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The increased use of algorithms to support decision making raises questions about whether people prefer 
algorithmic or human input when making decisions. Two streams of research on algorithm aversion and 
algorithm appreciation have yielded contradicting results. Our work attempts to reconcile these 
contradictory findings by focusing on the framings of humans and algorithms as a mechanism. In three 
decision making experiments, we created an algorithm appreciation result (Experiment 1) as well as an 
algorithm aversion result (Experiment 2) by manipulating only the description of the human agent and the 
algorithmic agent, and we demonstrated how different choices of framings can lead to inconsistent outcomes 
in previous studies (Experiment 3). We also showed that these results were mediated by the agent's perceived 
competence, i.e., expert power. The results provide insights into the divergence of the algorithm aversion 
and algorithm appreciation literature. We hope to shift the attention from these two contradicting 
phenomena to how we can better design the framing of algorithms. We also call the attention of the 
community to the theory of power sources, as it is a systemic framework that can open up new possibilities 
for designing algorithmic decision support systems.�� 
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With the advance of artificial intelligence (AI) technology, algorithmic decision support systems 
(or decision aid, augmented decision making, expert systems [5]��LQFUHDVLQJO\�IDFLOLWDWH�SHRSOHۑV�
decision making processes by providing information, suggestions, or candidates. 
Recommendation systems help with decision making by providing consumers with algorithm-
selected items, lowering cognitive load in navigating through millions of options. Resume 
VFUHHQLQJ�V\VWHPV�DXWRPDWLFDOO\�VXPPDUL]H�HDFK�FDQGLGDWHۑV�ILOH�ZLWK�D�VFRUH�VR�WKDW�UHFUXLWHUV�
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do not have to read through all applications to identify the most desirable candidates. In hospitals, 
H[SHUW� V\VWHPV� KHOS� KHDOWK� SURIHVVLRQDOV� E\� VXJJHVWLQJ� SRVVLEOH� LQWHUSUHWDWLRQV� LQ� SDWLHQWۑV�
examination reports and imaging. In many situations, these systems take decision-support roles 
traditionally held by co-workers or advisors, competing directly with human intelligence. These 
situations pose a pressing question: when making decisions, are people more influenced by input 
from algorithms or from humans? 
    This seemingly straight-forward question, however, has generated two streams of studies with 
contradicting results. Early studies of algorithm-support in decision making suggested that people 
WHQG� WR� GLVPLVV� LQSXW� IURP� DOJRULWKPV� HYHQ� ZKHQ� JLYHQ� LQIRUPDWLRQ� DERXW� WKH� DOJRULWKPۑV�
superior performance²D�SKHQRPHQRQ�FDOOHG۔�DOJRULWKP�DYHUVLRQە� [8]. Algorithm aversion has 
been found in studies across different scenarios and knowledge domains [3,7,32], and the 
FRQFHSWۑV�SRSXODULW\�HYHQ�OHG�WR�LWV�DGRSWLRQ�LQ�SXEOLF�PHGLD�[12]. Despite the growing evidence 
for algorithm aversion, findings from recent studies suggested that an opposite response to 
algorithms is possible: in some situations, people rely more on algorithmic advice than human 
DGYLFH�� D� SKHQRPHQRQ� FDOOHG� �DOJRULWKP۔ DSSUHFLDWLRQ[20] ە. These two streams of research, 
algorithm aversion and algorithm appreciation, predict different outcomes in situations where 
people receive decision inputs from algorithms and humans. They also provide different 
suggestions as to how to increase the acceptability of algorithmic decisions, forming 
contradictions that remain unresolved. While many studies have investigated the reasons and 
factors influencing algorithm aversion, such as task objectivity [7] DQG�SHRSOHۑV�SULRU�SHUFHSWLRQ�
of algorithms [8], few have addressed the relationship between algorithm aversion and algorithm 
appreciation. It is unclear whether these two phenomena are independent or whether there is a 
common factor determining between them. 
    The purpose of this paper is to reconcile the seeming conflict between literature on algorithm 
aversion and algorithm appreciation. Through three studies, we demonstrated framing, i.e., the 
way in which an algorithmic agent and a human agent were introduced, as a potential mechanism. 
We found that the framing of algorithmic and human decision aids will influence their perceived 
competence, i.e., expert power, which will in turn influence whether people adhere more to the 
DOJRULWKPۑV�LQSXW��DOJRULWKP�DSSUHFLDWLRQ��RU�WKH�KXPDQۑV�LQSXW��DOJRULWKP�DYHUVLRQ���:H�VKRZHG�
this by two almost identical decision making experiments: by manipulating only the descriptions 
of the algorithm and the human, we can create an algorithm appreciation result (Experiment 1) 
as well as an algorithm aversion one (Experiment 2). We then further developed this idea by 
comparing different framings of human agents and algorithmic agents, showing how different 
choices of framings might lead to inconsistent findings in previous studies (Experiment 3). We 
also demonstrated through mediation analyses that expert power was an important factor across 
all three experiments, suggesting that we can make agents more influential by framing them with 
more expert power. 
    Our paper makes three contributions to the literature on AI-supported decision making: First, 
by identifying that framing is a key mechanism behind the differentiation of algorithm aversion 
and algorithm appreciation, our work advances research on this topic toward a theory that 
integrates literature on these two phenomena. We also hope, by this integration, to direct the 
debate between algorithm aversion and algorithm appreciation to how we can better design the 
framing of algorithms. Second, although there is increasing interest in CSCW on AI-supported 
decision making [6,14,15,19], the CSCW literature has paid little attention to growing work on 
algorithm aversion and algorithm appreciation. We therefore contribute to the CSCW community 
by bring in this pressing question as well as a refined version of a useful research paradigm (the 
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judgeۋadvisor system paradigm) on this topic. Third, we call for the attention of the community 
to the theory of power sources in Organizational Behavior, as we believe that this framework 
brings in a systemic approach for increasing the influence of algorithmic decision support systems 
and, more generally, for designing cooperative human-agent interaction. 

2 LITERATURE REVIEW 

2.1 Algorithm Aversion & Algorithm Appreciation 

In the effort of knowing how people use decision support systems, early studies have shown that 
human decision makers are reluctant to trust the selections or suggestions from algorithms 
compared to those from humans, even when algorithms exhibit superior performance. This 
phenomenon is FDOOHG� �DOJRULWKP۔ DYHUVLRQ.ە� It was first coined in studies that compared the 
influence of DOJRULWKPۑV�VXggestions against the experiment SDUWLFLSDQWۑV�RZQ�RSLQLRQs [8,9], but 
subsequent studies have generated a stream of similar results when comparing algorithmsۑ versus 
RWKHU�SHRSOHۑV�VXJJHVWLRQV [3,7,32], showing that algorithm aversion does not simply result from 
SHRSOHۑV�overconfidence in their own reasoning. It has also been found across domains such as 
investment [23], medicine [21,25], and content recommendations [13]. The fact that people 
disregard suggestions from algorithms highlights a barrier in the adoption of algorithmic decision 
support systems, which have led many researchers to investigate its causes and to find ways to 
alleviate it. For example, studies have shown that algorithm aversion becomes more pronounced 
after seeing an algorithm make a mistake [8]. However, this effect can be alleviated if users can 
modify how the algorithm works [9] or if they believe that algorithm can learn [2]. Studies also 
suggest that algorithm aversion is most severe when the tasks are perceived as subjective instead 
of objective, or when the algorithm is perceived to have low human-likeness [7]. These findings 
have drawn much attention across different academic fields and have yielded two literature 
review papers [5,18] and even public media coverage on algorithm aversion [12]. 
    On the other hand, a growing number of studies have observed an opposite phenomenon, that 
humans are influenced more by decision inputs from algorithms compared to those from humans. 
7KH�WHUP۔�DOJRULWKP�DSSUHFLDWLRQە�ZDV�ILUVW�proposed by Logg et al. [20], who showed in their 
study WKDW��XQOLNH�WKH۔�UHFHLYHG�ZLVGRPە��SHRSOH�are actually influenced more by advice when 
they think it is from an algorithm than from humans, regardless of the subjectivity and objectivity 
of the tasks. This finding of algorithm appreciation echoes findings in previous studies on image 
analysis [31] and online saving systems [16] which shows that participants adhered more to 
algorithmic input than human input. It has also stimulated many subsequent studies that start 
investigating algorithm appreciation [4,28], with findings suggesting a similar preference for 
algorithmic decision making in other domains such as public health [1]. 
    In sum, research on algorithm aversion and algorithm appreciation gives contradicting answers 
WR� WKH� TXHVWLRQ� ZKHWKHU� SHRSOH� SUHIHU� DQ� DOJRULWKPۑV� RU� D� KXPDQۑV� GHFLVLRQ� LQSXW, and the 
contradicting findings have left three challenges to be resolved. First, there is confusion about the 
factors that influence the acceptance of algorithms. For example, in terms of the task type, Castelo 
et al found that when the task is perceived as more objective, the algorithm aversion is less severe 
[7]. In certain situations, people could be even LQGLIIHUHQW�EHWZHHQ�DQ�DOJRULWKPۑV�DGYLFH�DQG�D�
KXPDQۑV�DGYLFH, indicating that WDVN�REMHFWLYLW\�PLJKW�IDFLOLWDWH�SHRSOHۑV�DFFHSWDQFH�RI�DOJRULWKPV� 
However, Logg et al [20] found out that people always prefer decision input from algorithms, in 
both objective and subjective tasks, leaving uncertainty about whether task objectivity and 
subjectivity play a role or not. 
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    Second, although both streams of research have a common goal of facilitating the acceptance 
of algorithmic decision support systems, suggestions as to how to reach this goal largely diverge. 
Studies of algorithm appreciation argue that to increase the use of algorithmic input, people 
should be made aware of the algorithmic nature of the input [20]. On the other hand, studies of 
algorithm aversion argue that designers VKRXOG� HPSKDVL]H� WKH� �KXPDQ۔ WRXFKە�RI� WKH� LQSXW� WR�
facilitate its acceptance [20]. With algorithmic decision aids increasingly used in industry, it is 
crucial to understand which approaches are more promising in facilitating adequate use. 
    Third, the two streams of research also lead to different trajectories for future research. While 
the stream of algorithm aversion tries to study how to alleviate the aversion effect by emphasizing 
the human aspects of algorithms, the stream of algorithm appreciation calls for more 
investigations in KRZ� ZH� FDQ� IXUWKHU� SHRSOHۑV� UHOLDQFH� RQ� DOJRULWKPV� E\� LQFUHDVLQg the 
transparency in AI systems [20]. Seeing all these differences, we believe it is crucial to clarify the 
relationship between these opposite attitudes toward algorithms, i.e., are algorithm aversion and 
algorithm appreciation two distinct phenomena, each with its own cause, or can they be the two 
ends of one continuous spectrum sharing a single factor? 

2.2  Reconciling Algorithm Aversion and Algorithm Appreciation 

Current findings from research on algorithm aversion and algorithm appreciation are seemingly 
at odds with each other. We do not fully understand the mechanisms that drive the occurrence of 
one phenomenon over the other. A possible explanation is that, with time, people are getting 
more familiar with algorithms, and algorithms are also becoming more powerful, thus the 
transition from algorithm aversion to appreciation. This reasoning, however, does not explain 
well why both phenomena still co-exist in recent studies, indicating the existence of other factors.  
Following, we discuss studies with mixed results. Such studies might provide insights about how 
these two seemingly contradictory phenomena can be reconciled. 
    Longoni DQG�&LDQۑs study of marketing [22] found that people prefer algorithmic over human 
recommendations if the goal is utilitarian and vice versa if the goal is hedonic. This finding not 
only echoes that of &DVWHOR�HW�DOۑV�research on perceived subjectivity and objectivity but also has 
important implications because it shows that the distinction between algorithm aversion and 
algorithm appreciation is not absolute. While Castelo et al found an algorithm aversion effect 
(even if they made the task seem more objective, the best they can achieve was indifference 
between algorithms and humans and never can they get an algorithm appreciation effect), 
/RQJRQL�HW�DOۑV�VWXG\�VKRZs that there might be a common factor with which we can ۔QXGJHە�WKH�
effect toward the appreciation a bit and make the perceived subjectivity-objectivity the key factor 
deciding between algorithm aversion and algorithm appreciation.  
    So, what can be the ۔QXGJLQJە�factor?  A study by Bigman and Gray [3] seems to give some 
insights. They conducted nine different studies on SHRSOHۑV�DWWLWXGH� WRZDUG�PRUDO� MXGJHPHQWs 
made by algorithms and other people. While most of the studies, across different contexts, showed 
an algorithm aversion effect, study 9 showed, surprisingly, an algorithm appreciation effect when 
the algorithm (a system called HealthComp) was presented as having a 95% success rate and the 
human (Dr. Jones) only had a 75% success rate. That is, the difference in the description indicated 
a clear difference in the competence, and this difference might have reversed the outcome that 
would otherwise be an algorithm aversion effect. 
    Other relevant studies also have discussed the role of perceived competence. Logg et al.  
mentioned that expertise might be an important factor in deciding between appreciation and 
aversion [20]. Thurman et al. [30] also noted that, in Logg et alۑV�VWXG\��WKH۔�KXPDQ�DGYLFHە�FDPH�
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from another experiment participant and not an expert, suggesting that this had shaped the 
results of the study.  Both indicated the importance of how the advice giver is presented, i.e., the 
framing of the agents, in the study. 
    Along this line of discussion on the competence and the framing of the decision-support agents 
(human or algorithm), we look further in relevant studies that have compared humans versus 
algorithms regarding how each agent was framed. The comparison of several key studies is 
summarized in Table 1. Here we observe a systematic tendency: in general, how the algorithm 
and human conditions were described in a study seems to be related to its results. In studies that 
found an algorithm aversion effect, the human was often described as having high competence, 
such as doctors, physicians, experts�� RU� �D۔ YHU\� TXDOLILHG�SHUVRQە��ZKLOH� LQ� VWXGLes that found 
algorithmic appreciation, the description waV� �RWKHU۔ peopleە� RU� other participants in an 
experiment. This leads us to speculate whether this difference in competence framing is one key 
factor that determines how much people are willing to take in decision inputs, hence the 
distinction between algorithm aversion and algorithm appreciation. It is possible that when the 
human is framed as more competent than the algorithm, people will exhibit algorithm aversion 
behavior. In contrast, when humans are framed as less competent than the algorithm, we can 
observe an algorithm appreciation effect.  

7DEOH��� Comparison of AI-Supported Decision Making Studies (Framing of Human vs. Algorithm) 

(PSLULFDO�
6WXG\ 

3DUW +XPDQ�'HVFULSWLRQ $OJRULWKP�'HVFULSWLRQ 5HVXOWD 

Castelo et 
al. (2019) [7] 

Study 1 A very well qualified person An algorithm AVER 

Study 3 A qualified human An algorithm  AVER  

Promberger 
and Baron 
(2006) [25] 

 A physician A computer program AVER 

Fuchs et al. 
(2016) [13] 

 A human expert A software program  AVER 

Longoni et 
al. (2019)[21] 

Study 1 A physician A computer AVER 

Önkal et al. 
(2009) [23] 

 A financial expert who makes 
good stock price predictions 

A statistical model that makes 
good stock price predictions. 

AVER 

Bigman and 
Gray (2018) 
[3] 

Study 1 A human driver An autonomous computer 
program 

AVER 

Study 2 A state committee consists of 
legal and mental health experts 
as well as representatives of 
the community. 

CompNet, a super computer 
used by various government 
agencies for calculations, 
estimates, and decision-
making. 

AVER 

 Study 3 Dr. Jones, a doctor with a great 
capacity for both rational 
thinking and for emotional 
compassion. 

HealthComp, an autonomous 
statistics-based computer 
system with a great capacity 
for rational thinking, but 
totally lacking in emotional 
compassion. 

AVER 
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Bigman and 
Gray (2018) 
[3] 

Study 4 Colonel Jones, an officer with a 
great capacity for both rational 
thinking and for emotional 
compassion. 

CompNet, an autonomous 
statistics-based computer 
system with a great capacity 
for rational thinking but is 
totally lacking in emotional 
compassion. 

AVER 

 Study 9 Dr. Jones, who had a 75% 
success rate 

HealthComp, which had a 95% 
success rate 

APPR 

Longoni 
and Cian 
(2020) [22] 

Study 1 A person An algorithm MIXED 

Prahl and 
Van Swol 
(2017) [24] 

 Steven, a person experienced in 
operating room management 
issues. 

An advanced computer system MIXED 

Logg et al. 
(2019) [20] 

Study 
1A 

Participants from a past 
experiment 

An algorithm ran calculations 
based on estimates of 
participants from 
a past study. 

APPR 

 Study 
1B 

An aggregation of 275 other 
participants 

An algorithm APPR 

 Study 
1C&1D 

48 people in another study An algorithm APPR 

 Study 2 Another participant An algorithm APPR 

 Study 4 A randomly chosen participant 
from a pool of 314 participants 
who took a past study. 

An algorithm, based on 
estimates of 314 participants 
who took a past study. 

APPR 

'LMNVWUD�HW�
DO���������
>��@ 

 A human An expert system APPR 

Gunaratne 
et al. (2018) 
[16] 

 Crowdsourced: the average 
allocation made by other 
people in the study 

Algorithmic: the recommended 
allocation based on recent 
research 

APPR 

D$335��$OJRULWKP�$SSUHFLDWLRQ��$9(5��$OJRULWKP�$YHUVLRQ��0,;('��0L[HG�UHVXOWV�RU�GLਬHUHQFH�QRW�VLJQLਭFDQW 

2.3  Summary and Research Questions 

In sum, previous research suggests that the framing of the human and algorithmic decision-
support agents plays a major role in eliciting an aversion or appreciation response. More 
specifically, we raise three broader research questions: 
    RQ1. How does the framing of the agents (the human and the algorithm) affect algorithm 
aversion and algorithm appreciation effects? That is, can we change an algorithm aversion 
situation into an algorithm appreciation one (or vice versa) by simply changing the framing of 
the agents? 
    Previous research found contradicting results regarding task type, specifically task objectivity 
and subjectivity, RQ� SHRSOHۑV� SUHIHUHQFH� RYHU� DOJRULWKPLF� LQSXW� versus human input. Some 
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research shows that when tasks are perceived as more objective, people are less averse about 
algorithms [7]. However, some other research shows that people always prefer algorithmic input 
regardless of task type [20], leaving a theoretical inconsistency that must be resolved. Therefore, 
while we are investigating the effect of framing in determining between algorithm aversion and 
algorithm appreciation, we also plan to investigate whether task type plays a role, and whether 
there is any interaction between task type and framing. 
    RQ2. Does task type play a role in determining between algorithm aversion and algorithm 
appreciation? Also, what is the relationship between task type and framing? Is there any 
interaction?  
    Lastly, to test whether the outcome of the difference in framing is actually related to, as we 
observed, the perceived competence, we leverage Raven et DOۑV�,QWHUSHUVRQDO Power Inventory [26] 
and its root, the framework of power sources [11] from the field of Organizational Behavior. 
Power, or social power, is a fundamental concept in Organizational Behavior, usually defined as 

WKH�FDSDFLW\�WR�LQIOXHQFH�RWKHUV۔
�[33]. By this definition, the reason why people can influence 
others is because they have more power over other people. Note that this power is not just the 
narrowly defined power that leaders have over their subordinates, but in a much broader sense, 
encompassing many ways in which one can influence the others. In this regard, especially worthy 
of noting is French anG�5DYHQۑV�IUDPHZRUN��LQ�ZKLFK�WKH\�VSHFLILHG�six types of power, one of 
them being expert power, which is the type of power that some people holds because they have 
more knowledge or competence than others and therefore have influence over other people. We 
believe that this concept of influence is especially relevant in discussing how algorithmic and 
human decision-support agents, because of their perceived competence, LQIOXHQFH� SHRSOHۑV�
decision making. Thus, we include this concept in the study to investigate whether our findings 
about framing, if any, are because of the perceived competence, i.e., expert power, or they are due 
to other types of factors in interpersonal influence.  
    RQ3. Is the perceived competence, i.e., expert power, of the human and the algorithm a crucial 
factor explaining the effect of different framings? 
    We explore the answers to these questions through three experiments. We plan to set the 
baseline with Experiment 1 and see if we can create an opposite effect in Experiment 2 by 
changing only the description of the agents, while everything else remain the same. We then 
demonstrate in Experiment 3 how the findings in the first two experiments can be used to explain 
inconsistent evidence regarding algorithm appreciation and algorithm aversion. 

3 EXPERIMENT 1: THE BASELINE 

In Experiment 1, we hope to set a benchmark for how much people are influenced by suggestions 
from humans versus algorithms. This benchmark can then serve as the baseline for the next study, 
where we can try to create an opposite effect. 

3.1  Methods 

3.1.1 Design. Experiment 1 leveraged a 2 (task type: creative vs. analytical) x 2 (agent type: 
algorithm vs. human) within-participants experiment design, resulting in four major blocks of 
questions which every participant went through in random order. 
    Following the definition of objectivH� DQG� VXEMHFWLYH� WDVNV� LQ� &DVWHOR� HW� DOۑV� VWXG\� [7], the 
creative questions were subjective questions involving personal opinion. We have developed 
three similar creative questions, including ۔$� DQG� %� DUH� WZR� DEVWUDFW� SDLQWLQJV�� $PRQJ� ����
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general people, exactly how many do you think will find painting B mRUH�FUHDWLYH"۔��ەA and B are 
two descriptions for this image. Among 100 general people, exactly how many do you think will 
find B more creative?ە��DQG۔�$�DQG�%�DUH�WZR�GUDZLQJV�RI�D�PRVTXLWR��$PRQJ�����JHQHUDO�SHRSOH��
H[DFWO\�KRZ�PDQ\�GR�\RX�WKLQN�ZLOO�ILQG�GUDZLQJ�%�PRUH�FUHDWLYH"ە 
    The analytical questions, on the other hand, asked objective and quantifiable questions, 
including 7۔KHUH�DUH�RQH�UHG�OLQH�DQG�RQH�EOXH�OLQH�LQ�WKLV�SLFWXUH��7KH�VXP�RI�WKHLU�OHQJWK�LV�����
LQFKHV��([DFWO\� KRZ�PDQ\� LQFKHV� GR� \RX� WKLQN� WKH� UHG� OLQH� LV"۔ ,ەBy mixing two colors with 
different ratios, we can create many in-between colors. Now, below is a color mixed from purple 
and red (these three FRORUV�ZHUH�VKRZQ���:KDW�GR�\RX�WKLQN�LV�WKH�H[DFW�SHUFHQWDJH�RI�SXUSOH"ە, 
DQG۔��$IWHU�VKRZLQJ�D�JUDSK�IRU����VHFRQGV��7KH�JUDSK�LQ�WKH�SUHYLRXV�SDJH�KDV�����VKDSHV�LQ�
total, including green WULDQJOHV�DQG�RUDQJH�GRWV��([DFWO\�KRZ�PDQ\�RI�WKHP�DUH�JUHHQ�WULDQJOHV"ە 
    Three questions of the same type formed a question set as repeated measures, and the order of 
them was randomized for every participant. For the need of the experiment design, there were 
two sets of creative questions that were highly similar in their format and content. For each 
participant, one set of them was matched with an algorithmic suggestion provider to form a 
question block, and the other set was matched with a human suggestion provider to form another 
block. This configuration was the same for analytical questions, which also had two sets of 
questions matching randomly with the other algorithm and the other human, forming the other 
two blocks. The two human suggestion providers and the two algorithmic suggestion providers 
only differed in their names and descriptions. 

3.1.2 Material and Procedure. The experiment and data collection were carried out using a 
Qualtrics survey. After accepting the task on Amazon Turk, participants were guided to Qualtrics, 
read the instructions, and gave their consents to participate in this study. They were then 
presented with the four question blocks in random order. The overall structure of a question block 
is shown in Fig. 1, and we will explain in detail in the next few paragraphs. 

Fig. 1. The structure of a question block. Every participant went through four question blocks 
(corresponding to 2x2 conditions) in random order. This shown block is Analytical Task x Algorithm. 
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    In each block, participants were firstly paired with an agent. There were totally four agents in 
experiment 1: AI (Galaxy II Artificial Intelligence System), AI (Supernova ZETA Artificial 
Intelligence System), Another Mturker (AAX*****WWYY2K), and Another Mturker 
(A99*****666PNJ). The main manipulation of agent type was in the descriptions of these agents, 
as shown in Table 2 in the section of Experiment 2. 
    The participants were then given the three creative or analytical questions in that block. All 
questions were written so that the answer was a number between 0 and 100. For every question, 
participants first read the question and submitted their initial answers with a slider. In the next 
page, they then saw the DJHQWۑV۔�GHFLVLRQ�LQSXWە��L�H���WKH�VXJJHVWLRQ� alongside their own answer. 
The decision input was actually calculated from their submitted answer in the previous page. It 
was always their initial answer plus or minus a random number between 6 and 9, regardless of 
the task type and the agent type (hence, the only difference between a KXPDQۑV�VXJJHVWLRQ�DQG�
an algorithm's suggestion was how it was labeled). After seeing the suggestion, the participants 
then submitted their final answer. This two-stage submission came from the judgeۋadvisor 
system paradigm [20,29]. In the original version of this paradigm, the decision input was always 
very close to the correct answer. We redesigned it WKLV�ZD\� VR� WKDW� WKH�SDUWLFLSDQWۑV� DWWLWXGH�
toward the agent was not affected by the distance between their initial answer and the agentۑV�
suggestion. 
    After the three questions, at the end of each block, participants were given a social power 
survey that measured their attitudes toward the agent, which will be explained in detail in the 
measures section. 
    The participants went through all four blocks of the same format (pairing with a suggestion 
provider ݽ three questions ݽ social power survey). They were then asked to provide personal 
information such as gender, age, and cultural background, and to answer one attention check 
question. Finally, they were debriefed about the experiment manipulation that these decision 
inputs were all calculated and there was no fundamental difference between the agents except 
that they were labeled differently. 

3.1.3 Measures. :H�PHDVXUHG�KRZ�PXFK�WKH�DJHQWۑV�VXJJHVWLRQ�LQIOXHQFHd WKH�SDUWLFLSDQWۑV�E\�
calculating, for every question, how much the participant changed from the initial answer to the 
final answer, divided by the difference between the initial answer and the decision input (which 
was always between 6 and 9 or -6 and -9). 7KLV�YDOXH��ZKLFK�ZH�FDOOHG۔�LQIOXHQFH�IDFWRUە��RIWHQ�
ranged from 0 to 1 (0% to 100%). If the participants did not change their answers at all, it was a 
0% influence. If their final answer was exactly as the suggestion, it was a 100% influence. Since 
we had three questions in each condition, the influence factor of that condition was defined as 
the mean of three individual influence factors. 
    The social power VXUYH\�ZDV�DGDSWHG�IURP�5DYHQ�HW�DOۑV�,QWHUSHUVRQDO�3RZHU�,QYHQWRU\ [26], 
ZKLFK�ZDV�EDVHG�RQ�)UHQFK�DQG�5DYHQۑV�IUDPHZRUN�RI�SRZHU�VRXUFHV [11]. The original inventory 
followed this framework and measured all 6 types of social power sources. However, due to 
incompatibility with our experiment design, we deleted four parts that can only be answered after 
long-time interpersonal interaction. We therefore only used the remaining four parts that 
measured four sources (types) of power: Expert power, Referent power, Information power, and 
Legitimate power-position. For each type of power, there were three questions. Participants 
answered each with a 7-point Likert scale, ranging from Strongly Disagree to Strongly Agree, 
coded as ��WR���SRLQWV��7KH�SDUWLFLSDQWۑV�UDWLQJ�IRU�D�FHUWDLQ�W\SH�RI�SRZHU was thus calculated by 
summing the answers of all three questions.  
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3.1.4 Participants. :H�UHFUXLWHG�����SDUWLFLSDQWV�RQ�$PD]RQۑV�0HFKDQLFDO�7XUN�����IHPDOHV�����
males, and 1 prefer not to say) with an average age of 38.85. All these Mturkers met the criteria 
we set, that only those who were in the US and had a task approval rate of 90% or higher can 
participate. All participants were paid $4.50 for participating in this study. 
    From a pilot study, we have learned that many participants did not answer the questions 
properly on Mechanical Turk. The problem was especially serious for the current experiment 
design, probably because of its complexity and its length. Therefore, before collecting data, we 
had defined the criteria of what can qualify as a usable data entry from one participant. First, the 
participants must pass the attention check question asking what questions and graphs they had 
seen in this study. Second, due to the experiment GHVLJQ��WKH�SDUWLFLSDQWۑV�LQLWLDO�DQVZHUV�cannot 
be too high or too low to let the decision inputs be larger than 100 or smaller than 0, which cannot 
be displayed properly. Third, normally, we would expect a SDUWLFLSDQWۑV�ILQDO�DQVZHU�VKRXOG�EH�
between their initial answer and the decision input, i.e., the influence factor should be between 
0% and 100%. However, we observed in the pilot study that many participants were just dragging 
the sliders randomly. We therefore mandated that, for one SDUWLFLSDQWۑV�data entry to be valid, all 
of his or her influence factor should be between -50% and 150% (we added a 50% buffer zone in 
both directions to the original 0%-100% to accommodate for minor errors). 
    We learned from the pilot study that only around one thirds of the participants will pass all 
three criteria, so we recruited three times of the needed participant number (power analysis 
suggested that we only needed 40). These screening criteria were pre-registered on OSF before 
we started collecting data: https://osf.io/kh82r/?view_only=8c7a02b0848c44b69783f8101003ae76 

3.2  Results 

3.2.1 Preliminaries. Among the 120 participants that we recruited, 41 did not pass the attention 
check questions, 23 had answers that made the decision inputs larger than 100 or smaller than 0, 
and 62 had at least one influence factor larger than 150% or smaller than -50% (we stated the 
rationales behind these three criteria in the Methods section). In total, that left us with data from 
47 participants that met all criteria (17 females, 29 males, and 1 prefer not to say. Averageage = 
39.36). The ratio was in the expected range we had found in the pilot study. 

3.2.2 Influence Factor.  A repeated-measures ANOVA showed that there was a significant main 
effect of agent type on the influence factor, showing a clear algorithm appreciation effect.  
Participants were influenced more when the suggestion came from algorithms (M=0.57, SD=0.30) 
than when it came from humans (M = 0.45, SD = 0.29), F (1, 46) = 13.79, p < .001; see Fig. 2 on the 
next page. There was no main effect of task type, F (1, 46) = .27, p = .61, and there was no 
interaction effect, p = .51. 
     To be more careful, we additionally used a bootstrapped variant of ANOVA with ANOVA.boot 
function from lmboot package in R to confirm these results because the Shapiro-Wilk normality 
test showed that the distribution of influence factor was not normal (p < .001). With this new 
method, the three p-values in the previous paragraph became 0.002, 0.68, 0.63, respectively. The 
main conclusion is the same. 

3.2.3 Power. Through a repeated-measures ANOVA, we found a significant main effect of agent 
type on power. The suggestion giver was perceived to have more expert power when it was an 
algorithm (M = 15.4, SD = 4.36) than when it was a human (M = 12.4, SD = 4.19), F (1, 46) = 21.18, 
p < .001; see Fig. 3 on the next page. Also, the suggestion provider had more legitimate power-
position when it was an algorithm (M = 12.1, SD = 4.07) than when it was a human (M = 10.4, SD 
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= 4.01), F (1, 46) = 131.11, p <. 001. The same held true for informational power if it was an 
algorithm (M = 15.3, SD = 3.72) than when it was a human (M = 14.0, SD = 3.66), F (1, 46) = 7.737, 
p = .008. There was no significant difference in referent power, and there was neither main effect 
of task type, nor was there interaction effect between task type and agent type. 

3.2.4 Mediation Analysis. To know whether power did mediate how much the participants were 
influenced by different suggestion providers, we also ran a meditation analysis. The result showed 
that the effect of agent type on influence factor was fully mediated via expert power. As Figure 4  
illustrates, the regression coefficient between agent type and the influence factor and the 

regression coefficient between expert power and the influence factor were significant. The 
indirect effect was (-3.0) * (.037) = -.11. We tested the significance of this indirect effect using 
bootstrapping procedures. Unstandardized indirect effects were computed for each of 1000 

)LJ���� Experiment 1: Mean Influence Factor 
by Task Type (Analytical vs. Creative) and 

Agent Type (Algorithm vs. Human) showing 
a clear algorithm appreciation effect. Error 
bars represent standard errors of the mean. 

)LJ���� Experiment 1: Total Score of Expert Power 
by Task Type (Analytical vs. Creative) and Agent 
Type (Algorithm vs. Human). The algorithm had 
higher expert power than the human. Error bars 

represent standard errors of the mean. 

Fig. 4. Mediation analysis revealed that Expert Power fully mediated the effect of Agent Type on 
Influence Factor in Experiment 1. The indirect effect was significant. 
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bootstrapped samples, and the 95% confidence interval was computed by determining the indirect 
effects at the 2.5th and 97.5th percentiles. The bootstrapped unstandardized indirect effect was 
-.11, and the 95% confidence interval ranged from -.15 to -.07. Thus, the indirect effect was 
statistically significant (p < .001). When we included the mediators, expert power, in the 
regression, the effect of agent type on influence factor became insignificant, b = ޮ.016, SE  ۠������
p = .69, which suggested that this effect was fully mediated by expert power. The other types of 
power sources, on the other hand, did not fully mediate the effect. 

4 EXPERIMENT 2: THE REVERSION 

In Experiment 2, we measure how much people are influenced by suggestions from humans 
versus algorithms. However, unlike Experiment 1, where results indicated an algorithm 
appreciation effect, in Experiment 2 we hope to show that we can create a different outcome if 
the framings of the algorithm and the human have been changed. 

7DEOH��� Comparison of Experiment 1 and 2: The Framings of Agents and Results 

 ([SHULPHQW�� ([SHULPHQW�� 

+XPDQ�
'HVFULSWLRQ 

 
$QRWKHU�0WXUNHU��D���ZKR�
VFRUHG�KLJKHU�WKDQ�PRVW�RI�
WKH�SDUWLFLSDQWV�LQ�D�SUHYLRXV�

H[SHULPHQW� 

 
$�JURXS�RI�H[SHUWV��F���ZKR�
IRUPXODWHG�WKHVH�GHFLVLRQ�
LQSXWV�ZLWK�WKHLU����\HDUV�RI�
H[SHULHQFH�LQ�DUW�HGXFDWLRQ�

DQG�FUHDWLYLW\� 

$OJRULWKP�
'HVFULSWLRQ 

 
$,��E���ZKLFK�VFRUHG�KLJKHU�
WKDQ�PRVW�RI�WKH�SDUWLFLSDQWV�
LQ�D�SUHYLRXV�H[SHULPHQW� 

 
$Q�DOJRULWKP��G���ZKLFK�ZDV�
FUHDWHG�E\�DJJUHJDWLQJ�

VHYHUDO�0WXUNHUV
�UHVSRQVHV�
LQ�D�SUHYLRXV�H[SHULPHQW� 

5HVXOW Algorithm Appreciation Algorithm Aversion 

D۔�$��





;$$۔��RUە-���31



 �0DGH�XS�0WXUNHU�$FFRXQW�1XPEHU��ە.�>>::
E۔�*DOD[\�,,�$UWLਭFLDO�,QWHOOLJHQFH�6\VWHPە�RU6۔�XSHUQRYD�=(7$�$UWLਭFLDO�,QWHOOLJHQFH�6\VWHPە 
F۔�*URXS�'D�9LQFLە�RU۔�*URXS�3LFDVVR��G0۔�WXUNHUV�&ROOHFWLRQ�0ە�RU0۔�WXUNHUV�&ROOHFWLRQ�&ە 

4.1  Methods 

4.1.1 Design, Material and Procedure. Experiment 2 was exactly as Experiment 1, with only one 
exception that the descriptions and the graphs of the human agent and the algorithm agent were 
changed for a different framing. In Experiment 1, the algorithm was perceived to have more 
expert power. Therefore, we tried to design the framing in Experiment 2 so that the human would 
appear to have more expert power here than in Experiment 1; conversely, we designed the 
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framing of the algorithm so that it would appear to have less expert power here than in 
Experiment 1. The comparison of the framings in Experiment 1 and 2 is summarized in Table 2. 
For the human condition, we used a group of experts instead of just one expert because we did 
not want to create the tension between numbers (one expert vs. many Mturkers). Except for the 
difference in framing shown in Table 2, all other aspects of the experiment design, including 
randomizations and data handling criteria, remained identical. 

4.1.2 Participants.  Same as Experiment 1�� ZH� UHFUXLWHG� ���� SDUWLFLSDQWV� RQ� $PD]RQۑV�
Mechanical Turk (42 females, 77 males, and 1 prefer not to say) with an average age of 37.68. 
These Mturkers also met the criteria we set, as in Experiment 1. All participants were also paid 
$4.50 for participating in this study. 

4.2  Results 

4.2.1 Preliminaries. Among the 120 participants that we recruited, 37 did not pass the attention 
check questions, 19 had answers that made the suggestions larger than 100 or smaller than 0, and 
71 had at least one influence factor larger than 150% or smaller than -50%. In total, that left us 
with data from 36 participants that met all criteria (13 females and 23 males, Averageage = 39.58). 
The ratio was also within the expected range we had found in the pilot study and Experiment 1. 

4.2.2 Influence Factor. A repeated-measures ANOVA showed that there was also a significant 
main effect of agent type on the influence factor. However, unlike Experiment 1, it was an 
algorithm aversion this time. Participants were influenced more when the suggestion came from 
the humans (M = 0.58, SD = 0.30) than when it came from the algorithm (M = 0.45, SD = 0.27), F 
(1, 35) = 9.15, p = .0046; see Fig. 5 on the next page. There was no main effect of task type, F (1, 
35) = 1.63, p = .21; however, there was a statistically significant interaction between task type 
and agent type, F (1, 35) = 8.335, p = .0066. Pairwise comparisons, using paired t-test, showed 
that the difference between the human DJHQWۑV influence and the DOJRULWKPۑV�LQIOXHQFH�ZDV�
significant when the task type is analytical (t = -4.50, p < .001), but not when the task type is 
creative (t = .77, p = .45). 
    Similar to Experiment 1, we additionally did a bootstrapped variant of ANOVA on influence 
factor to confirm these results. The three p-values in the previous paragraph became 0.007, 0.28, 
0.058, respectively. The interaction effect became insignificant. To be prudent, we took this 
insignificancy as our result because the bootstrapped version is theoretically more robust when 
the data is not normally distributed. 

4.2.3 Power. Through repeated-measures ANOVA, we also found a significant main effect of the 
agent type on different power sources. The suggestion giver was perceived to have more expert 
power when it was human (M = 16.6, SD = 4.01) than when it was algorithm (M = 13.2, SD = 4.81), 
F (1, 35) = 21.15, p < .001; see Fig. 6 on the next page. Also, the human agent had more legitimate 
power (M = 11.8, SD = 4.20) than the algorithm (M = 10.4, SD = 4.22), F (1, 35) = 10.6, p = .0025. 
The same held true for informational power: the human agent (M = 15.5, SD = 3.46) had more 
power than the algorithm (M = 14.1, SD = 3.70), F (1, 35) = 8.749, p = .0055. Unlike Experiment 1, 
there was also a significant main effect of the agent type on referent power. The human agent 
was perceived to have more referent power (M = 12.6, SD = 4.43) than the algorithm (M = 10.8, SD 
= 5.13), F (1, 35) = 8.177, p = .0071. There was neither a main effect of task type, nor was there any 
interaction effect between task type and agent type on all types of power. 
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4.2.4 Mediation Analysis. We also ran a meditation analysis on expert power in Experiment 2. 
Again, the result showed that the effect of agent type on influence factor was fully mediated via 
expert power. As Fig. 7 illustrates, the regression coefficient between agent type and the influence 
factor and the regression coefficient between expert power and the influence factor were 
significant. The indirect effect was (3.38) *(.030) = .10. We tested the significance of this indirect 
effect using bootstrapping procedures. Unstandardized indirect effects were computed for each 
of 1000 bootstrapped samples, and the 95% confidence interval was computed by determining the 
indirect effects at the 2.5th and 97.5th percentiles. The bootstrapped unstandardized indirect effect 
was .10, and the 95% confidence interval ranged from .055 to .15. Thus, the indirect effect was 
statistically significant (p < .001). When we included the mediators, expert power, in the 

)LJ���� Experiment 2: Mean Influence Factor 
by Task Type (Analytical vs. Creative) and 

Agent Type (Algorithm vs. Human) showing 
an algorithm aversion effect. Error bars 
represent standard errors of the mean. 

)LJ���� Experiment 2: Total Score of Expert Power 
by Task Type (Analytical vs. Creative) and Agent 

Type (Algorithm vs. Human). The human had 
higher expert power than the algorithm. Error 

bars represent standard errors of the mean. 

Fig. 7. Mediation analysis revealed that Expert Power fully mediated the effect of Agent Type on 
Influence Factor in Experiment 2. The indirect effect was significant. 
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regression, the effect of agent type on influence factor became insignificant, Eڴ ۠������SE۠ ۠������
p۠ ۠�����ZKLFK�� OLNH�Experiment 1 again, suggested that this effect was fully mediated by expert 
power. 

4.2.5 Manipulation Check. To check whether the change of framings from Experiment 1 to 
Experiment 2 GLG� LQIOXHQFH� SDUWLFLSDQWVۑ� SHUFHSWLRQ� RI� H[SHUW� SRZHr, we ran two t-tests to 
compare WKH�DJHQWVۑ perceived expert power. Unpaired two-sample t-test revealed that there was 
a significant difference in expert power between human agents in Experiment 1 (M = 12.37, SD = 
4.19) and human agents in Experiment 2 (M = 16.61, SD = 4.01), t = -6.62, p < .001. Human agents 
were perceived to have more expert power in Experiment 2 than in Experiment 1. On the other 
hand, unpaired two-sample t-test revealed that there was a significant difference in expert power 
between algorithmic agents in Experiment 1 (M = 15.37, SD = 4.36) and algorithmic agents in 
Experiment 2 (M = 13.24, SD = 4.81), t = 2.95, p = .0037. Algorithmic agents were perceived to have 
less expert power in Experiment 2 than in Experiment 1. These results indicated that our 
manipulation achieved desired effect. 

5 EXPERIMENT 3: A BIGGER PICTURE 

To illustrate how our results in experiment 1 and 2 might partly explain the inconsistency in 
previous literature on algorithm aversion and algorithm appreciation, we conduct Experiment 3, 
where we reveal how different combinations of framings can lead to different conclusions. 

5.1  Methods 

5.1.1 Design, Material and Procedure. The basic configuration of Experiment 3 was similar to 
Experiment 1 and 2, all involving the two-stage answer submission: for a given question, the 
participants submitted their initial answer first, and they then saw the suggestion from the agent 
and submitted their final answer. However, the design and the procedure of Experiment 3 were 
adjusted to address the need of this experiment. We dropped the manipulation of task type and 
focused more on the agent type and different framings.   

Experiment 3 leveraged a 6-condition mixed design. Among the six conditions, three conditions 
were humans and the other three were algorithms, resulting in an underlying factor of agent type. 
The descriptions of conditions are summarized in Table 3 on the next page. In this study, each 
participant was randomly given one human condition and one algorithm condition. Each 
condition was paired with a set of analytical questions (each set included two questions, which 
were selected from Experiment 1 and 2) to form two main question blocks. Therefore, the 
manipulation of agent type was within-participants, while the manipulation of conditions was 
between-participants. The pairing of participants to conditions, the order of the conditions, and 
the matching between a condition and a question set were all randomized. For better screening, 
we also increased the difficulty of the attention check questions at the end of this study, asking 
the participants to precisely recognize the question they had answered. Besides these differences, 
the structure and procedure were the same as Experiment 1 and 2. Participants also went through 
the two question blocks following the same order (pairing with a suggestion provider ɦ two 

questions ɦ social power survey). 

5.1.2 Participants. To accommodate a higher number of conditions and the transition from a 
within-participants design to a between-participants design, we recruited 408 participants on 
$PD]RQۑV�0HFKDQLFDO�7XUN������IHPDOHV������PDOHV, and 1 prefer not to say). These Mturkers met 
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the criteria we set, that only those who were in the US and had a task approval rate of 90% or 
higher can participate. The average age was 36.04. All participants were paid $3.00 for 
participating in this study. 

7DEOH��� Conditions in Experiment 3 

$JHQW�7\SH &RQGLWLRQ 'HVFULSWLRQ�D 

$OJRULWKP $, 
�([S��� 

$,��*DOD[\�,,�$UWLਭFLDO�,QWHOOLJHQFH�6\VWHP���ZKLFK�VFRUHG�KLJKHU�WKDQ�
PRVW�RI�WKH�SDUWLFLSDQWV�LQ�D�SUHYLRXV�H[SHULPHQW� 

 $OJRULWKP 
�([S��� 

$Q� DOJRULWKP� �0WXUNHUV� &ROOHFWLRQ� &��� ZKLFK� ZDV� FUHDWHG� E\�
DJJUHJDWLQJ�VHYHUDO�0WXUNHUV
�UHVSRQVHV�LQ�D�SUHYLRXV�H[SHULPHQW� 

 Computer $�&RPSXWHU��ZKLFK�LV�UDQGRPO\�SLFNHG�IURP�D�SUHYLRXV�H[SHULPHQW� 

+XPDQ Expert 
(Exp 2) 

$�JURXS�RI�H[SHUWV� �*URXS�'D�9LQFL���ZKR� IRUPXODWHG�WKHVH�GHFLVLRQ�
LQSXWV�ZLWK�WKHLU����\HDUV�RI�H[SHULHQFH� 

 Mturker 
(Exp 1) 

$QRWKHU�0WXUNHU��$��




���31-���ZKR�VFRUHG�KLJKHU�WKDQ�PRVW�RI�WKH�
SDUWLFLSDQWV�LQ�D�SUHYLRXV�H[SHULPHQW� 

 Person $�SHUVRQ��ZKR�LV�UDQGRPO\�SLFNHG�IURP�D�SUHYLRXV�H[SHULPHQW� 

D�The images of AI, Algorithm, Expert, Mturker were the same as Experiment 1 and 2. The image of Computer was the 
same as Algorithm, and the image of Person was the same as Mturker. 

5.2  Results 

5.2.1 Preliminaries. Among the 408 participants that we recruited, 230 did not pass the attention 
check questions, 44 had answers that made the suggestions larger than 100 or smaller than 0, and 
180 had at least one influence factor larger than 150% or smaller than -50%. In total, that left us 
with data from 129 participants that met all criteria (43 females, 85 males, and 1 prefer not to say, 
Averageage = 35.76). Although we have increased the difficulty of the attention check questions, 
the overall pass ratio was similar compared to Experiment 1 and 2. 

5.2.2 Influence Factor: Overall Analysis. We first tested the within-participants effect of agent type 
on influence factor. A paired t-test revealed that the difference between the influence of humans 
(M = 0.52, SD = 0.36) and the influence of algorithms (M = 0.56, SD = 0.34) was not significant, t = 
0.90, p = .37, given our study design and this specific set of framings. 

We then tested the effect of six different conditions on influence factor, see Fig 8 on page 18. 
One-way ANOVA showed a significant difference between six conditions, F (5, 252) = 4.124, p 
= .0012. Again, we did the bootstrapped version of ANOVA to check this result, p = .0024. A Tukey 
post hoc test revealed that there was a significant difference between Expert (M = 0.69, SD = 0.32) 
and Mturker (M = 0.41, SD = 0.32) and between Expert and Person (M = 0.44, SD = 0.37). The 
results are summarized in Table 4 (left) on page 17. With this study design, the variance between 
conditions was mainly because of the variance between different human agents. 

5.2.3 Influence Factor: Unadjusted Pair Comparison. The main purpose of this experiment was to 
demonstrate how different combinations of framings can lead to different results. To do so, we 
additionally did unadjusted pairwise t-tests between conditions to simulate possible results if only 
two conditions were included in this study. The results showed that there were significant 
differences between AI (M = 0.61, SD = 0.31) and Mturker (M = 0.41, SD = 0.32), AI and Person (M 
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= 0.44, SD = 0.37), Algorithm (M = 0.51, SD = 0.35) and Expert (M = 0.69, SD = 0.32), Expert and 
Mturker, and Expert and Person. There were marginally significant differences between 
Computer (M = 0.56, SD = 0.36) and Expert, and Computer and Mturker. The results and possible 
conclusions are summarized in Table 4 (middle), showing that different combinations of framings 
can lead to different conclusions, which is likely a cause of inconsistent findings on algorithm 
appreciation and algorithm aversion in previous literature. 

5.2.4 Power. We tested the within-participants effect of agent type on expert power. A paired t-
test revealed that the difference between the expert power of humans (M = 14.5, SD = 4.14) and 
the expert power of algorithms (M = 15.8, SD = 3.25) was significant, t = 2.65, p = .0090. With our 
study design and this specific set of framings, algorithmic agents were perceived to have more 
expert power than humans overall.  

We then tested the effect of six different conditions on expert power, see Fig 9. One-way 
ANOVA showed a significant difference between six conditions, F (5, 252) = 10.58, p < .001. A 
Tukey post hoc test revealed that there was a significant difference between AI (M = 16.5, SD = 
3.28) and Mturker (M = 14.00, SD = 3.89), p = .016, AI and Person (M = 12.6, SD = 4.14), p < .001, 

)LJ���� Experiment 3: Mean Influence Factor by Condition. Error bars represent 
standard errors of the mean. 

)LJ���� Experiment 3: Total Score of Expert Power by Condition. Error bars 
represent standard errors of the mean. 
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Algorithm (M = 15.5, SD = 2.89) and Person, p < .001, Computer (M = 15.4, SD = 3.53) and Person, 
p = .0016, Expert (M = 17.2, SD = 2.80) and Mturker, p < .001, and Expert and Person, p < .001.  

5.2.5 Mediation Analysis. Similar to the previous experiments, we were interested in whether 
expert power mediated the effects or not. 

We first tested whether expert power mediated the effect of agent type on influence factor. 
Because the total effect of agent type on influence factor was not significant, we used the 
bootstrapping procedure to do mediation analysis instead of the traditional methodology that we 
used in Experiment 1 and 2. This was possible, though not ideal, because a significant total effect 
is not necessary to claim an indirect effect [27]. When human was coded as 1 and algorithm as 0, 
XVLQJ�0RGHO���IURP�+D\HVۑV�[17] PROCESS macro v3.5 beta for R, we calculated the indirect effect 
for each of 5000 bootstrapped samples, and the 95% confidence interval was computed by 
determining the indirect effects at the 2.5th and 97.5th percentiles. The bootstrapped 
unstandardized indirect effect was -.044, SE = 0.017, 95% CI [-0.079, -0.012]. Because the 
confidence interval did not include zero, the indirect effect was significant. we would say that 
expert power significantly mediated the effect of agent type on influence factor. 

Similarly, we also tested whether expert power mediated the effects of different conditions on 
influence factor. The bootstrapping method was basically the same, except for how conditions 
were coded: for each condition, we used five dummy variables to code the other five conditions 
and then calculated the indirect effect. The results are summarized in Table 4 (right). Although 
the results were mixed, we still can still see that expert power played an important role in the 
process. In all five pairs where the influence factor differed significantly, expert power 
significantly mediated the effects of conditions on influence factor. 

6 DISCUSSION 

6.1 Main Findings 

Our results suggest that how we frame the algorithm and the human is a key factor deciding how 
much people are influenced by them, which in turn affects whether the experiment yields an 
algorithm appreciation result or an algorithm aversion one. In our first two experiments, we 
tested how the task type (creative vs. analytical) and the agent type (algorithm vs. human) affected 
how much participants were influenced in decision making tasks. In Experiment 1, participants 
were more influenced by the algorithm compared to the human, regardless of the task type, 
showing a clear effect of algorithm appreciation. In Experiment 2, we changed how the two agents 
were described and pictured in a way that increased the humanۑV expert power and decreased the 
DOJRULWKPۑV expert power while all other factors remained unchanged. The result indicated that 
there was a significant main effect that, opposite to Experiment 1, participants now preferred the 
decision inputs from the human to those from the algorithm. By comparing Experiment 1 and 
Experiment 2��ZH�FDQ�VHH�WKDW�SHRSOHۑV�SUHIHUHQFH�IRU�DOJRULWKP�YV��KXPDQ�is malleable through 
framing. We also showed that one key factor behind this malleability is expert power, a concept 
that we used to measure WKH� DJHQWVۑ influence on the participants because of their perceived 
competence, which fully mediated the effect of agent type on the influence factor. 
    We further extended the idea of these findings in Experiment 3, comparing three types of 
framings of algorithmic agents and three types of framings of human agents. The results showed 
that different combinations of framings can lead to different conclusions about whether people 
prefer suggestions from algorithms or from humans, which explained the inconsistent findings 
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in previous literature. We also found that in pairs that differed significantly in influence factor, 
expert power was again the key variable that mediated the effect of different conditions on the 
influence factor. An interesting finding was that, given our framing design in Experiment 3, the 
variance of the influence factor between different human conditions was larger than the variance 
between algorithms. This is probably one important cause of the inconsistency in previous 
literature, and we believe that this finding provides an important insight and is worthy of further 
investigation in future study. 
    In sum, we found that the phenomena of algorithm appreciation and algorithm aversion have 
a common factor, expert power. In a given context, whether people will show algorithm aversion 
or algorithm appreciation depends on how powerful the algorithm is framed in comparison to the 
human. The key deciding factor between algorithm aversion and algorithm appreciation is 
therefore how much expert power each agent has in relation to each other. Thus, in our view, it is 
therefore less meaningful to argue whether people actually adhere more to algorithm inputs or 
human inputs. What matters more is the framing: what kind of people and what kind of algorithm 
we are comparing. And if the ultimate goals of these two streams of studies are both facilitating 
the application and acceptance of algorithmic decision support systems, the key question should 
become how we can better frame the algorithms so that they can be perceived as more competent, 
i.e., having more expert power, within a given context. We believe that, by shifting perspective 
in this way, we can generate fruitful findings of greater implication values. 

6.2  Practical and Theoretical Implications 

Our findings suggest that framing and expert power matter more than whether the decision input 
comes from algorithms or humans. We believe this finding is important in shaping the trajectory 
of future research in algorithmic decision support systems. Previously, the research stream that 
found algorithm aversion contradicted with the research stream that found algorithm 
appreciation in their suggestions to make these support systems more effective. The stream of 
algorithm aversion have addressed the importance of alleviating the effect of algorithm aversion 
and even have persuaded some companies using algorithms to present their outcomes as less 
DOJRULWKPLF� DQG�ZLWK�PRUH� �KXPDQ۔ WRXFKە� [20]. On the other hand, the stream of algorithm 
appreciation have suggested that, to make the decision inputs more influential, what we need to 
do is let people know that these inputs come from algorithms [20]. Our current study suggests 
that these two approaches are both not ideal. The key question is not whether the decision inputs 
are marked as from algorithms or from humans; instead, thinking about how these agents are 
framed and how to make these framings more powerful may generate more pertinent answers. 
    ,W�VKRXOG�EH�QRWHG�WKDW�ZKDW�ZH�PHDQ�E\۔�IUDPLQJە�LV�D�EURDGHU�WHUP�WKDQ�KRZ�LW�LV�usually 
used. It consists of, traditionally, how a term is described and, additionally, how the term itself is 
chosen and the interaction between the term and the description. Take our Experiment 3 as an 
example. In the AI and Mturker conditions, their descriptions ZHUH�ERWK۔�ZKR��ZKLFK��VFRUHd 
higher than most of the participants in a previous experiment.ە�$QG�LQ the Computer and Person 
FRQGLWLRQV�� WKH� GHVFULSWLRQV� ZHUH� ERWK� �ZKR۔ �ZKLFK�� LV� UDQGRPO\� SLFNHG� IURP� D� SUHYLRXV�
H[SHULPHQWە��:H�ZRXOG�WKLQN��WUDGLWLRQDOO\��WKDW�WKH�IUDPLQJV�RI�WKH�DOJorithmic agent and the 
KXPDQ�DJHQW�ZHUH۔�WKH�VDPHە in both cases. However, with our simulation analysis in Experiment 
3, we found an algorithm appreciation effect in the former pair, while it was inconclusive in the 
latter pair. It is therefore problematic to say that we can control the framing in a study by using 
the same description for both agents, and then claim that algorithm appreciation (in the former 
case) or no conclusion (in the latter case) is the default answer to whether people prefer 
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algorithms or humansیour results have shown that you can get different results even when the 
descriptions are held constant. 
    This example illustrates the complexity of framing in two ways. First, the term itself that one 
chooses also carries certain meaning and certain level of expert power, and this is inevitable when 
comparing algorithm agents against human agents. In this kind of study, we need to give different 
names to the agents so that people know that they are comparing different kinds of agents. 
However��E\�FDOOLQJ�WKH�KXPDQ�DJHQW۔�DQRWKHU�0WXUNHUە�LQVWHDG�RI۔�D�SHUVRQە��DQG�E\�FDOOLQJ�WKH�
DOJRULWKPە,$۔��LQVWHDG�RI�MXVW۔�D�FRPSXWHUە��ZH�DOUHDG\�DVVLJQ�D�FHUWDLQ�DPRXQW�RI�H[SHUW�SRZHU�
to the agents, and this term becomes part of the framing, which influenFHV�SHRSOHۑV�SUHIHUHQFH��
Second, there might be interaction between the term and the description. The same description 
or even a single word might have different meanings according to the agent type. For example, 
�$۔���PLJKW�PHDQ�YHU\�Gifferent things to a human versus to an DOJRULWKPەOHDUQLQJ۔�DQG ەWUDLQLQJ۔
JURXS� RI� H[SHUWVە� PD\� VRXQG� SRZHUIXO�� EXW� �D۔ JURXS� RI� DOJRULWKPVە� LV� QRW� that much more 
impressive than ۔an algorithmە. In short, when comparing humans and algorithms, framing and 
expert power are so entangled with agent type, the term we choose, the description, and the 
interaction between all these factors. We therefore should be very aware of these effects, and, 
although not entirely possible, try to control them carefully if we want to further investigate other 
factors in our future endeavors on this topic. 
    Our results also provide insights into some contradicting results in previous studies regarding 
WDVN�VXEMHFWLYLW\�DQG�REMHFWLYLW\��,Q�&DVWHOR�HW�DOۑV�VWXGy [7], they found that the more objective 
the task is, the less severe algorithm aversion is. However, even in some of the most objective 
tasks, their participants were at most indifferent between the algorithmic input and the human 
input, indicating that algorithm aversion is overwhelmingly powerful. However, Logg et alۑV�
study [20] suggested an overwhelming algorithm appreciation, regardless of task subjectivity and 
objectivity. It is therefore unclear regarding how task objectivity and subjectivity influence 
algorithm aversion and algorithm appreciation. Our findings reconcile this contradiction by 
showing that expert power is probably the overwhelmingly important factor here, while task type 
may be a minor influencer. It is possible that in Logg et aOۑV�VWXG\��WKH�SRZHU�GLIIHUHQFH�EHWZHHQ�
human and algorithm was huge, so that they did not observe the effect of task type. Only when 
WKH�SRZHU�GLIIHUHQFH�ZDV�VPDOOHU��VXFK�DV�LQ�&DVWHOR�HW�DOۑV�VWXG\��ZH�FDQ�UHDOO\�VHH�WKH�VPDOOHU�
effect of task type. 
    This paper also contributes methodologically to the research on AI-supported decision making. 
Traditionally, research comparing the effect of algorithms and humans often let the participants 
choose between an algorithmic suggestion provider or a human suggestion provider [7,8,22] 
instead of actually measuring how much participants were influenced by these agents. The results, 
therefore, reflected the SDUWLFLSDQWۑV�DWWLWXGH�WRZDUG�algorithms versus humans but not the actual 
measurable behavior. To solve this problem, Logg et al. [20] adopted the judgeۋadvisor system 
paradigm to measure influence when participants were given actual decision input in a decision 
making task. They also controlled the quality of the decision input by giving participants in 
different conditions identical advice, resulting in a clean experiment design where the only 
difference was whether the advice was labeled as coming from the algorithm or coming from the 
human. However, in their design, the advice was always a number very close to the actual answer, 
which raised a new issue. Since participants varied in their initial answers, some of them might 
had an initial answer close to the advice, while some might had an answer far from the advice. 
This difference might cause different participants to rate the quality of the advice differently, 
affecting their trust in the agents and their willingness to adhere to the advice. To address this 
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issue, we therefore refined this paradigm. Instead of giving the same advice to every participant, 
we gave participants decision input based on their initial answers. Since the decision input was 
DOZD\V�WKH�SDUWLFLSDQWۑV�LQLWLDO�DQVZHU�SOXV�RU�PLQXV���WR����it was less viewed as too outrageous 
to follow. With this refined paradigm, we are therefore able to control both the quality of the 
decision input and SDUWLFLSDQWۑV� DWWLWXGH� WRZDUd the agent, which is an improvement to the 
original judgeۋadvisor system paradigm. 

6.3 Power as a Useful Framework in the Design of Decision Support Systems 

A major finding of current study is the important role that expert power plays, which suggests 
great implication values of power-related theories in the design of decision support systems. 
Although the concept of power is traditionally applied only in human-human interaction, we 
think it is also applicable in human-algorithm interaction, especially for those algorithms that 
have human-like behavior or have replaced roles traditionally held by humans. As people are 
more likely to perceive these algorithms as autonomous agents, it is more likely that we can 
leverage the long traditions of Organizational Behavior and Social Psychology, where 
interpersonal interaction has been intensively studied. 
    In the current study, we have shown that by designing for more expert power, it is possible for 
DQ�DJHQW� WR�FDVW�PRUH� LQIOXHQFH�RYHU�SHRSOHۑV�decision making. It is worth noting that expert 
power is not the only type of power. According to French and RavenۑV framework [11], there are 
six types of power: Expert power, Reward power, Coercive power, Legitimate power, Referent 
power, and Information power. Expert power, which we are already familiar with, is the result of 
being more knowledgeable, competent, and knowing what the better action to take. On the other 
hand, people gain Reward power by controlling how much reward others can get, and they gain 
Coercive power when they can punish others who do not obey. Legitimate power is the authority 
and legitimacy given by organizations or social systems. Referent power, closely related to 
personal charisma, is held by people whose personality and personal traits attract admiration and 
LGHQWLਭFDWLRQ�IURP�RWKHUV��)LQDOO\��SHRSOH�Zho own Information power hold critical information 
at hand and can decide who can and cannot access that information. 
    Here we would like to propose that it is beneficial for us to incorporate the whole framework, 
including other types of power, which will lead to a broader view for the design of algorithms. 
Though this application of the power framework seems new, many parts of it have already been 
raised in previous research, just not under the umbrella of power framework. For example, Burton 
et al. have discussed ways to alleviate algorithm aversion [5]. They mentioned that lack of 
incentives to use algorithms inputs is one reason behind algorithm aversion, so they proposed 
solutions using economic and social incentivization. Seeing this suggestion through the lens of 
power framework, we would like to point out that providing economic incentive is a way to 
increase an DJHQWۑV� UHZDUG� SRZHU. On the other hand, social incentivization, which is about 
creating a social context in which algorithms are trusted, is D�ZD\�WR�LQFUHDVH�DQ�DJHQWۑV legitimate 
power. Potentially, this framework not only covers such previous suggestions systematically, but 
also can serve as a convenient framework for brainstorming new ways to increase DOJRULWKPVۑ�
influences: What if, along the line of legitimate power, we create a social context where some 
algorithms have authority? Or, along the line of referent power, can an algorithm become more 
influential if it has a good reputation? We believe this power framework can help us leverage 
knowledge from Organizational Behavior and Social Psychology and apply that on the design of 
decision support systems and, even more generally, the design of cooperative human-agent 
interaction. 
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6.4 Limitations and Future Directions 

The current study is very much an initial investigation into reconciling algorithm aversion and 
algorithm appreciations, so it still leaves many open questions. First, we found that framing and 
expert power are crucial in deciding between algorithm aversion and algorithm appreciation, but 
it remains XQFOHDU� KRZ� WKHVH� IDFWRUV� ZRUN� DQG� LQWHUDFW� WR� LQIOXHQFH� SHRSOHۑV� EHKDYLRU� In 
Experiment 1, 2 and 3, we manipulated multiple dimensions in the framings. The descriptions 
differed LQ�PDQ\�ZD\V��RQH�YV��PDQ\�� OD\PHQ�YV��H[SHUWVە,$۔���YV۔��DOJRULWKPە vs. ۔FRPSXWHUە, 
how the algorithm is derived vs. its performance compared to general participants. We only had 
a vague sense about how these dimensions might work when designing these framings, and we 
still do not fully understand whether each dimension works or not, whether the effects of these 
dimensions would differ with different agent types, and how these dimensions might interact 
with each other. As previously discussed, when comparing algorithms and humans, the influence 
of framing is inevitable. It entangles with the terms and descriptions we use to refer to different 
types of agents. It is therefore difficult but crucial to have a deeper understanding of these 
dimensions that function as the building blocks of framing, how they work, and how they 
influence the perceived expert power. We therefore suggest that future research should 
investigate further how much these dimensions, including terms, descriptions, or even images, 
EHDU�GLIIHUHQW�OHYHOV�RI�H[SHUW�SRZHU��DQG�KRZ�WKH\�DIIHFW�SHRSOHۑV�DWWLWXGH�DQG�EHKDYLRU.  
    Second, the tasks used in this research were very limited. We only had one type of objective 
task (quantity judgement) and one type of subjective task (creativity judgement). It is therefore 
inconclusive whether the findings in this study can be generalizable to other types of tasks or 
RWKHU�FRQWH[W��HVSHFLDOO\�JLYHQ�DOJRULWKPVۑ�ZLGH�UDQJH�RI�DSSOLFDWLRQ�WKDW�DOUHDG\�H[LVWV�WRGD\��
The tasks used in this study all share certain characteristics. They are difficult to answer, yet they 
all seem to have an objectively correct answer (even the subjective questions such as ۔$PRQJ�����
JHQHUDO�SHRSOH��H[DFWO\�KRZ�PDQ\�ZLOO�ILQG�SDLQWLQJ�$�PRUH�FUHDWLYH"ە should also have a correct 
answer through a large-scale survey study). This might make participants less confident in their 
own decisions and more likely to cling to the opinion of experts. It is very possible that people 
will trust their own idea more if the questions become more subjective, asking for their opinion 
instead of a correct answer. Besides, we also did not investigate tasks that involve social values 
such as moral judgement, or tasks that may lead to serious outcomes, like medical diagnosis. As 
the application of AI-supported decision making is growing in these scenarios, it will be pressing 
to test whether our findings can also be applied in these contexts. Also, with the design of this 
research, the relationship between agent type, task type, and expert power was highly simplified. 
In the real world, we would expect some level of interaction between them. For example, people 
are unlikely to believe an algorithm good at financial advice will also be good at reading X-ray 
images, but people might believe that an algorithm good at reading X-ray images might also be 
good at reading fMRI images (even if it is actually not). Future research is necessary to explore 
these relationships and interactions. 
    Third, while current research shows the general trend that people adhere more to the agent 
which has more expert power, there were still many participants whose performance did not align 
with this trend, indicating that there are more factors LQIOXHQFLQJ�SHRSOHۑV�XVH�RI decision support 
systems. Also, because of the limitation of online studies, we were not able to investigate in detail 
the rationale behind the perceived behavior. We believe there should be more factors underlying 
SHRSOHۑV�SUHIHUHQFH�IRU��RU�DYHUVLRQ�WR��DOJRULWKPV��7KLV�ZLOO�FRQWLQXH�WR�EH�D�JUHDW�FKDOOHQJH�LQ�
XQGHUVWDQGLQJ�KRZ�ZH�FDQ�GHVLJQ�IRU�DOJRULWKPVۑ�JUHDWHU�LQIOXHQFH� 
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1DWLRQDO�6FLHQFH�)RXQGDWLRQ��:H�ZLVK�WR�WKDQN�WKH�DQRQ\PRXV�UHYLHZHUV�IRU�WKHLU�IHHGEDFN��DQG�

-RKDQ�0LFKDORYH�IRU�WKHLU�YDOXDEOH�FRPPHQWV��:H�DOVR�ZDQW�WR�WKDQN�DQG��&KLHQ�:HQ��7LQD��<XDQ
U�YDOXDEOH�LQSXW�LQ�WKH�GHVLJQ�RI�WKH�WDVNV�:LOOLDPV�IRU�WKHL�6R\HH�3DUN�DQG�:HPL�2VKXQ  
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