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SESSION OVERVIEW
With the accelerated demand for new technologies, algorithms / 

artificial intelligence (AI) have integrated diverse and refined skills. 
These advancements make them a viable alternative to using humans 
to complete the same tasks. Algorithms can outperform humans on 
medical diagnoses (Hutson 2017), taste-based recommendations 
(Yeomans et al. 2019), predictions (Grove et al. 2000), and games 
(Hosanagar 2019).

Despite advancements in these new technologies in businesses, 
however, the literature diverges on the extent consumers embrace or 
dislike algorithms. It is still unclear from the literature when consum-
ers are open to using algorithms (e.g., Dietvorst et al. 2015; Logg 
et al. 2019). This disagreement raises important questions about the 
dynamics between humans and their valuation of technology: What 
factors affect consumers’ reactions towards decisions by algorithms 
(vs. humans)? Do consumers value decisions differently when gen-
erated by algorithms or humans? Does the framing of algorithms 
change consumers’ willingness to use it? Under which situations are 
consumers more likely to (de)value algorithms? Can algorithms ob-
jectively outperform humans in domains involving aesthetics? 

This session aims to identify the boundary conditions of when 
consumers appreciate algorithms more than humans (subjective val-
uation), and when algorithms do or do not objectively outperform 
humans (objective). In the first paper, Yalcin et al . study consumers’ 
reactions to decisions that are made by algorithms versus humans. 
Across seven studies, they reveal less positive reactions to favorable 
outcomes (e.g., acceptances) by algorithms (vs. humans), whereas 
they find no increased negative responses to algorithms when the 
outcome is unfavourable (e.g., rejections). They also show that these 
differences are explained by a shift in perceptions depending on the 
valence of the decision outcome. Lin and Dietvorst explore how 
the way algorithms are described changes consumers’ likelihood of 
using them. Across seven studies and different prediction methods 
(e.g., navigation), they demonstrate that consumers prefer methods 
of prediction that replicate the event in question even when doing 
so is counterproductive. Next, Hussein and Huang investigate what 
type of professional help consumers value more when dealing with 

stress and compulsive behaviors. In four studies, the authors find 
that consumers perceive AI (vs. human) mental health providers to 
be less warm, which harms their perceived competence, resulting in 
higher aversion of AI providers. Finally, the paper by Weingarten 
et al . tests whether AI outperform human experts in creative mar-
kets, specifically in logo design. The authors consistently find that 
the quality of the logos from human experts outperform those from 
artificial intelligence.

This session provides timely insight into objective and subjec-
tive valuation of algorithms and humans, an increasingly important 
topic given the proliferation of this technology in consumer contexts. 
Our proposed session directly addresses the ACR 2020 conference 
theme as it examines the value of deep thinking, rational thought, and 
reason for humans relative to algorithms in a new era of machine in-
telligence. We believe that this proposed session should be of interest 
to a broad audience of scholars and practitioners working on judg-
ment and decision-making, advice/recommendations, aesthetics, and 
new technologies. All projects have at least four completed studies.

Thumbs Up or Down: Consumer Reactions to Decisions 
by Algorithms Versus Humans

EXTENDED ABSTRACT
Companies are increasingly adopting algorithms to make deci-

sions that affect existing and potential customers, such as accepting 
and rejecting applications. Today, algorithms are commonly used to 
decide who a company should hire (e.g., JetBlue) or provide services 
to (e.g., rayatheapp.com). This growing trend calls for marketing 
researchers to gain a better understanding of customers’ reactions 
to decisions made by algorithms and humans. Previous research has 
predominantly focused on how individuals choose between an algo-
rithmic and  human service provider (Castelo et al. 2019; Logg et al. 
2019; Longoni et al. 2019). Unlike this line of research, we investi-
gate the responses of individuals as a recipient of decisions made by 
either an algorithm or a human. 

In this research, we propose that customers react to decision-
makers (algorithms vs. humans) differently depending on the valence 
of decision outcomes, namely whether they are accepted or rejected 
by a firm. Specifically, we hypothesize that customers react less posi-
tively (e.g., less perceived self-worth, less positive attitudes towards 
the firm), to an algorithm than a human decision-maker in the case of 
favorable decisions (e.g., acceptances), whereas such a negative re-
action to an algorithm (vs. a human) would be attenuated in the case 
of unfavorable decisions (e.g., rejections). Our theorizing is based 
on attribution theory demonstrating that individuals tend to attribute 
their successes and failures in a self-serving way (Halperin et al. 
1976). Namely, people tend to take credit for their success but blame 
others for failures so as to defend their self-esteem. Accepted cus-
tomers would be motivated to view the positive outcome as a result 
of their individual characteristics, thereby reacting more positively 
to a human (vs. an algorithmic) decision-maker, who is perceived as 
more capable of incorporating individuals’ uniqueness into the deci-
sion. Rejected customers, however, would attribute the unfavorable 
outcome to decision-makers (regardless of who the decision-maker 
is), viewing a human decision-maker as less objective and an algo-
rithm as more ignorant of their individual uniqueness.
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We tested our predictions across seven experiments (N = 3,535) 
and showed that customers react differently to favorable (vs. unfa-
vorable) decisions that are told to be made by algorithms and humans 
across various contexts (e.g., dating websites, bank loans), In studies 
1 and 2, we demonstrated that participants felt lower feelings of self-
worthiness when favorable decisions were made by an algorithm (vs. 
a human). This relatively negative reaction to algorithms is, howev-
er, mitigated when the decision outcome is unfavorable. Extending 
these findings, study 3 revealed the same pattern of customers’ reac-
tions towards firms: participants demonstrated less positive attitudes 
towards the firm when an algorithm (vs. a human) accepts them, but 
such a relatively negative reaction to algorithmic decision-making 
was mitigated in the case of unfavorable decisions. 

In studies 4a, 4b and 5, we aimed to understand possible driv-
ers of such an interaction effect. In studies 4a-b, we revealed the 
negative impact of disclosing algorithmic decision-makers. Specifi-
cally, when the decision-maker was not explicitly mentioned by the 
company, participants reacted similarly as they did to a human de-
cision-maker. Next, study 5 tested whether participants would react 
more positively to humans even when they do not actively engage in 
decision-making but monitoring the process. In line with our theori-
zation, our results demonstrated that the relatively positive effect of 
human decision-making is driven by knowing that a human actively 
made a decision to accept the applicants instead of passively moni-
toring the evaluation process. Finally, in study 6, we directly exam-
ined the psychological mechanism underlying different reactions 
to algorithmic versus human decision-makers. In these studies, we 
showed that the differences in customers’ reactions stem from how 
they perceive these two decision-makers and that their perceptions 
of algorithms and humans (i.e., perceived objectivity, consideration 
of applicants’ uniqueness).

We believe that our research makes several contributions. Ex-
tending the previous work that has predominantly studied situations 
where people choose whether to rely on algorithms or humans, we 
study situations where customers are recipients of decisions made by 
algorithms versus humans. Furthermore, the current research dem-
onstrates how motivated attribution plays a role in people’s percep-
tion of algorithmic versus human decision-making. From a practical 
perspective, our work offers important managerial guidance. Manag-
ers are often worried about deploying algorithms in customer-facing 
functions as they fear algorithms to amplify customers’ negative re-
actions in the case of unfavorable decisions. Our findings, however, 
suggest that managers should be more concerned about deploying 
algorithms in the case of favorable experiences as it can result in 
less positive customer reactions. Together, our work provides valu-
able insights on how firms can effectively communicate decision 
outcomes to customers.

People Prefer Forecasting Methods Similar to the Event 
Being Predicted

EXTENDED ABSTRACT
Consumers face many scenarios where they have to make pre-

dictions by choosing between prediction methods. People can check 
multiple navigation tools for traffic predictions, analysts choose 
between models to make financial market predictions, and patients 
can choose between doctors and AI for medical diagnosis. It is clear 
from past research that people don’t always pick the best perform-
ing method (Arkes et al. 1986; Dietvorst et al. 2015; Yeomans et al. 
2019). However, it is still unclear how consumers choose between 
prediction methods. What features do people look for in prediction 
methods?

In this paper, we find that the more similar a prediction method 
is to the event being predicted (e.g. in its outcome distribution, pro-
cess, etc.), the more people like it, even when it does not perform as 
well as alternatives. Humans often learn by mimicking and mirror-
ing others’ actions (Meltzoff and Moore 1977), and people tend to 
“over-imitate” - copying actions that are unnecessary to accomplish 
the given goal (McGuigan et al. 2011; Hoehl et al. 2019). We pro-
pose that this innate behavior transfers to consumers’ preferences 
for prediction methods: consumers prefer prediction methods that 
best resemble the event being predicted. However, this preference 
can lead consumers to prefer prediction methods that offer subopti-
mal performance. For example, when the outcomes of an event are 
at least partially determined by random chance (Fox and Ülkümen 
2011), mimicking the event in question to predict its outcome will 
result in overfitting of random error. In a set of 7 studies, we inves-
tigate consumers’ preference for similar prediction methods using 
both incentivized studies and real-world consumer scenarios.

In Study 1, we present evidence that people like a prediction 
method to be similar to the event in question by having participants 
predict the outcome of a die roll. We chose this task because rolling 
a die has a clear process to be replicated, and its outcome is deter-
mined by random chance. Participants were tasked with predicting 
the outcome of a 7-sided die roll (sides 1,2,3,4,5,6,7). Participants 
chose between two prediction methods: one that always predicts “4” 
(constant), and another that chooses a random number between 1 and 
7 (similar). Participants learned that they would receive a linearly 
increasing bonus depending on the difference between their predic-
tion and the actual outcome ($0.21 for a perfect prediction, -$.03 for 
each unit of error). With this payment scheme, choosing “4” (i.e. the 
constant method) offers the highest possible return in expectation. 
Thus, choosing the similar method instead of the constant method 
is costly. However, we found that a substantial proportion of partici-
pants (44.5%) chose the similar method. Even among participants 
who passed a comprehension check by reporting that choosing “4” 
produced the highest expected earnings, 36.8% chose the similar 
method, which suggests that consumers’ preference for a similar 
method is not due to ignorance. 

In Studies 2 and 3, we found that the more similar a prediction 
method is to the event in question, the more people like it. In study 
2, we offered participants a choice between two randomly selected 
methods out of a set of three: the similar and constant options from 
Study 1, and a “mixed” option that was a combination of the two. 
The mixed option used the similar method with a probability of 50% 
and the constant method with a probability of 50%. Participants were 
more likely to select the similar method both when the alternative 
was the constant method (58%) and the mixed method (56.2%). In 
Study 3, we show that method similarity can be increased along 
multiple dimensions. Specifically, we hypothesized that participants 
would prefer a method that uses the same process as the event (roll-
ing a die instead of drawing a marble) in addition to matching the 
outcome distribution. Participants rated the constant method and 4 
methods that varied on their proximity to the event being predicted 
(a fair 7-sided die roll) on 5-point scales: rolling a die that is skewed 
towards the optimal answer (process resemblance), drawing a mar-
ble with values 1-7 from a jar (outcome resemblance), rolling a die 
with the same numbers as the focal die (perfect resemblance), and 
drawing a marble with values skewed towards the optimal answer 
(no resemblance). Participants also rated the similarity of each pre-
diction method to the event being predicted on two 5-point scales. 
Consistent with our hypothesis, participants rated the prefect re-
semblance method higher than all other methods (t’s(404)≥ 7.16, 
p’s<.001). Further, participants ratings of the similarity between 
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each method and the focal die roll mediate the differences in method 
ratings [10.29,35.99]. These results suggest that the more similar a 
prediction method is to the event in question, the more people like it.

In the remaining studies, we extend these findings to real-world 
consumer scenarios. In study 4, participants made an incentivized 
choice between two prediction methods to predict a consumer’s rat-
ing of a movie. Participants chose between a similar method that 
finds the person who gave the most similar responses to the focal 
consumer in a survey of movie preferences and uses their rating, 
and an alternative that uses the average rating of the movie among 
all consumers. 71% of participants chose the similar method even 
though it performs 1.5 times worse than the alternative. In study 5, 
participants preferred a navigation tool that based a travel time pre-
diction on the most similar trip in its data over another that averaged 
among many somewhat similar trips. In follow up studies (Studies 
6 and 7), we investigate how companies can frame the prediction 
methods that they offer consumers to be more similar to the event 
in question.

People’s systematic preference for similar prediction methods 
provides novel insight into consumer decision making, and suggests 
interventions to boost consumers’ use of a prediction method. For ex-
ample, it suggests that framing a prediction method as similar to the 
event in question will make it more palatable to consumers, which 
can help companies boost the use of prediction methods that they of-
fer consumers (e.g. recommendation systems, calculators, etc.).

Stress, Addiction, and Artificial Intelligence

EXTENDED ABSTRACT
About 90.2% of people suffering from mental illness worldwide 

do not receive adequate treatment (Alonso et al. 2018). A solution to 
this problem is therapy powered by artificial intelligence (AI), which 
is scalable at a low cost, convenient, and private. Are consumers 
open to adopting AI to manage their mental health? We first inves-
tigate if consumers would choose an AI adviser over other types of 
human advisers present in the marketplace to treat anxiety and stress 
(Studies 1a-e). We find that consumers are averse to choosing an AI 
provider to manage their mental health. We replicate our finding in 
a highly stigmatized context—porn addiction (Study 2)—and using 
additional dependent variables, such as willingness to pay and shar-
ing intentions (Studies 3 & 4). We argue that perceptions of warmth 
shape consumers’ aversion to AI mental health providers: AI (vs. hu-
man) providers were perceived as less warm, which harmed their 
perceived competence, resulting in higher aversion. 

In Study 1a, we asked college students to fill out a survey about 
stress-related resources. After reflecting on an instance in which they 
experienced academic stress, participants were offered three types 
of advisers to choose from to help them improve how they deal with 
stress. Descriptions for all three advisers were based on real-world 
descriptions. We scrapped the top 500 Google search results for 
mental health care providers, and two independent coders catalogued 
the providers into 5 categories. Three types of advisors—clinical, 
integrative, and virtual/AI—together form more than 80% of the 
market. We thus focus on these three types of mental health provid-
ers. The first was a clinical adviser with an MD from the university, 
who has published peer-reviewed articles on stress. The second was 
an integrative adviser, a life coach who has triumphed over dealing 
with stress. The third was a virtual adviser powered by artificial in-
telligence; the order of these advisers was counterbalanced. We find 
that only 5.4% of the participants chose the AI adviser (χ2 = 59.14, 
p-value<0.001), compared to 64.9% choosing the integrative adviser 
and 29.7% choosing the clinical adviser.

We replicate this finding in a variety of different stress domains 
(Studies 1b-e). We consistently find that the AI adviser is dominated 
by the two other advisers. The percentage of participants choosing 
an AI adviser ranges from 5.41% (academic/relationship stress) to 
20.99% (financial stress).

In Study 2, we investigate consumers’ choice of mental health 
adviser in a high-stigma context: porn addiction, which has harmful 
consequences such as cognitive decline and isolation (Alarcón et al. 
2019). We recruited men who watch at least 5 hours of porn per week 
(2 SD higher than average). We provided these participants with an 
article that described the negative consequences of porn overuse and 
asked them to choose which of the three advisers they would con-
sider discussing their porn consumption habits with. Similar to the 
results above, we find that the AI adviser is dominated by the two 
other choices (χ2 = 12.6, p-value<0.001). Interestingly, the percent-
age of participants willing to choose the AI adviser was higher (23%) 
than in the stress-related domains we tested.

In Study 3, participants were told about a new service in which 
customers share symptoms with a (virtual vs. human) doctor who 
diagnose if they have common mental health disorders, such as de-
pression and anxiety. Participants then reported their willingness to 
pay for the service. We found that participants in the AI condition 
reported a lower willingness to pay compared to the human condi-
tion (  = -2.8, t(402) = -2.8,  p = .005). Importantly, we found support 
for our proposed serial mediation model, such that an AI (vs. hu-
man) provider was associated with lower perceived warmth, which 
lowered the perceived competence of the provider, thereby leading 
to lower willingness to pay for the service (indirect effect = −.91, SE 
= .27, 95% CI [−1.44, −.39]). As a robustness check, we included 
uniqueness neglect as a parallel mediator in the model and found 
that, while the indirect effect through warmth and competence re-
mained significant (indirect effect = −.89, SE = .26, 95% CI [−1.40, 
−.38]), the indirect effect through uniqueness neglect was not signifi-
cant (indirect effect = −.012, SE = .048, 95% CI [−.11, .082]), sug-
gesting that uniqueness neglect did not affect consumers’ willingness 
to pay for mental health providers in this context.

In Study 4, participants were first asked to reflect on a recent 
time they experienced financial stress. Participants were then pre-
sented with a [virtual] mental health coach [powered by artificial 
intelligence] that could help them deal with stressful situations. To 
ensure that consumers’ AI aversion generalized across other depen-
dent variables of importance to marketers, we included a measure 
of participants’ intent to share information about the provider with 
others. Consistent with Study 3, we found that participants in the 
AI (vs. human) condition reported a lower willingness to pay (β = 
−2.56, t(498) = −3.23, p = .001) and a lower interest in sharing in-
formation about this provider with others (β = −.39, t(498) = −2.05, 
p = .041). Importantly, perceptions of warmth again mediated the 
effect of provider on perceived competence, which in turn influenced 
participants’ willingness to pay (indirect effect = −.83, SE = .30, 95% 
CI [−1.42, −.23]) and sharing intentions (indirect effect = −.41, SE = 
.07, 95% CI [−.55, −.28]). 

Overall, we found that consumers are reluctant to use AI mental 
health advisers, and that perceptions of warmth played an important 
role in shaping consumers’ preference for a mental health provider. 
AI (vs. human) providers were judged as less warm, which harmed 
their perceived competence, and resulted in higher aversion. We rep-
licated this finding across different types of mental health domains, 
such as stress and addictive behaviors (e.g. porn addiction), across 
experimental paradigms (within-subject and between-subject), and 
across dependent variables (choice, willingness to pay, and sharing 
intentions). 
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Experts Outperform Technology in Creative Markets

EXTENDED ABSTRACT
Recent decades have seen an increase in machines and other 

technological advancements coopting jobs from humans (Autor 
2015; Brynjolfsson and McAfee 2014; Hosanagar 2019). Notably, in 
many cases algorithms or technology based on training from initial 
human inputs can outperform humans (see Dawes et al. 1989; Diet-
vorst et al. 2015, 2016). Once thought unlikely, the machines have 
become dominant in games of human skill such as Jeopardy, chess, 
and Go (Hosanagar 2019).

Recently, there has been discussion of technology based on ar-
tificial intelligence supplanting workers (Lohr 2018; Peiser 2019). 
While this replacement is argued to occur more for lower-skilled 
jobs (Autor 2015; Mokyr et al. 2015) and is expected more for 
jobs involving thinking (Waytz and Norton 2014), there have also 
been market entrants from artificial intelligence in domains that are 
typically considered to require the human spark of creativity (Rand 
1968). For example, for logos design, sites such as logomaster.ai 
and Wix offer affordable artificial intelligence builders for logos. 
Like with human experts, these artificial intelligence makers present 
people with multiple initial design concepts from which they can 
choose, and they allow for iteration and revision on the initial con-
cept they like most (Goodwin 2009). 

Does artificial intelligence outperform human experts in cre-
ative markets, such as in logo design? To explore this question, we 
run two logo elicitation studies (Studies 1 and 2) in which subjects 
worked with artificial intelligence and/or human expert designers, 
and then run seven follow-up studies (Studies 1a-1d and 2a-2c), us-
ing both ratings and incentivized choice, in which an external set of 
participants evaluate the quality of the logos. 

Importantly, we align the logo design process in the two logo 
elicitation studies. In each, participants start with a creative brief, 
have a designer selected for them or by them, see at least two initial 
concepts for a logo, and then go through a revision process before 
arriving at a final logo. In Study 1, we impose more experimental 
control by providing a fixed set of creative briefs for three (ficti-
tious) companies (the data science company Empirical, the fashion 
company Forward, and a restaurant Hyperion) and assigning par-
ticipants to work with either human experts or artificial intelligence 
logo makers, both of which provide initial concepts and a revision 
process. In Study 2, with a separate set of participants we allow for 
more natural design by having participants write creative briefs for 
a company (ONAK, an origami canoe company), and then let them 
work both with one human expert designer of their choice and one 
artificial intelligence logo maker. Study 1 yielded 17 human expert 
logos and 30 artificial intelligence logos, while Study 2 yielded 62 
logos (31 human expert, 31 artificial intelligence). In Study 1, the 
participants were MBA students enrolled in a new product develop-
ment course; in Study 2, the participants were managers enrolled in 
an evening MBA program. 

In Study 1a, we first seek overall evaluations on the logos from 
Study 1 using external raters. Amazon Mechanical Turkers evaluated 
all of the logos from one of the three companies (Empirical, Hyper-
ion, or Forward) from Study 1 on a seven-point scale (1 = Very Bad, 
7 = Very Good). Importantly, this evaluation was blind to whether 
the logos were produced by artificial intelligence or human experts 
(see Dietvorst et al. 2015). Across all three companies, relative to 
artificial intelligence logos, human expert logos were evaluated more 
favorably (F(1, 287) = 222.78, p < .001). In Study 1b, human expert 
designers with at least fourteen years industry experience evaluated 
all logos and showed directionally consistent results. 

In Study 1c, we replicate Studies 1a and 1b but with additional 
ratings designed to determine what dimensions the human expert lo-
gos exceeded artificial intelligence logos on. Undergraduates in a 
design course completed the procedure from Study 1a and also rated 
to what extent the logos conveyed the company’s industry, were aes-
thetically pleasing, and were unique. In addition to replicating Study 
1a on overall evaluations (F(1, 144) = 131.92, p < .001), human ex-
pert logos were also evaluated, relative to artificial intelligence, to 
convey the company’s industry better (F(1, 144) = 290.20, p < .001), 
to be more aesthetically pleasing (F(1, 144) = 51.85, p < .001), and 
to be more unique (F(1, 144) = 57.40, p < .001). 

In Study 1d, we conceptually replicated the previous studies 
with incentivized choice with a set of west coast laboratory partici-
pants. That is, participants were informed that those participants who 
chose the logo that was selected most often would be eligible for a 
$50 Amazon Gift card as a prize. Consistent with the previous stud-
ies, participants chose logos produced by human experts more often 
than would be expected by chance (z = 8.49, p < .001). 

Study 2a replicates Study 1a on the 62 logos produced for 
ONAK using Amazon Mechanical Turkers. Again, compared with 
the artificial intelligence logos, the human expert logos were evalu-
ated more favorably (F(1, 394) = 114.47, p < .001). Further, Study 2b 
replicated Study 1c on overall evaluations (i.e., human expert logos 
were judged to be better than artificial intelligence logos) with a set 
of west coast laboratory participants (F(1, 423) = 170.40, p < .001). 

Finally, Study 2c attempts to replicate Study 1d on choice with a 
sample of west coast laboratory participants. When choosing among 
logos for ONAK, participants were only marginally more likely to 
select logos produced by human experts (z = 1.95, p = .051). 

Overall, using two types of logo elicitation methods, we find 
that logos from human experts outperform those from artificial intel-
ligence. This advantage may result from human expert logos being 
superior on aesthetics and clarity. However, subsequent coding and 
analyses revealed that those managers in Study 2 who invested more 
effort into their creative briefs (based on an expert designer coding 
the strength of each brief) had more favorably evaluated artificial 
intelligence logos, which might mean that the advantage to human 
experts may disappear with more experience or clarity of what is 
desired from the design process.
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