quantifiable 
preference and performance outcomes. For example, at venues like 
ACM UIST, where innovations are routinely compared against de
facto baselines, it is unknown what quantifiable advantage, if any,
new inventions have over their competitors just by virtue of being
new. This risk is heightened in fields such as artificial intelligence
(AI), where hype often outpaces demonstrable utility [15, 45]. At 
the same time, HCI has started to interrogate its own evaluation 
culture. Work on reproducibility [44, 49] highlights fragile find-
ings and weak links between experimental setups and claims that 
travel into practice. Critiques around “innovation theater”1 also
describe pressures to showcase novelty that look impressive yet 
lack evidence for lasting benefit. In that landscape, evaluations that 
compare new systems against familiar baselines carry extra weight. 

Psychology highlights cognitive mechanisms related to the nov-
elty effect. Motivated reasoning [47] leads people to interpret evi-
dence in line with prior beliefs. Expectation bias [88] and placebo 
effects [42] show that belief alone can shape outcomes. Yet in HCI, 
the novelty effect remains under-examined. Most HCI work has fo-
cused on demand characteristics, where participants have shown to 
align their behavior with perceived researcher expectations [14, 41]. 
Even less attention has been paid to quantifying the role of novelty
as an isolated biasing force. Unlike traditional placebo effects that 
come from mechanisms such as conditioning or patient expecta-
tions [60], the novelty effect might be triggered by something as 
simple as a “new” label that implies superiority. This distinction 
motivates testing novelty via version labeling as a minimal cue. 
Moreover, responses to novelty can differ across individuals. Some 
people are more inclined to adopt, trust, or feel excited by new tech-
nologies than others, a construct called technology readiness (TR)
[66]. Understanding how these traits affect responses to novelty is 
important for interpreting quantitative data in HCI. Whether higher 
TR makes people more susceptible to “new” labeling is unknown. 

1https://www.innovativehumancapital.com/article/the-theater-of-innovation-why-
companies-prioritize-appearances-over-innovation 
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To investigate the novelty effect in HCI for both performance and 
preference, we present a quantitative analysis of novelty framing 
using version labels as a placebo-like manipulation. Participants 
used four matched technology pairs—mice, keyboards, search en-
gines, and AI chatbots—that were functionally identical but differed 
only in superficial features (color, font) and a “new” vs. “old” label. 
Input tasks (pointing, typing) yielded typical human performance 
metrics, while information tasks (searching, chatting) yielded par-
ticipants’ subjective ratings and interaction behavior. Technology 
order, cosmetic variant order, label assignment order, and position 
order were fully counterbalanced. After each comparison, partici-
pants reported a preference. We also measured participants’ TR to 
see whether individual attitudes toward new technology influenced 
their performance in relation to perceived novelty. 

Our findings show that novelty labeling alone drove strong pref-
erence for “new” versions across devices—up to 77% of participants 
favored the version labeled as “new”—and inflated subjective quality 
ratings in the search and AI chatbot tasks (search ratings increased 
by up to 7.1% for the “new” version, and preferred chatbots were 
rated up to 11.6% higher than unpreferred ones). By contrast, effects 
on human performance were smaller and uneven across measures 
and tasks, although they mildly affected accuracy in both pointing 
and text entry (the “new” mouse produced 9.7% fewer misses, and 
the “new” keyboard yielded up to 7.2% lower error rates). TR was 
associated with baseline performance and sometimes interacted 
with novelty, but it did not offset the dominance of the “new” label 
in shaping subjective ratings. Together, our results indicate that 
novelty shifts preference much more than performance, but neither 
is it entirely absent for the latter. 

Our study makes three contributions to HCI research by pro-
viding: (1) a causal (experimental) demonstration that labeling a 
functionally identical system as “new” shifts preferences, inflates 
subjective ratings, and reduces input errors, (2) evidence that these 
perceptual shifts can outweigh or misalign with objective perfor-
mance, and (3) clarification that TR influences baseline performance 
and can interact with novelty, but does not shield judgments from 
novelty-driven bias. These contributions delineate where framing— 
not function—drives effects, and provide a basis for study designs 
that separate novelty from genuine improvement. 

2 Related Work 
We pull on five threads of related work to inform our work. First, 
we examine how humans respond to innovation, especially in early 
encounters with new systems. Second, we look at how prototypes 
are typically assessed in HCI and where existing methods fall short 
when novelty is in play. Third, we focus on how the novelty effect 
has been studied in interactive systems. Fourth, we situate novelty 
within broader literature on placebo effects, since both describe 
expectation-driven shifts in evaluation when functionality is held 
constant. Lastly, we connect novelty framing to ongoing debates 
about replication, evaluation validity, and innovation theater in 
HCI and AI research. 

2.1 Human Response to Novelty and Innovation 
The human attraction to novelty is well documented by early psy-
chology research [4, 12, 24] suggesting that this tendency is inher-
ent. Literature in medicine further illustrates that when a treatment 
is presented as a novel, experimental agent, its perceived efficacy 
usually appears higher than when the same treatment is used as 
a control [3, 10, 75]. Enthusiasm for new treatments among re-
searchers can also skew care and assessments between control and 
intervention groups [52]. 

Research in human behavior demonstrates that when faced with 
a novel innovation, users often react with a mixture of curiosity, 
excitement, and apprehension [73]. Although perceived novelty 
tends to elicit positive emotions such as fascination and enthusiasm 
[36], these initial reactions do not always correlate with sustained 
engagement or satisfaction [21]. 

Empirical studies with large participant samples have demon-
strated that perceived novelty serves as an effective belief and influ-
ences the adoption of new technologies through user assessments 
of associated risks and rewards [85]. In addition, the perceived com-
plexity, mysteriousness, and non-human nature of new technologies 
can contribute to implicit biases that affect decision-making pro-
cesses [20]. Dispositional factors (e.g., optimism regarding technol-
ogy’s potential to provide greater control and flexibility, concerns 
about dependency and vulnerability to malicious activities, etc.) 
further influence adoption outcomes [70]. These dynamics illustrate 
the interplay between individual beliefs, situational factors, and 
perceived novelty in determining how users embrace and integrate 
innovations into their lives. 

While users may exhibit increased interest and engagement with 
products they find unique or different from familiar alternatives 
[29], shortcomings that were previously masked by the allure of 
novelty may become apparent and lead to reassessment and disen-
gagement [43]. Moreover, the reception of an innovation is suscep-
tible to its alignment with current societal trends and endorsements 
from influential early adopters [2]. Therefore, innovations that chal-
lenge existing norms or require substantial changes in user behavior 
may encounter resistance despite offering considerable long-term 
benefits. User response in immediate and sustained situations is 
important for designing and implementing new technologies that 
capture initial interest and deliver lasting value. 

These patterns highlight that novelty responses are shaped by sit-
uational cues and by individual dispositions. This is why we include 
technology readiness (TR) [67] in our study to examine whether 
baseline attitudes toward technology modulate how strongly par-
ticipants respond to novelty. 

2.2 User Assessments of Prototypes 
Many HCI evaluations use a wide range of post-use self-report mea-
sures such as the Technology Acceptance Model (TAM) [13], NASA-
TLX workload index [31], the System Usability Scale (SUS) [6], other 
Likert-type questionnaires [51], and qualitative interviews with par-
ticipants. However, self-report instruments are susceptible to many 
different biases. Expectations can influence subjective usability and 
emotional responses toward systems [17, 46]. Demand characteris-
tics may nudge participants toward what they believe researchers 
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want to hear. [14]. Social desirability can suppress negative feed-
back [25]. Acquiescence bias can disproportionally influence partic-
ipants agreement with positive statements regardless of their true 
perceptions [58]. 

Some studies have turned to behavioral and physiological in-
dicators to assess reactions to novelty. Horstmann and Herwig 
[37] used eye-tracking to capture fixation duration, time to first 
fixation, and gaze patterns as indicators of how attention shifts 
between familiar and unfamiliar stimuli. Poppenk et al. [69] em-
ployed recognition tasks that measured hit rates, false alarms, and 
source memory accuracy to assess how novelty shapes encoding 
and retrieval processes. 

Considering both subjective and objective data can be useful 
when studying novelty effects. What people say about a system 
(their ratings or preferences) and what they do while using it (their 
behavior or performance) may diverge, and each reveals a differ-
ent aspect of how novelty exerts influence. Our study therefore 
brings these together to test where novelty takes effect—whether 
in preference, performance, or both. 

2.3 Novelty Effect in HCI 
Research on novelty in HCI has examined a range of technolo-
gies, including activity trackers [77], virtual reality systems [59], 
large displays in work and public settings [39, 43], and gamified 
learning environments [72, 83]. Across these domains, engagement 
often spikes during early encounters and declines as the initial 
sense of novelty fades. Much of this work has therefore focused 
on long-term decline rather than on how novelty shapes first-use 
evaluations. Some studies have begun to address this early phase: 
Rutten and Geerts [74], for example, found that positive reactions to 
mid-air haptic feedback were strongest immediately after exposure, 
driven largely by perceived novelty. Dell et al. [14] showed that 
during initial evaluations, participants shifted their preferences 
to favor the option they believed was created by the researcher 
when both alternatives were identical. While such findings estab-
lish novelty as an influential factor in early impressions, its impact 
on baseline performance and preference during controlled first-use 
evaluations remains unexplored. Our study addresses this gap. In 
addition, although psychology has long documented how people 
respond differently when something is presented as new or im-
proved, HCI still lacks quantitative evidence showing how this kind 
of framing alters interaction behavior and judgment outcomes. Our 
study provides this missing empirical link. 

2.4 Novelty Effect as a Subset of Placebo Effect 
Framing novelty as a subset of the placebo effect provides the basis 
for our research. HCI studies have illustrated how perceptions can 
strongly shape evaluations when the underlying realities are identi-
cal but labeled differently. Denisova and Cairns [15] found that basic 
instructions led players to believe that a game featured enhanced 
adaptive AI, even when no such features were present. Similarly, 
Pataranutaporn et al. [68] showed that altering participants’ mental 
models of an AI system by framing it as caring, manipulative, or 
neutral, changed their interactions and perceptions. Thirty years 
ago, The Media Equation studies by Reeves and Nass showed, for 
example, that televisions showing news only were judged as more 

trustworthy and competent than televisions showing the same news 
but labeled as “generalists”[71]. These findings show how priming 
can lead users to perceive improvements in a system’s functionality, 
even when those enhancements do not exist. Labeling a system 
“old” vs. “new” can likewise shift how identical systems are judged. 
Unlike prior work that relies on more elaborate primed features, 
our study isolates label-driven novelty to test its causal influence. 

2.5 Replication, Evaluation Validity, and 
Innovation Theater 

Recent methodological critiques in HCI argue that many empirical 
evaluations rest on limited evidence and overextended interpre-
tations. Some studies use small samples, idiosyncratic tasks, or 
loosely justified measures that make it hard to determine what a 
finding truly establishes. For example, Ortloff et al. [63] identified 
how under-powered designs, inconsistent effect-size reporting, and 
unclear measurement-construct links lead to claims that exceed 
what the data can support. In human–robot interaction, Leicht-
mann and Rohlfing [49] show that replication attempts frequently 
fail because foundational constructs, such as social presence or 
trust, are operationalized inconsistently, making it difficult to build 
theory across studies. 

These concerns have become more visible in AI-mediated inter-
action research, where evaluations rely heavily on short, laboratory-
style tasks. Several recent papers show that outcomes in these set-
tings are sensitive to framing, expectations, and study instructions 
over system behavior. Kosch et al. [45] demonstrate that describing 
a system as having sophisticated adaptive AI—despite providing 
no functional support—shifts users’ expectations and subjective 
evaluations through placebo effects. Olszewski [62] found that 
anthropomorphic identity cues change agreement with the same 
AI-generated recommendations. Scholars have also critiqued the 
cultural forces that reflect how new technologies are presented. 
Granados et al. [30] show that organizations can perform “innova-
tion theater,” where high-visibility demonstrations, symbolic pro-
totype showcases, and staged signs of progress attempt to signal 
technological advancement even when little substantive improve-
ment exists. This practice reinforces the cultural narratives that 
newer systems are inevitably better. When evaluation studies take 
these narratives for granted, they can unintentionally reproduce 
hype, especially when a “new” version is positioned as the expected 
site of improvement. 

When outcomes lean toward the new version, it is hard to know 
how much credit belongs to interaction design versus novelty fram-
ing. Our study takes this tension as a starting point and treats 
novelty framing as a threat to validity for evaluations that anchor 
narratives about innovation. 

3 Experiment Design 
Our study sought to examine how perceived novelty influences 
objective performance and subjective preference when empirically 
testing interactive technologies. We presented four matched tech-
nology pairs to participants: mice, keyboards, search engines, and 
AI chatbots. Each pair was functionally identical and only differed in 
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superficial cosmetic features (color, font) and, importantly, by hav-
ing an “old” or “new” label. Participants engaged with all four tech-
nology pairs in structured tasks (pointing, typing, searching, chat-
ting) designed to capture performance and preference. In addition, 
we measured participants’ technology readiness to explore whether 
individual attitudes toward technology influenced responses to 
novelty framing. 

3.1 Participants 
We recruited 48 participants through on-campus and local mailing 
lists, flyers, community Discord servers, and word-of-mouth. We 
used Spiel et al.’s [81] method of surveying gender. There were 24 
women, 22 men, one non-binary, and one who preferred not to 
disclose, aged 19 – 55 years (𝑀 = 28.5, 𝑆𝐷 = 8.4). 

Our sample size aligns with prior work showing this number 
yields reliable performance estimates [76], and our trial-level anal-
yses produced a total trial count (mouse: 1728; keyboard: 4800) 
known to provide sufficient power in input studies [80]. 

Participants represented a broad mix of occupational back-
grounds, involving administration (e.g., leasing management, pay-
roll), coordination (e.g., studio, operations), technical fields (e.g., 
engineering, information science, physical security), science (e.g., 
physics, astronomy, biology, biomedical informatics), education 
(e.g., teaching, linguistics), physical and mental health, business, 
military, the arts, and caregiving. For highest education level at-
tained, of 48 participants, nine had high school diplomas, three 
had associate’s degrees, 18 had bachelor’s degrees, 13 had master’s 
degrees, and three had doctorates or professional degrees. Each 
participant received $35 compensation. 

Our study was reviewed and approved by the university’s Insti-
tutional Review Board (IRB). All participants provided informed 
consent prior to participation and were told that they could with-
draw at any time without penalty. At the conclusion of the study, 
participants were fully debriefed regarding the true purpose of the 
research and informed that the “old” and “new” technologies were 
identical apart from cosmetic differences. Consent was re-obtained 
following this disclosure. No participants chose to withdraw their 
data after debriefing. However, one participant chose not to fill out 
the technology readiness (TR) questionnaire due to a lack of time. 

3.2 Apparatus 
Study sessions were conducted in a university laboratory. We se-
lected four everyday interactive technologies to cover a range of 
input and information experiences of the kind that HCI studies fre-
quently evaluate. Mice and keyboards are low-level input devices 
emphasizing psychomotor control, where performance is captured 
by speed, accuracy, and throughput [79, 80, 93]. By comparison, 
search engines and AI chatbots require higher-order cognitive work 
than mere psychomotor control. Together the four technologies 
we tested span hardware and software that differ in interaction 
modality, user familiarity, and potential susceptibility to novelty 
effects. 

Cosmetic differences were introduced to facilitate the experimen-
tal manipulation. Work on placebo and expectation effects shows 
that presentation cues sustain the belief that conditions are distinct 

[22]. In addition, all technologies were de-branded to avoid asso-
ciations with familiar products or companies. Manufacturer logos 
on the mice and keyboards were covered with tape. The search 
engines were simplified to display only a search bar, a list of results, 
and minimal preview snippets under each result. The AI chatbot 
used a basic text interface with AI messages on the left and user 
messages on the right. 

3.2.1 Input Devices. For our mice and keyboard pairs, we used 
sticky notes labeled “old” and “new” to signal novelty. These labels 
were counterbalanced, so half of the participants saw the black 
mouse labeled “old” and the blue mouse labeled “new,” and half saw 
the opposite (Figure 1). The same was true for the black and white 
keyboards (Figure 2). 

The two mice were Seenda Wired RGB Backlit Optical Mice, Model 
MS201. These devices differed only in their color. The two keyboards 
were Macally Wireless Keyboards, Model RFJJKEY. These devices 
also differed only in their color. 

Figure 1: Two identical mice—black (left) and blue (right)— 
with “Old V.1” and “New V.2” labels. 

Figure 2: Two identical keyboards—black (bottom) and white 
(top)—with “Old V.1” and “New V.2” labels. 
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3.2.2 Information Interfaces. The other two technologies were in-
formation interfaces, a search engine and an AI chatbot. We built 
stripped-down interfaces that connected to backend services and 
differed only in cosmetic aspects and their “Old X V.1” and “New X 
V.2” labels, which, like the input devices, were fully counterbalanced 
among participants. 

Specifically, the two search engines (Figure 3) were implemented 
using the Bing Web Search API and differed only in font. (One was 
serif and the other was sans serif.) Both engines selected 10 random 
search terms from the same set of 200 queries sourced from Google 
Trends2 in February 2025. The system was configured to automati-
cally select and pre-fill one query into the search bar for each of 10 
rounds. A 90-second timer was activated by query initiation, giving 
participants a comfortable time limit to peruse search results. (A 
green “Continue” button enabled early completion.) Pilot studies 
confirmed that 90 seconds provided sufficient browsing time with-
out disengagement. Hyperlinks and typing were both disabled to 
shift the participants’ focus purely on the search result snippets. 

The two AI chatbots (Figure 4) were implemented using Together 
AI’s API3 and differed only in chat bubble colors and font. (One 
chatbot rendered AI messages in cool-toned bubbles with a serif 
font. The other rendered AI messages in warm-toned bubbles with 
a sans-serif font.) We changed both color and font for the AI chatbot 
to reinforce version differences, since pilot participants noted that 
conversational agents offered fewer persistent visual cues than the 
input devices and the search pages. The chatbots began each round 
with the prompt: "Welcome to our conversation. I’m an AI here to chat 
with you. What’s on your mind?" Participants then had 90 seconds 
to engage in a chat of their choosing. Pilot studies of the chatbot 
condition led us to shorten the chatbots’ responses, add short-term 
memory for coherence, and confirm 90 seconds per exchange. 

3.3 Measures 
We collected four types of measures: behavior, judgment, preference, 
and technology readiness (TR). These are explained below. 

3.3.1 Behavior. For pointing tasks, we used FittsStudy [89, 91] (Fig-
ure 5), a testbed that evaluates pointing devices according to the ISO 
9241-9 standard [18, 80]. The primary metric was throughput (TP) 
[54], a combined speed-accuracy measure of efficiency, computed 
as the effective index of difficulty divided by average movement 
time (𝑇 𝑃 = 𝐼 𝐷𝑒 /𝑀𝑇 ) [80]. Movement time (MT) was taken per 
target selection from acquisition onset to selection attempt. Errors 
were analyzed as instances per ring-of-circles condition [89]. 

For typing, we used TextTest++ [92] (Figure 6), a short-phrase 
transcription testbed [55]. Text entry speed was measured as words 
per minute (WPM), with timing calculated from the first-entered 
to last-entered character in a phrase [53]. Accuracy was captured 
as both error rates and counts. Rate metrics included uncorrected 
error rate (UER), corrected error rate (CER), and their sum, total 
error rate (TER) [79, 92]. We also computed text-entry throughput 
(TP), a combined speed-accuracy measure of efficiency [93]. 

For searching, we measured search result browsing time (BT), 
which was the time participants spent reviewing a set of search 
results. We also measured rating time (RT), which was the time 

2https://trends.google.com/trends
3https://www.together.ai 

Task Behavior Measures 
Pointing Throughput (TP); Movement time (MT); Errors (counts 

per A×W condition). 

Typing Throughput (TP); Words per minute (WPM); Uncorrected 
error rate (UER); Corrected error rate (CER); Total error 
rate (TER). 

Searching Browsing time (BT); Rating time (RT). 

Chatting Number of messages sent; Number of characters sent; 
Rating time (RT). 

Table 1: Behavioral measures by task. 

participants took to fill out Likert-type scales evaluating the quality 
of the search results. 

For chatting, we used transcripts and timestamps to compute per-
round user message count, per-round number of user characters 
sent, and rating time. 

Table 1 summarizes the behavioral measures by task. 

3.3.2 Judgment. Judgment measures captured subjective ratings of 
search results and AI chatbot responses using 7-point Likert scales. 
In each round, the order of rating dimensions was randomized to 
reduce sequence familiarity. 

For the search engines, participants responded to the prompt: 
"The search results were..." (1 = strongly disagree, 7 = strongly agree), 
evaluating five dimensions: Comprehensive, Specific, Satisfactory, 
Trustworthy, and Relevant (Figure 7). These constructs map closely 
to core constructs in established evaluation models—relevance, sat-
isfaction, and utility—as identified in Palanisamy’s [64] conceptual 
framework for search evaluation. 

For the AI chatbots, participants responded to the prompt: “The 
AI’s responses were..." (1 = strongly disagree, 7 = strongly agree), 
evaluating nine dimensions: Clear, Empathetic, Professional, Help-
ful, Creative, Friendly, Relevant, Knowledgeable, and Articulate 
(Figure 8). Pilot studies helped us narrow an initial pool of chatbot 
evaluation measures [50] to nine dimensions across content fit, 
readability, and tone, which participants found most essential and 
discriminative for judging reply quality. 

3.3.3 Preference. After completing both versions in a technology 
pair, participants indicated which version they preferred. We coded 
Preferred as a binary outcome for each technology, old or new. 

3.3.4 Technology Readiness. We administered the 16-item Technol-
ogy Readiness Index (TRI) [67] to account for individual differences. 
The TRI distinguishes between early adopters and technology-
reluctant individuals [66] and comprises four constructs: Optimism 
(positive beliefs about technology), Innovativeness (tendency to 
adopt early), Discomfort (feelings of being overwhelmed), and In-
security (distrust or skepticism). 

We calculated the TR score for each participant by subtracting 
the average of the inhibitor dimensions (Discomfort and Insecurity) 
from the average of the contributor dimensions (Optimism and 
Innovativeness) [56]. Positive scores indicate Technology Ready 

https://3https://www.together.ai
https://2https://trends.google.com/trends
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Figure 3: Two identical search engines—serif (top) and sans serif (bottom)—with on-screen labels “Old X V.1” and “New X V.2”. 

and negative scores indicate Technology Not-Ready. We obtained 
permission to use the full version of the scale from its author [67]. 

3.4 Procedure 
Upon arrival, participants were informed that they would inter-
act with two versions of each technology. Within each pair, one 
technology was described as an “old product” and the other as a 
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Figure 4: Two identical AI chatbots—AI messages in cool-toned bubbles with serif font (top) and AI messages in warm-toned 
bubbles with sans serif (bottom)—with on-screen labels "Old X V.1" and "New X V.2". 
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Figure 5: FittsStudy displaying a circular target layout fol-
lowing ISO 9241-9. 

Figure 6: TextTest++ displaying a short-phrase transcription 
prompt. 

Figure 7: Likert-type scales for rating search engine results 
on five dimensions. Dimension order was randomized each 
round. 

Figure 8: Likert-type scales to rate AI chatbot responses on 
nine dimensions. Dimension order was randomized each 
round. 

“newly released version incorporating brand new technology.” Each 
participant completed the study individually and filled out the TRI 
[67] at the end. Study sessions lasted about 80 minutes. 

Participants worked with four technology types—mice, key-
boards, search engines, and AI chatbots—each paired with their 
respective tasks: pointing, typing, searching, and chatting. Figure 9 
illustrates a participant completing tasks with the version labeled 
“new” across all four technology pairs. Table 2 shows the corre-
sponding protocols for each task. 

As noted above, our experiment employed extensive counterbal-
ancing to ensure order effects would not occur. We counterbalanced 
the following: 

• Technology order. The four technologies (mice, keyboards, 
search engines, AI chatbots) appeared in all 4! = 24 orders. 
With 𝑁 = 48, each order was assigned to two participants. 

• Cosmetic variant order. For each technology, its two cosmetic 
variants (e.g., two colors or two fonts) were shown in both 
first/second orders equally often (variant A→B and B→A). 

• Label assignment order. “New”/“old” labels were crossed with 
cosmetic variants. Each variant appeared as “new” for half 
the participants and as “old” for the other half. 

• Position order. Position was also counterbalanced, yielding 
equal counts of A-new first, A–new second, A–old first, 
A–old second, and analogously for B. 

Our counterbalancing scheme is graphically depicted in Figure 10. 
Statistical tests showed no effects of presentation order on any of 
our measures, indicating effective counterbalancing. 

We used standardized prompts at five points: (1) introducing 
the technology pair, (2) after a brief demo, (3) before the first ver-
sion, (4) before the second version, and (5) after both versions to 
collect preferences. Table 3 lists the exact scripts, which were fol-
lowed for all participants, repeated across sessions according to the 
counterbalanced order. 

We explained to participants that the sticky notes labeled “Old 
V.1” and “New V.2” for the mice and keyboards were simplified 
labels used in place of the actual model names. For each mouse and 
keyboard, participants were free to place the corresponding sticky 
note anywhere visible during the pointing or typing tasks. For the 
search engines and AI chatbots, we explained that the labels “Old 
X V.1” and “New X V.2” were used to simplify the actual model 
numbers, with X serving as a placeholder for the model name. 
These labels remained fixed graphically in the interface and were 
always visible, even when participants scrolled. 

3.5 Design & Analysis 
We conducted four within-subjects experiments evaluating interac-
tions with mice, keyboards, search engines, and AI chatbots. Across 
all four experiments, the technologies were functionally identical. 

The following factors and predictors were entered into our sta-
tistical models: 

• Version {old, new}, the primary treatment. 
• Preferred {0, 1}, a binary choice made after comparing both 
versions within each technology pair. 

• Technology Readiness (TR), a continuous covariate in 
[−4, +4]. 

We used two interaction terms to examine Version further: 
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(a) (b) (c) (d) 

Figure 9: A participant interacting with the “new” version of each technology pair: (a) pointing with the mouse, (b) typing with 
the keyboard, (c) reviewing search result snippets with the search engine, and (d) chatting with the AI chatbot. 

Task Protocols 

Pointing Click on targets of different sizes and distances. 
Timing begins only after clicking the first target. 
Each target is attempted once, including if missed. 
Perform the task quickly and accurately, but not recklessly. 
There are 18 conditions, each presented as a ring of circles. 
Within each condition, there are 23 trials (three practice trials followed by 20 test trials). 

Typing Transcribe a series of phrases. 
Timing begins after typing the first character and ends with the last character. 
The task should be completed quickly and accurately, but not recklessly. 
Errors near the text cursor should be corrected, others can be ignored. 
Press the Enter key to move to the next phrase. 
There are 50 phrases to transcribe with each keyboard. 

Searching A pre-filled search term appears in the search bar. 
Timing begins after clicking the search button. 
There are 10 searches per engine, each followed by a Likert-type survey. 
Each set of search results can be reviewed for up to 90 seconds. 
Hyperlinks are disabled. 
No additional input can be entered in the search bar. 

Chatting Engage in an open-ended conversation with the AI chatbot. 
Timing begins after typing the first character. 
If a topic is difficult to think of, the AI can help generate suggestions. 
There are five chat sessions, each followed by a Likert-type survey. 
Each chat session lasts 90 seconds. 

Table 2: Protocols by task. 

• Version×Preference. This term tests whether novelty labeling 
interacts with a participant’s technology preference. For ex-
ample, if novelty is influential, advantages for “new” should 
be larger among participants who preferred “new,” and ab-
sent (or reversed) among those who preferred “old.” 

• Version×TR. This term tests whether novelty labeling inter-
acts with a participant’s TR score. For example, perhaps 
more tech-ready participants show stronger sensitivity to 
the “new” label than less tech-ready participants. 

We analyzed most outcomes at the trial level to match how the 
measures are produced and to retain within-participant variance. A 
“trial” is task-specific (Table 4). For the mouse, it was one ring-of-
circles condition; for the keyboard, it was one transcribed phrase; 
for search, it was one set of search results; and for the AI chatbot, 
it was one 90 second chat. Trial and Participant were modeled as 

random factors in all models to account for repeated measures and 
within-subject variance. 

Two additional outcomes were participant-level and were ana-
lyzed as such: 

• Keyboard Throughput (TP): summarized per participant and 
version (per TextTest++) [93], then compared across versions 
using a within-subjects model. 

• Preference: each participant made a single forced choice be-
tween the “new” and “old” versions, analyzed as a binomial 
test of proportions [11]. 

All analyses were implemented in R (v4.4.3). Performance and 
behavioral measures were modeled according to their statistical 
properties: 

• Mouse. Throughput (TP) and movement time (MT) 
were analyzed using linear mixed-effects models (LMMs; 
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Technology Introduction After Demonstration Before First 
Version 

Before Second 
Version 

After Both Tasks 

Mouse "You will be working with two 
different mice. The first mouse is 
an old mouse V.1. The second 
mouse is a new release V.2 that 
incorporates brand new 
technology. You will complete a 
series of pointing tasks with 
both mice." 

"Now we are going to begin 
testing with the two mice. The 
first mouse is an old mouse V.1. 
The second mouse is a new 
release V.2 that incorporates 
brand new technology. You will 
complete a series of pointing 
tasks with both mice." 

"The first mouse is an 
old mouse V.1. Let’s 
begin." 

"The second mouse is 
a new release V.2 that 
incorporates brand 
new technology. Let’s 
begin." 

"Which mouse did you 
prefer? Why?" 

Keyboard "You will be working with two 
different keyboards. The first 
keyboard is an old keyboard V.1. 
The second keyboard is a new 
release V.2 that incorporates 
brand new technology. You will 
complete a series of typing tasks 
with both keyboards." 

"Now we are going to begin 
testing with the two keyboards. 
The first keyboard is an old 
keyboard V.1. The second 
keyboard is the new release V.2 
that incorporates brand new 
technology. You will complete a 
series of typing tasks with both 
keyboards." 

"The first keyboard is 
an old keyboard V.1. 
Let’s begin." 

"The second keyboard 
is a new release V.2 
that incorporates 
brand new technology. 
Let’s begin." 

"Which keyboard did 
you prefer? Why?" 

Search Engine "You will be working with two 
different search engines. The 
first search engine is an old 
search engine V.1. The second 
search engine is a new release 
that incorporates brand-new 
technology. You will complete a 
series of search tasks with both 
search engines." 

"Now we are going to begin 
testing with the two search 
engines. The first search engine 
is an old search engine V.1. The 
second search engine is a new 
release V.2 that incorporates 
brand new technology. You will 
complete a series of search tasks 
with both search engines." 

"The first search 
engine is an old 
search engine V.1. 
Let’s begin." 

"The second search 
engine is a new 
release V.2 that 
incorporates brand 
new technology. Let’s 
begin." 

"Which search engine 
did you prefer? Why?" 

AI Chatbot "You will be working with two 
different AI chatbots. The first 
AI chatbot is an old AI chatbot 
V.1. The second AI chatbot is a 
new release that incorporates 
brand-new technology. You will 
complete a series of conversing 
tasks with both AI chatbots." 

"Now we are going to begin 
testing with the two AI chatbots. 
The first AI chatbot is an old AI 
chatbot V.1. The second AI 
chatbot is a new release V.2 that 
incorporates brand new 
technology. You will complete a 
series of conversing tasks with 
both AI chatbots.” 

"The first AI chatbot 
is an old AI chatbot 
V.1. Let’s begin." 

"The second AI 
chatbot is a new 
release V.2 that 
incorporates brand 
new technology. Let’s 
begin." 

"Which AI chatbot did 
you prefer? Why?" 

Table 3: Scripted instructions used during each technology session. The same scripted templates were followed for all partici-
pants, with order adjusted to reflect the counterbalancing scheme. 

Technology Trial Level 
Mouse 18 A×W conditions per mouse (36 total per participant, 

𝑁 = 1728 total) 

Keyboard 50 transcription phrases per keyboard (100 total per 
participant, 𝑁 = 4800 total) 

Search 10 search result sets per engine (20 total per participant, 
𝑁 = 960 total). 

AI Chatbot 5 conversations per chatbot (10 total per participant, 
𝑁 = 480 total) 

Table 4: Definition of a trial by technology. 

lme4::lmer) [86]. Error counts showed strong overdis-
persion and excess zeros, and were therefore modeled 
using zero-inflated mixed negative binomial regression 
(glmmTMB::glmmTMB) [28, 35]. 

• Keyboard. Throughput (TP) and words per minute (WPM) 
were analyzed using LMMs. Uncorrected, corrected, and total 

error rates (UER, CER, and TER) violated normality and were 
analyzed using nonparametric aligned rank transform (ART) 
ANOVAs (ARTool::art) [19, 90]. 

• Search engine. Browsing time (BT) and rating time (RT) were 
analyzed using LMMs on log-transformed responses, which 
is customary for time-based measures [48]. Likert-item rat-
ings for Comprehensive, Specific, Satisfactory, Trustworthy, 
and Relevant were ordinal and modeled using cumulative 
link mixed models (CLMMs; ordinal::clmm) [32]. 

• AI chatbot. Rating time (RT) was analyzed using log-
transformed LMMs [48]. Message counts were analyzed with 
Poisson generalized linear mixed-effects models (GLMMs; 
lme4::glmer) and negative binomial GLMMs when overdis-
persion was present [5]. Likert-item ratings for Clear, Em-
pathetic, Professional, Helpful, Creative, Friendly, Relevant, 
Knowledgeable, and Articulate were analyzed with CLMMs. 

Associations between technology readiness (TR) and perfor-
mance were examined using nonparametric Spearman rank corre-
lations [78], computed separately for the “old” and “new” versions. 
Differences in these associations indicated where TR interacted 
with Version. 

Binary preference choices (“old” vs. “new”) were analyzed sepa-
rately using exact binomial tests (stats::binom.test). 
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Figure 10: Counterbalancing scheme across technology order, 
cosmetic variant order, label assignment order, and position 
order. 

4 Results 
We report results for the four technologies in turn (mice, keyboards, 
search engines, AI chatbots). For each, we present behavioral out-
comes, and for search and chatbot we also report subjective ratings. 
We then analyze stated preferences and test moderation by tech-
nology readiness (TR). 

4.1 Behavioral Outcomes 
4.1.1 Mouse. There were no significant effects on TP and MT. 
In contrast, error analysis revealed a significant main effect of 

on error count ( 2Version    𝜒 (1) = 7.56, 𝑝 = .006), with participants 
accumulating more missed targets across trials on the “old” mouse 
(𝑀 = 20.00, 𝑆𝐷 = 37.55) compared to the “new” mouse (𝑀 = 18.06, 
𝑆𝐷 = 31.61). There was also a main effect of Preferred on error count 
( 2𝜒  (1) = 4.22, 𝑝 = .040) such that participants accumulated fewer 
missed targets on the unpreferred mouse (𝑀 = 18.38, 𝑆𝐷 = 30.27) 
than the preferred mouse (𝑀 = 19.68, 𝑆𝐷 = 38.66). 

4.1.2 Keyboard. There were no significant effects on TP. How-
ever, the average speed of the preferred keyboard was 69.71 WPM 
(𝑆𝐷 = 25.16), while the average speed of the unpreferred key-
board was 68.74 WPM (𝑆𝐷 = 24.40). This 1.4% advantage for pre-
ferred keyboards was statistically significant (𝐹 (1, 4701) = 5.22, 

2𝑝 =  .022, 𝜂 𝑝 < .01). A Version × Preferred interaction also emerged 

(𝐹 (1 2 , 46) = 4.69, 𝑝 = .036, 𝜂 𝑝 = .09). On the “old” keyboard, partici-
pants typed faster when it was preferred at 77.03 WPM (𝑆𝐷 = 29.50) 
than when it was unpreferred at 64.58 WPM (𝑆𝐷 = 20.52). On the 

“new” keyboard, the pattern reversed. Participants typed faster on 
the unpreferred keyboard at 75.09 WPM (𝑆𝐷 = 28.20) than on the 
preferred one at 64.91 WPM (𝑆𝐷 = 20.49). 

A main effect of Version on UER was present (𝐹 (1, 4701) = 7.48, 
𝑝 = .006), with higher UER on the “old” keyboard (𝑀 = 0.83%, 
𝑆𝐷 = 2.21%) than the “new” (𝑀 = 0.77%, 𝑆𝐷 = 3.49%). Further, UER 
was higher on the unpreferred keyboard (𝑀 = 0.86%, 𝑆𝐷 = 3.11%) 
compared to preferred one (𝑀 = 0.74%, 𝑆𝐷 = 2.72%) (𝐹 (1, 4701) = 
12.71, 𝑝 < .001). Version had a main effect on CER, also. The average 
CER of the “old” keyboard was 4.52% (SD = 6.50%), while the average 
CER of the “new” keyboard was 4.21% (SD = 6.69%). This difference 
was statistically significant (𝐹 (1, 4701) = 4.04, 𝑝 = .045). TER was 
higher on the “old” keyboard (𝑀 = 5.35%, 𝑆𝐷 = 6.79%) than on the 
“new” (𝑀 = 4.99%, 𝑆𝐷 = 7.43%) (𝐹 (1, 4701) = 8.11, 𝑝 = .004). 

4.1.3 Search Engine. For BT by Version, the average time was 
42.59 s (𝑆𝐷 = 29.10) on the “old” search engine and 42.24 s 
(𝑆𝐷 = 28.77) on the “new” one. By Preferred, the averages were 
42.39 s (𝑆𝐷 = 29.03) for the unpreferred and 42.44 s (𝑆𝐷 = 28.85) 
for the preferred engine. For RT, participants averaged 16.71 s 
(𝑆𝐷 = 14.81) on the “old” engine and 17.39 s (𝑆𝐷 = 14.17) on the 
“new” one. By Preferred, the average time was 17.10 s (𝑆𝐷 = 15.24) 
for the unpreferred and 17.00 s (𝑆𝐷 = 13.72) for the preferred engine. 
None of these differences were statistically significant. A Version × 
Preferred interaction was marginal 𝐹 (1, 46) = 3.11, 𝑝 = .084. 

4.1.4 AI Chatbot. The number of user messages sent and number 
of characters sent were not significantly different by Version. There 
was a significant Version × Preference interaction for RT (𝐹 (1, 46) = 
4.20, 𝑝 = .046, 2 𝜂  

𝑝 = .08). Participants who preferred the “old” 
chatbot gave ratings more quickly (𝑀 = 24.24𝑠 , 𝑆𝐷 = 12.73) than 
when it was unpreferred (𝑀 = 32.76𝑠 , 𝑆𝐷 = 18.04), an advantage 
of about 8.5 s (∼26%). In contrast, participants who preferred the 
“new” chatbot gave ratings more slowly when it was preferred 
(𝑀 = 33.61𝑠 , 𝑆𝐷 = 21.91) than when it was unpreferred (𝑀 = 26.01𝑠 , 
𝑆𝐷 = 12.55), a disadvantage of about 7.6 s (∼29%). Figure 11 shows 
this interaction. 

4.2 Judgment Ratings 
4.2.1 Search Engine. Across dimensions, participants consistently 
favored the “new” search engine over the “old” one. Comprehen-
sive, Specific, Satisfactory, Trustworthy, and Relevant were all rated 
higher for the “new” version. These Version effects are illustrated in 
Figure 12 and detailed means, standard deviations, and test statistics 
are provided in Table 5. Trustworthy also revealed a Preferred effect, 
where participants rated their preferred engine as more trustwor-
thy than their unpreferred one (𝑀 = 5.64, 𝑆𝐷 = 1.25 vs. 𝑀 = 5.39, 

2𝑆𝐷 = 1 33,  . 𝜒 (1) = 4.05, 𝑝 = .044). No interaction effects were 
observed. 

4.2.2 AI Chatbot. Across dimensions, participants consistently 
rated their preferred chatbot more favorably than their unpreferred 
one. Clear, Empathetic, Professional, Helpful, Creative, Friendly, Rel-
evant, Knowledgeable, and Articulate all had higher scores for the 
preferred chatbot. These Preferred effects are illustrated in Figure 13, 
and detailed means, standard deviations, and test statistics are pro-
vided in Table 6. No main effects of Version or interactions with 
Preferred were observed. 
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Dimension 
Old New 

𝝌 2 (1) 𝑝 

M SD M SD 

Comprehensive 5.37 1.42 5.74 1.26 18.03 < .001∗∗∗ 

Specific 5.37 1.42 5.74 1.26 10.92 .001∗∗ 

Satisfactory 5.46 1.33 5.85 1.14 18.68 < .001∗∗∗ 

Trustworthy 5.41 1.33 5.62 1.26 4.15 .042∗ 

Relevant 5.85 1.19 6.11 1.10 14.87 < .001∗∗∗ 

∗𝑝 < .05, ∗∗𝑝 < .01, ∗∗∗𝑝 < .001 

Table 5: Search engine ratings by Version. Means (M), standard deviations (SD), and significance levels are reported. 

Dimension 
Unpreferred Preferred 

𝝌 2 (1) 𝑝 

M SD M SD 

Clear 5.23 1.47 5.99 1.02 29.45 < .001∗∗∗ 

Empathetic 4.25 1.50 4.73 1.48 12.58 < .001∗∗∗ 

Professional 5.31 1.50 5.83 1.21 31.89 < .001∗∗∗ 

Helpful 5.00 1.68 5.65 1.44 26.00 < .001∗∗∗ 

Creative 4.33 1.55 4.89 1.55 24.31 < .001∗∗∗ 

Friendly 4.85 1.54 5.43 1.33 26.85 < .001∗∗∗ 

Relevant 5.33 1.48 5.95 1.12 36.17 < .001∗∗∗ 

Knowledgeable 5.14 1.64 5.71 1.37 26.01 < .001∗∗∗ 

Articulate 5.37 1.45 5.87 1.12 34.83 < .001∗∗∗ 

∗ 𝑝 < .05, ∗∗ 𝑝 < .01, ∗∗∗ 𝑝 < .001 

Table 6: AI Chatbot ratings by Preference. Means (M), standard deviations (SD), and significance levels are reported. 

4.3 Stated Preference 
Participants generally indicated a preference for the “new” technol-
ogy versions. For the mouse, 33 of 48 participants (69%) preferred 
the “new” device over the “old” one, an advantage that was statisti-
cally significant (𝑝 = .013, 95% CI [.54, .81]). For the keyboard, 29 of 
48 participants (60%) preferred the “new” version. This difference 
did not reach statistical significance (𝑝 = .193, 95% CI [.45, .74]). For 
the search engine, 36 of 48 participants (75%) preferred the “new” 
version (𝑝 < .001, 95% CI [.60, .86]). Preference was strongest for 
the AI chatbot, with 37 of 48 participants (77%) favoring the “new” 
version (𝑝 < .001, 95% CI [.63, .88]). Overall, participant preferences 
consistently tilted toward the “new” versions despite there being 
no functional difference between what was labeled “new” versus 
“old.” 

4.3.1 Counterbalancing Verification. To verify counterbalancing, 
we examined preference distributions by cosmetic assignment and 
presentation order. For the mouse, 27 participants chose blue and 
21 chose black; 23 chose the first mouse they tried and 25 chose 
the second. For the keyboard, 29 preferred black and 19 preferred 
white; 25 preferred the first and 23 the second. For the search engine, 
preferences were split between serif (28) and sans serif (20) fonts, 
and between first (22) and second (26) presentation order. For the 

AI chatbot, preferences were divided between AI messages in cool-
toned bubbles with serif font (27) and AI messages in warm-toned 
bubbles with sans serif font (21), and between first (23) and second 
(25). Exact binomial tests confirmed that none of these proportions 
were significantly different from 50/50 (all 𝑝 > .20), indicating that 
neither cosmetic assignment nor presentation order systematically 
biased preferences. 

4.3.2 Participant Justifications. Participants’ justifications revealed 
three recurring themes about aesthetics, functionality, and experi-
ence. 

         Aesthetic Cues. Several participants based their choice on purely
aesthetic reasons. P25 said they liked the “old” mouse simply “be-
cause it was black.” P21 preferred the “old” keyboard for the same 
reason, remarking, “The color is better.” P9 liked the “new” keyboard 
because “it helped [them] find the right letters faster.” Fonts were 
also highlighted. P6 chose the “new” search engine because “it was 
a sans serif font,” and P12 felt the “new” engine “looked more orga-
nized.” For the AI chatbot, P13 emphasized typography, favoring 
the “old” chatbot because “the UI was very clean” and the font was 
easier to read. The fact that some of these cosmetic features affected 
participants’ judgments confirms the importance of having fully 
counterbalanced them in our study. 
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Figure 11: Interaction plot of rating time (RT) by Version and 
Preferred. Error bars are ±1 SD. Lower values indicate less 
time rating the chatbot responses. 

Figure 12: Mean ratings of the "old" and "new" search engines 
across the five dimensions. Error bars are ±1 SE. Higher val-
ues reflect more favorable evaluations. 

Perceived Functionality. Some participants justified their prefer-
ences by linking them to how well they thought they performed 
with each version. For the mouse, P14 preferred the “old” version be-
cause they “missed more targets with the second one [new],” whereas 
P27 described the “new” mouse as “more sensitive, more accurate.” 
P47 echoed this sentiment, noting the “new” mouse “felt less jerky 
... [I] didn’t have to move [my] hand as much.” 

Keyboard judgments were often framed in terms of control and 
precision. P25 described the “old” keyboard as having firmer keys 
and the “new” one as feeling loose, while P33 judged the “new” 

Figure 13: Mean ratings of preferred and unpreferred AI chat-
bots across 10 Likert items. Error bars are ±1 SE. Preferred 
chatbots were rated more positively across all dimensions. 

keyboard as “more tactile [with] clicky feedback” that improved 
typing satisfaction. 

In the search engine condition, P28 favored the “old” version 
because it “brings more relevant results,” while P37 credited the 
“new” engine for producing “quicker, more relevant info.” P12 tied 
preference explicitly to perceived success, saying they preferred 
the “new” search engine because they “rated higher scores on it.” 

In the AI chatbot condition, P43 praised the “new” chatbot as 
“more clear, more explanation of things,” whereas P26 thought the 
“new” chatbot gave “more second- or third-layer detail” than the “old” 
one. 

Experiential Impressions. Other participants described their 
choices in terms of overall feel, comfort, or tone with no corre-
lation to performance. For the mouse, some preferred the “new” 
version because it felt “easier to maneuver ... a little bit lighter” (P3) 
or “fit [their] hand better” (P8), while others leaned toward the “old” 
mouse, which felt “less harsh” (P24). 

For the keyboard, P10 chose the “new” one because the keys 
were “tighter ...[had] more feedback,” whereas P31 disliked the “new” 
one because it “felt wobbly, the sound was messing [them] up.” P8 
noted simply that the “new” keyboard was “softer” to type on, while 
the “old” was “louder.” 

For the search engine, some participants based impressions 
on how the top sources looked. For example, “.org” sites and 
Wikipedia were seen as more credible, while outlets such as Fox 
News prompted skepticism. P15, for instance, favored the “new” 
version because Wikipedia appeared more prominently at the top 
across results. Impressions at times also suggested minimal distinc-
tion. P8 said they “could not tell a big difference,” P38 felt the two 
search engines were “pretty close,” and P13 described their choice as 
shaped mostly by “familiarity” rather than functional differences. 

For the AI chatbot, participants’ impressions were formed by the 
tone of the chats. P4 thought the “old” chatbot was “a little bit more 
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lighthearted.” P17 described the “new” one as “more friendly” with 
“more personality,” and P24 preferred the “new” one because the 
conversation felt “more productive,” while the “old” seemed “more 

 curious.”

4.4 Technology Readiness 
4.4.1 Mouse. Spearman rank correlations indicated that TP corre-
lated positively with TR for both versions (“old”: 𝜌 = .241, 𝑝 < .001; 
“new”: 𝜌 = .209, 𝑝 < .001), meaning participants who were technol-
ogy ready had higher pointing throughput. There was also a main 
effect of TR on TP (𝐹 (1, 45) = 5.07, 𝑝 = .029), as well as a Version 
× TR interaction on TP (𝐹 (1, 1626) = 6.02, 𝑝 = .014), such that 
the positive TR–TP association was stronger for the “old” mouse 
than for the “new” one. MT correlated negatively with TR for both 
versions (old: 𝜌 = −.087, 𝑝 = .012; new: 𝜌 = −.124, 𝑝 < .001), 
indicating that participants with higher TR generally completed 
movements quicker with the “new” mouse. 

4.4.2 Keyboard. WPM rose with TR in both versions of the key-
board (“old”: 𝜌 = .167, 𝑝 < .0001; “new”: 𝜌 = .141, 𝑝 < .0001), mean-
ing participants who were more technology ready had faster typing 
speeds. At the same time, UER showed small associations with TR 
that differed by version (“old”: 𝜌 = .08, 𝑝 < .001; “new”: 𝜌 = −.05, 
𝑝 = .019). TER further reflected a positive association with TR in the 
“new” keyboard condition (Spearman 𝜌 = .09, 𝑝 < .001). Overall, 
higher TR was linked with faster typing but also with a greater ac-
cumulation of errors, indicating the classic speed-accuracy tradeoff 
in human performance. 

4.4.3 Search. TR also moderated subjective evaluations of search 
results. For Comprehensive, a Version × TR interaction was signifi-
cant ( 2𝜒 (1) = 7.46, 𝑝 = .006): higher TR predicted lower compre-
hensiveness ratings for the “old” engine (𝜌 = −.11, 𝑝 = .019), but 
showed no effect for the “new” (𝜌 ≈ 0, 𝑝 = .97). For Specific, the 
interaction was again significant ( 2    𝜒  (1) = 8.30, 𝑝 = .004), with TR 
positively associated with ratings of the “new” engine (𝜌 = .125, 
𝑝 = .007) but not the “old” (𝜌 = −.045, 𝑝 = .33). By contrast, Sat-
isfactory ( 2𝜒  (1) = 21 2 .29, 𝑝 < .0001), Trustworthy (𝜒 (1) = 6.36, 

2𝑝 = .012), and Relevant (𝜒  (1) = 16.85, 𝑝 < .001) showed main 
effects of Version only, with the “new” engine rated more favorably 
than the “old”. 

4.4.4 AI Chatbot. RT increased with TR for both versions (“old”: 
𝜌 = .250, 𝑝 < .001; “new”: 𝜌 = .165, 𝑝 = .011; 𝐹 (1, 45) = 6.85, 𝑝 = 
.012), meaning higher tech-readiness was linked to taking longer to 
give their ratings. For subjective ratings, there was a consistent main 
effect of Version across dimensions. Participants judged the “new” 
chatbot higher on being Clear ( 2𝜒  (1) = 8.29, 𝑝 = .004), Empathetic 
( 2𝜒  (1) = 5.44, 2 𝑝 = .020), Professional (𝜒 (1) = 7.03, 𝑝 = .008), 
Helpful ( 2 2  1  = 9 42,  = 002), Creative (   𝜒 ( ) . 𝑝 . 𝜒 (1) = 8.89, 𝑝 = .003), 
Friendly ( 2𝜒  (1) = 8.76, 2 𝑝 = .003), and Relevant (𝜒 (1) = 16.85, 
𝑝 < .001), with no significant interactions involving TR. 

5 Discussion 
Although they are numerous and various, our findings point in 
a coherent direction: Novelty labels and stated preferences shifted 
subjective judgments more than they shifted objective performance; 
where objective performance was affected, it emerged in error behavior, 

not speed or efficiency. As participants’ own justifications made clear, 
their preferences were sometimes rooted in aesthetics, perceived 
functionality, and experiential impressions aside from performance. 
Across domains, versions labeled “new” were preferred (up to 77%), 
but the central behavioral metrics scarcely budged. TP and MT for 
the mouse, TP (aside from WPM with a small 1.4% tilt for preferred 
keyboards), BT and RT for search, and number of messages and 
number of characters sent for AI all showed little change. 

5.1 Errors Moved While Speed Held More 
Steady 

As noted above, the one place were behavior did shift due to novelty 
was in the reduction in errors—fewer missed targets with the “new” 
mouse, and lower text entry error rates (UER, CER, TER) with the 
“new” keyboard. There are two mechanisms that might explain 
why errors were reduced due to perceived novelty: speed-accuracy 
regulation and user confidence. 

5.1.1 Speed-Accuracy Regulation. Performance differences across 
devices were not driven by changes in underlying motor or typ-
ing capacity, but by shifts in how participants balanced speed and 
accuracy. In decision science, this balance can be modeled as a 
shift in the response criterion: a more conservative criterion reduces 
errors by requiring slightly more certainty before committing to 
an action, whereas a liberal criterion favors speed at the cost of 
accuracy [33, 87]. Our results fit this account. For the mouse, TP and 
MT showed no detectable differences, yet participants committed 
fewer misses with the “new” device. For keyboards, error rates were 
broadly lower for the “new” device, while text entry speed showed 
only modest differences and even reversed depending on prefer-
ence. Such patterns—stable speed but fewer errors—are hallmarks 
of criterion adjustments. Participants appear to have protected their 
overall pace while deploying subtle safeguards (e.g., slightly stead-
ier cursor control, marginally more careful keystrokes) that reduced 
errors without producing visible gains. This finding matches par-
ticipants’ explanations, where error experience and subtle control 
differences were described as reasons for preferring one technology 
version over another. 

5.1.2 User Confidence. Users’ confidence with the “old” and “new” 
input devices might not have been equal. For example, errors with 
a technology labeled “old” may have been read as evidence of in-
adequacy, whereas the same errors with a “new” device were dis-
counted as incidental. This asymmetry aligns with attribution the-
ory, which shows that people selectively assign causes depending 
on contextual cues [57, 84]. Novelty may therefore receive the bene-
fit of the doubt, as users attribute errors to themselves instead of to 
the system. Confidence has been shown to influence the accuracy of 
judgments [34, 65], and in motor domains, speed–accuracy tradeoffs 
provide a parallel account of how people regulate their execution 
in rapid movements [26]. For mice, preferred devices appeared to 
encourage riskier, tighter trajectories, producing additional misses 
consistent with over-confidence. For keyboards, preference was 
instead associated with cleaner, more decisive execution, reducing 
errors. In both cases, perceived novelty and preference may have 
recalibrated how participants treated mistakes—either as opportu-
nities to push limits or as signals to refine their control—depending 
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on the geometry of the task (continuous trajectories vs. discrete 
keystrokes). 

5.2 Search and Chatbot Judgments Shifted 
without Faster Work 

In search, bowsing time (BT) was stable, but judgments favored 
the “new” versions, suggesting that perceived informational quality 
shifted without additional time taken. In search ratings, each round 
gave participants a fixed set of results with little room to build an 
ongoing sense of “fit.” That might have made participants sensitive 
to the “new”/“old” labels when rating the results. The label sets 
an expectation of quality, and with no strong personal tie to the 
system, ratings fall in line with that expectation. 

With AI chatbots, preference captured the ratings across 10 di-
mensions, and rating time (RT) even increased when the preferred 
“new” AI chatbot was judged—suggesting that preference can in-
vite more engagement. The absence of effects on number of user 
messages exchanged or the number of user characters typed re-
inforces this. In AI chatbot ratings, preference mattered. Chatbot 
interactions unfold over multiple turns. Participants could see style, 
tone, and responsiveness accumulate. These cues create a personal 
sense of which chatbot feels more usable or satisfying. Participant 
ratings then anchor to this emerging preference, because the ongo-
ing dialogue may have provided richer signals than the “new”/“old” 
labels. 

These patterns suggest that judgments were shaped less by the 
amount of work participants put in and more by how they inter-
preted the task. In search, people did not need longer browsing to 
perceive greater quality, because informational judgments usually 
rely on quick cues—labels, surface features, or early impressions— 
that can decisively tip evaluations [27, 38]. With AI chatbots, once 
a version felt “better,” participants expanded their appraisals across 
many dimensions and took longer to explain why. The added time 
reflected a shift in how carefully participants justified a judgment 
they already leaned toward. In both tasks, novelty and preference in-
fluenced the interpretive frame participants brought to the system, 
changing what counted as evidence of quality more than the me-
chanics of searching or chatting. Put simply, judgments deepened 
because the system felt worth evaluating, not because it required 
more work to use. Participants’ verbal accounts similarly empha-
sized surface cues with search results and chatbot conversational 
tone, underscoring that the novelty effect operated through inter-
pretation more than effort. 

5.3 Technology Readiness as “Decorator” 
We found that technology readiness (TR) acted as something of 
a “decorator,” meaning that higher TR pointed to better baseline 
performance, such as higher pointing TP and text entry WPM. TR 
also pointed to differences across Version in some tasks. Participants 
with higher TR made fewer persistent errors on the ”new” keyboard, 
and TR showed different patterns with search comprehensiveness 
and specificity. However, TR did not reduce the effect of labeling. 
Search engine and AI chatbot ratings were still elevated by the 
“new” label. In this sense, TR pointed to performance differences 
but left subjective judgments open to novelty-driven bias. 

5.4 Implications for HCI Technology 
Evaluations 

The overarching implication of our study is that novelty primarily 
reweights participant interpretations—how users frame outcomes 
and justify preferences—rather than upgrading human performance. 
That said, the one arena where human performance might be altered 
by novelty is in people’s propensity to make errors. We summarize 
three implications for HCI experiments that compare interaction 
techniques or interactive systems: 

• Expect misalignment between subjective ratings and objective 
performance. Inflated subjective ratings without faster behav-
ior (search, chat), or fewer errors without higher throughputs 
(mouse, keyboard), show that users may feel improvement 
when the overall performance data do not show clear gains. 

• Preference can both help and hurt behavior. With keyboards, 
preference aligned with fewer errors (confidence as “cleanli-
ness”). With mice, preference coincided with more misses 
(confidence as “risk taking”). Thus, “feels better” is not a 
reliable proxy for “performs better,” even within the same 
participant across trials. 

• Novelty labeling is sufficient to cause an effect. With all else 
held constant, the simple labels “old” and “new” shifted judg-
ments, confidence, and error tolerance. New HCI techniques 
and systems are at risk of being favorably misjudged if evalu-
ations simply signal something as “new,” perhaps even with-
out explicit labeling. Crucially, this signaling is hard to avoid 
when comparing a novel invention to a recognizably de facto 
standard. 

That said, these three implications describe the immediate effects 
of novelty framing in our data. Their significance for HCI evaluation 
practice also depends on (1) how novelty cues arise in typical study 
designs and (2) how lab-style first exposure relates to long-term 
use “in the wild.” It may be that novelty effects wear off during 
prolonged use [43], highlighting the value of field deployments 
[7, 9, 23]. 

5.4.1 Novelty Cues and Best Practices. Our use of direct “old” and 
“new” labels did not make our evaluation unrealistic. Explicit labels 
heighten the clarity of the signal, but they operate on the same 
expectation mechanism that underlies many implicit novelty cues. 
In many UIST-style evaluations, participants can easily tell which 
version is the de facto and which is the “new” system without 
explicit labeling [14]. The structure of these studies make novelty 
obvious. For example, one interface is clearly presented as the 
experimental prototype, conditions appear in a way that highlights 
the contribution, or the narrative itself frames one version as the 
improved design. These implicit signals function much like explicit 
labels because participants easily know which system represents 
the novel concept. Our manipulation therefore acts as a controlled 
and transparent way to isolate the novelty signal that already exists 
in many HCI evaluations. Cases where novelty cues are subtle 
(situations where participants cannot confidently tell which version 
is new and must infer it from weak or ambiguous hints) fall outside 
the scope of our research question. 

Researchers designing evaluations can take steps to make these 
cues less discernible, although they can be hard to fully remove. 
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Neutral condition naming can use balanced terms such as “A” and 
“B” so no version conveys an implied baseline. Symmetric introduc-
tions can give both versions the same level of detail and the same 
setup script, with no version presented as the system of interest. 
Randomized framing can assign the “new” status to different ver-
sions across participants—for example, telling half the sample that 
version A is the one under development and telling the other half 
that version B fills that role. Reduced experimenter involvement 
during transitions can also help—for example, on-screen instruc-
tions for switching conditions prevent researchers from giving 
hints through tone, gestures, or emphasis. Visual polish should 
be matched across conditions so participants do not pick up cues 
from differences in device encasing, interface layout, or prototype 
refinement. 

Our results primarily show just how susceptible subjective rat-
ings are to novelty cues. Evaluations relying on subjective im-
pressions may be more vulnerable to novelty framing than those 
grounded in objective behavioral outcomes. Subjective ratings 
should be interpreted with caution and accompanied by behavioral 
measures, particularly in evaluations where novelty cues cannot 
be fully removed. Making this pairing standard practice would 
strengthen evaluations’ reliability and support meta-level discus-
sions about replication, contribution claims, and the evidentiary 
bar for system improvement in HCI. 

5.4.2 Ecological Validity and First-Use Contexts. Our findings speak 
to early, structured encounters, the setting that underlies many con-
trolled lab evaluations in CHI and UIST. Our participants engaged 
with each technology pair in short, goal-driven tasks, which mir-
rors the way many prototype comparisons create an immediate 
contrast between versions. Novelty framing pushed participants to 
judge the labeled “new” versions more favorably during this first 
exposure window. This pattern clarifies how quickly novelty expec-
tations enter evaluation settings and how they affect the earliest 
interpretations researchers draw about system quality. 

Outside the lab, novelty operates alongside longer-term forces. 
Marketing pushes the idea of improvement through launch events 
and announcements (e.g., Apple’s annual iPhone releases), peer 
influence reinforces desirability when people see others adopt the 
latest device, and accumulated experience can shift early excitement 
toward more tempered judgments. Prior work has documented simi-
lar early surges in interest and later declines [43]. Our findings com-
plement this by capturing the very first comparison point—before 
habits, fatigue, or social pressures enter the picture. This first-use 
moment matters for HCI because many evaluations rely on short, 
single-session encounters with a new technique or system. 

At the same time, these observations raise concerns for eval-
uations that expect short sessions to speak for longer-term use. 
When novelty labels push ratings upward while interaction quality 
stays the same, early results may not hold once the excitement of 
“newness” fades. Many studies, especially prototype comparisons, 
tutorials, and demo-style evaluations, depend on first impressions. 
If novelty cues remain visible, those first impressions can give an 
inflated picture of how strong a system actually is. Acknowledging 
this gap helps researchers present the reach of their findings more 
carefully and helps reviewers read early-stage evidence with the 
right level of caution. 

5.5 Limitations and Future Work 
This work examined novelty effects under highly controlled condi-
tions with four technologies: keyboards, mice, search engines, and 
AI chatbots. Technologies were stripped of brand identity, reduced 
to core functionality, and distinguished only by cosmetic features 
and labels, all fully counterbalanced. This control was necessary 
to isolate novelty labels, but it also means that our results speak 
most directly to early, structured encounters of the kind used in 
many CHI and UIST evaluations. Our design captures the opening 
moment of comparison, not the dynamics that unfold as people 
continue to use a system. Future studies could examine richer or 
higher-stakes technologies—such as productivity suites, AR/VR 
systems, or AI-mediated tools—where novelty expectations may be 
stronger and carry greater consequences than with familiar, con-
ventional technologies such as the ones we tested. Studies that rely 
on higher-level tasks like planning, collaboration, creative work, or 
multi-step workflows may reveal different sensitivities to novelty. 

Our experiments adopt a deliberately constrained setting. Par-
ticipants encountered each technology pair in a single lab session, 
with focused tasks and clear timing. This format fits many con-
trolled studies, yet it does not present contexts where novelty builds 
through social influence, marketing, or extended use. More widely, 
novelty can gain value through social exposure and uncertainty. 
Outside technology, consumer trends like Labubu and blind boxes 
show how anticipation, peer visibility, and short-lived excitement 
can increase desirability—mechanisms that our lab setting did not 
model. Field deployments or longer-term use introduce forces our 
design did not capture, including support channels, community 
norms, and evolving expectations. Those settings may dampen 
framing effects through habituation or amplify them through com-
mitment dynamics. Future work using longitudinal or in-the-wild 
methods would clarify whether novelty is a fleeting bias or a per-
sistent factor in evaluation. 

A further consideration involves how short-term performance 
unfolds within a session. Our design minimized systematic learning 
differences across labels due to counterbalancing and brief tasks, 
but future work should analyze how performance changes over 
time to determine whether novelty raises initial performance or 
alters how performance evolves. Such analyses, especially when 
extended into longitudinal or repeated-use settings, would help 
determine whether the level differences observed at first exposure 
persist, shrink, or reverse as people continue to use the two labeled 
variants across time. 

Another limitation is the form of our manipulation. Sticky-note 
labels and scripted introductions signal the novel version more 
prominently in degree than what many evaluations use. At the 
same time, as discussed earlier, newness is usually easy to spot in 
practice—a prototype is introduced as the contribution, appears in a 
manner that highlights it, or has a lack of visual polish that signals 
its role. We do not claim that our study covers every such situation, 
but that it treats explicit labeling as a boundary case to make the 
novelty signal visible and measurable. We acknowledge that many 
real evaluations rely on cues that are less overt yet still noticeable. 
Future work can benchmark these signals, such as condition names 
or social endorsements, to determine whether they produce similar 
or weaker shifts in evaluation. It may also help to explore designs 
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that vary expectations more gradually. For example, studies that 
work within a single technology domain could support manipu-
lations of expectation and incorporate measures of participants’ 
beliefs before and after exposure. In addition, although cosmetic fea-
tures were fully counterbalanced, inherent preferences for certain 
colors or fonts may have influenced judgments independently of 
labeling. Future studies should better disentangle visual preference 
from novelty framing. 

Finally, our study prioritized breadth across four technology 
types rather than going into greater depth with any one system. 
This breadth demonstrated the robustness of novelty framing across 
both hardware and software, but left open finer-grained analyses 
within each domain (e.g., kinematic analyses of mouse trajectories, 
conversational quality in AI chatbots). Future studies could con-
centrate on a single technology class to uncover domain-specific 
mechanisms in more detail. 

6 Conclusion 
As the human-computer interaction (HCI) community continues 
to rely on user studies to evaluate new systems, it is important to 
recognize how novelty framing can effect performance and prefer-
ence. This paper brings the phenomenon of label-driven novelty 
bias to the attention of the HCI community and examines its effects 
across hardware and software technologies. Through controlled 
experiments with 48 participants, we showed that: (1) participants 
consistently preferred and rated higher the versions labeled as 
“new,” even though the technologies were functionally identical, 
(2) these appraisal effects extended across multiple dimensions in 
judgment tasks, (3) while small reductions in errors appeared for 
“new” input devices, other aspects of skill—efficiency (throughput), 
browsing time, number of user characters typed, and number of 
messages sent—remained stable, and (4) willingness to adopt new 
technologies (technology readiness) was linked to stronger baseline 
performance but did not diminish the overall novelty bias. 

The influence of novelty labeling in HCI evaluations has been 
acknowledged [14] but not, until now, quantified. Our results make 
clear that novelty does not enhance performance much but it does 
alter preference and perspective a great deal. Recent discussions on 
replication, evaluation validity, and hype show why accounting for 
novelty bias is increasingly important when interpreting early study 
results. For HCI, this raises a methodological challenge. Evaluation 
practices that rely on short-term preference or subjective appraisal 
risk mistaking framing effects for genuine progress. If our field is to 
draw reliable conclusions about what counts as “better,” we should 
design studies that can separate real advances in interaction from 
the premise and allure of novelty. 
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