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1 INTRODUCTION

Artificial intelligence (AI) systems are prevalent in our personal and professional lives. Al-based systems assist
individuals in navigating their way to work, composing emails to colleagues, choosing which movie to watch, and many
other day-to-day activities. Many of these Al-based services are offered by more than one provider. Thus, people must
decide on a daily basis which Al systems to employ. Which music streaming app will serve them best — Spotify or Apple
Music? Which will be the best app for navigating home today — Waze or Google Maps? Conventional wisdom would

suggest that people select the Al system they perceive as the most competent to achieve the best possible results. Indeed,



in support of this insight, the vast majority of Al studies have focused on AI performance enhancement and user
experience design. In recent years, considerable interest has arisen around the themes of explainability [11, 17] and
fairness [8, 15, 23]. However, the main goal of Al research remains improving algorithms' competence. We propose that,
contrary to conventional wisdom, when people choose an Al system, its competence may not be their most important
consideration.

Two fundamental dimensions influence people's judgments of other people: warmth and competence [14]. Warmth
refers to traits related to perceived intent - including friendliness, helpfulness, sincerity, trustworthiness, and morality,
whereas competence refers to traits related to perceived ability — including intelligence, skill, creativity, and efficacy
[14]. Although warmth and competence perceptions were typically studied in the context of social judgments of people,
they were also found relevant in judgments of other entities such as organizations, robots, and virtual agents [1, 4, 21,
35].

When judging people, warmth considerations were found to outweigh competence considerations [14]. For example,
morality related information, which is associated with warmth, played a more dominant role in impression formation
than competence related information [37]. However, when judging organizations, competence considerations were
primary [1]. Consumers were more willing to buy products from for-profit companies than from nonprofit companies,
as nonprofits were perceived as lacking competence. Our research investigates the interplay between warmth and
competence perceptions of alternative Al systems on users' choice of a system. We focus on Al systems with little or no
social presence, such as recommender systems, search engines, and navigation apps. Studying the effects of warmth and
competence on these types of systems is of interest for two main reasons. First, while these systems are the most broadly
deployed type of Al the effects of warmth perceptions of such systems have been less studied in the HCI community
compared to Als with higher social presence (e.g., robots and chatbots). Second, they are abstract entities and less human-
like than Als with more social presence. As such, findings related to people's judgments of other individuals will not
necessarily transfer to judgments of Al systems with no social presence.

Previous research has shown that people apply social rules and expectations to computers [27] and Al agents [21].
People even assign social roles to Al-based algorithms; for example, YouTube content creators personify YouTube's
algorithm as an agent, gatekeeper, and drug dealer to explain its behavior [38]. Thus, although AI systems are similar to
organizations in that they are artificial in nature, we suggest that warmth perceptions will play a substantial role in Al
judgment, even for Al systems that do not intentionally attempt to personify their behavior. Specifically, we hypothesize
that AT warmth perceptions will influence potential users' choice of a system more than its competence perceptions. One
explanation for this effect, we suggest, is that users' choices are related to their perception of the system as more like a
human or more like an organization. Namely, users who value warmth over competence view their chosen system as
more human-like and less organization-like than users who value competence over warmth. More formally, we
hypothesized that:

Hla: When faced with a choice between a high-warmth system and a high-competence system, more participants
will choose the high-warmth system.

H1b: When faced with a choice between a high warmth-low competence system and a high competence-low warmth
system, more participants will choose the high warmth-low competence system.

H2: Participants who choose a high warmth-low competence system over a high competence-low warmth system
will perceive their chosen system as more human-like and less organization-like than participants who choose

a high competence-low warmth over a high warmth-low competence system.



To examine the effect of Al systems' warmth and competence perceptions on potential users' choices, we conducted
six vignette studies in which we manipulated the descriptions of Al systems' warmth and competence levels. Participants
had to choose one of two Al systems described in terms of warmth and competence. In studies 1A-C, one system was
described only in terms of its warmth, while the other was described only in terms of its competence. Whereas in studies
2A-C, the two systems were described in terms of both their warmth and competence. We tested the choice between Al
systems in three different domains: house pricing (study 1A and 2A), car insurance (study 1B and 2B), and movie
recommendation (study 1C and 2C). We also examined participants' perceptions of their chosen system as human-like
and organization-like (studies 2B and 2C).

Our results show that more participants chose the high-warmth system over the high-competence system and that
more participants chose the high warmth-low competence system over the high competence-low warmth system.
Moreover, we found partial support for the hypothesis that participants who chose the high warmth-low competence
system view their chosen system as less organization-like and more human-like than participants who chose the high
competence-low warmth system. These results indicate that not only competence considerations matter to users when
choosing between Al systems with no social presence. Thus, system designers should invest considerable effort in
enhancing and communicating the system's warmth to its potential users.

The paper makes the following contributions: (1) we find evidence for the precedence of perceived warmth over
perceived competence on potential users' choice of an Al system; (2) we show that people use similar basic social rules
to judge Al systems and people, even when assessing Al systems without overt human characteristics; (3) we offer
methods to communicate warmth characteristics of Al systems that can be used both by system designers and by
researchers studying human-AlI interaction; and (4) we present initial evidence for a relationship between people's
perceptions of Al systems as more human-like and less organization-like and people's tendency to value warmth over

competence.

2 RELATED WORK

Artificial entities are commonly evaluated in terms of competence. Several studies have tested the positive influence of
Al systems' competence perceptions on users' attitudes and behavior (e.g., [10, 39]). For example, Yin, Wortman
Vaughan, and Wallach [39] manipulated the stated- and observed accuracy of an algorithm that predicted the outcomes
of speed dating events and found that both types of accuracy impacted people's trust in the algorithm. Another study
showed that providing performance data demonstrating that an algorithm outperforms a qualified human increased the
willingness to use the algorithm, especially for more objective tasks [7]. Conversely, witnessing an algorithm making a
mistake significantly reduced reliance on that algorithm, even when it outperforms a human [10].

Several studies explored the effect of warmth perceptions of artificial entities, showing that people are open to the
idea that such entities can possess human-like traits, such as warmth (e.g., [4, 6, 22]). When a virtual agent behaved
more like a human by expressing appropriate emotions, it was perceived as warmer and more believable [9]. Similarly,
making robots more human-like in appearance and behavior increased perceptions of warmth. However, the warmth
perceptions decreased positive attitudes toward the robots due to a feeling of uncanniness [22]. In another study, a robot-
like agent was perceived as warmer than a human-like agent; yet the difference disappeared following further interaction
with the agents [4].

The material representation of Al systems is a continuum ranging from an invisible, embedded representation (like
a search engine or a decision aid), through virtual presence such as voice, image, or agent (e.g., Siri or Clippy), to a

complete physical presence (such as a robot or an autonomous car) [16]. Previous research has manipulated the warmth



and competence of virtual agents [21, 28, 32] and robots [22, 30, 31, 34, 35]. For example, in a human-agent negotiation
setting, Prajod et al. [32] manipulated agents' warmth levels through appearance, non-verbal behavior, and speech, and
found that people judged the negotiation with the warm agent more positively (e.g., higher satisfaction, better interaction
experience, and greater willingness to renegotiate with the agent), even though there was no difference in negotiation
outcome. Waytz and Norton [35] manipulated robots' facial attributes to convey emotion (warmth) or cognition
(competence) and found that people felt more comfortable using a robot with "baby-faced" features to replace humans
with emotion-oriented jobs than a robot with more mature and masculine features and vice versa for cognition-oriented
jobs. Oliveira et al. [30] designed a group card-game involving two humans and two robots, in which warmth was
manipulated through the utterances displayed by the robot and competence was manipulated through the algorithm
used to play the game. Findings showed that warmth was more dominant than competence in predicting future intention
to interact with robots. Most closely related to our work is a study in which participants played an interactive
cooperation game, similar to Tetris, with a computer agent. The agent's warmth was operationalized through its
unselfish vs. selfish behavior. Results showed that selfish behavior decreased warmth and trust perceptions only if the
agent was a competent puzzle solver. Furthermore, the agent's perceived warmth mediated the relations between
unselfishness and trust, both behavioral and self-reported [24].

Warmth characteristics of an Al without a virtual or physical presence are more challenging to define and evaluate.
Past studies mainly used human-like features, such as appearance, emotions, gestures, and behaviors, which are not
suitable for embedded AL One exception is a recent study that used metaphors that convey warmth and competence to
describe conversational Al agents and found that an AI agent that portrayed high (vs. low) warmth elicited longer
interaction and a greater desire to cooperate with the AI agent following the interaction [21]. Nevertheless, the
metaphors used were metaphors of humans, for example, a toddler as a representation of high warmth and low
competence. Moreover, chatbots have a stronger social presence than embedded Al, as they engage in conversation. In
our research, we build on the evidence that users care about the Al's primary beneficiary [2, 24] to describe the warmth
of Al that is fully embedded within a system.

3 STUDY 1

The aim of study 1 was to test our hypothesis that AI's perceived warmth influences potential users' choices more than
its perceived competence. Thus, when faced with a choice between a high-warmth system and a high-competence system,
more participants will choose the high-warmth system (H1a). In each study, participants read a description of two Al
systems that recommend bidding prices for houses (study 1A), car insurance plans (study 1B), or movies (study 1C). One
system was described only in terms of its warmth (low vs. high), that is, no performance information was given, and the
other was described only in terms of its competence (low vs. high). Participants then chose which of the two systems
they would like to use.

As participants were exposed to only one dimension (warmth or competence) of each system, we were interested in
their perception of the other dimension of their chosen system, and the relationship between their warmth and
competence perceptions. Previous research suggests two types of relationships between warmth and competence: a
negative correlation, called the compensation effect [19, 20, 40, 41], and a positive correlation, called the halo effect [19,
33, 36]. Indication of both compensation and halo effects were found in perceptions of robots [30]. We examine whether
participants who chose a high-warmth system perceived it also as highly competent, as predicted by the halo effect.

Additionally, we explored the effect of participants' choices on their confidence in making the right decision. While

the warmth dimension typically includes traits such as friendliness, helpfulness, sincerity, and trustworthiness, the



competence dimension includes traits such as intelligence, skillfulness, efficacy, and confidence [12-14]. Since
confidence is inherent to competence, it is plausible that participants who choose a high-competent system feel more
confident in their choice than participants who choose a high-warmth system. Thus, choosing a high-warmth system
might come at a cost such as post-choice dissonance or regret.

For all the studies in this paper, we recruited participants from the Prolific Academic online platform. Participants
were all fluent English speakers from English-speaking countries, aged 18+. Each participant was allowed to take part
in only one experiment. Participants were compensated £0.4-0.5 for a survey lasting an average of three to four minutes,
for a rate of roughly £7.5-8/hr. The participants' data was discarded if they left the experiment midway. The authors'
institutional review board approved all studies, and consent from all participants was obtained.

3.1 Study 1A

In study 1A, participants were asked to choose one of two Al systems, which suggest bidding prices for houses. We
manipulated the systems' competence through the algorithm type and the size of the training set. As warmth is defined
in terms of the system's intentions, we manipulated the systems' warmth by varying the primary beneficiary of the

system.

3.1.1  Participants

Three hundred and sixty-two participants (67.4% women, Mage = 37.41, SD = 10.78) were recruited via Prolific Academic,

in return for monetary compensation.

3.1.2  Experimental conditions

Participants were randomly assigned to one of four conditions: high competence vs. high warmth, high competence vs.
low warmth, high warmth vs. low competence, or low competence vs. low warmth. Since potential users will probably
not even consider systems they perceive as extremely low on competence or warmth, the manipulations described
systems that are at least reasonably competent and warm, but that could clearly be distinguished by the participants as
having higher/lower warmth/competence. The high-competence system was described as a system that uses a state-of-
the-art artificial neural network algorithm that was trained on data from 1,000,000 houses. In contrast, the low-
competence system was described as a system that uses a traditional decision tree algorithm that was trained on data
from 1,000 houses. We chose this manipulation as we expected it to be informative for laypeople. The high-warmth
system was described as a system that was developed to help people like them make better offers, whereas the low-
warmth system was described as a system that was developed to help real estate agents make better offers (see Appendix
A1 for a full description of all systems). We used the 'people like you' phrasing since most recommender systems use
collaborative filtering, which recommends items based on users' similarity. Note that the manipulations were pretested

and were found to be appropriate operationalizations of the systems' warmth and competence (see Appendix A2).

3.1.3  Procedure
First, all participants were presented with the following prompt:
Imagine that you want to buy a house. You go house hunting, find a house that you love and decide to submit

an offer. You decide to use a decision support system to assess the value of the house. The system analyzes

different features of the house, such as location and number of rooms, and gives you its predicted price.



Participants then learned that there are two decision support systems on the market and read the two systems'
descriptions presented in random order (see Figure 1). Next, they indicated which of the two systems they would like to
use and reported their warmth and competence perceptions of their chosen system. Specifically, participants were asked
to indicate their agreement with four items (adapted from [5]), presented in random order, using 7-point Likert scales
anchored at 1 ("strongly disagree") and 7 ("strongly agree"). Two items measured warmth perceptions ("I believe that the
system I chose keeps my best interest in mind", "I believe that the system I chose makes good-faith efforts to address my
needs"; r = .67) and two measured competence perceptions ("I believe that the system I chose has the capabilities to
assess house prices reliably”, "I believe that the system I chose has access to the information needed to assess house
prices appropriately”; r = .67). Items were averaged to create indices of warmth and competence perceptions. Next,
participants reported their knowledge in the domain of house pricing using a 7-point Likert scale anchored at 1 ("no
knowledge at all") and 7 ("a lot of knowledge") and indicated whether they bought a house in the last two years. Finally,

participants reported some demographics.

Imagine that you want to buy a house. You go house
hunting, find a house that you love and decide to submit an
offer.

You decide to use a decision support system to assess the
value of the house. The system analyzes different features of
the house, such as location and number of rooms, and gives
you its predicted price.

There are two decision support systems in the market.
Which system will you use?

A system using a state-of-the-art artificial neural network
algorithm that was trained on data from 1,000,000 houses.

A system that was developed to help people like you make
better offers and achieve their goals

Figure 1: An example of the experimental screen. In this condition, participants were asked to choose between the high-competence
system and the high-warmth system (study 1A).

3.1.4 Results

Participants' choices are summarized in Table 1. Our manipulations were successful as participants preferred the high-
competence system and the high-warmth system over the low-warmth system and the low-competence system,
respectively. Note that there were no significant differences between conditions in participants' knowledge on house
pricing (F(3, 358) = .45, p = .715) or in the likelihood of buying a house in the last two years (x*(3) = .82, p = .844).

Our focal condition was the high warmth vs. high competence condition, which presented a conflict between the two
dimensions. As expected, a Chi-square test showed that more participants (67.4%, N = 62) chose the high-warmth system
over the high-competence system (x%(1) = 11.13, p = .001). Analysis of the warmth and competence perceptions reported
by participants suggests that they understood and responded to the manipulations. Participants who chose the high-
warmth system perceived their chosen system as warmer (M = 4.81, SD = 1.24) than participants who chose the high-
competence system (M = 4.11, SD = 1.41; (90) = 2.39, p = .019, Cohen's d = .53), while participants who chose the high-



competence system perceived their chosen system as more competent (M = 5.43, SD = .84) than participants who chose
the high-warmth system (M = 4.83, SD = 1.09; #90) = 2.67, p = .009, Cohen's d = .59).

A repeated-measures analysis of variance (ANOVA) with the system chosen as a between-subjects factor and type of
perception (warmth vs. competence) as a within-subject factor resulted in a significant Choice X Perception interaction
(F(1, 90) = 24.13, p < .001, np? = .21). Post-hoc analysis showed that participants who chose the high-competence system
perceived their chosen system as more competent than warm (p < .001, Cohen's d = .87), whereas participants who chose
the high-warmth system perceived their chosen system as similarly warm and competent (p = .872), supporting the
possibility of a halo effect.

Table 1: The percentage of participants' chosen systems by experimental condition (studies 1A-C). In all domains, more participants
(55.6%-67.5%) chose a high-warmth system over a high-competence system. In conditions where participants chose between a
system with a high value in one dimension over a system with a low value in the other dimension (e.g., high warmth vs. low
competence), more participants (60.5%-75.3%) chose the system with the high value. Lastly, more participants preferred a low-
competence system over a low-warmth system (55.8%-66.7%). N denotes the number of participants in each condition; *, **, and ***
represent significance levels of 0.05, 0.01, and 0.001, respectively.

Study House pricing (1A) Car insurance (1B) Movie recommendation (1C)
Experimental N Chose Chose Chose Chose Chose Chose
condition competence warmth competence warmth competence warmth
High warmth vs. 92 32.6% 67.4%" 94 35.1% 64.9%™* 81 44.4% 55.6%
high competence
High warmth vs. 89 38.2% 61.8%" 91 26.4% 73.6%** 80 32.5% 67.5%"*
low competence
High competence 89  67.4%"* 32.6% 97  T72.2%** 27.8% 81 753%™ 24.7%
vs. low warmth
Low warmth vs. 92 543% 45.7% 93 64.5%™ 35.5% 81  66.7%" 33.3%

low competence

3.2 Study 1B

The aim of study 1B was twofold. First, to test our hypotheses in a different domain — a choice between car insurance
plans. Second, to examine whether participants' level of confidence in their choices differs as a function of the chosen
system; that is, whether participants who choose the high-warmth system will feel less confident in their choice. As in
study 1A, participants read a description of two Al systems, one described in terms of warmth and the other in terms of

competence, and chose which system they would like to use.

3.2.1 Participants

Four hundred participants were recruited via Prolific Academic, in return for monetary compensation. Twenty-five
participants who reported that they did not own a car were removed from further analyses. The final analyses consist
of 375 participants (64.5% women, Mage = 35.71, SD = 10.68).

3.2.2  Experimental conditions

As in study 1A, participants were randomly assigned to one of four conditions: high competence vs. high warmth, high
competence vs. low warmth, high warmth vs. low competence, or low competence vs. low warmth. The competence and
warmth manipulations were similar to those used in study 1A (see Appendix Al). The high-competence system was
described as a system that uses a state-of-the-art artificial neural network algorithm that was trained on data from

1,000,000 car insurance plans. In contrast, the low-competence system was described as a system that uses a traditional



decision tree algorithm that was trained on data from 1,000 car insurance plans. The high-warmth system was described
as a system that was developed to help people like them receive better car insurance offers and achieve their goals, while
the low-warmth system was described as a system that was developed to help insurance agents make better car insurance

offers and achieve their goals.

3.2.3 Procedure

All participants were first presented with the following prompt:

Imagine that you want to buy car insurance. You decide to use a decision support system to assess car insurance
plans. The system analyzes different features of your car and driving history and finds the car insurance plan

that provides the best cover for you.

As in study 1A, participants then read that there are two decision support systems on the market. They read the
description of the two systems, which were presented in random order, and chose which of the two systems they would
like to use. Next, participants reported their confidence in their decision ("To what extent do you feel confident that you
made the right choice?") using a 7-point Likert scale anchored at 1 ("Not at all confident") and 7 ("Very confident"). They
then reported their warmth and competence perceptions of their chosen system using similar items to the ones used in
study 1A, presented in random order. Finally, participants reported their knowledge in the domain of car insurance plans
using a 7-point Likert scale anchored at 1 ("no knowledge at all") and 7 ("a lot of knowledge") and reported some

demographics.

3.24 Results

A summary of participants' choices is presented in Table 1. Our manipulations were successful as participants preferred
the high-competence system and the high-warmth system over the low-warmth system and the low-competence system,
respectively. There were no significant differences between conditions in participants’ knowledge on car insurance plans
(K3, 371) = .66, p = .576).

Similar to study 1A, we focused on the choice between a high-warmth system and a high-competence system. As
expected, and replicating the results of study 1A, more participants (64.9%, N = 61) chose the high-warmth system over
the high-competence system (x%1) = 8.34, p = .004). The difference in the perceived warmth of the chosen system
between participants who chose the high-warmth system (M = 4.77, SD = 1.19) and participants who chose the high-
competence system (M = 4.58, SD = 1.28), albeit in the expected direction, was not significant (t(92) = .74, p = .463). As
in study 1A, participants who chose the high-competence system (M = 5.50, SD = .91) perceived their chosen system as
more competent than participants who chose the high-warmth system (M = 5.03, SD = 1.11; #(92) = 2.07, p = .041, Cohen’s
d = .45).

Importantly, in support of the halo effect explanation and replicating the results of study 1A, a repeated-measures
analysis of variance (ANOVA) showed a significant Choice X Perception interaction (F(1, 92) = 8.35, p = .005, np? = .08),
such that participants who chose the high-competence system perceived their chosen system as more competent than
warm (p < .001, Cohen's d = .80), whereas participants who chose the high-warmth system perceived their chosen system
as similarly warm and competent (p = .056), and their competence perception was even slightly higher than their warmth
perception. Furthermore, participants who chose the high-warmth system (M = 4.98, SD = 1.32) were as confident in

their choice as participants who chose the high-competence system (M = 4.97, SD = 1.16; £92) = .05, p = .960).



3.3 Study 1C

The goal of study 1C was to generalize our finding of the importance of warmth perceptions in Al choice by using a
third domain - movie recommendation, and a different manipulation of Al warmth. We changed the warmth description
to broaden our findings by using a wider conceptualization of warmth. While the previous warmth manipulation focused
on the primary beneficiary, the new manipulations used warm vs. cold adjectives (e.g., friendly vs. cold) in addition to

referring to the system's incentives. As in study 1B, we also tested the participants' confidence level in their choice.

3.3.1  Participants

Three hundred and twenty-three participants (65.9% women, Mage = 30.22, SD = 9.68) were recruited via Prolific

Academic, in return for monetary compensation.

3.3.2  Experimental conditions

As in the previous studies, participants were randomly assigned to one of four conditions: high competence vs. high
warmth, high competence vs. low warmth, high warmth vs. low competence, or low competence vs. low warmth.
Similarly to studies 1A and 1B, we manipulated competence using algorithm type and the size of the training set. The
high-competence system was described as a system that uses a state-of-the-art artificial neural network algorithm that
was trained on data from 1,000,000 viewing choices and user ratings, whereas the low-competence system was described
as a system that uses a traditional decision tree algorithm that was trained on data from 1,000 viewing choices and user
ratings. The systems' warmth was manipulated using the language employed to describe each system (based on [14])
and the information it uses to generate recommendations. The high-warmth system was described as a system that is
friendly and well-intentioned, its recommendation is based only on the information users provide, and it does not
promote specific content. In contrast, the low-warmth system was described as a system that is cold and exact and its
recommendation is based on the information users provide as well as some promoted specific content. Note that the
manipulations were pretested and were found to be appropriate operationalizations of the systems' warmth and

competence (see Appendix A2).

3.3.3  Procedure

First, all participants were presented with the following prompt:

Imagine that you are planning a movie night with a group of friends. You decide to use a recommendation
system to help you pick a movie that you and your friends will all enjoy. The system analyzes different features
of the group members, such as age, gender, personality traits, and liked genres, and suggests a movie you

should watch together.

As in previous studies, participants then learned that there are two recommendation systems on the market. They read
the description of the two systems, which were presented in random order, and chose which of the two systems they
would like to use. Next, as in study 1B, participants reported their confidence in their decision. They then reported their
warmth perception (2 items: "I believe the system I chose is well-intentioned and makes recommendations in good faith",
"I believe the system I chose sincerely places users' interests above all other interests"; r = .56) and competence perception
(2 items: "I believe the system I chose has the ability to recommend a movie all group members will enjoy", "I believe the

system I chose has the capability to recommend movies accurately"; r = .67) of their chosen system. Participants indicated



their agreement with the four items, presented in random order, using a 7-point Likert scale anchored at 1 ("strongly
disagree") and 7 ("strongly agree"). Finally, participants reported some demographics.

3.3.4 Results

Participants' choices are summarized in Table 1. Our manipulations were successful as participants preferred the
high-competence system and the high-warmth system over the low-warmth system and the low-competence system,
respectively.

As expected, more participants preferred the high-warmth (55.6%, N = 45) over the high-competence system,
however, this difference did not reach significance (x%(1) = 1.00, p = .317). There was no difference in the perceived
warmth of the chosen system between those who chose the high-warmth system (M = 4.98, SD = 1.04) and those who
chose the high-competence system (M = 4.79, SD = 1.46; (79) = .67, p = .504), neither was there a difference in the
perceived competence of the chosen system, between those who chose the high-competence system (M = 5.40, SD = .92)
and those who chose the high-warmth system (M = 5.07, SD = .92; #(79) = 1.63, p = .107).

As in studies 1A and 1B, we find further support for the halo effect. A repeated-measures analysis of variance
(ANOVA) showed a significant Choice X Perception interaction (F(1, 79) = 5.00, p = .028, np? = .06). Post-hoc analysis
revealed that participants who chose the high-competence system perceived their chosen system as more competent
than warm (p = .001, Cohen's d = .54), whereas participants who chose the high-warmth system perceived their chosen
system as similarly warm and competent (p = .570).

Interestingly, participants who chose the high-warmth system (M = 5.51, SD = 1.04) were more confident in their
decision than participants who chose the high-competence system (M = 5.17, SD = .91), although this difference did not
reach significance (#79) = 1.57, p = .121).

3.4 Discussion

The results of study 1 revealed a preference for high-warmth systems over high-competence systems in two domains
(house pricing and car insurance) and an indifference in a third domain (movie recommendation; see Figure 2a). These
results provide support for hypothesis Hla. Moreover, even though confidence is part of the competence dimension,
participants who chose the high-warmth system were as confident in their choice as participants who chose the high-
competence system, if not more.

Though we did not have an a priori hypothesis regarding the low warmth vs. low competence condition, we found a
tendency to avoid low-warmth systems. More participants preferred the low-competence system over the low-warmth
system in two out of three domains (studies 1B and 1C). This tendency persisted in the third domain; however, the
difference was not significant.

One limitation of these studies is that the preference for the high-warmth system might be explained by a halo effect
of the system's warmth perception [29]. According to the halo effect, high perceived warmth leads to more positive
judgments of other traits and thus, warmer systems may also be perceived as competent. If a halo effect occurred, then
participants who chose a warm system actually chose a warm and competent system over a system that is only known
to be competent. Our finding that participants who preferred the high-warmth system perceived it as similarly warm
and competent supports this assertion. Nevertheless, in two of the three domains (studies 1A and 1B), participants who
chose the high-competence system perceived their chosen system as more competent than participants who chose the

high-warmth system, which suggests that the possible halo effect of the AI warmth might not fully explain the
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preference for high-warmth systems. To mitigate the halo effect as an alternative explanation, in study 2, we explicitly
describe both the level of warmth and the level of competence of each of the two systems.

100%
80%
60% 64.9%"" 65.6%""
55.6% 52.59%
40%
20%
0%
House pricing Car insurance Movie House pricing  Car insurance Movie
(1A) (1B) recommendation (2A) (2B) recommendation
(1C) (2C)
Chose high-competence system Chose high competence-low warmth system
m Chose high-warmth system = Chose high warmth-low competence system
(a) Study 1 (b) Study 2

Figure 2: The percentage of chosen systems by the focal experimental conditions. The symbols * and ** represent significance levels
of 0.05 and 0.01, respectively. (a) Results from the focal condition in studies 1A-C: when choosing between a high-warmth system
and a high-competence system, more participants (55.6%-67.4%) chose the high-warmth system. (b) Results from the focal condition
in studies 2A-C: when choosing between a high warmth-low competence system and a high competence-low warmth system, more
participants (52.5%-65.6%) chose the high warmth-low competence system.

4 STUDY 2

In study 2, as in study 1, participants were asked to choose one of two Al systems. However, in this study, each system
was described in terms of both its warmth and its competence. The goal of the study was to test our hypothesis that
when faced with a choice between a high warmth-low competence system and a high competence-low warmth system,
more participants will choose the high warmth-low competence system (H1b). This effect cannot be explained merely
by a halo effect as the information about the systems' low competence will be explicit. Similar to study 1, we tested how
the systems' warmth and competence levels affect potential users' choices between systems that recommend bidding
prices for houses (study 2A), car insurance plans (study 2B), or movies (study 3C). Since we provided participants with
the information about the systems' warmth and competence levels, their warmth and competence perceptions are not

reported.

4.1 Study 2A

As in study 1A, participants had to choose one of two Al systems, which suggest bidding prices for houses. We applied
the same scenario and manipulations used in study 1A; however, participants were informed of both the Al's warmth
and competence attributes.
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4.1.1  Participants

Three hundred and sixty-one participants (72.9% women, Mage = 36.26, SD = 10.96) were recruited via Prolific Academic,

in return for monetary compensation.

4.1.2  Experimental conditions and procedure

All participants read the same scenario as in study 1A. They were asked to imagine that they wanted to buy a house and
decided to use a decision support system that analyzes different house features and gives its predicted price. Participants
were then randomly assigned to one of six experimental groups and read information about two systems that predict
house prices. The two systems were either identical in their competence level and differed in warmth level (e.g., both
systems are highly competent; however, one is high in warmth whereas the other is low in warmth), identical in their
warmth level and differed in their competence level, or differed in both their competence and warmth levels. The
descriptions of the systems' competence and warmth were similar to the descriptions used in study 1A (see Appendix
A1l). For example, in the high warmth-low competence vs. high competence-low warmth condition, participants were
asked to choose between "A system that uses a traditional decision tree algorithm that was trained on data from 1,000
houses. The system was developed to help people like you make better offers and achieve their goals" and "A system
that uses a state-of-the-art artificial neural network algorithm that was trained on data from 1,000,000 houses. The
system was developed to help real estate agents make better offers and achieve their goals". Next, participants reported
their knowledge in the domain of house pricing, as in study 1A, and whether they bought a house in the last two years.

Finally, participants reported some demographics.

4.1.3 Results

As in Study 1A, there were no significant differences between conditions in participants' knowledge on house pricing
(F(5, 355) = .27, p = .931) or in the likelihood of buying a house in the last two years (x%(5) = 7.94, p = .160). Participants'
choices are displayed in Figure 3. Our manipulations were successful: when both systems were high in competence,
93.3% (N = 56) of the participants chose the high-warmth system over the low-warmth system (x%(1) = 45.07, p < .001)
and when both systems were low in competence, 98.4% (N = 60) of the participants chose the high-warmth system over
the low-warmth system (x?(1) = 57.07, p < .001). Similarly, when both systems were high in warmth, 81.7% (N = 49) of
the participants chose the high-competence system over the low-competence system (x?(1) = 24.07, p < .001) and when
both systems were low in warmth, 91.7% (N = 55) of the participants chose the high-competence system over the low-
competence system (x%(1) = 41.67, p < .001). The vast majority of participants (88.1%, N = 52) also preferred a system
with high warmth and competence levels over a system with low warmth and competence levels (x3(1) = 34.32, p < .001).

Our main interest was in the choice between a high competence-low warmth system and a high warmth-low
competence system. Although we did not find the expected preference for the high warmth-low competence system, we
also did not find a preference for the high competence-low warmth system, as participants showed no preference
between the high warmth-low competence system (52.5%, N = 32) and the high competence-low warmth system (x?(1)
= .15, p = .701).
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Figure 3: The percentage of chosen systems by experimental conditions (study 2A). When one of the systems was clearly superior
(either in terms of warmth, competence, or both), the vast majority of participants chose the superior system (281.7%). When
choosing between a superior system in terms of competence and a superior system in terms of warmth, there was no clear
preference for either system.

4.2 Study 2B

Since we were primarily interested in the high warmth-low competence vs. high competence-low warmth condition, in
study 2B we tested only this condition in the car insurance domain. As in studies 1B and 1C, we examined whether the
level of confidence in choice differs as a function of the chosen system. Also, as warmth perceptions predominate in
judgments of people [14], while competence perceptions predominate in judgments of organizations [1], we tested our
hypothesis that participants who choose a high warmth-low competence system over a high competence-low warmth
system will perceive their chosen system as more human-like and less organization-like than participants who choose a
high competence-low warmth over a high warmth-low competence system (H2).

4.2.1 Participants

One hundred and one participants were recruited via Prolific Academic, in return for monetary compensation. Eight
participants who reported that they did not own a car were removed from further analyses. The final analyses consist
of 93 participants (73.1% women, Mage = 35.54, SD = 10.80).

4.2.2  Procedure

Participants read the same scenario as in study 1B, about deciding to use a decision support system to assess car
insurance plans, and were asked to choose between two systems that exist in the market. The two systems were a
combination of the manipulations used in study 1B and were presented in random order. One system was described as
a system that uses a state-of-the-art artificial neural network algorithm that was trained on data from 1,000,000 car
insurance plans. The system was developed to help insurance agents make better car insurance offers and achieve their
goals. The second system was described as a system that uses a traditional decision tree algorithm that was trained on
data from 1,000 car insurance plans. The system was developed to help people like you receive better car insurance offers
and achieve their goals. Next, as in study 1B, participants reported their confidence in their decision. They then reported
their perception of their chosen system as organization-like ("I believe that the recommendations of the system I chose
would feel like recommendations from an organization (for example, an insurance company)") and human-like ("I believe
that the recommendations of the system I chose would feel like recommendations from a person"), using 7-point Likert
scales anchored at 1 ("strongly disagree") and 7 ("strongly agree"). The two items were presented in random order.

Finally, participants reported their knowledge of car insurance plans, as in study 1B, and some demographics.
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4.2.3 Results

As expected, a Chi-square test showed that more participants (65.6%, N = 61) chose the high warmth-low competence
system over the high competence-low warmth system (x%(1) = 9.04, p = .003). Moreover, as expected, participants who
chose the high warmth-low competence system perceived their chosen system as less organization-like (M = 4.61, SD =
1.38) than participants who chose the high competence-low warmth system (M = 5.19, SD = 1.12; #91) = -2.05, p = .022,
Cohen’s d = .45). Although participants who chose the high warmth-low competence system also perceived their chosen
system as more human-like (M = 4.56, SD = 1.59) than participants who chose the high competence-low warmth system
(M = 4.25, SD = 1.59), this difference did not reach significance (#(91) = .89, p = .189).

There was no difference in confidence in participants' choices as a function of the chosen system. Participants who
chose the high warmth-low competence system (M = 4.97, SD = 1.26) were as confident as participants who chose the
high competence-low warmth system (M = 5.19, SD = 1.36; t(91) = -.78, p = .438). There was also no difference in
knowledge of car insurance plans between participants who chose the high warmth-low competence system (M = 4.16,
SD = 1.27) and participants who chose the high competence-low warmth system (M = 4.22, SD = 1.41; (91) = -.19, p =
.849).

4.3 Study 2C

As in study 2B, participants were asked to choose between a high warmth-low competence system and a high
competence-low warmth system. As in study 1C, both systems were designed to recommend movies for a group movie
night.

4.3.1 Participants

Seventy-nine participants (60.8% women, Mage = 32.94, SD = 10.75) were recruited via Prolific Academic, in return for

monetary compensation.

4.3.2 Procedure

Participants read the same scenario as in study 1C, about deciding to use a recommendation system to help them pick a
movie, and were asked to choose between two systems that exist in the market. The descriptions of the two systems
used a combination of the manipulations used in study 1C. One system was described as a system that uses a state-of-
the-art artificial neural network algorithm that was trained on data from 1,000,000 viewing choices and user ratings. The
system is cold and exact. Its recommendation is based on the information users provide as well as some promoted specific
content. The second system was described as a system that uses a traditional decision tree algorithm that was trained
on data from 1,000 viewing choices and user ratings. The system is friendly and well-intentioned. Its recommendation
is based only on the information users provide, and it does not promote specific content. Participants then reported their
confidence in their decision, as study 1B, and their perception of their chosen system as organization-like and human-
like, using similar items to the ones used in study 2B. Perception items were presented in random order. Finally,

participants reported some demographics.

4.3.3 Results

As expected, and replicating the results of study 2B, a Chi-square test showed that more participants (63.3%, N = 50)
preferred the high warmth-low competence system over the high competence-low warmth system (x%(1) = 5.58, p =

.018). Furthermore, and replicating the results of study 2B, participants who chose the high warmth-low competence

14



system perceived their chosen system as less organization-like (M = 4.76, SD = 1.44) than participants who chose the
high competence-low warmth system (M = 5.48, SD = 1.09; #(77) = -2.34, p = .011, Cohen’s d = .54). Although participants
who chose the high warmth-low competence system also perceived their chosen system as more human-like (M = 3.86,
SD = 1.68) than participants who chose the high competence-low warmth system (M = 3.52, SD = 1.62), this difference
did not reach significance (#(77) = .89, p = .189). Similar to study 1C, participants who chose the high warmth-low
competence system (M = 5.36, SD = 1.03) felt more confident in their decision than participants who chose the high
competence-low warmth system (M = 4.93, SD = 1.28; {(77) = 1.63, p = .106), although this difference was not significant.

4.4 Discussion

The results of study 2 provide further support for the importance of warmth perceptions in the judgment of Al systems,
as predicted by hypothesis H1b. Despite the explicit information about the high-warmth system's lower competence,
more participants preferred it over the high competence-low warmth system (see Figure 2b). Also, as in study 1, choosing
warmth over competence did not come at the cost of reduced confidence and its potential risks, such as regret or post-
decision dissonance.

Moreover, the findings of studies 2B and 2C partially support our hypothesis regarding the relationship between
users' choice and their perception of the system as human-like and organization-like (H2). Participants who chose a high
warmth-low competence system over a high competence-low warmth system perceived their chosen system as less
organization-like than participants who chose a high competence-low warmth system over a high warmth-low
competence system. The correlation between choosing warmth over competence and perceiving the chosen system as
more human-like was in the predicted direction but did not reach significance. A possible explanation for this finding
could be that the measure of the system as human-like was too abstract and impersonal. Future studies might measure
the perceptions of Al systems as human-like with higher granularity — e.g., varying the level of closeness by asking

about the system as an agent, a close friend, an experienced mentor, etc.

5 GENERAL DISCUSSION

Across six studies, we explored the effect of warmth and competence perceptions on potential users' choice of Al systems
with no social presence. We find that both competence and warmth perceptions impact the choice of an Al system.
When holding the system's competence level constant, participants preferred a system with high (vs. low) warmth.
Similarly, when keeping the system's warmth level constant, participants favored a system with high (vs. low)
competence. Interestingly, we find a primacy for warmth perceptions of Al systems over competence perceptions. When
choosing between a high-warmth system and a high-competence system, more participants chose the high-warmth
system. The precedence of warmth persisted even when the system was overtly deficient in its competence. Specifically,
more participants preferred a high warmth-low competence system over a high competence-low warmth system. We
also found an inclination to avoid low-warmth systems when choosing between a low-warmth system and a low-
competence system. Furthermore, the preference for warmth over competence did not result in a reduction of
confidence; on the contrary, participants who chose high-warmth systems felt as confident in their choice as participants
who chose high-competence systems, if not more. Our findings were replicated in three different domains, which
advocates for their robustness.

The predominance of warmth suggests that judgments of Al may be more similar to judgments of people than to
judgments of organizations, as previous findings have shown the primacy of warmth in human judgments [14] and the

primacy of competence in organization judgments [1]. This is also supported by our finding that there is some
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association between prioritizing warmth and viewing the chosen system as more human-like and less organization-like,

although the association is restricted and can provide only a limited explanation of the choice results.

5.1 Theoretical contribution

The present research contributes to the existing knowledge on user judgments of Al systems. More specifically, it helps
explain how potential users' perceptions of systems' warmth and competence affect their choice between alternative Al
systems. The results of our studies indicate that both warmth and competence are important to potential users, but that
warmth plays a more pivotal role than competence in predicting the choice between Al systems. Our results are in
accordance with recent studies which demonstrated the positive downstream effects of warmth perceptions in virtual
agents and robots, such as higher satisfaction, better interaction experience, greater trust, and increased future intention
of interaction and cooperation [21, 24, 30, 32].

Our research also contributes to the social psychology literature. Warmth and competence were continuously found
as the two fundamental dimensions in social cognition that guide people's affective and behavioral reactions [14]. Our
results provide evidence that people apply similar rules when judging Al systems and humans, even when the Al is fully

embedded and has no virtual or physical presence.

5.2 Possible boundary conditions

We examined the effect of warmth and competence perceptions on Al choice in three different domains: house pricing,
car insurance, and movie recommendation. To allow generalization from our findings, we chose scenarios that include
both relatively objective (house pricing, car insurance) and relatively subjective (movie recommendation) tasks;
decisions that involve low (movie recommendation), medium (car insurance), or high (house pricing) stakes; and might
occur daily (selecting a movie), occasionally (buying car insurance), or even once in a lifetime (buying a house). While
our results support the primacy of warmth over competence in Al judgments, there might be circumstances in which
competence considerations will outweigh warmth considerations.

In light of the current coronavirus pandemic, we ran another study to explore the interplay between warmth and
competence perceptions on potential users' choice of coronavirus monitoring apps. Contrary to our prediction, we found
a preference for competence over warmth. We asked participants to imagine that they decided to use an app that alerts
people who have come in contact with an infected individual. Results revealed that more participants (63.4%, N = 64)
chose the high-competence system over the high-warmth system (x%(1) = 7.22, p = .007). Similarly, more participants
(64.7%, N = 64) chose the high competence-low warmth system over the high warmth-low competence system (x%(1) =
8.82, p = .003; see Appendix A3 for a full description of the study). These results are in line with previous research that
showed that even though warmth is often more influential than competence when judging people [14], there are some
contexts in which competence has precedence over warmth. For example, perceived surgeon competence, but not
warmth, positively predicted trust, and negatively predicted pain during surgery [3]. It seems plausible that in some
cases, such as when making health-related choices, competence might be more crucial, and thus, warmth considerations
will become less prominent.

Additional boundary conditions can relate to cases where competence is extremely low. When alternative systems
present a tradeoff between warmth and competence, people might be willing to forgo some competence in exchange for
higher warmth. However, even extremely high warmth might not overcome an exceptionally inadequate level of

competence.
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5.3 Design implications

The results of our studies hold important practical implications for the development of Al systems and understanding
of potential users' preferences. Al designers often focus on improving and communicating the competence of algorithms,
such as their accuracy [39]. Our research suggests that an Al's perceived warmth is a significant factor for users when
selecting an Al system. We showed that not only competence considerations matter when choosing between Al systems
without a social presence. The findings show that the primary beneficiary of the system was important to potential
users, even more than the system's competence. This is consistent with social rules used in human-human interactions,
as the Al competence can work in line with the user's interests or against them; for example, a navigation system that
aims to explore new routes while users want the fastest route. Furthermore, we find evidence for a halo effect in study
1, where more people preferred the high warmth (potentially also perceived as high competence) system over the high
competence system. Therefore, it may be vital for system designers to consider and communicate the system's warmth
characteristics to its potential users.

The results demonstrate that one possible approach for designers is to clearly and sincerely communicate who
benefits from using the system and whether it tries to promote specific content or actions. It might also be useful to
prime warmth by using friendly and empathetic language to describe the system and to employ such language during
users' interaction with the system. For example, Amazon highlights that "Alexa is always happy to help" and "Designed
to protect your privacy."

Designing cues to communicate who is the main beneficiary might be challenging in the context of service providers
(e.g., Google or Amazon), where the boundaries are not always clear, as both users and service providers benefit from
the systems. Nevertheless, users wish to know who the system is accountable to and who will be prioritized when
conflicting requests or needs occur [26]. System designers, therefore, need to account for diverging interests between
users and service providers and might want to communicate to potential users how the AI will act in such instances.
Note that our findings can potentially be used uncandidly to attract users, and thus both designers and potential users

need to treat AI warmth information with caution.

5.4 Limitations and future research

Our research findings need to be qualified by several limitations. First, in the current research, the Al system's
competence was described using the algorithm type and size of the training set, while the system's warmth was described
using the primary beneficiary of the system, the language employed to describe the system, and the information the
system uses to generate the recommendations. These manipulations represent only a partial conceptualization of
systems' competence and warmth. Thus, future studies might manipulate systems' warmth and competence in other
ways to test if similar results are obtained. For example, a system's competence could be described in terms of the skills
of the AI's developer (e.g., a student for a course assignment vs. a computer scientist in a well-known company) or by
the algorithm's stated and observed accuracy rates. The system's warmth could be manipulated using its privacy settings
(e.g., whether using the Al involves collecting information about the user or not) or information about who funded the
system.

In addition, the current research tested participants' choice between two systems in a single decision and was based
only on descriptions of the systems. Despite the importance of initial impressions, Al perceptions are not static and can
change throughout the interaction as experiences are accumulated [4, 39]. The primacy of warmth or competence may
differ when the interaction with the system is over a more extended period and across choices. In a recent study, Khadpe

et al. [21] found that while high-competence metaphors increased intentions to try the system and pre-use desire to
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cooperate with it, low-competence metaphors increased participants' post-use likelihood of adopting the AT agent and
the desire for cooperation with the Al system. Future studies could explore the effect of systems' warmth and competence
during and after interacting with the system.

Moreover, our main goal in this research was to systematically show that Al's warmth, while rarely discussed by Al
designers, is important to users. To this end, we conducted controlled vignette studies; we simulated choice scenarios
that potential users face when selecting which Al systems to employ and tested the effect of warmth and competence
perceptions on their choice. However, controlled studies come at the cost of ecological validity, as warmth and
competence perceptions are not the only considerations influencing potential users' selection of an Al service. For
example, users might choose an online streaming service (Netflix, HBO, Amazon prime) because of its media corpus or
price. Further studies could examine more complicated models, such as testing the effects of warmth and competence
on choice in different price levels. In addition, a future field study could analyze the warmth and competence of existing
systems and examine the choice patterns of users.

Another fruitful avenue for future research could be exploring the role of users' orientation toward services as a
possible moderator of our studied effect. The concept of service orientation has entered the HCI community through
work on service robots. Lee et al. [25] have shown that people's orientation affected the effectiveness of recovery
strategies that focus either on warmth or competence following a robotic service breakdown. While people with a more
relational orientation responded better to an apology (warmth), people with a more utilitarian orientation responded
best to compensation (competence). Future work could test whether a person's orientation towards the type of service

might influence their desire for warmth or competence in an Al system.

6 CONCLUSION

In this work, we explored the effects of Al systems' warmth and competence perceptions on potential users' choice of
an Al system. In a series of six studies, we found a primacy for warmth perceptions on choice. Our work provides insights
on the importance of warmth perceptions in Al judgment and shows that perceived intentions matter to potential users,
even more than perceived ability. While reliance on Al systems can improve efficiency and aid decision-making, it might
also lead to errors [18]. Thus, understanding how people choose which system to use might be vital to secure successful

and long-lasting human-AI interactions.
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A APPENDICES

A.1 Warmth and Competence Manipulations

Warmth

Competence

House pricing

Car insurance

Movie recommendation

High

Low

A state-of-the-art artificial
neural network algorithm

that was trained on data from

1,000,000 houses/car
insurance plans/viewing
choices and user ratings.

A traditional decision tree
algorithm that was trained
on data from 1,000
houses/car insurance
plans/viewing choices and
user ratings.

A system that was
developed to help people
like you make better offers
and achieve their goals.

A system that was
developed to help real
estate agents make better
offers and achieve their
goals.

A system that was
developed to help people
like you receive better car
insurance offers and
achieve their goals.

A system that was
developed to help
insurance agents make
better car insurance offers
and achieve their goals.

A system that is friendly
and well-intentioned. The
system's recommendation
is based only on the
information users provide,
and it does not promote
specific content.

A system that is cold and
exact. The system's
recommendation is

based on the information
users provide as well as
some promoted specific
content.

A.2 Pretests results

Manipulations were pre-tested to allow a calibration on high/low warmth/competence differences between descriptions.
Participants were randomly assigned to read a description of one system (e.g., a low competence-high warmth system)
and reported their perceptions of the system’s warmth and competence (as described in studies 1A and 1C). Participants

clearly distinguished between high/low warmth/competence levels. In the house pricing pretest, the high-warmth
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system was perceived as warmer (M = 4.74, SD = 1.26) than the low-warmth system (M = 4.03, SD = 1.48; F(1, 130) = 8.74,
p =.004, Cohen's d = .51), and the high-competence system was perceived as more competent (M = 5.04, SD = 1.15) than
the low-competence system (M = 4.61, SD = 1.29; F(1, 130) = 4.11, p = .045, Cohen's d = .35). Similar results were obtained
in the movie recommendation pretest. The high-warmth system was perceived as warmer (M = 5.15, SD = 1.10) than the
low-warmth system (M = 4.60, SD = 1.40; (1, 164) = 7.90, p = .006, Cohen's d = .44), and the high-competence system
was perceived as more competent (M = 4.98, SD = 1.20) than the low-competence system (M = 4.56, SD = 1.19; K(1, 164)
=5.13, p=.025, Cohen's d = .35). Note that in both pretests the competence condition did not affect the system’s warmth
perception and vice versa. There were also no interaction effects between the warmth and competence conditions on

the system’s warmth or competence perceptions.

A.3 Coronavirus study

In this study, participants were asked to choose one of two Al systems, which monitor coronavirus spread.

A.3.1 Method
Five hundred and ten participants (56.9% women, Mage = 32.56, SD = 10.88) were recruited via Prolific Academic, in
return for monetary compensation. All participants were presented with the following prompt:

In the last few months, the coronavirus has spread rapidly across the globe. Imagine that you decide to use an
app that alerts people who have come in contact with an infected individual. The app is based on tracking the

geographical location of its users and currently has over 100,000 users in your region.

Participants then learned that there are two apps in the market and read the description of the two apps, which were
presented in random order. Participants were randomly assigned to one of five experimental conditions. In each
condition, the apps varied in their levels of competence (high vs. low) and warmth (high vs. low). A high-competence
app was described as an app that is well established and employs a state-of-the-art artificial intelligence system. The
app's location-identification accuracy is within a radius of 0.5-meter (1.5 feet) both indoors and outdoors, whereas a low-
competence app as an app that is being beta-tested and employs basic tracking tools. The app's location-identification
accuracy is within a radius of 100-meter (330 feet) outdoors and might fail indoors. A high-warmth app was described
as an app that is friendly and well-intentioned. It was developed for people like them to better protect themselves from
potential infection, while a low-warmth app as an app that is cold and exact. It was developed for governments to better
monitor citizens' movement and the spread of coronavirus. Similar to studies 1A-C, in four out of the five conditions,
participants read one piece of information about each of the apps. That is, each one of the participants chose between
two systems, one described in terms of warmth (high or low) and the other described in terms of competence (high or
low). In the fifth condition, which was similar to studies 2B-C, participants chose between a high competence-low

warmth app and a high warmth-low competence app. Finally, participants reported some demographics.

A.3.2 Results

Our manipulations were successful as more participants preferred the high-competence system (82.4%, N = 84) over the
low-warmth system (x3(1) = 42.71, p < .001) and the high-warmth system (65.7%, N = 67) over the low competence system
(x3(1) = 10.04, p = .002). No preference emerged between the low-warmth (53.9%, N = 55) and the low-competence
systems (x*(1) = .63, p = .627). Interestingly, more participants (63.4%, N = 64) chose the high-competence system over
the high-warmth system (x3(1) = 7.22, p = .007). similarly, more participants (64.7%, N = 64) chose the high competence-
low warmth system over the high warmth-low competence system (x%(1) = 8.82, p = .003).
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